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Land constitutes a fundamental natural asset, vital for the sustenance, advancement,
and ecological balance of human civilization [1]. Through a significant portion of human
history, land has remained intricately intertwined with economic expansion, serving as a
fundamental element of production. Consequently, the governance and utilization of land
frequently become focal points of intense human interactions. The symbiotic connection
between humanity and the land mirrors their interdependence and reciprocal influence.
China has undergone a profound transformation, characterized by unparalleled urban-
ization, industrialization, and globalization, ushering in novel multifaceted challenges
to the dynamics of man-land relationships [2]. Constructing the built environment to
accommodate urban populations and their various endeavors stands as a fundamental
pillar of urbanization. This dynamic places additional strain on food systems that could po-
tentially disrupt livelihoods in vulnerable regions. However, this represents just a fraction
of the evolving interactions between humans and land in China. The intricate interplay
between these two entities spans a broad spectrum of dynamics, encompassing factors
like intensified agricultural practices, land degradation, the abandonment of farmlands,
the emergence of “hollow villages,” land fragmentation, urban renewal, traffic congestion,
housing shortages, and numerous other variables [3–5]. The current body of research
concerning man-land relationships in China is inadequate. It is imperative to employ
diverse perspectives to scrutinize the multifaceted dimensions of human interventions on
land utilization systems, as well as the reciprocal impacts of land-use transformations on
human welfare. Thus, the reevaluation of man-land relationships within the context of this
swiftly evolving era warrants immediate attention and inclusion on the agenda.

This Special Issue aims to reevaluate the transformations in man-land relationships within
transitional China, fostering a fresh perspective on the intricacies of human-environment
interactions in both urban and rural contexts. In doing so, it seeks to contribute to the
advancement of theories in land-use science, a crucial component of both land management
and sustainability science.

The collection of peer-reviewed articles included in this Special Issue comprises twenty
research articles in total (Appendix A). The Special Issue is organized in the following
format: the papers are presented under four major topics, such as (a) human activities
and natural ecosystems, (b) land-use conflicts/trade-offs, (c) man–land coordination and
sustainable development, and (d) man–land system coupling and optimal regulation.

Five papers focus on the human activities and natural ecosystems, from the perspec-
tives of carbon emissions, ecological security, soil erosion, desertification, and natural
resource accounting.

Yan et al. (2022) employed a carbon emissions model to estimate land-use change-
related carbon emissions and utilized the logarithmic mean Divisia index (LMDI) model to
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investigate the key influencing factors. The findings indicated a significant decline in crop-
land area, accompanied by substantial growth in built-up areas due to rapid urbanization.
Additionally, it was noted that the gross domestic product (GDP) per capita exerted the
greatest influence on the rise in carbon emissions within the study area, followed by land-
use structure, carbon emission intensity per unit of land, and population size. Conversely,
the intensity of land use per unit of GDP exhibited a mitigating effect on carbon emissions.

Hu et al. (2022) developed an evaluation system to assess ecological security (ES)
in twenty-five international border counties within Yunnan Province. The researchers
utilized an entropy weight TOPSIS model to analyze changes in ES between 2004 and 2019.
Furthermore, an obstacle degree model was employed to identify the factors impacting
ES. The findings revealed that fixed asset investments, per-capita fiscal revenue, per-capita
GDP, food production, and water regulation posed hindrances to achieving a desirable
level of ES within the study area.

Zhu et al. (2022) employed the revised universal soil loss equation model to determine
the soil erosion modulus and investigated the driving factors and superposition mechanism
of farmland soil erosion in the hilly region of Northeast China. To achieve this, they
introduced the geographically weighted regression model. The findings underscored the
significance of landscape fragmentation as a key driving force behind soil erosion, sediment
yield, and sediment transport.

Jia et al. (2023) employed Landsat images from 2010 and 2020 to extract desertification
information, subsequently constructing the Albedo–NDVI feature space in the Gonghe
Basin. The researchers then utilized Geodetector to analyze the temporal and spatial
evolution of desertification and its driving factors within the basin between 2010 and
2020. The findings demonstrated effective control over desertification in the Gonghe Basin,
thereby offering a valuable foundation for combatting further desertification in the region.

Tan et al. (2023) conducted a comprehensive analysis of literature pertaining to the
evaluation of major functions, natural resource accounting, environmental accounting,
ecosystem services, and asset accounting. Their study employed the equivalent factor
method and input-output method to establish the correlation between major function
accounting and natural resource accounting. The findings highlighted that accounting
for major functions and resources can effectively guide regional sustainable management
through function positioning, resource comparative advantages, and administrative units
closely linked to functional units.

Land-use conflicts, representing the spatial embodiment of human-land contradictions,
exert a significant influence on regional sustainability. Six studies focus on examining the
consequences of land-use conflicts and trade-offs, highlighting economic, social, spatial,
and ecological dimensions of these conflicts.

Wang et al. (2022) employed the propensity value matching technique to assess
the impacts of land transfer on poverty alleviation among farm households, focusing
on the vulnerability expressed as expected poverty (VEP). The findings revealed that
rural land transfers have a notable effect in reducing farm households’ VEP, with the
magnitude of these effects influenced by factors such as location, household characteristics,
and household head. This study’s results offer valuable insights for policy formulation
concerning land management and poverty reduction in agricultural communities.

Lv et al. (2022) employed an integrated “spatial-functional” framework to study
the structure and functionality of cultivated land-use transition (CLUT) in a prominent
grain-producing region of southern China. The researchers quantitatively assessed and
visually represented the CLUT, revealing a significant increase in the comprehensive CLUT
index in the middle and lower reaches of the Yangtze River between 2001 and 2019. The
study identified a positive aggregation effect with a 5% significance level during this period,
indicating a strengthening of both spatial and functional transitions. The authors proposed
that differentiated policies should be formulated by the government to promote sustainable
land use through spatial and functional transitions in major grain-producing areas.
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Shi and Wang (2022) utilized a PSM-DID approach to examine the association between
high-speed rail (HSR) infrastructure and cropland abandonment using Chinese labor force
survey data. The findings indicated a significant 20.6% rise in the extent of cropland
abandonment due to HSR projects. Moreover, these effects were more pronounced in hilly
areas but relatively lower in plain regions. Notably, HSR accessibility exerted a “pull” effect,
prompting a shift of rural labor force from agriculture to non-agricultural sectors within
the local vicinity.

Liang et al. (2022) assessed the extent of land-use conflicts (LUCs) through landscape
ecological risk assessment and investigated the spatiotemporal evolution patterns and
potential risks of LUCs in the urban center of Chongqing (UCC) over the past two decades.
Employing hot-spot analysis and neighborhood analysis, they found that conversions
between the living-production space (LPS) and other areas exhibited the highest frequency.
Moreover, the out-of-control zone expanded while the controllable zone diminished. The
authors emphasized the need for tailored management strategies and policy recommenda-
tions on a regional scale, targeting different LUC zones in the UCC, both at international
and national levels.

Han et al. (2023) conducted an analysis on the influence of environmental decen-
tralization on the scale of construction land supply by local governments, utilizing panel
data from 30 provinces in China between 2003 and 2015. The findings revealed a positive
impact of environmental decentralization on the expansion of urban construction land
supply. This effect was attributed to the strengthening of land financial dependence and
the distortion of land resource allocation. The study further identified that the impact was
more significant in regions facing high financial pressure, economic growth pressure, and
low environmental protection pressure. In light of these results, the authors provide policy
suggestions to ensure a rational supply of urban construction land within the context of
decentralization in China.

Zhao et al. (2023) conducted an evaluation of the Lanzhou-Xining urban agglomeration
(LXUA) using a multi-dimensional assessment system that incorporated urbanization
quality and ecosystem services. The assessment utilized various methodologies including
the efficacy function model, entropy weight method, and Integrated Valuation of Ecosystem
Services and Trade-offs (InVEST) model to quantitatively evaluate the developmental
state of the subsystems. Additionally, the study employed coupling models (CD) and
coordination degree (CCD) models to investigate the coupling coordination relationship
and spatiotemporal change characteristics of the composite system.

Four papers in this Special Issue address the coordination of man-land systems and
sustainable development:

Zhang et al. (2023) conducted an analysis of the spatial distribution and regional
variations of the human appropriation of net primary production (HANPP) in China
during 2015. The study also examined how HANPP and its components responded to
imbalanced urban-rural development in different regions. The findings shed light on
the impact of unbalanced regional development on human-induced biomass occupation,
comprehensive urban ecological construction, and rural ecological restoration. Importantly,
the study highlights the significance of urban-rural integration development as a means to
address increasing ecological pressures in the future.

Wang et al. (2022) conducted an analysis of the elemental composition, structural
organization, and functional state of China’s northwest arid areas using a human-Earth
system approach. The findings revealed a lack of coupling and coordination among
humans, the economy, resources, and environmental elements in these regions. However,
during the anti-poverty stage, China’s northwest arid areas showed innovative efforts
in establishing a human-Earth coupling mechanism. Additionally, three pathways were
identified to enhance sustainable livelihood, consolidate poverty alleviation achievements,
and achieve rural revitalization. Notably, it is essential to establish an endogenous growth
mechanism for sustainable poverty alleviation and green development.

3
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Cai et al. (2022) developed an evaluation index system to assess the various func-
tions of cultivated land in oasis areas (OCL), including social, economic, and ecological
perspectives. Using this framework, the study quantitatively evaluated the evolution of
cultivated land functions (CLFs) and their interactions in Xinjiang from 1990 to 2018. The
findings indicated that the evolution of CLFs in Xinjiang initially focused on ecological
and social functions but gradually shifted toward economic functions. Additionally, the
study revealed a weakening in the synergistic relationship between CLFs and an increase
in trade-offs over time. This research expands our understanding of multi-functional
studies related to cultivated land and provides valuable insights for decision-making re-
garding the sustainable utilization and synergistic management of oasis cultivated land in
Xinjiang, China.

Zhang et al. (2023) assessed the rural-urban transition in China from 1980 to 2020
by utilizing socio-economic data and a rural-urban transition coordination model. They
developed a comprehensive rural-urban development and integration index system to
analyze the process. The findings reveal that, since the reform and opening-up, China
has witnessed a gradual expansion of the rural-urban development index (URDI) across
different regions, while the rural-urban integrated index (URII) initially declined before
experiencing subsequent growth. Over the past four decades, the spatial distribution of
URDI exhibited a “south high-north low” pattern, whereas the URII demonstrated a more
balanced distribution. The study also put forth optimization strategies for each type to
further enhance rural-urban integration.

Next, five papers included in this Special Issue discuss man–land system coupling
and optimal regulation.

Gong et al. (2022) conducted an assessment of the multi-functions of cultivated land in
the grain-producing area of Jilin Province’s cultivated black soils over the past three decades.
The study employed an improved TOPSIS model to analyze the data. By utilizing the
obstacle degree model and Geodetector, the researchers also identified the key limiting and
influencing factors of cultivated land’s multi-functions. The findings indicated an overall
increase in multi-functionality from 1990 to 2020. However, the simultaneous improvement
of economic and social functions impeded progress in the ecological function of cultivated
land. The analysis also highlighted spatial variations in the functions across different
counties. Based on the results, the study put forward several policy recommendations,
including reducing regional disparities in cultivated land functions, quantifying the multi-
functional value of cultivated land, and providing subsidies for land cultivation. These
measures aim to strengthen multi-functional planning and design, enhance ecological
utilization, and promote the sustainable use of cultivated land.

Liang et al. (2022) conducted a study on the coupling and coordinated changes of
land-use production, living, and ecological functions (PLEFs) in relation to human activity
intensity (HAI) in Wanzhou District, China, spanning from 2000 to 2020. The researchers
employed the coupling coordination degree (CCD) model to assess the level of coordi-
nated development among PLEFs, while HAI was measured through the equivalent level
of construction land. The synchronous development model was utilized to analyze the
relationship between these factors. The findings revealed significant spatial distribution
variations and evident spatial complementarity among PLEFs in Wanzhou District. Based
on the synchronous development state of HAI and CCD of PLEFs, the district was cat-
egorized into three development types. This highlights the need to propose regulatory
strategies tailored to regions with different development types.

Cheng et al. (2023) employed ecological niche theory, a coupling coordination model,
and a trade-off synergy model to construct an evaluation index system. This system
was utilized to assess the spatiotemporal evolution characteristics, trade-off synergy, and
coupling coordination degree of land-use production, living, and ecological functions
(PLEFs) across 38 counties in Chongqing, China. The findings revealed that over the past
two decades, Chongqing’s “living-production” function transitioned from a trade-off model
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to a collaborative development relationship. Additionally, the “living-ecological” function
generally exhibited a collaborative development relationship.

Zhou and Jiang (2022) conducted an analysis of the influence of urban development on
immigration and labor migration trends in Macau from 1992 to 2019. The study reveals that
Macau exhibits a high dependence on short-term migrant workers. Consequently, the paper
suggests several measures to address this issue, including reducing the costs associated
with city expansion, enhancing economic diversity, and fostering closer collaboration
with neighboring mainland cities. Such actions would enable Macau to effectively utilize
resources, attract non-local talent, and ensure sustainable urban development.

Guo and Zhong (2023) conducted an analysis to examine the underlying meaning of
rural transformation development (RTD). They also explored the spatiotemporal patterns
of RTD in the Yanshan-Taihang Mountains and identified the influencing factors through
the use of a geographically and temporally weighted regression model. The findings
indicated that RTD is a dynamic process characterized by qualitative changes in rural
regional systems, which stem from the accumulation of quantitative changes in elements.
The measurement of RTD hinges on the analysis of the coupling coordination degree
between the quantitative changes of these elements.

The evolution of man-land relationships is closely intertwined with socio-economic
development, calling for the application of dialectical thinking and dynamic systems analy-
sis to explore these issues in contemporary China. This Special Issue in the journal Land
encompasses a collection of 20 papers that delve into four main themes, namely human
activities and natural ecosystems, land-use conflicts/trade-offs, man-land coordination,
and sustainable development. Additionally, the studies delve into man-land system cou-
pling and optimal regulation. These research contributions expand the scope and content
of man-land relationship research, providing valuable theoretical and practical insights for
urban-rural integration, regional sustainable development, rural revitalization, and global
poverty reduction in the new era.

Nevertheless, there remains significant potential for advancement in the examination
of man-land relationships in China, especially in the context of the papers featured in
this Special Issue. While current research offers policy recommendations from various
perspectives to enhance regional man-land coordination and sustainable development, a
more comprehensive analysis of the intricate impact of interactions between man-land
systems at the urban-rural and regional levels is still lacking [6]. Therefore, further research
is required to bolster the examination of intricate man-land system coupling, simulation,
and prediction.

Driven by rapid economic and social development, as well as advancements in science
and technology, the scope and scientific implications of man-land relationship research are
expanding. Particularly in the context of economic globalization, there has been a shift in
focus from regional systems to spatial network systems of man-land relationships [7,8].
The study of regional systems aims to coordinate man-land relationships, optimizing and
regulating global, national, or regional systems through considerations of spatial structure,
temporal processes, overall effects, and synergistic complementarity. This provides a
theoretical foundation for effective regional development and management. On the other
hand, studying spatial network systems emphasizes the interconnectedness and long-
distance connections across regions. The increasing interconnectedness brought about by
globalization and urbanization, facilitated by the flow of information, capital, goods, and
population, reshapes traditional man-land relationships into a complex network.

Against the backdrop of globalization and urbanization, it is crucial to reassess and
broaden the theoretical implications of man-land relationship research. Addressing the
conflicts and trade-offs between humans and the environment in the modern era necessi-
tates a systemic outlook, strategic thinking, and interdisciplinary, integrated research across
multiple scales. Future research directions will involve scrutinizing shifts in perspectives,
underlying assumptions, conceptual frameworks, and research methodologies.
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Abstract: Global increasing carbon emissions have triggered a series of environmental problems and
greatly affected the production and living of human beings. This study estimated carbon emissions
from land use change in the Beijing-Tianjin-Hebei region during 1990–2020 with the carbon emission
model and explored major influencing factors of carbon emissions with the Logarithmic Mean Divisia
Index (LMDI) model. The results suggested that the cropland decreased most significantly, while
the built-up area increased significantly due to accelerated urbanization. The total carbon emissions
in the study area increased remarkably from 112.86 million tons in 1990 to 525.30 million tons in
2020, and the built-up area was the main carbon source, of which the carbon emissions increased by
370.37%. Forest land accounted for 83.58–89.56% of the total carbon absorption but still failed to offset
the carbon emission of the built-up area. Carbon emissions were influenced by various factors, and
the results of this study suggested that the gross domestic product (GDP) per capita contributed most
to the increase of carbon emissions in the study area, resulting in a cumulative increase of carbon
emissions by 9.48 million tons, followed by the land use structure, carbon emission intensity per unit
of land, and population size. By contrast, the land use intensity per unit of GDP had a restraining
effect on carbon emissions, making the cumulative carbon emissions decrease by 103.26 million tons.
This study accurately revealed the variation of net carbon emissions from land use change and the
effects of influencing factors of carbon emissions from land use change in the Beijing-Tianjin-Hebei
region, which can provide a firm scientific basis for improving the regional land use planning and for
promoting the low-carbon economic development of the Beijing-Tianjin-Hebei region.

Keywords: carbon emission; carbon neutrality; land use change; Beijing-Tianjin-Hebei; LMDI

1. Introduction

The global increasing carbon emission under high carbon emission mechanisms has
triggered a series of environmental problems, e.g., global climate anomalies, sea level rise,
and frequent extreme weather events, which have greatly affected the production and
living of human beings in recent decades [1,2]. Previous studies suggested that the land
use system serves as a vital link between the human socio-economic system and the natural
ecological environment, and the carbon emissions caused by land use change have been
one of the important influencing factors of global warming [1–3]. In fact, various human
activities, e.g., social construction, economic development, industrial arrangement, urban
expansion, and energy consumption, are all closely related to the carbon emissions, all of
which are ultimately implemented in different land use practices [4,5], and relevant land
use change has been considered as the second most important influencing factor of the
global increasing atmospheric CO2 content [6,7]. The 14th Five-Year Plan of China proposed
to achieve the “peak carbon dioxide emissions” by 2030 and “carbon neutrality” by 2060,
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that the low-carbon economy should serve as a new economic growth mode in the future,
and that new green energy sources should be developed to reduce the dependence of
economic growth on the major fossil energy sources such as coal and oil [4]. It is, therefore,
of practical significance to explore the regional carbon emissions from land use change to
achieve low carbon land use, promote low carbon economic development, and establish a
resource-conserving and environment-friendly society in this context [8,9].

Previous studies on carbon emissions from land use change at home and abroad
were primarily concentrated on the spatiotemporal variation of different land use types
and their relevant effects on carbon emissions, carbon emission accounting, influencing
factors of land use change, and carbon emissions [10–13]. The Guidelines for the National
Greenhouse Gas Inventories prepared by the Intergovernmental Panel on Climate Change
(IPCC) provided a valuable methodological reference for accounting carbon emissions from
land use change [13,14]. Besides, some scholars also proposed the emission coefficient
method for the carbon emission accounting of cropland, forest land, grassland, and built-up
area and explored the effects of land use change on carbon emissions [14–16]. In addition,
most scholars have generally explored the influencing factors of carbon emissions with
various econometric methods, such as the factor decomposition method [17,18], and some
other scholars explored the drivers of carbon emissions with the Laspeyres decomposition
method [19–21]. Moreover, more scholars carried out decomposition analyses based on the
Logarithmic Mean Divisia Index (LMDI) model to reveal the influencing factors of carbon
emissions in various relevant fields, e.g., carbon emissions per capita, carbon emissions
due to industrial combustion energy, carbon emissions in the manufacturing industry,
and drivers of carbon emissions from energy consumption for different time durations in
China [22,23]. The results of these studies provided valuable methodological references
for exploring a series of issues related to carbon emissions from land use change [24,25].
However, these existing studies focused more on some major land use types, such as
cropland and built-up area, with less consideration of the carbon emissions from some
other land use types [25,26]. In particular, there are relatively fewer quantitative studies on
the influencing factors of carbon emissions from land use change, especially the studies
on the influencing factors of carbon emissions from land use change with the LMDI
model [6,27,28].

The Beijing-Tianjin-Hebei region, as one of the major urban agglomerations in China,
accounted for 11–12% of the national total carbon emissions, which is higher than the
national proportions of both gross domestic product (GDP) and the population of this
region [5,12]. In particular, the goal of peak carbon dioxide emissions and carbon neutrality
has put forward new and higher requirements for the synergistic development of this
region [16,18,29]. This study estimated the net carbon emissions from land use change
in the Beijing-Tianjin-Hebei region from the perspective of land use and decomposed
the influencing factors of carbon emissions from land use change to quantitatively reveal
the effects of these influencing factors on the carbon emissions from land use change,
aiming to provide a firm scientific basis for improving the regional land use planning,
promoting the low-carbon economic development, and guiding the development of the
Beijing-Tianjin-Hebei region into the capital economy circle.

2. Materials and Methods
2.1. Study Area

The Beijing-Tianjin-Hebei region is located in the northern part of China (36◦5′–42◦40′ N,
113◦27′–119◦50′ E), which is one of the three major urban agglomerations in China [18,26,30].
There is very complex terrain in this region, where there are mainly higher mountains
and plateaus in the northern and western parts and flatter plains in the southern and
eastern parts (Figure 1). There is a warm-temperate continental monsoon climate in this
region, with higher temperatures and precipitation in the summer. The Beijing-Tianjin-
Hebei region is the political, economic, cultural, and scientific center of China and plays
a strategically important role in the economic development of China [18]. The Beijing-
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Tianjin-Hebei region takes up approximately 2% of the total national land area, but it
accounts for approximately 8.1% of the total national population and 9.44% of the total
national GDP. However, there is very high energy consumption intensity along with rapid
urbanization in the Beijing-Tianjin-Hebei region, leading to very high carbon emission. For
example, the carbon emission in the Beijing-Tianjin-Hebei region reached 1.085 billion tons
in 2018, accounting for about 1/9 of the total national carbon emissions of China [26,30].
Exploring the long time-series variation of net carbon emissions from land use change can
provide valuable information for addressing the pressure of carbon emission reduction in
the Beijing-Tianjin-Hebei region, especially in the context of the coordinated development
of the Beijing-Tianjin-Hebei region [26,27].
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2.2. Data and Processing

The spatial data used in this study includes the 1-km land use data extracted from
the Land Use Remote Sensing Monitoring Data of China in 1990, 1995, 2000, 2005, 2010,
2015, and 2020 (http://www.resdc.cn, accessed on 31 October 2021), which were reverted
from Landsat TM/ETM images. The land types were classified into cropland, forest land,
grassland, water area, built-up area, and barren land [12,26], based on which this study
explored the land use transfer matrix of the Beijing-Tianjin-Hebei region during 1990–2020.
Besides, the non-spatial data used in this study mainly included the socioeconomic data
(e.g., population and GDP), regional energy consumption data, and carbon emission
coefficients of the Beijing-Tianjin-Hebei region, which were obtained from various issues of
the China Statistical Yearbook, the China Energy Statistical Yearbook, IPCC reports, and the
relevant literature. Finally, these data in different parts of the study area were combined to
obtain the regional energy consumption amount and the carbon emission coefficients of
different land use types, and these regional data were further summed up to obtain the
relevant total data of the whole Beijing-Tianjin-Hebei region.

2.3. Carbon Emission Accounting Model and Carbon Emission Coefficients

The carbon emissions can be categorized into direct and indirect carbon emissions [27].
The former refers to carbon emissions caused by the processes of maintenance and conver-
sion and specific land types, while the latter refers to carbon emissions generated by the
land serving as a carrier of production and living processes of human beings [28,29]. A
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large number of studies have shown that some land use types may be both carbon sources
and sinks, and the intensity of carbon sources and sinks generally varies greatly among
different land use types [30,31]. This study primarily focused on the carbon emission effects
of land use change caused by human activities, i.e., the amounting of carbon emissions and
the sequestration of cropland, forest land, grassland, water body, built-up area, and barren
land under the influence of human activities, and it finally summarized the carbon emission
amount of different land use types. The major crops in the study area include wheat and
maize, and these crops on cropland can absorb CO2 in the air through photosynthesis in
general, but most of the crop biomass is then decomposed in the soil and released back
into the air in the short term, so there are generally insignificant effects of crop biomass
as a carbon sink. Meanwhile, the effects of cropland inputs and soil emissions on the
carbon emissions can also be reflected with the carbon emission coefficient of cropland [30].
By contrast, carbon emissions from energy consumption and industrial activities such as
housing, mining, and manufacturing and transportation are the main sources of carbon
emissions. Thus, the built-up area and cropland generally serve as the carbon sources,
with positive carbon emission coefficients, while the forest land, grassland, water body,
and barren land generally serve as carbon sinks, which are carbon absorbers with negative
carbon emission coefficients. The regional carbon emission can be estimated based on the
carbon emission coefficients according to the guidelines of IPCC as follows:

Ec = ∑ ei = ∑ Ai × ξi (1)

where Ec is the total carbon emission (or absorption) amount, ei is the carbon emission (or
absorption) amount from the ith land use type, Ai is the area of the ith land use type, and
δi is the carbon emission (or absorption) coefficient of the ith land use type.

The carbon emission (or absorption) coefficients of different land use types, which were
assumed to keep stable during the study period, were determined as follows. The cropland
that provides both carbon emission and carbon absorption serves as both a carbon source
and carbon sink [29,30]. It is therefore necessary to take into account the greenhouse gas
produced during the crop production and CO2 absorption of crops during the reproductive
period, and the difference between the two can be used to estimate the net carbon emission
coefficient of the cropland [22,24]. Previous studies have shown that the carbon emission
coefficient and carbon sequestration coefficient of cropland are approximately 0.422 t/hm2

and 0.007 t/hm2, respectively [31,32], so this study took the difference between the two as
the net carbon emission coefficient of cropland, i.e., 0.415 t/hm2. In addition, the forest land
and grassland are the most important carbon sink and carbon sequestration systems in the
terrestrial ecosystem, and previous studies have shown that the carbon emission coefficients
of the forest land and grassland were −0.623 t/hm2 and −0.144 t/hm2, respectively [33,34],
which were also adopted in this study. In addition, previous studies showed that there
is very limited carbon absorption of the water body and barren land, generally with very
weak impacts on the regional net carbon emissions [27,32]. However, the water body
and barren land accounted for 4% of the total area in the Beijing-Tianjin-Hebei region, so
this study still considered the carbon emission coefficients of the water body and barren
land, which were approximately −0.03 t/hm2 and −0.05 t/hm2, respectively, according
to the literature survey results [35–37]. Moreover, there are various types of built-up area,
e.g., urban land, rural settlements, traffic roads, factories and mines, industrial areas, oil
fields, salt fields, and quarries. The built-up area carries a large amount of the energy
consumed in the production and living of human beings, and it is unfeasible to calculate
the carbon emissions of the built-up area according to only the area share of built-up
area [38,39]. It is necessary to estimate the carbon emissions from the built-up area based
on the carbon emissions generated by the energy consumption of human beings on the
built-up area [40,41], which can be estimated according to the carbon emission coefficient
method of the IPCC as follows:

EC = ∑ mi × βi × θi (2)
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where EC is the carbon emission from energy consumption on the built-up area, mi is the
consumption amount of various fossil energy sources, βi is the standard coal conversion
coefficient of each energy resource, and θi is the carbon emission coefficient of each energy
resource. This study used the standard coal conversion coefficient and carbon emission
coefficient of each energy resource published by the IPCC guidelines [32,42,43], which are
shown in Table 1.

Table 1. Standard coal conversion coefficients and carbon emission coefficients of various en-
ergy sources.

Energy Sources Standard Coal Conversion Coefficient Carbon Emission Coefficient

Coal 0.7143 (kgce/kg) 0.7559
Coke 0.9714 (kgce/kg) 0.8550

Crude oil 1.4286 (kgce/kg) 0.5857
Gasoline 1.4714 (kgce/kg) 0.5538
Kerosene 1.4714 (kgce/kg) 0.5714
Diesel oil 1.4571 (kgce/kg) 0.5921
Fuel oil 1.4286 (kgce/kg) 0.6185

Natural gas 1.3301 (kgce/m3) 0.4483
Electric power 0.1229 kg (kgce/kWh) 0.7476

2.4. Decomposition Analysis of Influencing Factors of Carbon Emissions

This study explored the influencing factors of carbon emissions with the LMDI model,
which is one of the most widely used methods to explore the influencing factors of energy
consumption in the field of low carbon economy due to its advantages such as high
operability, full decomposition, no residuals, and unique results [36,37]. Specifically, this
study analyzed the effects of different influencing factors on carbon emissions from land use
change according to the Kaya identity by introducing the land use factor and establishing
the formula of influencing factors of regional carbon emissions from five aspects, i.e., energy
consumption structure, land output intensity, land use structure, economic growth, and
population scale effect, as follows [41,42]:

C = ∑
Ci
Li
× Li

L
× L

G
× G

P
× P (3)

where C is the total carbon emissions from land use change (million tons), Ci is the carbon
emission amount of the ith land use type (million tons), Li is the area of the ith land use
type (km2), L is the total land area of the study area (km2), G is the GDP (108 CNY), and P
is the regional population size (104 persons).

Then, the regional total carbon emissions can be expressed as follows [40,42]:

fi =
Ci
Li

; Si =
Li
L

; q =
L
G

; g =
G
P

C = ∑ fi × Si × q× g× P (4)

where fi, Si, q, g, and P refer to the carbon emission intensity per unit of the ith land use
type, the effect of the land use structure, land use intensity per unit of GDP, GDP per capita,
and population size, respectively. According to this formula, the contribution value and
contribution rate of each factor can be further analyzed with the LMDI model. Assuming the
carbon emission in the base period and the Tth period are C0 and CT , respectively, then the
carbon emission change during the study period (0–T) can be expressed as follows [40,43]:

∆C = CT − C0 = ∑
i=1,2,......6

f T
i × sT

i × qT × gT × PT − ∑
i=1,2,......6

f 0
i × s0

i × q0 × g0 × P0

= ∆C fi
+ ∆Csi + ∆Cq + ∆Cg + ∆CP + ∆Crsd

(5)

D =
CT

C0 = D f DsDqDgDPDrsd (6)
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where ∆C is the carbon emission change during the study period, ∆C fi
, ∆Csi , ∆Cq, ∆Cg, and

∆CP are the contribution values of fi, Si, q, g, and P, respectively, and ∆Crsd is the decompo-
sition residual. If the obtained contribution value is >0, then the factor has a pulling effect
on the carbon emissions during the study period; otherwise, the factor has a suppressing
effect on carbon emissions. D is the carbon emission change percentage between the base
period and the Tth period; D f , Ds, Dq, Dg, Dp, and Drsd are the contribution rates of fi, Si,
q, g, and the residual error, respectively.

The following are the relationships in the additive decomposition mode according to
the LMDI model [40,44,45]:

∆C fi
= ∑

i

CT
i −C0

i
ln CT

i −ln C0
i
× ln f T

i
f 0
i

∆Csi = ∑
i

CT
i −C0

i
ln CT

i −ln C0
i
× ln ST

i
S0

i

∆Cq = ∑
i

CT
i −C0

i
ln CT

i −ln C0
i
× ln qT

q0

∆Cg = ∑
i

CT
i −C0

i
ln CT

i −ln C0
i
× ln gT

g0

∆CP = ∑
i

CT
i −C0

i
ln CT

i −ln C0
i
× ln PT

P0

(7)

The following are the relationships in the multiplicative decomposition mode accord-
ing to the LMDI model [40,45]:

D f = exp(W∆C fi
); Ds = exp(W∆Csi )

Dq = exp(W∆Cq); Dg = exp(W∆Cg)
DP = exp(W∆CP); Drsd = 1
W = ln D

∆C

(8)

3. Results
3.1. Land Use Change in the Beijing-Tianjin-Hebei Region

There was remarkable land use change in the Beijing-Tianjin-Hebei region during
1990–2020. There is mainly cropland and forest land in the Beijing-Tianjin-Hebei region,
where the cropland is mainly distributed in the central and southeast parts of the study area,
and the forest land as well as grassland are mainly distributed in the northeast and western
parts (Figure 2). The built-up area is concentrated in the central part and the peripheral
zone of the central towns in the study area. The water body is very limited in the study
area, which mainly includes rivers near towns and lakes in the northwest. More specifically,
cropland as the main land use type accounted for approximately 51.92% of the entire area
in 1990. The forest land and grassland ranked second and third, accounting for about
20.65% and 16.49% of the entire area, respectively, while the built-up area, water body and
barren land accounted for 10.94% of the entire area in total. There was a decreasing trend
of cropland, forest land, grassland, and barren land from 2000–2015, while the built-up
area increased significantly due to the accelerated urbanization process. In particular, the
cropland decreased significantly from 2015–2020, while the built-up area continued to
increase, and other land types only changed slightly.

Table 2 shows the land use transfer in the Beijing-Tianjin-Hebei region from 1990–2020.
A total of 73,072 km2 of land was transferred during 1990–2020, among which the transfer-
out area of the cropland ranked first, accounting for about 91.2% of the total transfer-out
area. The cropland was mainly transferred into built-up area, grassland, and forest land,
with the converted areas of which reaching 6726 km2 and 4705 km2 and 17,621 km2,
respectively. Meanwhile the transfer-in area of cropland reached 19,880 km2, which was
mainly converted from grassland and built-up area, accounting for about 69.4% of the
total transfer-in area of cropland. The transfer-in area of built-up area increased most
significantly during the study area, reaching 20,837 km2, 84.6% of which was transferred
from the cropland. By contrast, watershed and barren land only changed slightly, most
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of which was converted to cropland, accounting for 49% and 51% of their transfer-out
area, respectively.
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area, and the forest land as well as grassland are mainly distributed in the northeast and 
western parts (Figure 2). The built-up area is concentrated in the central part and the pe-
ripheral zone of the central towns in the study area. The water body is very limited in the 
study area, which mainly includes rivers near towns and lakes in the northwest. More 
specifically, cropland as the main land use type accounted for approximately 51.92% of 
the entire area in 1990. The forest land and grassland ranked second and third, accounting 
for about 20.65% and 16.49% of the entire area, respectively, while the built-up area, water 
body and barren land accounted for 10.94% of the entire area in total. There was a decreas-
ing trend of cropland, forest land, grassland, and barren land from 2000–2015, while the 
built-up area increased significantly due to the accelerated urbanization process. In par-
ticular, the cropland decreased significantly from 2015–2020, while the built-up area con-
tinued to increase, and other land types only changed slightly. 
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Figure 2. Spatial pattern of land use in the Beijing-Tianjin-Hebei region from 1990–2020.

Table 2. Land use transfer matrix in the Beijing-Tianjin-Hebei region during 1990–2020 (km2).

1990
2020

Grassland Cropland Built-up Area Forest Land Water Body Barren Land Total Decrease

Grassland 19,377 7016 1425 6858 538 223 16,060
Cropland 6726 79,738 17,621 4705 2512 302 31,866
Built-up

area 314 6777 6821 190 996 43 8320

Forest land 6713 3454 836 33,103 251 29 11,283
Water body 486 1778 768 361 2288 489 3882
Barren land 320 855 187 75 224 547 1661

Total
increase 14,559 19,880 20,837 12,189 4521 1086 73,072

Overall
change −1501 −11,986 12,517 906 639 −575 —

3.2. Evolution of Net Carbon Emissions in the Beijing-Tianjin-Hebei Region

The average annual net carbon emission during 1990–2020 was 313.93 million tons,
and the net carbon emissions of Hebei Province changed most significantly, increasing by
317.71 million tons during the study period, followed by Tianjin and Beijing. From the
perspective of regions within the study area, the changing trend of net carbon emissions of
Hebei Province is similar to that of Beijing and Tianjin. Besides, the evolution of carbon
emissions in the Beijing-Tianjin-Hebei region over these 30 years was divided into three
stages, according to the change of net carbon emissions, the industrial development status,
and energy consumption status in the study area, as shown in Figure 3.
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Figure 3. Changing trends of net carbon emissions in the Beijing-Tianjin-Hebei region from 1990–2020
(million tons).

Phase I (1990–2000) is the stage of slow increase in net carbon emissions, which
increased from 112.86 million tons to 178.54 million tons but was still significantly lower
than the average level of the whole study period. This is mainly due to the fact that
the study area was still in the early industrialization stage during this phase, with a low
urbanization level and low consumption of various energy sources, which led to relatively
lower net carbon emissions.

Phase II (2000–2010) is the stage of rapid growth of net carbon emissions, which
rapidly increased from 178.54 million tons to 436.83 million tons, with the average annual
growth rate reaching 144.66%. This is mainly due to the national focus on the development
of heavy industries and the relatively loose macro production capacity policies during this
period, which led to the lower entry requirement of high energy-consuming, high-emission,
and low-efficiency enterprises into the study area, thus resulting in the rapid increase of
the net carbon emissions.

The third phase (2010–2020) is the stage of steady increase of net carbon emissions,
with the total carbon emissions increasing steadily from 436.83 million tons to 525.31 million
tons. The average carbon emission level during this phase was 1.58 times that of the second
phase, but the average annual growth rate was only 20.25%, which is much lower than that
of the second phase. This is mainly due to the improvement of energy efficiency under the
influence of the national policies on energy saving and emission reduction and application
of advanced technologies. In particular, the implementation of the policies of “peak carbon
dioxide emissions” and “carbon neutrality” imposed important limitations on the increase
of carbon emissions.

3.3. Variation of Carbon Emissions from Land Use Change

The carbon emissions from land use change are shown in Table 3, which were estimated
on the basis of the land use data and energy consumption data of the Beijing-Tianjin-Hebei
region during 1990–2020. The carbon emissions from land use change in the Beijing-Tianjin-
Hebei region showed an overall increasing trend during 1990–2020, with the total carbon
emissions increasing from 112.86 million tons in 1990 to 525.30 million tons in 2020, with an
overall growth rate of 365.46% during these 30 years (Table 3). Among the major sources of
carbon emissions, the carbon emissions from cropland decreased slowly from 4.66 million
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tons in 1990 to 4.15 million tons in 2020, with a total decrease of 0.52 million tons and an
average annual decrease of 17.12 thousand tons in these 30 years, which is mainly due to
the slowly decreasing trend of cropland area in the study area during the study period.
However, the carbon emissions from built-up area as another major source of carbon
emissions increased rapidly from 111.51 million tons in 1990 to 524.51 million tons in 2020,
with an overall growth rate of 370.37% during the study period. In particular, carbon
emissions from built-up area accounted for 95.99–99.22% of the total carbon emissions,
so built-up area served as the main carbon emission source in the Beijing-Tianjin-Hebei
region during the study period. The carbon sinks included the forest land, grassland, water
area, and barren land, the effects of which on the carbon absorption shoed a descending
order. Specifically, the carbon absorption effect of the forest land was the most significant,
accounting for 83.58–89.56% of the total carbon absorption amount of the study area, while
the grassland and water body accounted for 9.62–15.49% and 0.47–0.59% of the total carbon
absorption amount of the study area, respectively. By contrast, the carbon sequestration
effect of barren land was the least significant, accounting for only 0.24–0.35% of the total
carbon absorption amount of the study area. It is particularly notable that the ratio of
the carbon emissions from the built-up area to the carbon absorption from the forest land
ranged between 40.26 and 185 during 1990–2020. In other words, the carbon emissions from
the built-up area were so large that the carbon absorption effect of the forest land failed
to offset the carbon source effect of built-up area, which is the underlying reason for the
continuous increase of the total carbon emissions in the study area during the study period.

Table 3. Carbon emissions from land use change in the Beijing-Tianjin-Hebei region during 1990–2020
(million tons).

Year 1990 1995 2000 2005 2010 2015 2020

Forest land −2.77 −3.72 −2.79 −2.79 −2.79 −2.78 −2.84
Grassland −0.51 −0.4 −0.51 −0.5 −0.5 −0.5 −0.49

Water body −0.02 −0.02 −0.02 −0.02 −0.02 −0.02 −0.02
Barren land −0.01 −0.01 −0.01 −0.01 −0.01 −0.01 −0.01
Cropland 4.66 4.22 4.55 4.51 4.49 4.46 4.15

Built-up area 111.51 153.74 177.33 299.91 435.66 487.95 524.52
Carbon sink −3.31 −4.16 −3.32 −3.32 −3.32 −3.31 −3.36

Carbon Source 116.17 157.96 181.87 304.42 440.15 492.41 528.66
Total carbon

emissions 112.86 153.8 178.55 301.1 436.83 489.1 525.31

3.4. Effects of Influencing Factors of Carbon Emissions from Land Use Change

The decomposition of the variation of carbon emissions in the Beijing-Tianjin-Hebei
region during 1990–2020 with the LMDI model revealed the contribution value and contri-
bution rate of five influencing factors of carbon emissions, i.e., carbon emission intensity
per unit of land, land use structure, land use intensity per unit of GDP, GDP per capita,
and population size in Figure 4. The results showed that there was obvious annual varia-
tion trends of these influencing factors of carbon emissions from land use change in the
study area (Figure 4). Besides, Figure 5 shows the cumulative contribution rate of these
influencing factors. There were remarkable differences in the contribution value between
various influencing factors of the carbon emissions from land use change (Figure 5). The
absolute contribution values of each influencing factor to the variation of carbon emissions
from land use change during 1990–2020 in a descending order were land use intensity per
unit of GDP > GDP per capita > land use structure > carbon emission intensity per unit of
land > population size. The land use intensity per unit of GDP was the biggest restraining
factor of the increase of carbon emissions, and the remaining four factors all had positive
effects on the increase of carbon emissions, among which GDP per capita had the greatest
promotion effects on the increase of carbon emissions (Figure 5).
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Figure 4. Contribution value of the influencing factors to variation of carbon emissions from land use
change in the Beijing-Tianjin-Hebei region.

Land 2022, 11, x FOR PEER REVIEW 11 of 15 
 

 
Figure 4. Contribution value of the influencing factors to variation of carbon emissions from land 
use change in the Beijing-Tianjin-Hebei region. 

 
Figure 5. Cumulative contribution rate of influencing factors to the variation of carbon emissions 
from land use change in the Beijing-Tianjin-Hebei region. 

This study suggested that the land use factors played an important role in influencing 
the carbon emissions. For example, there were extremely unstable effects of the carbon 
emission intensity per unit of land on the carbon emissions, which showed a promoting 
effect during 1990–2015 and a restraining effect during 2015–2020, indicating uncertainties 
of the role of carbon emission intensity per unit of land in influencing the carbon emissions 
from land use change. Nevertheless, the cumulative contribution rate of the carbon emis-
sion intensity per unit of land was 89.06% during the study period. Besides, the land use 
structure had an overall positive effect on the carbon emissions from land use change 
during the study period, with a cumulative contribution rate of 64.3%. It is notable that 
the contribution value of the land use structure showed a significant increase during 2015–
2020, which is mainly because the built-up area expanded rapidly during this period, 

−30

−20

−10

0

10

20

30

1990–1995 1995–2000 2000–2005 2005–2010 2010–2015 2015–2000

Co
nt

rib
ut

io
n 

va
lu

e 
(m

ill
io

n 
to

ns
)

Year

Carbon emission intensity per unit of land Land use structure

Land use intensity per unit of GDP GDP per capita
Population size

−500

−400

−300

−200

−100

0

100

200

300

400

500

Carbon
emission

intensity per
unit of land

Land use
structure

Land use
intensity per
unit of GDP

GDP per capita Population size

C
um

ul
at

iv
e c

on
tr

ib
ut

io
n 

ra
te

 (%
)

Figure 5. Cumulative contribution rate of influencing factors to the variation of carbon emissions
from land use change in the Beijing-Tianjin-Hebei region.

This study suggested that the land use factors played an important role in influencing
the carbon emissions. For example, there were extremely unstable effects of the carbon
emission intensity per unit of land on the carbon emissions, which showed a promoting
effect during 1990–2015 and a restraining effect during 2015–2020, indicating uncertainties
of the role of carbon emission intensity per unit of land in influencing the carbon emissions
from land use change. Nevertheless, the cumulative contribution rate of the carbon emission
intensity per unit of land was 89.06% during the study period. Besides, the land use
structure had an overall positive effect on the carbon emissions from land use change
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during the study period, with a cumulative contribution rate of 64.3%. It is notable that the
contribution value of the land use structure showed a significant increase during 2015–2020,
which is mainly because the built-up area expanded rapidly during this period, which led
to the remarkable increase of carbon emissions from land use change. It is therefore of
great significance to the control of carbon emissions to carry out the reasonable layout of
land use structure. By contrast, the land use intensity per unit of GDP was the primary
restraining factor of the carbon emissions from land use change in the study area, which
had a suppressive effect on the net carbon emissions throughout the study period, with a
cumulative contribution reaching −385.47%. This indicates that it is feasible to achieve a
sustainable development status of the land use by promoting the economic development
and adopting some reasonable means.

There was always a positive contribution value of GDP per capita to the increase
of carbon emissions, i.e., GDP per capita had played a positive role in promoting the
increase of carbon emissions from land use change during the study period. In particular,
the cumulative contribution of GDP per capita was the highest among these influencing
factors, indicating that GDP per capita played the most important role in promoting the
increase of carbon emissions from land use change. In fact, GDP per capita represents
the regional economic development level as well as the affluence level, and the rapid
economic development not only brings abundant material achievements but also generates
a large amount of carbon emissions; it is therefore necessary to pay more attention to the
factors of economic development in future research and the practice of carbon emission
reduction. Additionally, the population size always had a promoting effect on the increase
of carbon emissions during 1990–2015, which is similar to GDP per capita. The cumulative
contribution value and cumulative contribution rate of population size reached 1.05 million
tons and 30.61%, respectively, indicating that the population size is also one of the most
important factors promoting the increase of carbon emissions from land use change. This is
primarily because the population growth leads to the increase in energy consumption and
further results in more carbon emissions from energy consumption on the land.

4. Discussion

There is an overall high reliability of the results of this study, which were generally
consistent with previous studies. For example, some previous studies suggested that the
growth of GDP per capita resulting from expansion of coal intensive industries was a major
factor driving carbon emissions in China [44,46], and this study also suggested that GDP
per capita played a dominant role in promoting the increase of carbon emissions in the
Beijing-Tianjin-Hebei region, indicating there was a consistent major driving factor of the
Beijing-Tianjin-Hebei region and the whole of China. On the one hand, the Beijing-Tianjin-
Hebei region and other parts of China both used to heavily depend on coal, with a slight
difference in the technological level of energy utilization among these regions, which led to
a similar pattern of carbon emissions of the Beijing-Tianjin-Hebei region and other parts
of China. On the other hand, the Beijing-Tianjin-Hebei region, as one of the three major
urban agglomerations in China, generally kept pace with the rapid economic development
of the whole of China, leading to a similar change of GDP per capita and subsequently
carbon emissions. More importantly, this study estimated the carbon emissions with the
data extracted from the authoritative statistical yearbooks and carried out a decomposition
analysis of influencing factors of carbon emissions with the relatively mature LMDI model,
which were both generally consistent with previous studies and therefore guaranteed the
reliability of the results of this study.

There are still some uncertainties in the results of this study due to the limitation
of data accuracy, and it is especially necessary to further improve the estimation of the
carbon emission (or absorption) coefficients based on dynamic observation data in the
future. For example, the carbon emission coefficient of the State Grid Corporation of China
has been adjusted from 0.6101 tCO2/MWh to 0.5810 tCO2/MWh in 2022, according to
the latest “Corporate Greenhouse Gas Emissions Accounting Methodology and Reporting
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Guidelines for Power Generation Facilities (2022 Revised Edition)”. This carbon emission
coefficient has declined slightly by only 4.77% after years of technical progress; it is therefore
still feasible to assume that the carbon emission coefficient of electricity kept constant in
past decades. Nevertheless, it is still necessary to use some dynamic carbon emission
coefficients, according to the specific conditions, to more accurately reveal the effects of
technical progress and other factors on carbon emissions in the future.

Although there are still some uncertainties, this study still successfully revealed the
effects of various influencing factors of carbon emissions from land use change. This study
has accordingly proposed the following policy recommendations, which can contribute
to promoting the improvement of the lower carbon emission of land use and support the
synergetic development of the Beijing-Tianjin-Hebei region.

(1) Optimization of the land use structure and the spatial layout of land use

It is necessary to carry out land use in a more economical and intensive way, making
full use of the barren land and a large amount of idle land by giving priority to turning
the barren land and idle land into cropland, forest land, and grassland. It is also necessary
to carry out a moderate return of cropland to forest land and grass land. It is particularly
urgent to control the proportion of built-up area and increase the area of carbon sinks
by planting trees and optimizing the spatial layout of public green space, which can
contribute to achieving environmental improvement and low-carbon development in the
Beijing-Tianjin-Hebei region.

(2) Adjustment of the energy structure and development of new cleaner energy sources

The current energy consumption of the Beijing-Tianjin-Hebei region dominantly de-
pends on fossil energy, especially coal, while the proportion of cleaner energy is still very
low, and it is therefore very necessary to adjust the energy structure and reduce the depen-
dence on fossil energy. To achieve this end, it is necessary to promote the development of
new cleaner energy sources and to encourage the development of advanced energy-saving
technologies, e.g., the Carbon Capture and Storage technologies, which can effectively
reduce carbon emissions.

(3) Optimization of the industrial structure and promotion of the development of the
tertiary industry

The increase of GDP of the Beijing-Tianjin-Hebei region still heavily depends on the
secondary industry, which plays an important role in the increasing the carbon emissions.
By contrast, the primary and tertiary industries have relatively small carbon emissions. It is
therefore necessary to carry out optimization of the industrial structure by “retreating from
secondary industry and developing the tertiary industries”, which can make a considerable
contribution to the energy saving and carbon emission reduction in the Beijing-Tianjin-
Hebei region.

5. Conclusions

This study estimated the carbon emissions in the Beijing-Tianjin-Hebei region during
1990–2020 based on the carbon emission coefficients, and it revealed the quantitative rela-
tionship between land use change and carbon emissions with the decomposition analysis
of the main influencing factors of carbon emissions from land use change. The major con-
clusions are as follows: (1) the cropland, forest land, grassland, and barren land in the study
area all showed a decreasing trend during 1990–2020, among which the cropland decreased
most significantly and the built-up area increased significantly due to the accelerated urban-
ization. (2) The total carbon emissions in the study area increased from 112.86 million tons
in 1990 to 525.31 million tons in 2020, with a growth rate of 365.46%. Built-up area was the
main carbon source, the carbon emissions of which increased rapidly from 111.51 million
tons in 1990 to 524.52 million tons in 2020, with a growth rate of 370.37%. The forest land
accounted for 83.58–89.56% of the total carbon absorption, but it still failed to offset the
carbon emissions of the built-up area. (3) GDP per capita contributed most to the increase
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of the carbon emissions, resulting in a cumulative increase of carbon emissions by 94.78 mil-
lion tons. While the land use structure, carbon emission intensity per unit of land, and
population size led to the increase of carbon emissions by 18.11 million tons, 22.95 million
tons, and 8.67 million tons, respectively. By contrast, the land use intensity per unit of GDP
had a restraining effect on the carbon emissions, making the carbon emissions decrease
by 103.26 million tons in total. This study accurately revealed the variation of net carbon
emissions from land use change and the effects of influencing factors of carbon emissions
from land use change in the Beijing-Tianjin-Hebei region, and all the conclusions of this
study can provide a firm scientific basis for improving the regional land use planning and
for promoting the low-carbon economic development of the Beijing-Tianjin-Hebei region.
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Abstract: Fewer studies on ecological security (ES) in border areas limit the synergistic development
of border areas in the context of rapid globalization. The study of ES in border areas of southwest
China can enrich the evaluation methods, summarize the knowledge related to ES in border areas, and
provide references for similar areas in the world. Therefore, twenty-five international border counties
in Yunnan Province were selected to establish a system to evaluate ES; an entropy weight TOPSIS
model was used to evaluate the changes in ES from 2004 to 2019. Then, an obstacle degree model
was used to diagnose the factors affecting ES. The state of ES was predicted by a gray prediction
model (GM) (1,1) in 2025 and 2030. The results show that an improving ES situation presented a
spatial distribution pattern of high to low from the southwest to the west and east. Various factors,
including fixed assets investment, per-capita fiscal revenue, per-capita GDP, food production, and
water regulation, created obstacles to a desirable ES in the study area. Although the ES of border
areas will maintain an upward trend under the existing development model, the number of counties
that will reach a secure state of ES in 2025 and 2030 is predicted to only be 1 and 2, respectively.

Keywords: border area; ecological security; spatiotemporal evolution; sustainable development;
Yunnan Province

1. Introduction

Rapid globalization has strengthened the political and economic ties between coun-
tries [1], which has largely changed the previous disadvantage experienced by border areas
of a country [2]. For example, the border areas of the European Union (EU) account for
40% of EU territory, 30% of the EU population, and 30% of the EU gross domestic product
(GDP) [3]. The resources and environmental factors of border areas have a more important
impact on national security and international economic cooperation than in the past [4–7],
and ecologists also pay more attention to the resource management in these regions [8].
Although natural ecosystems are often spatially continuous, the boundary lines indicating
the boundaries between the territories of different sovereign states will objectively lead
to competition between countries for resources and environmental conditions in border
areas [9,10]. As a result, the ecological security (ES) of border areas not only becomes an
important part of a country’s comprehensive national security system but also becomes
the most sensitive part of that system. Because border areas involve political boundaries
where environmental changes are complex and uncertain, the ES of border areas not only
includes the security of development and the environment but also includes the rational
use of resources, border management, ecological maintenance of the area, and geographical
cooperation between countries [11]. In this context, studying the ES of border areas is
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of great significance to promote the cooperation between neighboring countries in the
ecological field and maintain the stability of border areas.

The idea of ES first appeared in the land function and land health evaluation in the
1940s. Its concept is based on the theory of environmental security [12]. In 1989, the
International Institute for Applied Systems Analysis first proposed the concept of ES
when explaining global ecological and environmental problems. With the maturity of
the theoretical framework of ES, the concept of ES has better clarity, that is, ES refers to
maintaining the health and integrity of an ecosystem, ensuring that the human living
environment does not change with the changes in external conditions and states, and
keeping the environment in a stable and sustainable state [13]. In recent years, with the
continuous and increasing change in the global environment and climate [14,15], regional
ES has attracted significant attention and has become an important scientific problem that
countries urgently need to solve [16]. Researchers have carried out much research on
ES assessment in multiple scale areas and achieved many valuable results. By using a
Pressure–State–Response model [17,18], the gray comprehensive evaluation method [19],
and an ecological footprint model [20], researchers have evaluated ES at the national [21],
provincial [22,23], urban agglomeration [24,25], watershed [18,26], and urban scales [27].

Although these studies provide a theoretical basis for ES analysis, some problems
remain. First, existing studies have paid more attention to the ES of inland areas, but
little attention has been paid to the field of ES in international border areas. Moreover,
scholars often study large-scale administrative units such as countries and provinces, while
these studies may not meet the needs of more detailed actual environmental management.
Second, these existing studies have mainly focused on the retrospective evaluation of ES,
which enriches the current situation and phenomena of ES but lacks the ability to predict
the future of ES. Third, most of the existing studies ignore the analysis of the mechanisms
that promote ES and lack a discussion of measures designed to improve the level of ES.

Since the 1990s, China has promoted a series of “geo-cooperation initiatives,” namely
transboundary infrastructure projects such as highways, railways, and oil and gas pipelines [10],
which has effectively promoted the sustainable development of border areas. However,
these projects can also lead to ecological problems such as land use-cover change [28],
landscape fragmentation, and a loss of biodiversity [29] in border areas. To this end, the
Chinese government has adopted a series of ecological restoration projects, such as a
natural forest protection plan [30], designated ecological red lines [31], and mandated
transboundary water resource management [32] and biodiversity conservation [33] to
protect the environment of border areas. There are 110 international rivers and lakes in the
southwest, northwest, and northeast borders of China. These regions are the birthplace of
most Asian rivers, making China the most important upstream country for ES in Asia [34].
In 2015, the United Nations adopted the 2030 Agenda for Sustainable Development and
formulated 17 Sustainable Development Goals (SDGs) [15], in which SDG 6 calls for
sustainable management of water resources and SDG 15 calls for curbing the loss of
biodiversity. Yunnan Province, located in the southwest border of China, is the upstream
of Nujiang, Lancang, Honghe, and Daying rivers [35]. It is also one of the hotspots
of biodiversity in the world [36]. Studying the ES of border areas in Yunnan Province
can promote international cooperation on ES and the sustainable management of water
resources, so as to effectively reduce border conflicts and ensure the safety and stability
of border areas. However, the existing literature has paid little attention to this field.
Considering that counties are the basic administrative unit in China [37] and that they can
fully reflect the characteristics of border areas, this study selected the 25 counties in Yunnan
Province as the case study area.

The security of international borders is becoming more and more complicated. There-
fore, how to reposition the functions of the border areas needs more attention from the
academic community. Based on the above literature review and an analysis of existing
research gaps, the purpose of this study is as follows: (1) Analyze the temporal and spatial
change characteristics of ES in the border areas of Yunnan Province under the background
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of increasingly close international cooperation. (2) Probe into the main obstacles and factors
and factors affecting the ES in border areas. (3) Predict the status of ES in border areas in
2025 and 2030. In addition, policy suggestions on improving the level of ES in border areas
are also put forward.

2. Study Area and Data Sources
2.1. Study Area

The border areas analyzed in this paper are located in Yunnan, China (21◦08′–29◦15′ N,
97◦31′–106◦11′ E) (Figure 1), with a total area of 9.03 × 104 km2. This region borders
Myanmar, Laos, and Vietnam and includes the upstream regions of the Nujiang, Lancang,
Honghe, and Daying rivers [35], as well as plateau wetland and tropical forest ecosystems.
This area has a complex terrain as part of the Qinghai–Tibet Plateau, Hengduan Mountains,
and the Yunnan–Guizhou Plateau where the elevation gradually decreases from northwest
to southeast; the maximum relative elevational difference is approximately 4751 m across
the region. The climate is dominated by plateau mountain climate, subtropical monsoon
climate, and tropical monsoon climate conditions. The average temperature is 15–23.7 ◦C,
and the annual precipitation falls between 1020 and 3388 mm. The combination of climate
and complex terrain makes the border areas one of the global biodiversity hotspots [36,38].
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An inset map shows the study area location within the provinces and other administrative areas of
China. Note: Map was created by authors using ArcGIS 10.7 based on the digital elevation model
(DEM) data from the Resources and Environment Data Center of the Chinese Academy of Sciences
(https://www.resdc.cn/, accessed on 4 January 2022).
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The study area included the following 25 counties (cities): Cangyuan, Fugong, Funing,
Gengma, Gongshan, Hekou, Jiangcheng, Jinping, Jinghong, Lancang, Longling, Longchuan,
Lushui, Lvchun, Malipo, Maguan, Mangshi, Menghai, Mengla, Menglian, Ruili, Tengchong,
Ximeng, Yingjiang, and Zhenkang. This part of China is relatively less developed than
other areas of China and includes areas inhabited by people of various ethnic minorities.
The traditional culture of ethnic minorities and rich tourism resources make tourism the
main industry in border areas [39]. By 2016, the study area had a permanent population of
6.92 million, and a GDP of 158.48 billion yuan, of which income from tourism comprised
85.99 billion, accounting for 54% of the total GDP. In a word, as the border areas of Yunnan
Province are rich in biodiversity and located in the upstream of many international rivers,
it is representative to select these regions to study ES.

2.2. Data Sources

We used a digital elevation model (DEM) and multiple datasets, including land
use, meteorological, normalized difference vegetation index (NDVI), PM 2.5, and socio-
economic data and statistics. The basic data used in this study and the data sources are
listed in Table 1.

Table 1. Data information and sources.

Data Type Time Data Sources

Land use data 2004–2019

Land use type was classified into cropland, forest, shrub, grassland, water,
snow and ice, barren, impervious, and wetland, with a spatial resolution of
30 m based on Yang and Huang [40]. The data were obtained from
https://doi.org/10.5281/zenodo.4417810 (accessed on 4 June 2021).

Meteorological data 2004–2019 Derived from the National Science and Technology Infrastructure dataset
(http://www.cma.gov.cn/, accessed on 17 July 2021).

Administrative boundary 2015
Obtained from the National Basic Geographic Information Center
(http://www.ngcc.cn/, accessed on 6 January 2022); described basic
geographic information at a scale of 1:4,000,000.

Digital Elevation Model (DEM) /
A DEM with a spatial resolution 90 m was provided by the Resources and
Environment Data Center of the Chinese Academy of Sciences
(https://www.resdc.cn/, accessed on 4 January 2022).

Normalized Difference Vegetation
Index (NDVI) 2004–2019

NDVI data were provided by the Resources and Environment Data Center of
the Chinese Academy of Sciences (https://www.resdc.cn/, accessed on
14 July 2021).

Atmospheric Particulate Matter
content with a diameter of
<2.5 µm (PM 2.5)

2004–2019 Data were publicly available as vers. V4.GL.03 via the Atmospheric
Composition Analysis Group website at Dalhousie University [41].

Socio-economic data 2004–2019
Data obtained from the Yunnan Statistical Yearbook, county-level
socioeconomic statistical yearbooks (China), Chinese agency government
work reports, and social development statistical bulletins of each county.

3. Material and Methods
3.1. Research Framework

This study was conducted within a framework of four steps (Figure 2): the first step
introduces the realistic needs, theoretical basis, and literature gaps related to ES. Then, the
paper describes the study area and data sources, constructs an evaluation index system for
ES, and introduces the methods. The third step analyzes the results. The last step expounds
the conclusions and policy implications.
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3.2. Construction of the Index System

Ecological security is a complex system involving nature, the economy, and human
society [20,42]; the level of ES in any area is constantly changing [30,43]. In the past,
the assessment of ES generally involved the construction of an index system from the
perspective of ecosystem structure and function [12], but it did not consider human beings
as external factors. In reality, human beings have already become an indispensable part of
the Earth’s ES system. Supporting the sustainable development of the economy and society
is an important reason to study ES [43]. Therefore, the present study evaluates the state of
ES in border areas from five subsystems: economy, society, environment, landscape pattern,
and ecosystem service value (ESV). The process of calculating the landscape patterns and
ESVs is as follows:
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(1) Selection and calculation of landscape metrics.
The evolution of landscape pattern leads to spatial changes in the landscape results,

which directly reflect the changes in ecosystem structure and composition and finally affect
ES [18]. A landscape index can describe the change in landscape pattern. Landscape
indices are used to determine the relationship between landscape pattern and the process
of landscape change [36]. In this study, the number of patches (NP), patch density (PD),
largest patch index (LPI), edge density (ED), landscape shape index (LSI), splitting index
(SPLIT), Shannon’s diversity index (SHDI), and aggregation index (AI) were selected to
reflect the level of landscape pattern subsystem [44,45]. The selected landscape index was
calculated using FRAGSTATS 4.2 software.

(2) Calculation of ESV.
Ecological security depends on the level of ecosystem services provided by an ecosys-

tem to human beings [46]. At present, ES has become an important research topic de-
signed to bring ecosystem services into the evaluation of ES systems [46,47]. In 1997,
Costanza et al. [48] put forward the method of evaluating global scale ecosystem services
with ESV, and Xie, a Chinese scholar [49], summarized an equivalent factor of ESV per unit
area according to the actual situation of China. In this study, we referred to their methods
and modified the above-mentioned equivalent factor. For the border areas analyzed here,
the following standards were used: cropland corresponds to dry land; the equivalent factor
for forest is taken as the average value of coniferous, mixed, and broad-leaved forests;
grassland corresponds to prairie; snow/ice corresponds to glacier and snow [50]; and
impervious areas were assigned “0” [51] (Table S1).

The economic value of one ecological service equivalence factor is 1/7 the grain output
value per unit area [49], and the economic value of the equivalent factor in border areas
was calculated according to Equation (1). To eliminate the impact of crop price fluctuation
on the total value, the area, yield, and average price of the three main crops (rice, corn, and
wheat) were selected as the basic data. The calculation process is as follows:

VC0 =
1
7

n

∑
i=1

mi piqi
M

(n = 1, 2, 3) (1)

According to Equation (1), the economic value of one equivalent factor of ESV in
border areas is 1817.76 yuan/ha, and the ESV coefficient per unit area of land use type was
obtained (Table S2). Referring to the method of Hu et al. [36], the sensitivity index of the
ESV coefficient for all land use types was obtained (Table S3). The sensitivity index of the
ESV coefficient was all less than 1, which indicates that the estimated total ESV in the study
area is not elastic to the equivalent factor.

The index system of ES is shown in Table 2.

Table 2. The index system of ecological security evaluation in border areas.

Target
Layer

Elements
Layer

Index
Layer References

ES

Economic
subsystem

X1: Annual GDP growth rate (%) [52]
X2: Per-capita GDP (yuan) [22]
X3: Secondary industry as percentage of GDP (%) [53]
X4: Tertiary industry as percentage of GDP (%) [25]
X5: Fixed assets investment (104 yuan) [18]
X6: Per-capita fiscal revenue (yuan) [25]

Society subsystem

X7: Population growth rate (%) [24]
X8: Population density (person/square kilometer) [24,52]
X9: Per-capita food production (tons/person) [22]
X10: Number of medical beds per 10,000 persons
(pieces/ten thousand people) [25]

X11: Urbanization level (%) [43]
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Table 2. Cont.

Target
Layer

Elements
Layer

Index
Layer References

Environment
subsystem

X12: Annual average temperature (◦C) [43]
X13: Annual precipitation (mm) [43]
X14: PM2.5 (µg/m3) [24]
X15: NDVI (/) [18]
X16: Forest cover (%) [25]
X17: Proportion of construction land (%) [26]
X18: Proportion of cultivated land (%) [25]

Landscape
pattern subsystem

X19: NP (/) [54]
X20: PD (/) [12,43]
X21: LPI (/) [43]
X22: ED (/) [12]
X23: LSI (/) [54,55]
X24: SPLIT (/) [12,43]
X25: SHDI (/) [12,43]
X26: AI (/) [54,55]

ESV subsystem

X27: Food production (104 yuan) [24,50]
X28: Raw material (104 yuan) [24,50]
X29: Water supply (104 yuan) [24,50]
X30: Air quality regulation (104 yuan) [24,50]
X31: Climate regulation (104 yuan) [24,50]
X32: Waste treatment (104 yuan) [24,50]
X33: Water regulation (104 yuan) [24,50]
X34: Erosion prevention (104 yuan) [24,50]
X35: Soil fertility maintenance (104 yuan) [24,50]
X36: Habitat services (104 yuan) [24,50]
X37: Cultural services (104 yuan) [24,50]

3.3. Entropy Weight TOPSIS Model

The entropy weight method is an objective weighting method, which uses entropy
to indicate the information’s size. Generally, the larger the gap between feature values,
the larger the size of information it possesses [56]. The technique for order preference by
similarity to ideal solution (TOPSIS) is a multi-objective decision-making method. The
principle is to rank the evaluation objects according to the closeness of positive and negative
ideal solutions. At present, the combination of entropy weight method and TOPSIS method
has been widely used in land use planning, sustainable development assessment, and other
fields [57,58]. This study selected entropy weight TOPSIS model to evaluate the level of the
ES in border areas. The calculation process is as follows:

(1) Data standardization was completed using the following equation:

{
gij =

yij−ymin
ymax−ymin

, where gij is a positive indicator

gij =
ymax−yij

ymax−ymin
, where gij is a negative indicator

(2)

where gij is the normalized value; and ymax and ymin represent the maximum and minimum
values of the jth index, respectively.

(2) The information entropy of each index was calculated using the following equation:

Hj = −
1

ln n

(
n

∑
i=1

fij ln fij

)
(3)

where fij =
(
1 + gij

)
/
[

n
∑

i=1

(
1 + gij

)]
.
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(3) The index weights were determined using the following equation:

wj =
1− Hj

m−
m
∑

j=1
Hj

(4)

(4) The weight normalization matrix was constructed using the following equation:

cij = gij ∗ wj (5)

where cij is the weighted normalized decision matrix; and wj is the weight value of the
jth index.

(5) The positive and negative ideal solutions, C+ and C−, respectively, were calculated
using the following equation:





C+ =

{
maxcij|i = 1, 2, · · · , m

1≤i≤m

}
=
{

c1
+, c2

+, · · · , cj
+
}

C− =

{
mincij|i = 1, 2, · · · , m

1≤i≤m

}
=
{

c1
−, c2

−, · · · , cj
−}

(6)

where C+ and C− refer to the optimal and the least considered decision schemes, respectively.
(6) The distance from the index value of each evaluation object to C+ and C− was

calculated using the following equations:




Sj
+ =

√
n
∑

j=1

(
cj
+ − cij

)2, i = 1, 2, · · · , m

Sj
− =

√
n
∑

j=1

(
cj
− − cij

)2, i = 1, 2, · · · , m
(7)

where Sj
+ and Sj

− refer to the distance of the assessment vector to the positive and negative
ideal solutions, respectively.

(7) The closeness of each evaluation object to the ideal solution was calculated using
the following equation:

Ri =
Sj
−

Si
+ + Si

− (8)

where Ri is the closeness of the evaluation object to the optimal solution, and the range of
Ri is 0–1. The greater the value of Ri, the higher the ES level. Referring to the research of
Cui et al. [59], we divided the level of ES into five levels (Table 3).

3.4. Trend Surface Analysis

Trend surface analysis is a method that can be used to simulate the spatial distribution
law and change trend in geographical elements with a smooth mathematical surface [60].
The actual surface is divided into two components: a regional trend and residual values.
The regional trend is calculated by using a polynomial surface with continuous power, and
the residual values are the arithmetic difference between the original data and the trend
surface, indicating local fluctuations. This study used this method to analyze the spatial
differentiation trend in ES [61], as follows:

Zi(xi, yi) = Ti(xi, yi) + εi (9)

where Zi(xi, yi), Ti(xi, yi), and εi represent the observed, trend, and residual values of
variable Z at location (xi, yi), respectively.
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Table 3. Evaluation criteria of ecological security.

Range Status Characteristics

[0, 0.25) Critical
The pressure on the ecosystem is very large, the ecosystem
structure is very imperfect, and the ecosystem has a very
large risk of collapse.

[0.25, 0.45) Unstable The pressure on the ecosystem is large; the ecosystem
structure has defects and is in an unstable state.

[0.45, 0.55) Sensitive
The pressure on the ecosystem is large and close to the
threshold; the ecosystem structure is relatively complete
and can play the basic function of the ecosystem.

[0.55, 0.75) Good The ecosystem has relatively little pressure and perfect
functions, and the ecosystem is in a relatively stable state.

[0.75, 1] Secure
The pressure on the ecosystem is very small, the ecological
function and structure are in excellent condition, and the
ecosystem is in a very stable state.

3.5. Obstacle Degree Model

Based on the ES evaluation of border areas, identifying the key factors that directly
influence the ES can help to present adaptation measures designed to help land managers
preferably maintain the ES in border areas and promote sustainable regional development.
Therefore, our study used an obstacle degree model to analyze the factors creating obstacles
and influencing ES. The calculation process is as follows [62]:

Pij = 1− gij (10)

Mij =
RijPij

m
∑

i,j=1
RijPij

× 100% (11)

where Mij represents the obstacle degree of the ith indicator in year j, and Pij is the degree
of deviation for indicator i in year j.

3.6. GM (1,1) Gray Prediction Model

The gray system theory was first put forward by Deng [63]. A gray prediction model
(GM) (1,1) adopts the basic concept of the gray system theory and has been widely used in
the fields of ecology and social economics [64,65]. It has unique advantages in predicting
and analyzing objects and process systems with small amounts of data, no obvious change
law of data, has an unclear structural relationship, and has an operation mechanism. The
prediction calculation process is simple and accurate. Considering that the change in ES
has fuzzy and uncertain characteristics [43], and predicting its change is a typical gray
evaluation process, GM (1,1) is selected to predict the ES level of border areas in 2025 and
2030. The calculation process is as follows:

(1) Preprocess the data. The original sequence Yi
(0) of all data from 2004 to 2019 is set

as follows:
Yi

(0) =
[
Yi

(0)(1), Yi
(0)(2), · · · , Yi

(0)(16)
]

(12)

Use Equation (13) to obtain a new sequence Yi
(1)(k):

Yi
(1)(k) =

k

∑
i=1

Yi
(0) = Yi

(1)(k− 1) + Yi
(0)(k) (13)

Yi
(1) =

[
Yi

(1)(1), Yi
(1)(2), · · · , Yi

(1)(16)
]

(14)
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(2) Set up the gray differential equation:

Yi
(1)(k + 1) =

[
Yi

(0) − b
a

]
e−ak +

b
a

(15)

where the values of parameters a and b are calculated by the least squares method [66].
(3) Predict the data. Based on Equation (16), the ES level of border areas in 2025 and

2030 is predicted as follows:

∧
Yi

(0)(k + 1) =
∧
Yi

(1)(k + 1)−
∧
Yi

(1)
(k) (16)

(4) Test the accuracy of the prediction data. After the fitting value
∧
Yi

(0) of ES is
obtained using Equation (16), the correctness of the model needs to be tested according to

the original Yi
(0) and fitting

∧
Yi

(0) sequences. The mean absolute percent error (MAPE) is
usually used to test the accuracy of the model:

MAPE =
1
n

n

∑
k=1

∣∣∣∣∣∣∣
Yi

(0)(k)−
∧
Yi

(0)
(k)

Yi
(0)(k)

∣∣∣∣∣∣∣
(17)

We referred to the studies of Wang et al. [66] and Wang and Li [67]; when the MAPE is
less than 10%, the forecasting is highly accurate. After calculation, the MAPE of all the data
that were predicted in this paper was less than 10% (Table 4), which meets the requirement
needed to verify prediction accuracy.

Table 4. Mean absolute percent error (MAPE) for each county, which was used to test the accuracy of
the model; a MAPE > 10% indicates that the predicted results are highly accurate.

County Mape County Mape County Mape

Cangyuan 3.47% Lancang 0.52% Mengla 2.26%
Fugong 1.51% Longling 4.47% Menglian 1.91%
Funing 0.80% Longchuan 1.41% Ruili 4.25%

Gengma 3.28% Lushui 2.03% Tengchong 2.23%
Gongshan 1.43% Lvchun 2.81% Ximeng 1.59%

Hekou 5.93% Malipo 1.69% Yingjiang 0.80%
Jiangcheng 0.74% Maguan 3.14% Zhenkang 2.98%

Jinping 1.87% Mangshi 1.45%
Jinghong 2.71% Menghai 1.46%

4. Results
4.1. Temporal Changes in ES

Based on an entropy weight TOPSIS model, we calculated the ES of each border
county. From 2004 to 2019, the ES of all border counties showed a positive upward trend
(Figure 3). Tengchong, Jinghong, and Ruili ranked among the top three counties in terms
of the increase in ES. Among them, the ES of Tengchong increased from 0.4124 in 2004 to
0.6417 in 2019, an increase of 0.2294. The ES of Jinghong increased from 0.4798 in 2004 to
0.6882 in 2019, an increase of 0.2084. The ES of Ruili increased from 0.1994 in 2004 to 0.3537
in 2019, an increase of 0.1544.
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Figure 3. Evaluation scores for temporal changes in ecological security and subsystems (economic,
social, environmental, landscape pattern, and ecosystem service value (ESV)) in 25 border counties of
Yunnan Province, China.

We also analyzed the time trend in five subsystems, namely, the economic, social,
environmental, landscape pattern, and the ecosystem service value subsystems (Figure 3).
All border counties generally showed an upward trend for their economic and social
subsystems, with the economic subsystem of Tengchong rising the most, from 0.1186
in 2004 to 0.6871 in 2019, an increase of 0.5685. The social subsystem of Mangshi rose
the most, from 0.3296 in 2004 to 0.7634 in 2019, an increase of 0.4338. The counties of
Cangyuan, Fugong, Funing, Gengma, Jinping, Jinghong, Longchuan, Lvchun, Malipo,
Menghai, Mengla, Menglian, and Yingjiang showed a fluctuating upward trend in their
environmental subsystems, while the level of the environmental subsystems of other
counties generally decreased. Jinping experienced the largest increase in terms of landscape
pattern subsystem, from 0.3966 in 2004 to 0.5095 in 2019, an increase of 0.1128. the ESV
subsystem of all border counties changed little during the study period.

4.2. Spatial Changes in ES

Our results show the spatial changes in ES in border areas in 2004, 2009, 2014, and
2019 (Figure 4). In 2004, the ES level of all border counties was lower than the good level,
among which Lincang, Jinghong, and Mengla had the highest ES level and were classified
as being in a sensitive state. In 2009, the level of ES in Mangshi changed from critical to the
unstable state. In 2014, the level of ES in Jinghong first reached the good state. Tengchong
changed from the unstable to the sensitive state, while Longling, Zhenkang, and Lvchun
changed from the critical to the unstable state. In 2019, the number of border counties in
the critical state had decreased, with only Ximeng, Menglian, and Malipo in the critical
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state, showing that the ES level in the southwestern part of the study area was higher than
that in the west and east.

Land 2022, 11, 892 12 of 21 
 

the critical state, showing that the ES level in the southwestern part of the study area was 
higher than that in the west and east. 

 
Figure 4. Spatial change in ecological security in 25 border counties in Yunnan Province, China for: 
(a) 2004; (b) 2009; (c) 2014; and (d) 2019. Note: Maps were created by authors using ArcGIS 10.7. 

Based on the evaluation of ES in 2004, 2009, 2014, and 2019, the Geostatistical Analyst 
tool in ArcGIS 10.7 was applied to visualize the spatial representation of ES conditions. A 
spatial change trend map of the ES was obtained thereby (Figure 5). The X and Y axes 
indicate the east and north directions, respectively, while the Z-axis indicates the size of 
the ecological safety assessment value. The green and blue lines in Figure 5 represent the 
fitting curve of ES in the east–west and north–south directions [68]. In the east–west di-
rection, the trend lines of the four years analyzed here remained stable, and all showed an 
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part. In the north–south direction, the trend line changed from a “U-shaped” distribution 
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part has always remained lower than that of the southern part. These results are consistent 
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Figure 4. Spatial change in ecological security in 25 border counties in Yunnan Province, China for:
(a) 2004; (b) 2009; (c) 2014; and (d) 2019. Note: Maps were created by authors using ArcGIS 10.7.

Based on the evaluation of ES in 2004, 2009, 2014, and 2019, the Geostatistical Analyst
tool in ArcGIS 10.7 was applied to visualize the spatial representation of ES conditions.
A spatial change trend map of the ES was obtained thereby (Figure 5). The X and Y axes
indicate the east and north directions, respectively, while the Z-axis indicates the size of the
ecological safety assessment value. The green and blue lines in Figure 5 represent the fitting
curve of ES in the east–west and north–south directions [68]. In the east–west direction, the
trend lines of the four years analyzed here remained stable, and all showed an “inverted
U-shaped” distribution (Figure 5), characterized by the central part being higher than the
western and eastern parts, while the western part was higher than the eastern part. In the
north–south direction, the trend line changed from a “U-shaped” distribution to a “straight
line,” characterized by higher values in the southern and northern parts than in the central
part, while the gap has become significantly narrow; the ES of the northern part has always
remained lower than that of the southern part. These results are consistent with the spatial
distribution pattern of high in the southwest and low in the east and west.
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4.3. Diagnosis of Obstacle Factors for ES
4.3.1. Analysis of Obstacle Factors at the Index Level

Based on the degree of obstacle model, the factors creating obstacles that affect ES
in the studied border areas were determined (Figure 6; however, only the factors in 2004
and 2019 are listed). By analyzing the degree of obstacles for each factor [69], the five top
obstacle factors were found to be the following: fixed asset investment (X5), per capita
fiscal revenue (X6), per capita GDP (X2), food production (X27), and water regulation (X33).
In 2004, the average obstacle degree of X5, X6, X2, X27, and X33 was 14.11%, 8.86%, 7.90%,
4.74%, and 4.21%, respectively. In 2019, the average obstacle degree of X5, X6, X2, X27, and
X33 was 11.10%, 7.07%, 6.31%, 5.42%, and 4.73%, respectively.

4.3.2. Analysis of Obstacle Factors at the Element Level

Based on the calculations of the obstacle degree of each indicator, the obstacle degree
of factors at the element level was also obtained (Figure 7). The obstacle degrees at
the element level in border areas varied between 2004 and 2019. In 2004, the economic
subsystem was the main obstacle to improving the ES in Jinghong, Lancang, and Mengla,
while the ESV subsystem was the main obstacle to improving the ES in the other 22 border
counties. In 2019, the obstacle degree of the economic subsystem increased in Langcang,
while the obstacle degree of the economic subsystem of all the other 24 border counties
decreased. The obstacle degrees of social, environmental, and landscape pattern subsystems
changed little.

4.4. Prediction of Changes in ES for the Period 2025–2030

According to the respective ES level of each border county from 2004 to 2019, predicted
values for ES in 2025 and 2030 were obtained (Figure 8). The ES of border areas is predicted
to maintain an upward trend. In 2025, Jinghong would first reach a secure state; Lancang,
Mengla, and Tengchong would reach a good state; and Menghai, Ruili, Gengma and
Funing would reach a sensitive state. Ximeng would maintain a critical state, and the
other 16 counties would be in an unstable state. In 2030, Jinghong and Tengchong would
reach a secure state; Lancang, Mengla, and Ruili would reach a good state; and Funing,
Gengma, Hekou, Longling, Menghai, Yingjiang, and Zhenkang would reach a sensitive
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state. Cangyuan, Fugong, and another 10 counties would be in an unstable state. However,
Ximeng would remain in a critical state.

Land 2022, 11, 892 14 of 21 
 

 
Figure 6. The obstacle degree of each indicator of ecological security in 25 border counties in Yunnan 
Province, China in: (a) 2004 and (b) 2019 (%). 

 

Figure 6. The obstacle degree of each indicator of ecological security in 25 border counties in Yunnan
Province, China in: (a) 2004 and (b) 2019 (%).

Land 2022, 11, 892 14 of 21 
 

 
Figure 6. The obstacle degree of each indicator of ecological security in 25 border counties in Yunnan 
Province, China in: (a) 2004 and (b) 2019 (%). 

 
Figure 7. The obstacle degree of each element of ecological security in 25 border counties in Yunnan
Province, China for economic, social, environmental, landscape pattern, ecosystem service value
(ESV). Note: 04 and 19 indicate the years of 2004 and 2019, respectively.

36



Land 2022, 11, 892

Land 2022, 11, 892 15 of 21 
 

Figure 7. The obstacle degree of each element of ecological security in 25 border counties in Yunnan 
Province, China for economic, social, environmental, landscape pattern, ecosystem service value 
(ESV). Note: 04 and 19 indicate the years of 2004 and 2019, respectively. 

4.4. Prediction of Changes in ES for the Period 2025–2030 
According to the respective ES level of each border county from 2004 to 2019, pre-

dicted values for ES in 2025 and 2030 were obtained (Figure 8). The ES of border areas is 
predicted to maintain an upward trend. In 2025, Jinghong would first reach a secure state; 
Lancang, Mengla, and Tengchong would reach a good state; and Menghai, Ruili, Gengma 
and Funing would reach a sensitive state. Ximeng would maintain a critical state, and the 
other 16 counties would be in an unstable state. In 2030, Jinghong and Tengchong would 
reach a secure state; Lancang, Mengla, and Ruili would reach a good state; and Funing, 
Gengma, Hekou, Longling, Menghai, Yingjiang, and Zhenkang would reach a sensitive 
state. Cangyuan, Fugong, and another 10 counties would be in an unstable state. How-
ever, Ximeng would remain in a critical state. 

 
Figure 8. Prediction of the ecological security in 25 border counties of Yunnan Province, China in 
2025 and 2030. 

5. Discussion 
5.1. Discussion of Change in ES 

The main objective of this study was to analyze the ES of 25 counties with interna-
tional borders in Yunnan Province, China. First, we selected these 25 counties as the case 
study area and constructed an index system to evaluate the ES from the five subsystems 
of economy, society, environment, landscape pattern, and ESV. We found that human and 
natural systems interact to affect the ES, which is consistent with previous studies [30]. 
Efforts related to ecological protection need to be coordinated with social and economic 
development, which can provide more comprehensive guidance for land management by 
environmental decision makers [70,71]. Second, we found that the ES of border areas 
showed a spatial distribution pattern of high in the southwest and low in the west and 
east. Jinghong had the highest level of ES, because Jinghong has adhered to the imple-
mentation of a project designed to return rubber plantation land to forest and has delim-
ited an ecological red line, resulting in the ES of Jinghong ranking first among the border 
counties. Third, we found that from 2004 to 2019, the ES of border areas showed an overall 
upward trend, indicating that remarkable achievements have been made in ecological 
protection in Yunnan Province. However, on the premise of maintaining the existing de-
velopment mode, we predicted the ES status of border areas in 2025 and 2030. We found 
that only one county will reach the classification of secure status in 2025 and two counties 

Figure 8. Prediction of the ecological security in 25 border counties of Yunnan Province, China in
2025 and 2030.

5. Discussion
5.1. Discussion of Change in ES

The main objective of this study was to analyze the ES of 25 counties with international
borders in Yunnan Province, China. First, we selected these 25 counties as the case study
area and constructed an index system to evaluate the ES from the five subsystems of
economy, society, environment, landscape pattern, and ESV. We found that human and
natural systems interact to affect the ES, which is consistent with previous studies [30].
Efforts related to ecological protection need to be coordinated with social and economic
development, which can provide more comprehensive guidance for land management
by environmental decision makers [70,71]. Second, we found that the ES of border areas
showed a spatial distribution pattern of high in the southwest and low in the west and east.
Jinghong had the highest level of ES, because Jinghong has adhered to the implementation
of a project designed to return rubber plantation land to forest and has delimited an
ecological red line, resulting in the ES of Jinghong ranking first among the border counties.
Third, we found that from 2004 to 2019, the ES of border areas showed an overall upward
trend, indicating that remarkable achievements have been made in ecological protection
in Yunnan Province. However, on the premise of maintaining the existing development
mode, we predicted the ES status of border areas in 2025 and 2030. We found that only one
county will reach the classification of secure status in 2025 and two counties will reach the
secure status in 2030, which is still a certain distance from the goal of establishing an ES
barrier. Therefore, local governments should continue to pay more attention to the ES in
border areas and formulate environmental policies according to the natural endowment
and economic development of border areas.

5.2. Discussion on Obstacle Factors

In China, significant differences in socio-economic development and natural con-
ditions among regions have caused the factors influencing ES in different regions to
vary [12,17,22,26,72–75] (Figure 9). For the border areas in Yunnan Province, we found
that the fixed asset investment, per capita fiscal revenue, per capital GDP, and food produc-
tion are the main factors creating obstacles to improving the level of ES, which is consistent
with previous research results [73]. Fixed asset investment plays a major role in promoting
both the economy and the upgrading of industrial infrastructure, so as to reduce the pres-
sure of industrial development on the environment. The higher the per-capita GDP and
fiscal revenue, the more capable people are of protecting the environment. In addition, the
border areas are located in the upstream regions of the Nujiang, Lancang, and other rivers.
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This region serves as an important area for supplying and regulating water resources in
Asia [10]. Therefore, the capacity to regulate water availability significantly affects the ES in
border areas. In short, economic development and the provision of water-related ecosystem
services are the main factors creating obstacles that affect the ES in border areas.

Land 2022, 11, 892 16 of 21 
 

will reach the secure status in 2030, which is still a certain distance from the goal of estab-
lishing an ES barrier. Therefore, local governments should continue to pay more attention 
to the ES in border areas and formulate environmental policies according to the natural 
endowment and economic development of border areas. 

5.2. Discussion on Obstacle Factors 
In China, significant differences in socio-economic development and natural condi-

tions among regions have caused the factors influencing ES in different regions to vary 
[12,17,22,26,72–75] (Figure 9). For the border areas in Yunnan Province, we found that the 
fixed asset investment, per capita fiscal revenue, per capital GDP, and food production 
are the main factors creating obstacles to improving the level of ES, which is consistent 
with previous research results [73]. Fixed asset investment plays a major role in promoting 
both the economy and the upgrading of industrial infrastructure, so as to reduce the pres-
sure of industrial development on the environment. The higher the per-capita GDP and 
fiscal revenue, the more capable people are of protecting the environment. In addition, 
the border areas are located in the upstream regions of the Nujiang, Lancang, and other 
rivers. This region serves as an important area for supplying and regulating water re-
sources in Asia [10]. Therefore, the capacity to regulate water availability significantly af-
fects the ES in border areas. In short, economic development and the provision of water-
related ecosystem services are the main factors creating obstacles that affect the ES in bor-
der areas. 

 
Figure 9. Spatial distribution of influencing factors of ecological security in China. Eight regions are 
labeled as follows: (I) Border areas in Yunnan Province, (II) Yunnan Province [73], (III) Qinghai 
Province [22], (IV) the Pearl River Delta Urban agglomeration [12], (V) the Chaohu Lake Basin [17], 
(VI) the East-Liao River basin [26], (VII) Gansu Province [74], (VIII) the Beijing–Tianjin–Hebei Re-
gion [72]. Note: Map was created by authors using ArcGIS 10.7 based on the digital elevation model 
(DEM) data from the Resources and Environment Data Center of the Chinese Academy of Sciences 
(https://www.resdc.cn/, accessed on 4 January 2022). 

  

Figure 9. Spatial distribution of influencing factors of ecological security in China. Eight regions
are labeled as follows: (I) Border areas in Yunnan Province, (II) Yunnan Province [73], (III) Qinghai
Province [22], (IV) the Pearl River Delta Urban agglomeration [12], (V) the Chaohu Lake Basin [17],
(VI) the East-Liao River basin [26], (VII) Gansu Province [74], (VIII) the Beijing–Tianjin–Hebei Re-
gion [72]. Note: Map was created by authors using ArcGIS 10.7 based on the digital elevation model
(DEM) data from the Resources and Environment Data Center of the Chinese Academy of Sciences
(https://www.resdc.cn/, accessed on 4 January 2022).

5.3. Limitations and Implications

This study has several limitations and can be improved in future research. First,
biodiversity is an important embodiment of ES, especially in border areas of Yunnan
Province, a global biodiversity hotspot. However, biodiversity data are difficult to obtain
at the county scale. In the future work, the indicators for measuring biodiversity need
to be further considered. Second, when predicting the ES of border areas, this study
only considered the state that the border areas are predicted to reach in 2025 and 2030
under the situation of maintaining the existing development mode, but did not consider
multiple scenarios, such as models of existing development and priorities in economic and
environmental development, to simulate the future ES of border areas. Future research
should make up for these shortcomings.

In the process of national development, as the border areas were far away from the
political and economic center of the country in the past, previous studies often ignored the
border areas [76]. With the acceleration in globalization, the border areas have changed
from the original inferior states to the area with increasingly close international cooperation.
The border areas of Yunnan Province, China, border on Myanmar, Laos, and Vietnam, and
belong to the upstream area of many international rivers [35]. The situation in this area is
relatively complicated. Selecting this area as the research case can provide reference for
researchers to study the ES of border areas. This study finds that the Chinese government
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has effectively improved the level of ES in the border areas by implementing a series of
environmental protection policies [77]. Therefore, other countries can also achieve the
purpose of protecting the ecosystem by continuously increasing their attention to the ES in
the border areas. However, the national boundaries divided by administrative units are
not necessarily the boundaries of natural ecosystems. Carrying out mutual cooperation
among countries is also an important way to improve the ES of border areas. In terms of
specific implementation, first, it is essential to pay attention to the ecological restoration
and protection measures in the most valuable areas [78]. By distinguishing the differences
in the level of ES in different regions of the study area, it helps the local government to
choose the priority of policy implementation. Second, when implementing environmental
protection policies, the local government should identify the obstacle factors affecting
the ES in advance, so as to implement environmental policies pertinently. Third, as an
important basis for a comprehensive national security system, the amount of research on the
ES of border areas needs to be increased, so as to provide reference for local environmental
decision making.

6. Conclusions

Improving the ES of border areas is of great significance to local sustainable develop-
ment [10]. However, few studies have addressed the status of ES in border areas, especially
on the county scale [79]. Therefore, 25 border counties in Yunnan Province were selected as
the study case. We used an entropy weight TOPSIS model to evaluate the ES conditions
of border areas from 2004 to 2019 and used trend surface analysis to evaluate the spatial
differentiation trends. Then, we diagnosed the factors creating obstacles that affect ES and
used a GM (1,1) model to predict the state of ES in both 2025 and 2030. The results show
the following patterns:

(1) From 2004 to 2019, the level of ES in all border counties showed a positive upward
trend. Tengchong, Jinghong, and Ruili counties ranked among the top three in terms of
the improved ES, with increases of 0.2294, 0.2084, and 0.1544, respectively. In terms of
five subsystems (economy, society, environment, landscape pattern, and ecosystem service
value), the 25 counties had obvious differences. The levels of the economic and social
subsystems showed an overall upward trend; the levels of environmental and landscape
pattern subsystems fluctuated continuously; and the overall change in the ESV subsystem
was small.

(2) The ES of border areas presented a spatial distribution pattern of high in the
southwest and low in the west and east. The level of ES in Lancang was the highest in
2004 and 2009 and that of Jinghong was the highest in 2014 and 2019. The trend of spatial
change in ES in border areas generally presented the characteristics of remaining stable in
the east–west direction and changing in the north–south direction.

(3) In terms of index level, fixed asset investment, fiscal revenue, per-capita GDP, food
production, and water regulation are the top five obstacles to improving the ES in border
areas. In terms of element level, the economic subsystem is the main factor creating an
obstacle to improving the ES in Jinghong, Lancang, and Mengla, while the ESV subsystem
is the main factor affecting improvement in the ES in the other 22 counties.

(4) The gray prediction model GM (1,1) can effectively predict the future situation of
border areas in both 2025 and 2030. The level of ES in border areas is predicted to maintain
an upward trend. In 2025, the ES in Jinghong will reach 0.84 and will be in a secure state. By
2030, the number of border counties with a secure state of ES will increase to two, namely
Jinghong and Tengchong. Their ES level will reach 0.98 and 0.86, respectively.

Our research provides reliable information on the ES of 25 border counties in Yunnan
and puts forward targeted policy suggestions based on the research results, which will be
necessary if China desires to implement sustainable development planning and manage-
ment at the smallest administrative scale. In addition, this study can provide a reference
for other countries to improve the level of ES in border areas.
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Abstract: The black soil region in Northeast China is one of the major grain-producing areas of China.
Soil erosion in the black soil region caused by natural factors and anthropic activities has attracted
much attention, especially in a rolling hilly region. Compared with natural factors, the land use factor
of cropland encompasses the most easily optimized measures. Jiutai County of Changchun City,
located in the hilly areas of Northeast China, was taken as an example to calculate the soil erosion
modulus using the Revised Universal Soil Loss Equation model. The overall soil erosion status
of cultivated land in the study area was mainly slight and light, the proportion of cultivated land
affected by extremely intensive and severe erosion was relatively small, and the average soil erosion
modulus was 7.09 t·hm−2·a−1 in 2019. In view of spatial distribution characteristics of soil erosion
revealed by the spatial aggregation and hot spot analysis, the most serious soil erosion intensity
was concentrated in the southeast and northeast sloping farmland over 8◦. With the increase in
elevation and topographic slope, the proportion of slight and light soil erosion gradually decreased,
which was closely related to the increase in soil erodibility caused by the space–time migration of soil
organic carbon caused by the interaction of hydraulic and tillage erosion in complex topographic
areas. The Geographically Weighted Regression model was introduced to explore the driving factors
and superposition mechanism of farmland soil erosion in the hilly region of Northeast China. Based
on the relationship between soil erosion and landscape fragmentation, landscape fragmentation was
an important driving force promoting soil erosion, sediment yield, and sediment transport. This
paper is committed to providing a basis for accurately deploying regional soil and water conservation
measures and formulating macro land management policies.

Keywords: agricultural land; land use; soil erosion; RUSLE; hilly region

1. Introduction

Soil erosion has become a major factor driving soil degradation processes [1], affecting
soil and nutrient loss at original sites and accumulation at deposition sites [2,3]. Soil erosion
results in nutrient loss through the denudation of surface soil and soil organic matter, which
not only leads to land degradation and fertility loss but also influences the corresponding
biogeochemical cycles (the siltation and eutrophication of water environment, enhancement
of flooding, and decrease or increase in CO2 emissions) [4]. For example, Hancock and
Wells using a flume experiment suggested that soil organic carbon (SOC) is enriched
in eroded sediment [5]. Soil erosion alters the biological process of SOC mineralization
resulting in the loss of C from the soil to the atmosphere [6]. The disturbance of soil
erosion in the terrestrial carbon cycle also restricts the buffering effect of the soil ecosystem
on climate change and further affects the global ecosystem security [7,8]. China is one
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of the countries with the worst soil erosion phenomenon in the world [9], according to
the Ministry of Water Resources, which issued the second national soil erosion remote
sensing survey results showing that the national soil erosion area reached 3.56 million km2.
Moreover, the problem of soil erosion in the black soil area of Northeast China has attracted
extensive attention [10,11].

Soil erosion is derived from the joint effect of natural and human influencing fac-
tors [12]. Land use is the most important predictor of soil erosion susceptibility, which
can slow down or speed up soil erosion, depending on the specific situation [13]. Irra-
tional land use is one of the substantial factors that accelerate regional soil erosion [14].
Understanding the impact of land use changes on soil erosion is crucial for exploring
the mechanism of regional erosion and identifying the driving forces of anthropogenic
controllable erosion [15–17]. Most studies regarding the response of soil erosion to land
use change focus on the estimation of soil erosion of different land use types [18,19], but an
exploration of the response of land use intensity and landscape fragmentation to soil ero-
sion is lacking. Therefore, building on the spatial characterization of soil erosion patterns
and the identification of erosion hotspots, the impacts of land use intensity and farmland
landscape fragmentation on the spatial differentiation characteristics of arable land soil
erosion were identified, and scientific land management methods were adopted to control
regional soil erosion and improve soil quality, which is conducive to the sustainable use of
land resources and achieving regional sustainable development.

The inherently fertile black soils (Mollisols) account for nearly 6.9% of the Earth’s land
area. Tremendous black soils all over the world are suffering soil erosion and soil degra-
dation due to unreasonable management and prolonged agricultural production [20,21].
However, black soil is also an abundant organic carbon (OC) pool; thus, any loss of black
SOC due to global climate change is likely to produce considerable feedback [22]. The black
soil region of Northeast China is crucial for grain production in China but has been threat-
ened by intensive and extensive soil erosion due to long-term intense cultivation activity
after the transformation from forest to cropland. Therefore, this paper selected the Jiutai
District of Changchun City, which is located in the rolling hilly region of Northeast China.
In the past few decades, although it is an important commodity grain production base in
China, it has experienced severe degradation in physical [23], chemical [24], and biological
properties [25], which provides a platform for examining the separated effects and influence
mechanism of land use change on soil erosion, and is vital for the subsequent sustainable,
optimal management of black soils in Northeast China.

In this paper, Jiutai County of Changchun City, located in the black soil region of
Northeast China, was taken as an example area to carry out the soil erosion modulus using
the Revised Universal Soil Loss Equation (RUSLE) and then to recognize the erosion hot
spots. The Geographical Weighted Regression (GWR) model was introduced to discuss
the key driving factors and superposition mechanism of farmland soil erosion in the hilly
region of Northeast China and to analyze the control mechanism of land use intensity
and landscape fragmentation index on farmland soil erosion. This paper is committed to
providing a basis for accurately deploying regional soil and water conservation measures
and formulating macro land management policies.

2. Materials and Methods
2.1. Study Area, Soil Sampling and Analysis

Jiutai County of Changchun City is located in typical low mountain and hilly ter-
rain, roughly between 43◦50′ N–44◦ 31′ N latitude and 125◦24′ E–126◦29′ E longitude.
The coverage area of Jiutai County has reached about 3 km2 and belongs to the monsoon
climate zone. The soil in the study site is classified as Mollisols with a texture of clay loam
(USDA, Taxonomy).

As the SOC data used in the calculation of the soil erodibility factor in the RUSLE
model used in this paper were obtained through remote sensing inversion, to ensure
accuracy, the collection range of soil samples was expanded (Figure 1). A total of 240 soil
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plots were collected by a shovel with depths of 0–30 cm. At each sampling plot within a
radius of 2 m, five sites, four sampling points at the corners, and one sampling point at the
center of the sampling plot, were selected. The soil samples within the five sampling sites
were mixed and placed in a sealed plastic bag to indicate the soil properties of each plot
while the spatial coordinates of the plot center were recorded in GPS (Garmin Etrex32X,
Bern, Switzerland).
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Figure 1. Distribution map of sampling points.

The collected soil samples were dried continuously in an oven at 60 ◦C for 72 h until
constant weight and ground through a 2 mm sieve. The next steps were removing the
plant roots and other substances from the sample and further grinding it through a 100 µm
screen to determine the SOC content. The determination method of the total carbon content
of the soil samples was the dry firing method using a VarioMax CN analyzer (Elementar
GmbH, Berlin, Germany). For the soil samples with evident reactions under the treatment
of 10% HCl solution, the inorganic carbon content was determined by the pressure calcium
meter method. Finally, the SOC content was obtained by subtracting the inorganic carbon
content from the total carbon content.

2.2. Data Sources

The Sentinel-2 (S2) remote sensing image data used in this paper were from the
European Space Agency and the United States Geological Survey website during 2018–2020.
L1C multispectral image data with good quality and less than 10% cloud cover were selected
and the Sen2Cor plug-in (ESA released to produce L2A data) was used for atmospheric
correction to determine the range of bare cultivated land and SOC inversion. A seamless
mosaic tool was employed to merge the multispectral images through Environment for
Visualizing Images software. The NDVI is utilized in numerous studies due to its simple
estimation, easy availability, and cancellation of noise that is caused due to solar angle,
topographic illumination, and clouds [26–28]. In this paper, the normalized difference
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vegetation index (NDVI) was computed by the S2 remote sensing image dataset established
above to represent the vegetation cover condition.

NDVI = (Band8 − Band4)/(Band8 + Band4) (1)

The time node representing 2019 was selected to calculate the erosion triggering factors
and amounts of soil erosion. The rainfall from 1986 to 2015 was provided by WorldClim
with a spatial resolution of 5 km. Soil texture data were obtained from the 250 m × 250 m
rasterized SoilGrids dataset with soil depths of 0–30 cm. The soil data at depths of 0–30 cm
were estimated via the weighted depth average method. To determine the terrain factor
in the RUSLE model, ALOS DEM data, which have a spatial resolution of 30 m and are
derived from NASA EARTHDATA, were selected. On this basis, topographic raster data
such as slope gradient, slope length, and slope aspect in the study area were obtained by
QGIS 3.10 software.

Based on the first national detailed land survey in 1996 and the unified land survey
database in 2019, the land use maps were visually interpreted by using the images from
the United States Geological Survey. The accuracy of land use classification was above
90%, and the Kappa coefficient was approximately 0.85. The land use data of the above
two years provided the basis for social and economic data, such as the proportion of
residential area and road network density, and land use conditions, such as land use
intensity and land use landscape fragmentation in the GWR model. The land use intensity
mentioned above refers to the efficiency of land resource utilization. In this paper, land use
intensity was quantitatively described as four different grades according to land use types
(Table 1). Considering the possibility of multiple land use types distributed in the same
grid cell, multiple values of land use intensity are in the same grid cell. Therefore, the land
use intensity analysis model should be adopted to calculate the comprehensive land use
intensity index of the grid cell as follows:

Qj = 100×
(

n

∑
i=1

qi × pi

)
(2)

where Qj refers to the comprehensive index of land use intensity of the jth grid unit, n is
the number of land use intensity grading, qi refers to the Grade I land use intensity index in
the grid unit, and pi is the ratio of the Grade I land use intensity to the total area of the grid.

Table 1. Land use intensity assignment of different land use types.

Land Use Types Unused Land Forest, Grassland and Water Arable Land Construction Land

Land use intensity grading index 1 2 3 4

In this paper, “construction land” refers to the land used for building buildings, structures, land as a production
base, and living place.

Landscape fragmentation is an index of landscape fragmentation in the landscape
pattern index, which can reflect the complexity of landscape spatial structure and the
degree of human interference to the landscape to a certain extent. In this paper, patch
density, edge density, and aggregation index were calculated by Fragstats 4.2 software.
The comprehensive index of cultivated land landscape fragmentation degree was obtained
after the weight of three indices was calculated by the analytic hierarchy process.

2.3. RUSLE Model

RUSLE, which has been widely applied in multiple previous studies [29–31], is a
statistical relationship model for predicting the amount of soil erosion, which can correlate
the amount of soil erosion and its influencing factors (such as climate condition, soil
properties, topography conditions, vegetation cover, and human activities), and can be
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flexibly modified in terms of the local conditions of influencing factors [32]. Five factors are
used in the RUSLE model to estimate the annual average soil loss [33] as follows:

A = R × K × LS ×C × P (3)

where A indicates the annual average soil erosion modulus (t hm−2 a−1), R is the rainfall
erosivity factor (MJ mm hm−2 h−1 a−1) linked to the amount of rainfall, and K is the soil
erodibility factor (t hm2 h hm−2 MJ−1 mm−1), which is closely related to soil properties.
L and S are the slope length and the slope gradient factor, respectively, C is the vegetation
cover management factor, and P is the erosion control practice factor. Many researchers in
the Northeast Black Soil Region have established local applicable methods for calculating
the factors of the RUSLE model [34,35].

2.3.1. Rainfall Erosivity Factor (R)

R characterizes the source power of the rain to create erosion. R was calculated
using the method of Zhang and Fu (2003) [36], which is defined using daily rainfall data
as follows:

R = εXα (4)

where R indicates the mean rainfall erosivity factor (MJ mm hm–2 h–1 a–1); X indicates the
average annual rainfall (mm); ε and α are model parameters, ε = 0.0668, α = 1.6266; and the
determination coefficient is 0.828.

2.3.2. Soil Erodibility Factor (K)

K represents the soil vulnerability to erosion, which indicates the soil sensitivity to
denudation separated under raindrop splash, fluctuation, and transportation by runoff.
K is sensitive to the texture, structure, OC, hydraulic properties, and wettability of the soil.
Many methods for calculating K are available, but the most generally used is the EPIC
model based on the soil texture and SOC data [37–39]:

K =

{
0.2 + 0.3exp

[
−0.0256SAN

1− SIL
100

]}
×
(

SIL
CLA + SIL

)0.3

×
(

1− 0.25C
C + exp(3.72− 2.95C

)
×
(

1− 0.7Sn1

Sn1 + exp(−5.51 + 22.9Sn1

)
(5)

where SAN, SIL, and CLA indicate the sand (0.05–2.0 mm), silt (0.002–0.05 mm), and clay
(<0.002 mm) contents (%), respectively, and C is the SOC content (%), Sn1 = 1− SAN/100.
By multiplying by the coefficient 0.1317, K can be expressed as an SI metric (t hm2 h hm−2

MJ−1 mm−1).
SOC data: S2 remote sensing image data during 2018–2020 were used to construct

the bare cropland SOC inversion model. Ten bands covering visible bands (Band2, Band3,
and Band4), red-side bands (Band5, Band6, and Band7), near-infrared bands (Band8,
Band8A), and shortwave infrared bands (Band11, Band12) were used as an explanatory
variable for SOC prediction. The SOC data were the dependent variable in spectral mod-
eling. Coordinate information was used to link soil SOC data from sampling sites with
remote sensing spectral information. Model calibration and validation were carried out
in R 4.0.3. To evaluate the uncertainty of SOC prediction, different datasets were used
for model calibration and cross-validation in 100 repeated simulations. The coefficient of
determination (R2) and root mean square error (RMSE) of the measured and predicted
values were used to evaluate the performance of the model.

2.3.3. Slope Length and Steepness Factor (LS)

LS is an acceleration factor that reflects the effects of slope length and slope gradient
on soil erosion. The estimation method proposed by McCool (1989) [40] and Liu et al.,
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1994 [41] was comprehensively adopted and applied in the black soil area of Northeast
China. The calculation formula is as follows:

S =





10.8sinθ + 0.03, θ < 5◦

16.8sinθ − 0.5, 5◦ ≤ θ ≤ 10◦

21.9sinθ − 0.96, θ > 10◦
(6)

where θ denotes the slope angle (◦).

L =

(
λ

22.13

)m
(7)

m =





0.2, θ ≤ 0.5◦

0.3, 0.5◦ < θ ≤ 1.5◦

0.4, 1.5◦ < θ ≤ 2.5◦

0.5, θ > 2.5◦
(8)

where m and λ are the slope length index and the slope length (m), respectively. Among
them, 22.13 is the slope length of the standard plot. The LS factors were calculated by the
DEM data, and the specific calculation process was achieved by using ArcGIS 10.3 software.

2.3.4. Cover and Management Factor (C)

C represents the erosion control ability of different surface cover types [42]. In the
RUSLE model, C is calculated from various subfactors, namely, prior land use, canopy
cover, surface cover, surface roughness, and soil moisture [43]. In this paper, the following
calculation method was selected for estimating C factor using vegetation cover value [44]:

V =
NDVI − NDVImin

NDVImax + NDVImin
(9)





C = 1, 0 ≤ V ≤ 0.001
C = 0.6508− 0.34361 log V, 0.001 < V ≤ 0.783

C = 0, V > 0.783
(10)

where V is the vegetation cover, calculated by retrieval NDVIs derived from the S2 images;
NDVImax is the maximum value (NDVI value of pure vegetation pixel), and NDVImin is
the minimum value (NDVI value of pure bare soil pixel).

2.3.5. Support Practice Factor (P)

P represents an inhibiting factor that reflects the effects of support practices (such as
terracing and contour tillage) on soil erosion [45]. Based on previous research results and
the actual situation of the research area, the p value of the whole research area was set to
1 in this paper.

2.4. GWR Model

First, before regression weighted analysis, the need for soil erosion risk research and
land use factor analysis were considered, and spatial grid units were taken as the basic unit
of the study to achieve the purpose of information space statistics. Now, the whole research
area was divided into 3 km × 3 km grid cells, and each grid cell was assigned a unique
identifier, totaling 445 spatial grid cells.

GWR analysis was first presented by Brunsdon [46] and has been widely used by
society and natural scientists [47–49]. The GWR model has been mostly applied in urban
planning [47,50], environmental science studies [49], geological and geographical remote
sensing [51], agricultural sciences [52], and geosciences in some cases [53].
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GWR offers better spatial variation as a local function among dependent and indepen-
dent variables compared with OLSR as a general trend in the entire study area. The general
GWR is defined by the following equation [46]:

Zi = α0(xi, yi) +
p

∑
k=1

αk(xi, yi)wik + εi i = 1, 2, . . . , n (11)

In this paper, Zi is the explained variable and represents the soil erosion risk index
of the ith grid unit. The coordinate of the target region i is (xi, yi), which represents the
coordinate of the center point of the ith grid cell. α0(xi, yi) is the intercept term, K is the
explanatory variables value, and αk(xi, yi) is the first K regression parameter of the ith
sampling point and represents the regression parameter of the ith grid cell. wik is the
observed value of explanatory variable wk at position (xi, yi), εi is the random error of the
ith sampling point.

In the GWR model, the calculation of the spatial weight matrix is the core content,
which represents the spatial dependence of data. The calculation of the weight matrix is
closely related to the type and bandwidth of the kernel function. In this paper, Bi-Square
function, which has more computational advantage when facing regression analysis with a
high degree of data dispersion, was selected. The calculation formula is as follows:

Wij = e
(dij/b)2

2 (12)

Wij =

{(
1−

(
dij/b

)2
)2

0, dij > b
, dij ≤ b (13)

where b is the bandwidth, that is, the parameter for calculating the weight value based
on the spatial distance; dij is the actual spatial distance between observation point j and
sampling point i.

In terms of optimal bandwidth selection, this paper adopted the AIC criterion with
a higher optimization degree but a relatively complex calculation compared with the
cross-validation method. The calculation formula is as follows:

AICc(b) = 2n ln σ̂ + n ln 2π + n
(

n + tr(S)
n− 2− tr(S)

)
(14)

where n is the number of sample points; σ̂ is the maximum likelihood estimate of the
variance of the random error term, σ = RSS

n−tr(S) . The predicted amount of soil erosion in
2019 was used as the dependent variable with a spatial scale of 3 km × 3 km. The selection
of explanatory variables considered the three aspects of nature, social economy, and land
use that affect soil erosion. Finally, nine explanatory variables were selected to construct
the explanatory index system, namely, elevation (X1), slope (X2), precipitation (X3), SOC
content (X4), vegetation coverage (X5), change in the proportion of residential areas (X6),
change in road network density (X7), change in land use intensity (X8), and change in
landscape fragmentation degree of cropland (X9). X6–X9 indicators indicate the change
values, which refer to those change values from 1996 to 2019. The impact of land use
intensity and land use landscape fragmentation on the spatial distribution of soil erosion
was further studied from the perspective of land use.

In this paper, SPSS 22.0 software was used to conduct preliminary data tests on the
nine explanatory variables through the tolerance and variance inflation factor (VIF), and the
calculation formula is as follows:

VIF =
1

1− R2
i

(15)

where R2
i is the square value of the determination coefficient. The larger the VIF is,

the smaller the tolerance between explanatory variables.
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3. Results and Discussion
3.1. SOC Inversion Based on Multi-Temporal S2 Remote Sensing Image and Composite Soil Pixels
3.1.1. Determination of the Scope of Bare Cultivated Land

NDVImax and NDVImin composite data were established using S2 remote sensing
image series data. To determine the critical threshold of bare soil, the NDVI characteristics
of farmland, forest, and construction land were statistically calculated. According to
the 2019 land use type map, 2000 validation points were randomly selected from each
land use category, and the NDVI values of these sampling points were extracted from
the NDVI composite data. For the NDVImin combination, the NDVI value representing
farmland was between 0.10 and 0.24, which can be clearly distinguished from the forest
area. The NDVImax value of construction land was generally lower than that of farmland
and forest. Therefore, “NDVImax > 0.75” excluded the construction land area and the range
of bare soil was delimited by combining “NDVImax > 0.75” and “0.10 < NDVImin < 0.24”
(Figure 2).
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Figure 2. Spatial distribution of bare cultivated land in the study area. (a) map is the effect diagram
of bare cultivated land identification in part of (b) map.

To determine the optimal time window, the first step was to use the planting period of
the main crops in the study area determined in the FAO crop calendar. In the second step,
according to the investigation of 100 bare croplands in the study area, an NDVI threshold
of 0.10–0.24 was set and used to remove green vegetation pixels, which was consistent with
the study of Shi et al., 2020 [54]. The third step was that NDVI alone was not sufficient
to extract bare land pixels, and the Natural Burn Ratio 2 (NBR2) [55] threshold was used
to remove soil pixels contaminated by crop residues. The time evolution map of the
NDVI in 2019 was plotted with the 2000 cultivated land sampling points mentioned above.
Considering that although a similar NDVI distribution occurred in April and October,
corn straw remained in the field after the crop harvest in October, so determining the
NBR2 threshold was necessary to remove soil pixels further contaminated by crop residue.
By comparing the distribution of NBR2 values in the two periods, the NBR2 threshold
of 0.075 was used. Castaldi et al., 2019 showed that an NBR2 value of 0.075 was the
most appropriate threshold for building a good SOC prediction model [55]. In addition,
a study in northern Germany found that this threshold guaranteed a relatively high bare soil
coverage, indicating that the NBR2 = 0.075 threshold was suitable for various environments.
The above study proved that NBR2 = 0.075 was practical for removing noise pixels affected
by environmental pollution. In this paper, NDVI and NBR2 thresholds were combined to
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perform the extraction of bare cropland for each single-date data image in a predetermined
optimal time window. Then, the processed single-date images were filled into the range of
bare farmland, and the multitemporal bare soil composite data were obtained by averaging
the reflectance of bare soil repeatedly occurring in each pixel.

3.1.2. SOC Inversion

A scatter plot was made by a one-to-one correspondence of the “GGplot2” function
in R4.0.3 software, as shown in Figure 3. Figure 3c reveals the verification results of the
PLSR model based on bare soil composite data developed by the multitemporal S2 remote
sensing spectrum improved compared with the PLSR model based on single-date S2 re-
mote sensing data, and the SOC prediction model developed by multitemporal bare soil
composite data performed better. R2 = 0.53 (2018), 0.59 (2019), and 0.51 (2020) increased to
0.62 (multitemporal), and the RMSE remained almost unchanged. In this paper, the mathe-
matical relationship between spectral information and soil composition was used, but the
effects of agricultural activity factors on the modeling effect were ignored, which is also
an aspect where further research needs to be improved. Figure 3c,d reveal that compared
with the modeling training dataset, the accuracy test results obtained from the independent
validation dataset decreased, R2 decreased from 0.62 to 0.49, and RMSE increased from
0.17 to 0.23, possibly due to the decreased sample numbers and narrow range of SOC
content. Therefore, the prediction results were affected to a certain extent.

Figure 3. PLSR model validation results and spatial distribution of SOC based on multi-temporal
S2 remote sensing spectral data set. (a) Spatial distribution map of SOC; (b) Spatial distribution of
standard deviation of SOC; PLSR model validation results based on (c) modeling training data sets;
(d) independent validation data sets; (e) the complete data set.

A total of 80 soil samples (including 35 independent validation sampling points) were
collected in the study area. After evaluating the model performance using the complete
soil spectral dataset of 80 groups, Figure 3e shows that the prediction accuracy improved
with the increase in the number of sampling points (R2 increased from 0.49 to 0.61, RMSE
from 0.23 to 0.21). Compared with the best performance evaluation result (R2 = 0.32,
RMSE = 0.68) in Nascimento et al., 2021 [56] of digital SOC mapping based on remote
sensing images, the SOC prediction based on multitemporal S2 remote sensing images in
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this paper had a more accurate prediction accuracy. Furthermore, the practicability of SOC
prediction based on multitemporal remote sensing pixels was illustrated.

3.2. Spatial Mapping of Soil Erodibility Factor and Soil Erosion Risk

The soil texture was fine, and the calculated value of the soil erodibility factor was
small (0.0168–0.0203 t hm2 h hm−2 MJ−1 mm−1). Clearly, the southeastern region of the
study area had a higher SOC content and lower predicted results of soil erodibility factors
than the northwestern region.

The SOC spatial distribution data based on S2 high-resolution remote sensing images
can improve the spatial resolution of the soil erodibility factor map (Figure 4). Based on
the amplification effect of the spatial distribution of the K value (Figure 4), the K value
calculated by the SOC data inversion based on S2 can reflect the spatial heterogeneity
characteristics of the K value, which is important for refining the spatial difference char-
acteristics of soil erosion. Additionally, proper agricultural practices would maintain
sufficient SOC and aggregate structures to help control the development of soil erosion [57].
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Using the remote sensing inversion techniques, erosion factor calculation equation,
and RUSLE model, soil erosion and the interfering factors in the study area in 2019 were
assessed and mapped, which provided available information to serve as a primary reference
for soil and water conservation management. Based on the soil erosion classification
standard in the Technical Standard for Comprehensive Control of Soil and Water Loss in
Black Soil Area (SL446-2009) promulgated by the Ministry of Water Resources of China,
the soil erosion degree was divided into six grades (Table 2 and Figure 5). From the size
of the area eroded, the soil erosion of bare farmland in the study area was mainly slight
and light, which accounted for 31.99% and 51.25% of the total area of cultivated land,
respectively. Moderate erosion followed, accounting for 11.14% of the total area of bare
cultivated land. The proportion of cultivated land with extremely intense and severe
erosion was 2.83%. In terms of spatial distribution, the cropland with serious soil erosion
was mainly distributed in the sloping farmland with higher elevation and more gullies
(southeastern and northeastern hilly areas). In the flat area (central and western regions)
where the river flowed, the soil erosion of cultivated land was light, mainly with slight
erosion and light erosion. Soil erosion maps can be used as a basic document for rational
land planning to avoid potential water and soil losses effectively. The sloping grasslands in
the low mountain and hilly area had a high risk of soil and water loss, which required the
implementation of effective management and control measures.
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Table 2. Statistical results of different soil erosion intensities of cropland.

Soil Erosion
Intensity Grade

Soil Erosion Modulus/
t hm−2 a−1 Area/km2 Proportion of Total

Arable Land/%

1. Slight ≤2 697.44 31.99
2. Light 2–12 1117.43 51.25
3. Moderate 12–24 242.93 11.14
4. Intense 24–36 60.70 2.78
5. Extremely Intense 36–48 24.18 1.11
6. Severe >48 37.51 1.72
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Xu and Zhang (2020) [29] showed that the spatiotemporal characteristics in soil ero-
sion could only be uncovered more accurately by spatially quantifying different change
methods of triggering factors and their relative importance. Figure 6 shows that topo-
graphic factors have the greatest influence on the spatial distribution of soil erosion, and the
spatial distribution of topography factors would help explain the change in soil erosion,
so the relationship must be determined. According to statistics, with increasing altitude,
the proportion of slight and light soil erosion gradually decreased, while the proportion of
extreme intensity and severe erosion gradually increases. With the increase in terrain slope,
the proportion of slight and light soil erosion gradually decreased, while the proportion
of extreme intensity and severe erosion gradually increases. The most serious soil erosion
intensity was concentrated in the southeast and northeast sloping farmland over 8◦. Finally,
overall, soil erosion on the sunny slope was slightly more serious than that on the shady
slope possibly because the sunny slope was the windward slope of the southeast monsoon,
and the soil water evaporation was larger than that on the shady slope, resulting in a lower
soil water content, which reduced the vegetation coverage and made soil erosion more
likely. LS was the leading factor of regional soil erosion. Therefore, better spatial optimal
allocation of land use is needed to avoid steep areas prone to erosion [29,58]. Arable land
was widely distributed in the flat regions with much lower LS factors than in grasslands
and forests. The cultivated land distributed around the forestland faced the soil erosion
risk due to the terrain and became unstable cultivated land. When the study area was
larger, future soil erosion risk from spatial and temporal changes in precipitation should be
considered and evaluated by using the future climate change prediction models. The K
at the field scale can be calculated by more accurate soil attribute data, which would be
needed in water and soil conversation planning.
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3.3. Land Use Factor Analysis of Cropland Soil Erosion Based on the GWR Model

Table 3 shows that the VIF of the independent variables was less than 5 and the
condition index was less than 30, which proved that the nine explanatory variables selected
passed the multicollinearity test.

Table 3. Multicollinearity test results of independent variables.

Type Layer Explanatory Variables
Collinearity Test Results

Tolerance VIF

Natural conditions

Elevation (X1) 0.94 1.07
Slope (X2) 0.67 1.49

Precipitation (X3) 0.44 2.27
SOC content (X4) 0.50 1.99

Vegetation coverage (X5) 0.79 1.27

Socioeconomic
conditions

Change in the proportion of
residential areas (X6) 0.92 1.09

Change of road network density (X7) 0.88 1.14

Land Use conditions
Change of land use intensity (X8) 0.93 1.08

Change of landscape fragmentation
degree of cropland (X9) 0.98 1.02

The preliminary statistics of the regression coefficients of each explanatory variable of
soil erosion in the GWR model (Table 4) showed that the plus or minus statistical values of
the regression coefficients proved the existence of both positive and negative correlations
between the explanatory variables and the soil erosion of cultivated land in different
grid cells.

Table 4. Statistical result of regression coefficients of explanatory variables.

Explanatory Variables Minimum Upper
Quartile Median Average Lower

Quartile Maximum Standard
Deviation

Elevation −1.89 −0.05 0.08 −0.01 0.20 1.01 0.45
Slope 4.03 5.54 5.94 6.18 6.46 9.04 1.09
Precipitation −1.76 −0.92 −0.55 −0.56 −0.17 0.63 0.51
SOC content −2.56 −0.72 −0.47 −0.56 −0.30 0.29 0.49
Vegetation coverage −0.57 0.06 0.16 0.24 0.41 1.54 0.35
Change in the proportion of
residential areas −1.42 0.17 0.83 0.69 1.19 3.01 0.69

Change in road network density −0.67 0.00 0.11 0.10 0.20 1.46 0.30
Change of land use intensity −1.98 −0.68 0.49 0.46 0.62 1.39 0.37
Change of landscape
fragmentation degree of cropland −1.92 −0.37 −0.16 −0.17 0.25 1.04 0.59
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Chaplot et al., 2005 [59] found that the influence of land use change on soil erosion is
greater than that of climate factors, especially in regard to rill erosion. Simonneaux et al.,
2015 [60] showed that the increase in soil erosion caused by land use change is much greater
than that caused by climate change in Morocco. Compared with forests, farmland has a
lower interception rate, resulting in a higher runoff [61].

In this paper, the changes in the proportion of residential area, road network density,
and land use intensity, for which the median and mean regression coefficients were positive,
explained that the relationship between the above three indices and the cropland soil ero-
sion degree was positively correlated in most grid cells (Figure 7), that is, the increase in the
proportion of residential area had a positive influence on the soil erosion severity. The me-
dian and mean values of the regression coefficients of farmland landscape fragmentation
change were both negative, indicating that the soil erosion degree of farmland decreased
with the increase in the explanatory variables of farmland landscape fragmentation change
in most grid cells.
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Figure 7. Spatial distribution of regression coefficients of explanatory variables of socioeconomic and
land use factors in the GWR model.

The increase in the proportion of residential area, the intensity of land use, and the
fragmentation degree of the cultivated land landscape all had a remarkable impact on the
soil erosion pattern of surrounding cultivated land to varying degrees (Figure 7). Among
them, the proportion of residential area and the fragmentation degree of the cultivated
land landscape had the widest impact on the areas with high erosion risk. Therefore,
optimizing the development and protection pattern of territorial space with appropriate
land regulation means avoiding the further aggravation of soil erosion is necessary.
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An increase in residential areas and land use intensity meant an increase in imperme-
able surface area. In the construction, a large number of materials, such as cement, asphalt,
and concrete, were used to cover the soil surface to form an impermeable surface. Accord-
ing to the research, under the conditions of runoff and precipitation, the runoff coefficient
of a completely impermeable surface was more than 0.9, that is, almost all precipitation
was transformed into surface runoff. The intensification of surface runoff under rainstorm
conditions increased the pressure of urban drainage, and the capacity of drainage pipelines
usually had difficulty meeting the discharge of a large amount of surface runoff in a short
time, resulting in serious surface ponding, especially in low-lying areas. In the area where
the land use degree increased, the proportion of impermeable surfaces increase, resulting
in an increase in the overall surface runoff in the area. The degree of soil and water loss
was more serious in summer with heavy rainfall because the study area is in the monsoon
climate area [12]. Wang et al., 2022 found that compared with the western region of the
black soil region, the eastern region where the study area is located has a humid climate,
and water is the main erosive agent [62].

The area selected in this study belonged to a rolling hilly region with a small area of
suitable cultivated land in low mountain and hilly areas, and the overall uphill cultivated
land showed the characteristics of high spatial dispersion. To obtain the minimum survival
guarantee, only by continuously expanding the cultivated land area, which leads to more
barren mountains that are not suitable for farming being reclaimed into cultivated land,
accelerates the dispersion and fragmentation of farming space. Compared with natural
factors, the land use factor of cropland encompassed the most easily optimized measures.
The degree of landscape fragmentation played a positive role in soil erosion. Therefore,
to control soil and water loss, the land use pattern can be optimized by enhancing the
control effect of the dominant landscape, improving patch uniformity, enriching landscape
types, reducing the physical connection between patches, strengthening the aggregation
degree of landscape patches, and reducing fragmentation. On a deeper level, as a typical
social dominant area, the low hilly agricultural area should always pay attention to the
balance/synergy between social services and ecological functions, so as to lay a foundation
for sustainable land use in the black soil area [63].

4. Conclusions

In 2019, the overall soil erosion status of cultivated land was mainly slight and light,
the proportion of cultivated land affected by the extreme intensity and severe erosion was
relatively small, and the average soil erosion modulus was 7.09 t·hm−2·a−1. The spatial
distribution characteristics of soil erosion based on the results of spatial aggregation and
hot spot analysis found that the most serious soil erosion intensity was concentrated
in the southeast and northeast sloping farmland. With the increase in elevation and
topographic slope, the proportions of slight and light soil erosion gradually decreased
while the proportions of extreme intensity and severe erosion gradually increased, which
was strongly linked to the increase of soil erodibility caused by the space-time migration
and erosion of SOC caused by the interaction of hydraulic and tillage erosion in complex
topographic areas.

Based on the relationship between soil erosion and landscape fragmentation using the
GWR model in a rolling hilly region, the findings revealed that landscape fragmentation
was an important driving force promoting soil erosion, sediment yield, and sediment
transport. On this basis, sloping farmland with a high fragmentation degree was effectively
integrated to prevent soil erosion in marginal farmland. The prevention and control of
soil erosion in hilly areas should be based on the premise of rational utilization of land
resources, and the situation of “governing and destroying at the same time” should be
completely changed. The finding of this paper can be used as a basis for decision-making
in a rolling hilly region, and provide useful information for designing land use planning to
regulate the effect of land use change and other soil erosion factors. Land use planning and
water and soil conservation planning should be combined to provide a scientific basis for
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the sustainable land use of land resources and the coordinated development of man-land
relationships in hilly areas.
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Abstract: Desertification is one of the most severe environmental and socioeconomic issues facing
the world today. Gonghe Basin is located in the monsoon marginal zone of China, is a sensitive area
of climate change in the northeastern of the Qinghai-Tibet Plateau in China, desertification issue has
become very severe. Remote sensing monitoring provides an effective technical means for deserti-
fication control. In this study, we used Landsat images in 2010 and 2020 to extract desertification
information to constructed the Albedo-NDVI feature space in the Gonghe Basin. And then analyzed
temporal and spatial evolution of desertification and its driving factors using Geodetector in the
Gonghe Basin from 2010 to 2020. The main conclusions are as follows: (1) Albedo-NDVI feature
space method can accurately classify desertification information with accuracy of more than 90%,
which was benefit to quantitative analysis of desertification. (2) The desertification situation in the
Gonghe Basin had improved from 2010 to 2020, especially in the west of the basin, desertification
land area decreased by 827.46 km2, and desertification intensity had been obviously reversed. (3) The
changes of the desertification in the Gonghe Basin from 2010 to 2020 was affected by both natural
and human factors, and the influence of human activities on desertification reversal had increased
gradually. The results indicate that the desertification status in the Gonghe Basin had been effectively
controlled, and can provide useful basis for the desertification combat in the Gonghe Basin.

Keywords: desertification; Albedo-NDVI; feature space; climate change; human activity; Gonghe Basin

1. Introduction

Desertification is defined as land degradation mainly characterized by aeolian activity
in arid and semi-arid areas, due to the inharmonious man-land relationship [1]. Desertifi-
cation has become one of the most severe ecological environmental issues, which causes
economic losses of up to 540 billion RMB annually in the world [2–4]. The Gonghe Basin is
one of the centralized distribution regions of desertification in the northeast of the Qinghai-
Tibet Plateau [5], in which the ecological environment is fragile. Desertification has become
increasingly prominent in the Gonghe Basin due to global climate change and unreasonable
human activities, which not only affect the lives of local people but also pose a huge threat
to the safety of the Longyangxia Reservoir, has hindered socioeconomic development [6,7].
Thus, it is urgent to strengthen research on desertification in this area.

Gonghe Basin is affected by the Asian monsoon circulation and the mid-latitude
westerly circulation, and it is a part of the boundary between the deserts and loess in
China [8]. Its unique geographical location provides an ideal research site for exploring
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the formation and changes of the aeolian activity environment. So far, multiple time
scales research had been conducted on the formation, evolution, and driving mechanism
of the aeolian activity in the Gonghe Basin [6,9,10]. The studies of desertification of the
Gonghe Basin during its geological history mainly focused on geomorphological evolution,
sedimentary strata, the history of aeolian activity, and the driving mechanisms [11,12].
Previous studies have shown that the oldest formation age of aeolian sand is 33.5 ± 2.1 ka
BP in the Gonghe Basin, dune fields developed in the early and middle Holocene, and fixed
in the late Holocene [10]. The formation of the aeolian sand environment in the Gonghe
Basin is influenced by multiple factors, such as the evolution process of the geomorphology,
regional climate, and wind strength, the main control factors were different in different
periods [13,14].

The research about the modern process of desertification in the Gonghe Basin mainly
includes different aspects such as aeolian landforms [15], wind conditions [16], spatial distri-
bution and dynamic monitoring of desertification, driving mechanism of desertification and
countermeasures for land desertification prevention and control [6,17–19]. Remote sensing
images provide an effective data source for desertification monitoring and information
extraction [20,21]. Collado et al. assessed the desertification process in the crop-rangeland
boundary of Argentina by using remote sensing data [22]. Qi et al. analyzed the spatiotem-
poral changes of desertification from1986 to 2003 through supervised classification method
in the agropastoral transitional zone of northern Shaanxi Province in China [23]. In the
Gonghe basin, Yan et al. used Landsat data from 1975 to 2005 through visual interpretation
to explore aeolian desertification trends and driving factors in the Longyangxia Reservoir
next to the Yellow River [24]. Ma et al. used TM data from the three periods of 1990,
2000, and 2010 in the Gonghe Basin, it was concluded that the desertification situation was
worsening from 1990 to 2010 [25]. However, previous monitoring methods were mainly
based on visual interpretation and supervised classification, resulting in low utilization rate
and classification accuracy of remote sensing information [24,26,27]. In recent years, many
studies have used single indicator (e.g., NDVI, EVI, MSAVI) to assess desertification [28,29].
Nonetheless, due to the complex causes of desertification evolution, using a single index
cannot comprehensively reflect desertification information [30]. The Albedo-NDVI feature
space basing on the negative correlation between Albedo and NDVI established by Zeng
et al. provides an efficient approach for quantitative analysis of desertification [31], which
has been used in many desertified land, such as Moulouya basin in Morocco [32], central
Mexico [33], Mongolian plateau [34], source region of Yellow River in China [35]. For
the Gonghe Basin, there is lack of study on the desertification evolution process over the
past 10 years, and short time scale desertification research is of practical significance in
assessing the effectiveness of desertification prevention. There is relatively little research
on desertification monitoring in the Gonghe Basin compared to other typical desertification
regions, and only part of Gonghe Basin was studied, such as around the Longyangxia
Reservoir, Gonghe county, and Guinan county [24,36–38]. Additionally, the research on
the driving mechanism of desertification evolution in the Gonghe Basin mainly focuses on
qualitative research [24,25,38], while quantitative research can better reveal the potential
impact factors of desertification process.

In this study, we obtained two desertification monitoring indicators, Albedo and
NDVI, to constructed Albedo-NDVI feature space basing on Landsat images. Additionally,
we quantitatively explored the spatiotemporal evolution patterns of desertification and the
underlying causes of desertification from 2010 to 2020 using Geodetector model, which
provided a theoretical basis for desertification combat.

2. Materials and Methods
2.1. Study Area

The Gonghe Basin is surrounded by mountains on three sides, including the Qilian
Mountains, Kunlun Mountains and Qinling Mountains (Figure 1), geographic coordinates
are 35◦27′–36◦56′ N, 98◦46′–101◦22′ E, with an elevation of 2400–3200 m. It is administra-
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tively subordinate to Qinghai Province, including Gonghe county, Guinan county, Xinghai
county and Wulan county. The dune fields in the Gonghe Basin are mainly spread in
the central and eastern parts of the basin, such as Talatan Plain and Mugetan Plain, with
moving dunes, sand ridges, and sand belts [9].
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Figure 1. Geographical location of the Gonghe Basin.

The climate type in the Gonghe Basin is a typical alpine and semi-arid climate, the
annual average temperature is about 3.7 ◦C and annual precipitation is about 300 mm. 80%
of the precipitation in the Gonghe Basin is mainly concentrated from May to September,
accompanying high evaporation. Strong winds prevail in the Gonghe Basin, and the
maximum wind velocity reaches 40 m s−1 in spring [39]. Aeolian activities are common in
this area, resulting in wide dune fields and severe land desertification [10].

2.2. Data Sources

We used the Landsat TM/OLI images to monitor land desertification in the Gonghe
Basin in our study, and the images were obtained from the geospatial data cloud platform
(http://www.gscloud.cn/ (accessed on 10 February 2023)). A total of 8 images for 2010
(2009–2011) and 2020 were collected during the vegetation growing season (especially in
June and August) with cloud coverage of less than 10%. These images were preprocessed
mainly using ENVI5.3 software, including radiometric calibration and atmospheric cor-
rection. The vector boundary data of the Gonghe Basin was used to clip and mosaic the
Landsat images to obtain the entire Landsat image of the Gonghe Basin.

The annual average temperature, annual precipitation and annual average wind ve-
locity data from 2010 to 2019 were calculated basing the ERA5 data set on the Google Earth
Engine (GEE) platform. Annual interpolation data for meteorological data and relevant
regional socio-economic data included datasets of land use (1:100,000), population density
(1 km) and GDP density (1 km) were downloaded from the Resource and Environment
Science and Data Center (RESDC, https://www.resdc.cn/ (accessed on 5 March 2023)).

2.3. Methods
2.3.1. Normalized Difference Vegetation Index (NDVI)

NDVI is an important biophysical parameter that reflects the state of surface vegetation,
with a range of −1 to 1, and the higher the vegetation coverage, the closer NDVI value is to
1. NDVI can be used to indicate vegetation growth status and reflect vegetation coverage,
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and we can calculate it using the reflectance of the following two bands in remote sensing
images [40].

NDVI = (ρnir − ρred)/(ρnir + ρred) (1)

where ρnir, ρred represent near infrared band and the red band, respectively.

2.3.2. Land Surface Albedo

Land Surface albedo is a physical parameter that reflects the reflection characteristics
of the surface to solar shortwave radiation. With the aggravation of desertification, surface
vegetation is severely damaged, and surface roughness increases, manifested as an increase
in Albedo values in remote sensing images. The value of Albedo is between 0 and 1. In this
study, we calculated Albedo using the calculation method proposed by Liang [41].

Albedo = 0.356 × ρblue + 0.130 × ρred + 0.373 × ρnir + 0.085 × ρswir1 + 0.072 × ρswir2 − 0.0018 (2)

where ρblue, ρred, ρnir, ρswir1 and ρswir2 represent blue band, red band, near infrared band
and the shortwave infrared bands, respectively.

2.3.3. Data Normalization

The dimensions of NDVI and Albedo are different, so that Albedo-NDVI feature space
cannot be directly established, we normalized the values of NDVI and Albedo to between
0 and 1. The NDVI and the Albedo values were normalized using following equations.

N = (NDVI − NDVImin)/(NDVImax − NDVImin) (3)

A = (Albedo − Albedomin)/(Albedomax − Albedomin) (4)

For NDVI, NDVImax, NDVImin refer to maximum and minimum values, respectively,
N was the normalized value; For Albedo, Albedomax and Albedomin refer to maximum and
minimum values, respectively, A was the normalized value.

2.3.4. Albedo–NDVI Feature Space

Zeng et al. [31] conducted research on the feature space composed of NDVI and
Albedo, and summarized the desertification situation under different vegetation coverage
conditions in an ideal feature space (Figure 2). A, B, C, and D points represent the extreme
states in the Albedo-NDVI feature space, respectively. A represents areas with severe
drought and no vegetation cover, B represents areas with high water content and no
vegetation cover, C represents areas with low water content and high vegetation cover, and
D represents areas with high water content and high vegetation cover. The upper boundary
AD represents a high albedo line, reflecting drought conditions, the bottom BC is the low
albedo line, representing the condition of sufficient surface water. And the distribution of
different land cover types presented by NDVI and Albedo has a significant distribution
rule in the feature space, which can well distinguish water, high vegetation coverage land,
low vegetation coverage land and completely bare land [42]. Overall, there is a significant
negative correlation between Albedo and NDVI in the feature space.

Based on the ROI function of ENVI5.3 version, 900 sample points were randomly
selected from different degrees of desertification land in the study area [30], extracting the
NDVI and Albedo values after normalization in 2010 and 2020, respectively. And then
selecting the NDVI values as independent variables, Albedo values as dependent variables,
we can construct a linear regression equation between them.

Then the linear regression equation represents negative correlation between Albedo
and NDVI was calculated using the following formula:

Albedo = k × NDVI + b (5)

where k refers to the slope of the linear expression, and b refers to the parameter.
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2.3.5. Desertification Difference Index (DDI)

Based on previous research findings [43], dividing the Albedo-NDVI feature space in
the vertical direction representing the trend of desertification change can effectively distin-
guish different types of desertification land, represented by the Desertification Difference
Index (DDI). we can use the following two formulas to calculate the DDI index for 2010
and 2020.

k × a = −1 (6)

DDI = a × NDVI − Albedo (7)

where a represent the slope of DDI linear expression.

2.3.6. Accuracy Verification

Confusion matrix is also called error matrix, is an effective method for evaluating the
accuracy of classification results. In the confusion matrix, each row represents the real cate-
gory of desertification degree, and each column represents the prediction category [44]. We
obtained evaluation indicators, including the overall accuracy (OA), producer’s accuracy
(PA), user’s accuracy (UA), and Kappa coefficient, which can be used to verify the accuracy
of the desertification classification results using Albedo-NDVI feature space method. The
specific calculation formulas are as follows:

OA =
i=5

∑
i=1

Xii/N (8)

PA = Xii/Xi+ (9)

UA = Xii/X+i (10)

Kappa =

[
N ×

i=5
∑

i=1
Xii −

(
i=5
∑

i=1
X+i + X+i

)]

N2 −
i=5
∑

i=1
X+i + X+i

(11)
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where N refers to the total number of samples; Xii refers to the sample quantity in row i
and column i, that is, the number of sample points correctly identified for a certain type of
desertification degree; Xi+ refers to the sample quantity in row i, is the total real sample
size of a certain type of desertification; and X+i refers to the sample quantity in column i, is
the predicted total sample size of a certain type of desertification.

2.3.7. Desertification Land Transfer Matrix

The land transfer matrix has been widely applied in land use change. The land
transfer matrix can reflect the transformation area from one degree of desertification land
to another degree of desertification land within a certain period of time, and can reflect the
transformation relationship between different degrees of desertification land [45]. In this
study, we used the land transfer matrix to calculate the conversion areas between different
grades of desertification land basing ArcGIS 10.8. The formula used is as follows:

Sij =




S11 S12 . . . S1n
S12 S22 . . . S2n
. . . . . . . . . . . .
Sn1 Sn2 . . . Snn


 (12)

where i and j represent different grades of land desertification, Sij represents the transition
area from the grade i to j (km2), and n represents the number of desertification grades.

2.3.8. Dynamic Degree of Desertification Land

The dynamic degree indicates the area change of one grade of desertification land
within a certain specific time range in a certain research area [46]. The formula is as follows:

K =
u2 − u1

u1
× 1

t2 − t1
× 100% (13)

where K represents the dynamic degree from 2010 to 2020, u1 refers to the initial area (km2),
u2 represents the final area (km2), t1 and t2 represent the starting and end time, respectively.

2.3.9. Changes in Desertification Degree

The degree of desertification development was divided into five categories [30]: se-
vere deterioration (desertification degree increased by more than one level), deterioration
(desertification degree increased by one level), no change (desertification degree remained
stable), restoration (desertification degree decreased by one level), obvious restoration
(desertification degree decreased by more than one level).

2.3.10. Geodetector Model

The Geodetector is a widely used statistical model that reveal spatial variability
and potential driving forces. Geodetector can detect the spatial heterogeneity of a single
factor, and can also reveal possible causal relationships between two factors through
calculating their consistency of spatial distribution [47]. This study takes the degree of
desertification as the dependent variable Y, and selects independent variable indicators
including temperature, precipitation, wind velocity, population density, GDP, and land
use. The factor interpretation power in Geodetector is represented by the q value. The
expressions used are as follows:

q = 1−

L
∑

h=1
Nhσh

2

Nσ2 = 1− SSW
SST

(14)

SSW =
L

∑
h=1

Nhσh
2, SST = Nσ2 (15)
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where h refers to the stratification of the independent variable; Nh and N represent the
number of units within layer h and the entire area, respectively; σh

2 and σ2 represent
the discrete variances of layer h and the entire area, respectively; SSW refers to the sum
of intralayer variances; SST refers to the regional total discrete variance; q refers to the
explanatory power of the independent variable to the degree of desertification, the range of
q is between 0 and 1, the larger the q value represents the stronger the explanatory power
of the selected factor.

The purpose of interaction detection is to assess whether interaction between two
factors can increase the explanatory power of the degree of desertification or whether the
impact of these factors on the degree of desertification is independent [48].

3. Results
3.1. Desertification Classification

The scatterplots of Albedo and NDVI in 2010 and 2020 are shown in Figure 3, there
was presented a trapezoidal shape in the Albedo-NDVI feature space [46]. The R2 values of
the linear regression equations were 0.7106 and 0.7044, respectively, the results indicated
there was a significant negative correlation between Albedo and NDVI. Using Equation (6)
to calculate the k value to obtain the final expression of the desertification difference index
(DDI) in 2010 and 2020, as shown in Table 1.
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Figure 3. Albedo-NDVI linear regression analysis.

Table 1. Linear relationship of desertification difference index (DDI) in 2000 and 2020.

Year Linear Relationship

2010 DDI = 2.4278 × NDVI − Albedo

2020 DDI = 4.1017 × NDVI − Albedo

DDI can be used to obtain the desertification classification, we used the natural breaks
(Jenks) method combined with field survey data and Google Earth map to classify the
desertification intensity into 5 categories, including extremely severe desertification, severe
desertification, moderate desertification, slight desertification, and non-desertification.
Finally, the spatial distribution maps of desertification degree in 2010 and 2020 were made
by using ArcGIS 10.8 (Figure 4).
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Figure 4. Spatial distribution of desertification in the Gonghe Basin.

To test the accuracy of desertification land classification results, we used Landsat true
color image and Google Earth map as reference data, randomly selected 20 sample points in
different desertification types (100 points in total) to construct the confusion matrix through
visual interpretation. The accuracy evaluation results are shown in Table 2, the overall
evaluation accuracy was 94%, and Kappa coefficient was 0.93 in 2010. In 2020, the overall
accuracy was 95%, Kappa coefficient was 0.94. The phenomenon of misclassification mainly
occurred in slight desertification areas. Overall, the Albedo-NDVI feature space method
has certain feasibility and applicability to evaluate desertification level.

Table 2. Classification accuracy of desertification.

Year

Extremely
Severe (%) Severe (%) Moderate (%) Slight (%) Non-Desertification (%) Kappa

Coefficient
OA
(%)

PA UA PA UA PA UA PA UA PA UA

2010 95 95 94.74 90 94.74 90 86.36 95 100 100 0.93 94

2020 95.24 100 95 95 94.74 90 90.48 95 100 95 0.94 95
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3.2. Temporal Distribution Characteristics of Desertification

Table 3 shows the area, proportion, and dynamic changes of different desertification
levels in the study area. As shown in Table 3, extremely severe desertification land areas
had decreased by 2335.32 km2 from 2010 to 2020, with the proportion decreasing from 17.4%
to 5.6% and the dynamic degree of 6.8%. Severe desertification, moderate desertification,
and slight desertification have a slight increasing trend, with the area increasing 592.13 km2,
687.33 km2 and 227.40 km2, respectively, and their proportions had increased 3.0%, 3.5%
and 1.1%, respectively. Meanwhile, the non-desertification land areas accounted for 19.9%
in 2020, and the area increased by 827.46 km2. The dynamic degrees of the severe, moderate,
slight and non-desertification land area were 1.3%, 1.5%, 0.5% and 2.7%, respectively.

Table 3. Dynamic changes of desertification land area in the Gonghe Basin from 2010 to 2020.

Category
2010 2020 2010–2010

Area (km2) % Area (km2) % Annual Rate of
Change (%)

Extremely severe 3434.27 17.4 1098.95 5.6 −6.8

Severe 4436.59 22.5 5028.72 25.5 1.3

Moderate 4595.28 23.3 5282.61 26.8 1.5

Slight 4153.31 21.1 4381.71 22.2 0.5

Non-
desertification 3086.06 15.7 3913.52 19.9 2.7

In the past 10 years, there existed a certain upward trend in the non-desertification
area. The moderate desertification had always accounted for a large proportion of the
total study area, which was the main type of desertification in the Gonghe Basin. It can be
concluded that the desertification status in the Gonghe Basin had generally improved from
2010 to 2020, and the degree of desertification had been mainly reversed from extremely
severe to other degrees of desertification.

3.3. Spatial Distribution Characteristics of Desertification

According to the spatial distribution maps of desertification in the Gonghe Basin
(Figure 4), we analyzed the dynamic changes in the spatial distribution pattern of deser-
tification in the Gonghe Basin from 2010 to 2020. As shown in Figure 4, desertification
was widespread in the Gonghe Basin, the lowlands in the central part of the basin were
a concentrated distribution area of desertification, non-desertification areas were mainly
spread in the south and southeast areas or on the mountains around the basin.

As shown in Figure 4a, there were large areas of extremely severe desertification
around the Shazhuyu River, Mugetan, Talatan and other areas around the Longyangxia
Reservoir in 2010. And in the periphery of extremely severe desertification, there were large
areas of severe desertification, such as in the center of the basin or around the Longyangxia
Reservoir. Moderate desertification was mainly spread in the east of Longyangxia Reservoir,
such as Shagou Town, Longyangxia Town, etc. Slight desertification land was spread mainly
in the southern and southeastern parts of the study area, such as the northern part of Heka
Town and the northwest part of the mobile dunes in Mugetan. Non-desertification was
distributed mainly in the Heka Town, Taxiu town, and Senduo town. Which were in the
southern edge and southeast of the basin.

Compared with 2010, the overall desertification area had obviously reduced in 2020
(Figure 4b). The extremely severe desertification land spread in the western of the basin
had been reduced significantly, mainly reversed to severe or moderate desertification.
Meanwhile, the slight desertification and non-desertification land in the Gonghe Basin
expanded to the south and southeast, and the non-desertification areas distributed around
the northern marginal region increased during the study period.
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3.4. Changes in Desertification Intensity

We obtained the transition matrix of desertification in this study from 2010 to 2020, as
shown in Table 4. During the research period, the transformation of desertification intensity
occurred between different levels of desertification. The conversion area accounted for
83.69% of the total land area, which was 8959.19 km2. The main desertification transforma-
tions were mainly from extremely severe to severe, from severe to moderate, from mod-
erate to slight, and from slight to non-desertification, covering land areas of 2213.94 km2,
1736.12 km2, 1418.13 km2, and 1256.56 km2, respectively, accounting for 24.71%, 19.38%,
15.83% and 14.03% of the land area. Extremely severe desertification significantly de-
creased by 2335.32 km2, and severe, moderate, slight and non-desertification increased by
592.13 km2, 687.33 km2, 228.4 km2, and 827.46 km2, respectively. This showed that the
overall desertification condition in the Gonghe Basin had a great improvement from 2010
to 2020, and sand prevention and control achieved effective results.

Table 4. The transition matrix of desertification in 2010–2020.

2010
2020 Extremely

Severe
Severe Moderate Slight Non-

Desertification
Total

(Reduced)

Extremely severe 827.92 2213.94 335.75 27.56 29.11 3434.27

Severe 185.30 2402.03 1736.12 85.14 28.00 4436.59

Moderate 35.58 355.75 2675.32 1418.13 110.51 4595.28

Slight 25.53 35.19 484.33 2351.70 1256.56 4153.31

Non-desertification 24.62 21.82 51.09 499.18 2489.35 3086.06

Total (increased) 1098.95 5028.72 5282.61 4381.71 3913.52 19,705.51

As shown in the changes in desertification intensity from 2010 to 2020 (Figure 5), the
degree of desertification development was divided into five categories. The desertification
grade unchanged land was sporadically scattered, mainly in the mobile sand dunes of
Mugetan and Talatan, accounting for 42.6% of the land in basin (Table 5). The deterioration
areas were primarily spread in the southwest, southeast, and northeast of the Gonghe Basin.
The restoration and obvious restoration areas were mainly distributed around Chaka Salt
Lake and the east of Longyangxia Reservoir. Additionally, the proportion of desertification
deterioration and restoration areas were 6.8% and 50.6%, respectively. Desertification
restoration areas were 11,067 km2 larger than desertification deterioration areas.
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Table 5. Area and proportion of changes in desertification intensity.

2010–2020 Severe
Deterioration Deterioration No Change Restoration Obvious

Restoration

Area (km2) 193.83 1524.56 10,746.31 6624.75 6160.63

Percentage
(%) 0.8 6.0 42.6 26.2 24.4

3.5. The Influencing Factors of Desertification

In this research, we selected temperature, precipitation and wind velocity as natural
factor indicators, population density, GDP, and land use as human factor indicators, used
Geodetector for single factor and interactive factors analysis to explore the explanatory
power of different factors on desertification in the Gonghe Basin.

3.5.1. Singer Factor

As shown in Figure 6, for single factor analysis, the order of explanatory power of
different factors on desertification in 2010 was precipitation > land use > GDP > population
density > wind velocity > temperature. The precipitation was the main interfering factor
of desertification, followed by human activities such as land use, GDP, and the impacts
of the population density, wind velocity and temperature were relatively weak. The
explanatory power of the q value on precipitation reached 0.29, but the explanatory power
of temperature was only 0.03. In 2020, the explanatory power of q values on different factors
was precipitation > land use > temperature > wind velocity > population density > GDP.
The precipitation factor still had the greatest explanatory power on desertification, with
a value of 0.22. The explanatory power of temperature and land use increased relatively,
with values of 0.18 and 0.21, respectively. The q value of GDP had decreased to 0.02.
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3.5.2. Interactive Factors

In this study, the influence between two factors was non-linear enhanced after inter-
action (Figures 7 and 8). In 2010, the order of explanatory power of interaction factors
on desertification was precipitation ∩ land use > precipitation ∩ wind velocity > pre-
cipitation ∩ population intensity > temperature ∩ precipitation > precipitation ∩ GDP
intensity > GDP intensity ∩ land use > population density ∩ GDP intensity. The dominant
interactive factor was precipitation ∩ land use (0.392), followed by precipitation ∩ wind
velocity (0.365) and precipitation ∩ population intensity (0.345). The q value of temperature
∩ population density was the smallest, which is 0.079. In 2020, the order of explanatory
power of interaction factors on desertification was precipitation ∩ land use > temperature
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∩ land use > temperature ∩ precipitation > precipitation ∩ wind velocity > temperature ∩
population intensity > precipitation ∩ population intensity > precipitation ∩ GDP intensity.
Among them, the precipitation ∩ land use also had the greatest explanatory power on
desertification evolution, the q value increased to 0.447, followed by temperature ∩ land
use and temperature ∩ precipitation, their q values were 0.351 and 0.340, respectively. All
in all, the precipitation ∩ land use was the essential factor influencing the spatiotemporal
distribution of desertification in the Gonghe Basin during the study period.
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4. Discussion

Previous studies have shown that desertification evolution is influenced by natural
factors and human activities [26,27,49]. For natural factors, the terrain of the Gonghe Basin is
flat and open, providing a good deposition site for the aeolian activity. The basin contained
a large amount of Quaternary loose sediments, such as fluvial-lacustrine sediments and
ancient aeolian sand [9], which are easily eroded by wind [26], which provided material
sources for aeolian activity, causing widespread distribution of desertification land [12].
Among all natural factors, climate change has an essential impact on the development
of desertification, temperature, precipitation and wind velocity are the main influencing
factors [50,51]. The explanatory power of precipitation factors on desertification was
highest among all factors in 2010 and 2020, the explanatory power of temperature and
wind velocity on desertification evolution increased between 2010 and 2020, with q values
increasing by 0.15 and 0.02, respectively. In northwestern China, the climate is arid all
year with scarce precipitation [15], so the precipitation factor played a vital role in the
desertification evolution. As shown in Figures 9 and 10, in the Gonghe Basin, we can
see a fluctuating downward trend in the annual average temperature from 2010 to 2019,
but there was an upward trend in the annual precipitation, which revealing that the
climate had become colder and more humid over the past 10 years. The decrease in
temperature could effectively reduce evaporation, while accompanied by the increase of
precipitation, the improvement of hydrothermal conditions was conducive to the vegetation
recovery, affecting the efficiency of sand material acquisition, which reduced aeolian
activity [12,52–55]. The annual mean wind velocity also presented a relative downward
trend (Figure 11), and reduced wind strength led to the weakening of aeolian activity [56].
In general, these favorable natural factors changes were beneficial to the desertification
reversal. Among the changes in human factors, the q values of land use and population
density increased by 0.08 and 0.03 respectively, while the value of GDP density decreased
by 0.06. From this, it can be seen that the impact of human activities gradually increased
during the desertification evolution of the Gonghe Basin from 2010 to 2020.
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However, the interaction between two different impact factors will increase the ex-
planatory power on desertification compared to single factors [57]. The dominant inter-
active factor in 2010 and 2020 was precipitation ∩ land use, with an increase of 0.055. In
2020, The explanatory power of temperature ∩ land use on desertification had significantly
increased, with an increase of 0.17 compared to 2010. In 2010 and 2020, the q values of
temperature ∩ precipitation were relatively high, both greater than 0.3. The results showed
that the natural factors such as precipitation ∩ temperature played a fundamental role in
the desertification change. Furthermore, the improvement of desertification conditions
was the combination consequences of natural and human factors, the impact of human
activity intensity had been increasing over the past 10 years. This is consistent with pre-
vious research on the Qinghai Tibet Plateau [26,27], the source of the Yellow River [35],
and the surrounding areas of Qinghai Lake [30]. However, the highest explanatory power
of precipitation and land use on desertification in this study is only 0.447, which may be
related to the specific geological environment in the Gonghe Basin and the limited factors
selection [35,58]. Since 1991, numerous measures have been applied to combat desertifi-
cation. Tree planting and return the grain plots to forestry reforestation projects can help
increase vegetation coverage and improve ecological diversity [59,60]. The photovoltaic
power generation base and closed protection zone were established in Talatan [61,62], it is
conducive to prevent wind and fix sand, thereby reducing local aeolian activities.

5. Conclusions

In this paper, we used the Albedo-NDVI feature space method based on Landsat
images to explore the spatiotemporal evolution of desertification and its driving mechanism
in the Gonghe Basin over the past 10 years, and then provide some scientific references for
desertification prevention. The main conclusions are as follows:

(1) Desertification in the Gonghe Basin was divided into 5 categories by constructing
the Albedo-NDVI feature space. There was high accuracy in the desertification classification
by using the feature space method, reaching 94% in 2010 and 95% in 2020.

(2) From 2010 to 2020, the desertification situation in the Gonghe Basin generally
improved, especially in the western part of the basin. The proportion of desertification area
decreased from 84.3% in 2010 to 80.1% in 2020. The transformation from extremely severe
desertification to severe desertification is the main form of desertification reversal.

(3) The improvement of desertification in the Gonghe Basin from 2010 to 2020 is a
result of the combined effects of natural and human factors. In natural factors, precipitation
played an important role in desertification evolution, and the impact of human factors was
gradually increasing.

However, our study still has some limitations. Due to limited data in this study,
there are some errors in the classification results of desertification. It is crucial to explore
the dominant driving mechanism of desertification on different time scales, and provide
targeted suggestions for desertification control in the Gonghe Basin.
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Abstract: The current insufficient quantification and evaluation of major functions fundamentally
affected regional sustainable management and policy implementation. This study focused on the
problem that no effective quantitative accounting relationship has been established between develop-
ment activities and resource utilization. In order to establish the relationship between major function
accounting and natural resource accounting, we analyzed the relevant studies on the evaluation of
major functions, natural resource accounting, environmental accounting, ecosystem services, and
assets accounting. The efficiency comparison of different functions was completed using the equiva-
lent factor method for ecosystem service value measurement and the input–output method for water
footprint measurement. We found that the accounting of major functions and resources can guide
regional sustainable management by using function positioning and resource comparative advan-
tages. In addition, administrative units were linked to functional units, providing the possibility of
cross-regional comparison of total functional resources, efficiency, and structure of major functions.

Keywords: production-living-ecological function; land use; water use; ecosystem service value

1. Introduction

In order to cope with the tightening of resource constraints, serious environmental
pollution, and ecosystem degradation, China proposed the Major function zoning, which
is considered a major theoretical innovation in China’s regional development theory and
spatial planning. China’s resource and environmental carrying capacity can hardly support
high-speed industrialization and urbanization [1]. Major function zoning is a sustainable
planning and management system in China designed to guide the spatial division of
production, living, and ecological functions, and to coordinate sustainable goals through
national resources and red line control [2,3]. Regional coordination and policy evaluation
are more complex due to the increase in development activities across management units.
Various regional strategies, plans, and policies have multifaceted and multilayered impacts,
while indicators and methodological differences add to the complexity of monitoring and
evaluation [4]. The differentiation of financial, regional, and industrial development policies
inevitably leads to unequal interests between four types of functional zones. Therefore,
there is an urgent need to realize unified quantification and comparison across regional
scales for major functions [5].

Quantifying the imbalance between production, living demand and ecological supply
is a prerequisite for spatial governance, and the quantification of major functions must
take into account spatial heterogeneity, functional diversity, and complexity. The basic
evaluation of major functions and spatial zoning is “double evaluation” (i.e., resource
and environmental carrying capacity evaluation and territorial development suitability
evaluation) [6,7]. The indicator system and method of “double evaluation” are closely
related to the major function types, but there is no unified evaluation of production, living,
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and ecological functions of all types of areas [8]. The “double evaluation” provides a set
of important indicators to support the delineation and optimization of function zoning,
and provides a more accurate evaluation of the local environmental carrying capacity and
spatial suitability through the grid cells. With the increase in cross-regional, cross-level
and cross-period development activities, links between regions and feedback in policy
management need to be strengthened in “double evaluation”.

The current insufficient quantification and evaluation of major functions fundamen-
tally affect regional sustainable management and policy implementation. Existing studies
on the major function zoning have focused on the impact on land use changes [9], opti-
mization of production–living–ecological space [10,11], the impact of carbon emissions [12],
relationship between planning and economic growth [13]. The quantified objects of these
studies were not the production, living, and ecological functions themselves, but some indi-
rect measurements of impacts. Most quantitative studies of spatial function have focused on
the local scale of cities, provinces, or basins, and few have accounted for different functions
at the national scale. There is relatively little discussion of the linkage between functional
units and administrative units. The quantitative relationships have not linked natural
resource demand and function in the region closely enough, leading to some inefficient
resource use and regional imbalances.

Therefore, the establishment of a basic quantitative accounting relationship between
regional natural resource use and major function objectives is a key issue in the downscal-
ing and regional management of the major function strategy to achieve the sustainable
use of limited resources in the national land space [14]. The implementation of the major
functional areas urgently needs to incorporate new trends and requirements such as un-
certainty, complexity, and non-linearity in the use of natural resources, and to establish
basic quantitative accounting relationships. The transmission mechanism between regional
sustainable management system, economic activities, and resource utilization activities is
not clear enough. The major function zoning is based on the evaluation of resource and
environmental carrying capacity, which supports the delineation of three control lines of
cropland redline, ecological redline, and urban development boundary [15]. Among them,
the ecological red line combines the ecosystem service function and ecological vulnerability
to delineate different levels of ecological functional areas. The role of guidance and con-
straint of the sustainability system is much greater than the direct allocation role, and a more
effective quantitative accounting relationship between major functions and resources is
needed. According to the different objectives of regional major functions, regional resource
allocation will change accordingly, and accounting relationships are needed to connect
ecological-economic systems and resources-functions in order to balance the contradictory
issues between cross-regional ecological protection and economic development.

The goal of ecological–economic accounting is to effectively construct and assess the
interaction between economic activities, resource use, and environmental-carrying capacity.
Research and application of natural resource, environmental, and ecological accounting has
developed and enriched with the concept of sustainable development. The development
of resource economics, environmental economics, and ecological economics reflects the
expansion of the boundaries of human understanding of the relationship between nature:
from the acquisition of resources by nature to the impact and feedback of human behavior
on the environment, to the integration of human beings and ecosystems. This led to the
expansion of accounting objects from products and raw materials, to resources, wastes,
pollutants to ecological service functions, according to the development of knowledge
and management needs. In 2021, the United Nations Statistical Commission published
the Environmental-Economic Accounting-Ecosystem Accounting (SEEA-EA) [16]. SEEA
expands the non-monetization and physical boundaries, then SEEA-EA expands the bound-
aries of production and consumption [17]. Scholars have conducted a lot of research for
ecosystem accounting application and improvements to advance the valuation of ecosystem
services, and in recent years it has started to become a quantitative approach to sustainable
management in China. The need for resource and environmental sustainability has also
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driven the development of carrying capacity research. The concept of carrying capacity was
first applied to ecological carrying capacity [18]. With the resource and environmental prob-
lems caused by population growth and economic development, resource carrying capacity
focuses more on the relationship between population, food and resources (land, water, etc.).
To further measure human impact on the ecological environment, the concept of ecological
footprint was proposed as a complement and refinement to resource carrying capacity.
Subsequently, a series of footprint indicators [19] such as water footprint [20], carbon
footprint [21], phosphorus footprint [22], and nitrogen footprint [23] has been developed.

In order to discuss the quantification and comparison of major function zoning, we
applied the ecosystem service and footprint accounting to major function accounting, and
discussed the regional sustainable evaluation and management in China. By establishing
the accounting relationship between resources and major functions (Figure 1), we analyzed
the distribution and efficiency of production–living–ecological functions and functional
resources in different functional and administrative units.
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2. Materials and Methods
2.1. Study Area: Major Function Zoning in China

The major function zoning divided China’s territorial space into different major func-
tional zones according to the development methods and development contents (Table 1).
Functional units and administrative units overlapped but did not correspond exactly. In or-
der to establish the linkage between functional units and administrative units, we collected
the major functions of 2852 county-level units according to the national and provincial
major function planning, and used them as the basic units to account for the products
realized by the functions. There were also some prohibited development zones scattered in
other functional areas, such as national parks and historical sites, which are not considered
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separately. In the paper, production, living, and ecological functions were directly used
as the accounting objects, and the results based on the raster data realized the functional
accounting and integration of different administrative and functional units. In order to
quantify the relationship of resource use between regions, the city scale was chosen as the
accounting unit to examine the input–output relationship of water resource function. The
city scale defined in this paper included densely populated and industrialized urbanized
areas as well as subordinate administrative units-districts and counties, which was a mul-
tifunctional spatial unit of production, living, and ecological functions. The accounting
results covered the functions of 309 cities nationwide, and analyzed the differences in
the amount of production, living, and ecological functions and function structures of the
country and different types of development zones. The water accounting data source uses
the city-scale multi-regional input–output table of the China Carbon Accounting Database
(CEADs) for water footprint measurement. The table covers 313 administrative units in
China, including 309 cities (prefecture-level administrative units and municipalities di-
rectly under the central government) and 4 provinces (Hainan, Yunan, Xizhang, Qinghai),
covering more than 95% of the country’s population and more than 97% of its GDP.

Table 1. Priority order of goals for different function zones.

Classification First-Order
Major Function

Second-Order
Major Function

Development
Intensity Protection Intensity

According to
development method

optimized
development zone production/living ecological very high very low

prioritized
development zone Production/living ecological high low

restricted
development zone

agricultural
production/ecological living low high

prohibited
development zone ecological production/living very low very high

According to
development content

urbanized zone industrial products
and services

agricultural
products/ecological

products
high high

main agricultural
production zone agricultural products ecological/industrial

products and services low high

key ecological
function zone ecological products agricultural/industrial

products, services low high

2.2. Definition of Key Concepts
2.2.1. Production, Living, and Ecological Functions of Territorial Space

Territorial space has basic natural geographical characteristics as well as economic
and political characteristics. Spatial function referred to the division of responsibilities
undertaken by spatial units in the ecological, economic, and social system at a certain stage
of development, relying on its own development foundation and potential. Spatial function
is manifested as land use at the microscopic scale and more as dominant function at the
macroscopic scale. Typically, each space is multifunctional and different factors combine
in different ways to reflect different functional characteristics, and function and space are
complex many-to-many relationships [24].

The functions provided by the national space are mainly the three major functions
of production, living, and ecological, as well as other national strategic support functions.
They correspond to production space, living space, ecological space, and other functional
spaces, respectively. Other spaces include land space for transportation facilities, water
conservancy facilities, national defense, and religion, etc. The major functional products
provided by different spaces vary, and the same space has multiple functions [25]. For
example, urbanized space is a high degree of superposition and overlap between living
space and production space, and its major function is to provide industrial goods and
service products, as well as to provide the living function carried by the urban population
and the ecological function of the urban green space system.
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The spatial overlap makes the constraints and support relationships between functions
more complex. Ecological functions provide material conditions for living and production
functions, but at the same time resource and environmental thresholds limit development.
The same function may provide several products and services simultaneously, and there
is no one-to-one correspondence. For example, the agricultural products of farmland
ecosystems are part of the product provisioning services of ecological functions and are
also part of agricultural production functions. The relationship between functions is not a
simple either/or relationship, so it is necessary to sort out the relationship between each
function and product service.

2.2.2. Functional Resources: Land and Water

Based on the resource input and function output relationship, the required resources
increase with the increase in regional functions. Natural resources, which play a fundamen-
tal supporting role for the major functions, are also the key limiting factors for regional
development. Water and land resources are the most important resource indicators and
constraints in the initial division and subsequent evaluation of major functional zones.
Territorial spatial development at the micro level can be seen as land use and structure,
and land use types and functions are closely related. As a basic natural resource and
irreplaceable factor, water resources are characterized by limited total amount, difficulty of
spatial transfer, and multifunctionality, which are crucial to the division and realization of
major functions. The constraint target of resource overconsumption assessment refers to
the excessive consumption of various natural resources in the accounting period due to the
development needs of the region, including two types of natural overconsumption, where
the resource utilization exceeds its renewal capacity, and policy overconsumption, where
the resource utilization exceeds the red line of various policies.

2.3. Accounting Methods and Data Sources
2.3.1. Major Function Accounting

Major function accounting is explained as the total accounting of products and services
(Y) produced by the use of natural resources and non-natural resources in the economic–
social–ecological system in a specific spatial unit within a certain period of time [26,27].

Y = YP + YL + YE (1)

where YP is the industrial and service products provided by the production function; YL is
the amount of products and services required by residents’ living provided by the living
function; and YE is the value of ecological services provided by the ecological function. The
three functions are defined as output results and quantified objects of territorial spatial
development activities, which can cover almost all types of products and services produced
by human production, living activities, and ecological impacts, thus establishing the input–
output relationship with resource utilization.

The three major functions are accounted for based on the definition of accounting.
The production and living functions are accounted for using the input–output method.
The living function is first reflected by the population carrying quantity. Second, the final
consumption products can also characterize the quantitative and structural differences of
regional living functions.
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Table 2. Indicators and data sources for land, water resources, and major functions.

Accounting Indicators Total Amount Indicators Efficiency Indicators Data Sources

resource input

Land

Ecological functional
land (LDE) Ecological function per

unit (yE)
The 30 m annual China Land

Cover Dataset [28]Production-ecological
functional land (LDP-E)

Production-living functional
land (LDP-L) Production function per

unit (yP)
The data set of 1 km Grid GDP in

China 2015 & 2019 *

Water

Ecological functional
water (WE)

Production functional
water (WP) Living function land per

unit (yL)
The data set of 1 km grid

population in China 2015 & 2019 *Living functional water (WL)

function output

Ecological function Ecological function value (YE) Water per ecological
function (wE)

National, Provincial and Municipal
Water Resources Bulletins 2015Production function Production function value (YP)

Living function
Living function value (YL) Water per production

functional (wP)
China Statistical Yearbook

2015 & 2019

Amount of population (POP) Water per living
function (wL)

China City-level MRIO Table
2015 [29]

* Data citation: Data Registration and Publication System, Resource and Environmental Sciences and Data Center,
Chinese Academy of Sciences. (http://www.resdc.cn/DOI), 2017, accessed on 7 August 2022.

Ecological function accounting used the ecosystem service value calculation method.
In order to make comparisons at different spatial scales, the accounting method refers to
Xie’s value equivalent factor method and constructs a table of ecosystem service values per
unit area [30]. The regional ecological function values at the city and county levels were
calculated by adjusting [31] according to the biomass factor of each province and using the
30 m annual China Land Cover Dataset. The specific calculation equation is as follows:

Ea =
1
7

( n

∑
i=1

mi piqi

)
1
S

(2)

where Ea is the value of food production services per unit area of cropland ecosystem in
area a (yuan/hm2); n is the main food crop species (rice, wheat, corn) in the study area;
mi is the sown area of crop i (hm2); pi is the total yield of crop i (kg); qi is the average
price of crop i (yuan/kg); S is the total sown area of food crops (hm2); 1/7 means that
the economic value provided by natural ecosystems without human inputs is 1/7 of the
economic value of food production services of existing farmland ecosystems per unit area.
Statistics on production, prices, and area of crop are taken from the National Compilation of
Cost and Benefit Information on Agricultural Products and the China Statistical Yearbook.
The equivalent factors for each province in the country are shown in Appendix A Table A1.

ESV =
m

∑
i=1

n

∑
j=1

AjEij (3)

where ESV is the ecosystem service value (yuan); Aj is the area of the land type j (hm2); Eij

is the value of the ecological service i of the land type j (yuan/hm2). Calculate the value of
ecosystem services based on the Ecosystem service equivalent value per unit area.

2.3.2. Functional Resource Accounting

Natural resources are the material basis for the realization of ecological, production,
and living functions. The sustainability of regional development means that it depends on
the regeneration and replacement of natural resources and the support and improvement
of ecosystem services [32]. When the relationship between human and nature shifted from
passive adaptation to active utilization, the concept of resource carrying capacity based
on the relationship between population and resources was proposed, and its prominent
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representatives are the carrying capacity of land resources and water resources. We inte-
grated the carrying capacity and footprint to discuss the relationship between key natural
resources and functions.

The amount of functional resource input can quantify the difference in the structure of
resource utilization in the region, which is manifested by the different amount of resources
inputted in different functions and resources. By decomposing and accounting the input
resources of the region by functional types, the amount of input resources corresponding to
the realization of the function can be obtained, which can characterize the regional resource
input situation and the functional resource utilization structure. Usually, the resource
utilization structure is closely related to the industrial structure and functional positioning
of the spatial scale.

The amount of resource input per unit of function can quantify the amount of resources
required to realize one unit of function in a regional unit, i.e., the ratio of the amount of
resource input to the amount of function, which can be used to characterize the efficiency
of resource utilization in the region and make cross-regional comparison. For example,
the corresponding accounting relationships for the amount of water (W) and land (LD)
resources required as inputs for the realization of production functions are established
as follows.

YP = F (WP, LDP, . . . ) (4)

The amount of water resources to be input to achieve a unit of production function in
region i can be calculated as

wi
P = Wi

P/Yi
P (5)

yi
wP = Yi

P/Wi
P (6)

The amount of output per unit of resource can be used to characterize the efficiency
of resource use in the region. If the functional efficiency of water resources in region i is
higher than in region j, region i has more output per unit of water resources than region j,
i.e., wj

P > wi
P, yi

wP > yj
wP.

The total amount of natural resources that can be used in region i is set, and usually
sustainable management goals set thresholds for resource use. For example, the resource
boundaries for land and water use are set in the planetary boundaries [33], and the upper
line of water use is set in the spatial planning and regional management of China. In which,
the total water resource use constraint of region i can be expressed as:

Wi = ∑
(

Wi
P, Wi

L, Wi
E

)
≤ Wi

boundary or upperline ≤ Wi
total (7)

That is, the input of water resources in the process of realizing the production, living,
and ecological functions of region i should not exceed the upper line of water resource use
and the total amount of resources in the region. Region i is usually not a closed space, and
resources are imported or exported in the region to support the realization of functions
within the region through direct water transfer or indirect virtual water trade exchange.
Thus, when discussing water constraints, the flow of imported water (Wi

IM) and exported
water (Wi

EX) through the region i should be considered.

Wi
P + Wi

L + Wi
E ≤ Wi + Wi

IM − Wi
EX (8)

The data used in this paper are all publicly available information and datasets, as
detailed in Table 2. Considering the availability of data, 2015 data were used to compare
the positioning of major functions and the amount and efficiency of the major functions at
the city level. The division of functional land follows the priorities of the major functions
and the disturbance level of the ecosystem and is divided into three categories (Table 3).
The key intermediate results obtained during the collation and calculation of the data are
in the Appendix A (Tables A1 and A2). The raster data were calculated using ArcGIS
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and the input–output analysis of the water footprint was implemented using Matlab. The
result maps were based on the standard map provided by the China’s Ministry of Natural
Resources (mnr.gov.cn).

Table 3. Classification of functional land.

Functional Land Corresponding Land Classification

Ecological functional land (LDE)

forest
shrub

grassland
wetland

water
snow and ice

barren
Production–ecological functional land (LDP-E) cropland

Production–living functional land (LDP-L) impervious

Functional water was water footprint based on input–output analysis, and the types
were divided into three categories: production functional water, living functional water,
and ecological water. The quantification of inter-regional water resources and the inputs
and outputs realized by different functions is measured on the basis of a multi-regional
input–output table [34], which is applicable to water resources accounting at the provin-
cial and district to local and municipal levels, and can consider the regional allocation
of water resources from a comprehensive perspective, and verify that the regional func-
tional positioning matches the actual water use structure including virtual water, and that
the regional resource endowment constraints match the direct water use structure. The
42 sectors of the table are combined into 8 sectors, as shown in Table A3. In addition,
considering the difficulty of deploying physical water between different regions than the
difficulty of exchanging product virtual water through trade, and the difference of regional
scarcity of water resources, the regional value of water resources can also be reflected by
the amount of functional water resources input.

3. Results
3.1. Ecological, Production, and Living Functions

In order to describe the situation of the major functions at different scales of the
national space, quantitative accounting was conducted using the total amount and efficiency
of production, living and ecological functions, and the provincial accounting results are
shown in Table 4.

The distribution of ecological function was significantly different from the distribution
of production and living function nationwide. In 2019, Guangdong Province still ranked
first, with a total function value of 10,626.90 billion yuan of YP and 1029.19 billion yuan
of YE.

The top ten provinces in total production function were Guangdong, Jiangsu, Shan-
dong, Zhejiang, Henan, Sichuan, Hubei, Fujian, Hunan, and Shanghai, accounting for
62.12% of the national total function. The top ten provinces in total ecological functions
were Tibet, Sichuan, Hunan, Inner Mongolia, Jiangxi, Guangdong, Xinjiang, Heilongjiang,
Yunnan, and Guangxi, accounting for 62.12% of the national total ecological functions.
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Table 4. Results of ecological–production–living function accounting by province.

Province

Ecological
Function

(YE, Billion
Yuan)

Compared
to 2015

Production
Function

(YP, Billion Yuan)

Compared
to 2015

Living Function
(YL (pop), Million)

Compared
to 2015

Beijing 50.74 0 3554.95 0.64 21.45 −0.01
Tianjin 28.35 −0.1 1406.30 −0.25 15.62 0.01
Hebei 429.32 −0.04 3173.36 0.18 75.30 0
Shanxi 181.47 −0.03 1672.33 0.4 37.27 0.02

Inner Mongolia 1154.89 −0.03 1686.06 −0.18 25.08 −0.02
Liaoning 379.21 0.08 2349.24 −0.08 42.51 0

Jilin 536.77 0.02 905.45 −0.26 26.91 −0.02
Heilongjiang 956.07 −0.02 1259.10 −0.08 36.58 0

Shanghai 54.54 −0.17 3821.74 0.48 24.31 0.04
Jiangsu 684.80 −0.08 9391.76 0.32 81.67 0.01

Zhejiang 786.03 −0.06 5950.02 0.44 57.11 0.02
Anhui 519.49 −0.07 3482.24 0.87 63.65 0.06
Fujian 813.59 −0.04 4244.68 0.66 39.78 0.04
Jiangxi 1058.74 −0.04 2167.36 0.38 46.09 −0.13

Shandong 364.62 −0.05 6857.98 0.21 100.69 0.04
Henan 415.06 −0.01 5432.44 0.48 96.31 0.03
Hubei 902.80 −0.04 4253.30 0.5 59.26 0
Hunan 1577.44 −0.04 4039.30 0.3 68.75 0.01

Guangdong 1029.19 −0.07 10,626.90 0.67 114.46 0.09
Guangxi 913.33 −0.04 2104.77 0.27 49.54 0.03
Hainan 92.83 −0.08 498.71 0.5 9.32 0.02

Chongqing 327.91 −0.01 2351.57 0.6 31.21 0.01
Sichuan 2111.79 −0.02 4658.34 0.54 83.70 0.03
Guizhou 378.69 −0.01 1677.85 0.45 36.26 0.04
Yunnan 946.11 −0.03 2272.52 0.69 48.53 0.03

Tibet 2959.11 −0.01 160.33 3.56 3.46 0.08
Shaanxi 332.93 −0.02 2486.29 0.48 37.59 −0.02
Gansu 295.20 −0.02 849.71 0.28 26.29 0.02

Qinghai 708.92 −0.02 289.92 0.42 6.44 0.09
Ningxia 72.45 −0.04 373.80 0.32 6.93 0.09
Xinjiang 995.52 −0.02 1429.51 0.39 27.27 0.15

total amount 22,057.90 −0.03 95,427.83 0.37 1399.34 0.02

3.1.1. Results of Ecological Function Accounting

Accounting for ecological functions with the value of ecosystem services in 2019, the
total value of ecosystem services in 2019 nationwide was 22,042.95 billion yuan. There
are differences in the ecological functions provided by different ecosystem types (Table 5).
From the perspective of the major functions, croplands mainly provided agricultural
products, accounting for 7.60% of the total YE, while forests and grasslands accounting
for 51.46% and 21.04% of total YE, respectively. From the perspective of the types of
ecosystem services, the value of ecological regulating services was the largest, at 15,561.08
billion yuan, accounting for 70.55% of the total YE, while product supply services were
1309.52 billion yuan, accounting for only 5.94% of the total YE, indicating that the supply
of physical products in ecological functions was not the major function, and ecological
regulating services such as hydrological regulation and climate regulation were important
value-accounting content.

In terms of the total amount of ecological functions, there are clear differences at the
regional level (Figure 2). The regions with higher total ecological values were distributed
in the southwestern, northeastern, and southeastern provinces. The top five provinces
were Tibet, Sichuan, Hunan, Inner Mongolia, and Jiangxi. In terms of the efficiency of
ecological functions, the south of China was higher than the north, and the Yangtze River
Delta region as well as Hunan and Fujian were among the top regions in the country in
terms of ecological value per unit. The addition of ecological function values changed
the total amount and structure of functions nationwide, especially in provinces where the
scale of economic development was relatively small. The total ecological function of Tibet
is 2959.11 billion yuan, accounting for 94.86% of the total functions. And among them,
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the ecological value mainly came from grassland ecosystem. Grassland covered 73.38%
of Tibet’s area. It provided an ecological value of 1776.33 billion yuan, accounting for
60.04% of YE. The hydrological regulation and climate regulation functions accounted for
35.40% and 20.25% of Tibet, respectively. The areas with a high ecological value per unit
were concentrated in the forest ecological zone of the southeastern Tibetan Plateau and the
desert ecological zone of the northwestern Tibetan Plateau, which was consistent with its
positioning as a national key ecological function zone.

Table 5. The ecosystem function value provided by different types of ecosystems.

Ecosystem Service Cropland Forest Grassland Wetland Barren Water Snow/Ice
Total

Value/Billion
Yuan

Function
Share/%

Provisioning
Services

Food production 4687.85 1462.76 897.86 1.47 11.43 262.55 0 7323.92 3.32
Raw materials

production 1039.39 3371.07 1321.13 1.44 34.3 75.48 0 5842.81 2.65

Water supply −5536.33 1747.8 731.11 7.44 22.87 2720.63 234.97 −71.5 −0.03

Regulating
Services

Gas regulation 3775.73 11,093.94 4643.2 5.46 148.64 252.7 19.58 19,939.25 9.04
Climate regulation 1972.71 33,175.53 12,274.98 10.35 114.34 751.54 58.74 48,358.18 21.92

Environmental
Purification 572.72 9652.11 4053.18 10.35 468.79 1821.41 17.41 16,595.96 7.52

Water regulation 6342.38 20,710.6 8991.39 69.65 274.41 33,553.35 775.62 70,717.4 32.06

Support
Services

Soil formation 2206.05 13,502 5656.49 6.64 171.51 305.21 0 21,847.9 9.9
Nutrient cycling 657.57 1034.4 436.1 0.52 11.43 22.97 0 2163 0.98

Biodiversity 721.21 12,289.37 5143.43 22.62 160.07 836.86 1.09 19,174.67 8.69

Cultural
Services Aesthetic Landscapes 318.18 5386.74 2270.29 13.6 68.6 620.26 9.79 8687.46 3.94

Total Value 16,757.47 113,426.33 46,419.16 149.52 1486.39 41,222.97 1117.2 220,579.04 100
Value share/% 7.6 51.46 21.06 0.07 0.67 18.7 0.51 - -

Area/million hm2 188.23 241.30 279.59 0.18 189.51 14.92 7.49 921.23 -
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3.1.2. Results of Production and Living Function Accounting

The spatial distribution of production and living function shows an obvious southeast-
ern regional concentration (Figures 3 and 4). In 2019, the total national production function
was 95,427.83 billion yuan, and the living function was 1399.34 million people. The top
five provinces with the highest total production function were Guangdong, Jiangsu, Shan-
dong, Henan, and Sichuan, and the top five provinces with the highest total living function
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are Guangdong, Shandong, Henan, Sichuan, and Jiangsu. In terms of efficiency, the distri-
bution of production function per unit area and living function per unit area also showed
a regional concentration in Southeast China. Developed provinces with a high degree of
urbanization have the major function of providing industrial goods and services, and the
production and living functions are much larger than the ecological functions. Among
them, Shanghai, Beijing and Tianjin, as mega cities and national optimized development
zones, were at the top in terms of scale and efficiency of production and living functions.
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3.1.3. Results for Different Functional Zones

1. Optimized development zones and prioritized development zones

According to major function zoning, optimized development areas refer to urbanized
areas with more developed economy, more dense population, higher development intensity,
more prominent resources, and environmental problems, and thus should be optimized
for industrialized urbanization and development. Optimized development areas at the
national level mainly include the Bohai Sea region, Yangtze River Delta, and Pearl River
Delta regions. They are related to regional development strategies for the Beijing-Tianjin-
Hebei region, the Yangtze River Delta region, and the Guangdong-Hong Kong-Macao
Greater Bay Area, which form the strategic pattern of China’s regional development.

According to the accounting results in Table 6, the optimized development zones
accounted for only 2.41% of the national land area, but carried 30.47% of the production
function and 17.66% of the living function. Prioritized development zones are urbanized
areas that have a certain economic foundation, strong resource and environmental carrying
capacity, higher development potential, and better conditions for population and economic,
and thus should focus on industrialized urbanization and development. The prioritized
development zones accounted for 15.83% of the national land area, and carry 40.30% of the
production function and 38.41% of the living function.

Table 6. Accounting results of different function zones.

Function Zone YE
(Billion Yuan)

yE
(Million
Yuan/km2)

YP
(Billion Yuan)

yP (Million
Yuan/km2)

YL (Million
People)

yL
(Thousand
People/km2)

Area (km2)

Optimized
development zones 1068.29 4.68 29,075.04 127.47 247.17 1.08 228,089.79

Prioritized
development zones 4561.02 3.05 38,453.92 25.69 537.50 0.36 1,497,019.89

Main agricultural
production zones 5416.98 2.39 17,792.52 7.84 407.20 0.18 2,268,399.03

Key ecological
function zones 11,011.83 2.02 10,106.54 1.85 207.46 0.04 5,462,384.94

Prioritized development zones are functionally positioned as important growth poles
for national economic growth and dense areas for population and economy. The optimized
development zones and prioritized development zones are both urbanized areas with the
same development content in general, but different development intensity and develop-
ment methods. In terms of functional efficiency, the production function per unit area in
the optimized development zone was 127.5 million yuan/km2, much higher than that in
the key development area, which was 25.7 million yuan/km2.

2. Main agricultural production zones and key ecological function zones

The main agricultural production zones with better agricultural production conditions
at the national level, with the main function of providing agricultural products and other
functions of providing ecological products, service products and industrial products, need
to be restricted from large-scale and high-intensity industrialized urbanized development
in order to maintain the agricultural production capacity.

The key ecological function zones with restricted development at the national level are
areas where the ecosystem is very important and related to the ecological security of the
whole country or a larger area, and where the ecosystem is currently degraded, and need
to be restricted from large-scale and high-intensity industrialized urbanized development
in order to maintain and improve the ecological supply capacity.

From the perspective of functional land, the main agricultural production zones ac-
counted for 23.99% of the national land area, of which the proportion of cropland accounted
for 43.38% of the country, in line with its main functional positioning of providing mainly
agricultural products. Key ecological function zones accounted for 68.94% of the country’s
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ecological function land, carrying 111.833 billion yuan of ecological functions, accounting
for 49.92% of the country’s ecological function ratio. The highest proportion of ecologi-
cal land was occupied by grassland, forest land, and barren land, accounting for 36.62%,
25.07%, and 26.89% of the functional areas, respectively. The main ecosystem services
provided by different types of land use differ. Cropland has a stronger capacity for agricul-
tural product supply services and a weaker capacity for regulating, cultural, and support
services; forest has a stronger capacity for regulating and support services and a weaker
capacity for product supply services. Therefore, the efficiency represented by the major
function shows a differential distribution.

3.2. Input–Output Analysis of Water Resources and Major Functions

As a key factor of sustainable development, water resources must be fully considered
to support and constrain the realization of the major functions of the region. In this
section, the relationship between the use of water resources and the realization of the major
function has been portrayed through the quantitative accounting of the major function
and water resources, identifying and sorting out the use patterns of water resources in the
realization of different major functions at different scales in regions, provinces, and cities,
and accounting for the amount of the major function and the amount of water resources
required for the realization of the function in each region.

According to the water footprint accounting results, the 313 selected regions used
568.65 billion m3 of direct water in 2015, including 393.23 billion m3 of direct water for
agriculture, 128.09 billion m3 of direct water for industry, 63.55 billion m3 of water for
residential use, and 12.24 billion m3 of water for ecological functions (Figure 5). According
to the water footprint accounting results (Results for only 309 cities in Table A4), the total
water footprint of the production function was 565.44 billion m3, including 140.65 billion m3

for the agricultural sector, 265.90 billion m3 for the industrial sector, and 89.81 billion m3

for the service sector.
Functional water use, by flowing through the economic and social ecosystem, simul-

taneously provides support for production, living and ecological functions, reflecting the
multi-functionality of water resources. According to provincial administrative regions,
three provinces with water consumption more than 40 billion m3 are Xinjiang, Jiangsu, and
Guangdong, while five provinces with water consumption less than 5 billion m3 are Tianjin,
Qinghai, Tibet, Beijing, and Hainan. Agricultural water consumption accounted for more
than 75% of the total water consumption in Xinjiang, Tibet, Ningxia, Heilongjiang, Gansu,
Qinghai, and Inner Mongolia; industrial water consumption accounted for more than 35%
of the total water consumption in Shanghai, Jiangsu, Chongqing, and Fujian; domestic
water consumption accounted for more than 20% of the total water consumption in Beijing,
Chongqing, Zhejiang, Shanghai, and Guangdong.

In terms of direct water use, the largest share of water was used for industrial and
agricultural production in 2015. Water for production supports different types of industries
by flowing through production activities, while combined with intermediate products
containing virtual water from other sectors, supporting the production function of the
whole region. Part of the final product corresponding to the production function was used
for local consumption, supporting the living function; agricultural production supported
by produced water also provided the ecological function. There was a gap between direct
water inputs and the accounting results of water inputs for functional use. More water
flows through the input–output system through virtual water than through direct water
use. Cities in developed regions consumed more functional water through products
with large water footprints, such as food and other intermediate products imported from
other regions.
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Figure 5. Accounting results of water use for production–living–ecological functions at city level. 
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ing functions. At the same time, the water input for ecological functions in the optimized 
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Figure 5. Accounting results of water use for production–living–ecological functions at city level.
(a) Functional water use and final demands; (b) production functional water use and industrial water
use; (c) living functional water use; (d) ecological functional water use.

The top provinces in terms of total water footprint of the production function were
mainly concentrated in the southeast (Figure 5b), with the largest total water footprint
being Guangdong with 58,558 billion m3, followed by Jiangsu, Xinjiang, Zhejiang and
Hubei. The sectoral structure of Xinjiang’s water footprint was much higher than that of
other provinces in terms of agricultural water use, accounting for 62.61%, while the other
top provinces mainly used water in the industrial sector. In the megacities of Beijing and
Shanghai, the service sector accounted for 49.83% and 33.76% of water use, respectively. The
bottom five provinces in terms of total amount were Qinghai, Tibet, Hainan, Ningxia, and
Tianjin, with production water footprints of 25.68, 29.893, 35.81, 5.658, and 6.261 billion m3,
respectively, of which, except for Tianjin, where the water use sector is concentrated in
light industry and construction, all other provinces are small-scale and have the highest
proportion of water use in agriculture.

The top provinces in terms of total water footprint for living functions are Xinjiang,
Guangdong, Jiangsu, Sichuan, and Heilongjiang. Water for domestic consumption was
the main source of water demand (Figure 5c), and in Xinjiang and Heilongjiang, water
for domestic consumption accounted for 71.75% and 66.58% of the total water footprint,
respectively. Export water footprint was also a major source in Guangdong, Zhejiang,
Shanghai, Jiangsu, and Shandong, accounting for 38.06%, 38.96%, 38.61%, 25.22%, and
24.55% of the total, respectively.
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The structure of major functional resources (land and water) was consistent with its
main functional structure, and there were regional distribution differences in efficiency.
According to the water per unit function of the accounting results (Table A4), the opti-
mized development zone has the lowest water consumption per unit of production and
living function, 4.00 m3/thousand yuan and 6.30 m3/ thousand yuan, respectively. The
proportion of industrial and service water consumption was much higher than that of
agricultural water consumption. This was related to the dense economic population in
the optimized development zone and the high efficiency of water use for production and
living functions. At the same time, the water input for ecological functions in the opti-
mized development zones was 3.137 billion m3, accounting for 30.52% of the national
ecological water consumption, while the water consumption per unit of ecological function
(1.86 m3/thousand yuan) was much higher than that of other regions. In contrast, the
water input of key ecological functions for ecological functions was relatively small, but
provided a large amount of ecological functions, and the water consumption per unit of
ecological function was only 0.205 m3/thousand yuan, indicating that the demand for hu-
man allocation of water resources in the process of ecosystem function output in ecological
function areas was weak, and from the perspective of providing ecological functions, key
ecological function zones have resource advantages among all kinds of function zones.
Such areas should ensure and maintain the good operation of ecosystem functions, rather
than excessive allocation of water resources.

4. Discussion

In the process of achieving regional sustainable development strategic goals, different
regions have different dominant or advantageous functions, and the dominant or advanta-
geous functions may change dynamically with the adjustment of development strategic
goals, the depletion of advantageous resources, or the emergence of certain types of emerg-
ing resources. The major function zoning is inseparable from the control of some key
resource related to the development of land space. This study focused on the problem that
no effective accounting relationship has been established between development activities
and resource utilization. The value of ecosystem services has been linked with resource
accounting and economic accounting to establish a relational framework that meets the
needs of economic and social development and management.

Therefore, this paper attempts to solve the quantification and comparison of heteroge-
neous functions at different spatial scales, taking the key resources of water and land as
examples. The cross-regional ecological function evaluation and conversion have become
the practical and theoretical problems in the promotion of major function zoning. Land use
change and human activities can directly or indirectly affect the trade-offs and synergistic
issues of ecosystem services [35]. In order to establish the relationship between major func-
tion accounting and natural resource accounting, we synthesized the relevant studies on
the evaluation of major functions, natural resource accounting, environmental accounting,
ecosystem services, and assets accounting [36]. Chinese scholars systematically studied
ecosystem service functions [37], introduced the “ecosystem service valuation” proposed
by Costanza et al. [38] and established a unit area value table for terrestrial ecosystem
services in China [39]. This method has been widely used to assess ecosystem service at
regional scales in China by determining standard equivalence factors and establishing
equivalence factor tables for different ecosystem services [40,41]. Based on this method,
we also conducted a quantitative and comparative analysis of functions in the national-
provincial-municipal-county administrative units and four types of functional zones.

The results showed that the accounting of production, living, and ecological functions
were basically consistent with the major function positioning. The production and living
functions were generally consistent in terms of spatial distribution, and the production
functions were more concentrated than the living functions. The cities in the optimized
development zones accounted for 4.03% of the national land area, and their production
and living functions accounted for 35.14% and 36.63% of the value of production and
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living functions, respectively, while the population carrying accounted for 21.02% of the
country, while the ecological function was 7.41%, which is in line with the main function
positioning of the optimized development zones as the provision of industrial goods and
service products. Key ecological function zones provide 10.63% of production function,
9.68% of population carrying and 54.00% of ecological service value with 63.85% of the
national land area.

There were differences between the country as a whole and the regions in terms of total
size and efficiency across functions. At the national level, the Yangtze River Delta, Pearl
River Delta, Beijing-Tianjin-Hebei, and other city agglomerations are national optimiza-
tion development zones with high overall economic level and dense population [42,43].
However, within the optimization development zones, each region performs different
major functions, and there are differences in both scale and structure. Among them, within
Beijing–Tianjin–Hebei, according to the accounting results, Beijing and Tianjin were highly
dense in production and living functions, accounting for 50% of the production and living
functions in Beijing–Tianjin–Hebei with 13.1% of region area. Meanwhile, Hebei Province
provided the most important ecological functions in the Beijing–Tianjin–Hebei region, and
its functional value reached 446.468 billion yuan, 84.44% of the total ecological functions in
the Beijing-Tianjin-Hebei region, which was related to the forests, grasslands, and farm-
lands in northern Hebei. Therefore, there are differences in the comparative advantages
and relative function efficiency within and outside the major functions of the region.

Based on the accounting relationship of major function and resources in Figure 1, this
paper considered land and water as natural resources that play a fundamental supporting
role for major functions, and are also key constraints for regional development. Due to
the limited total water resources and redlines, the accounting of major functions and the
efficiency of functional resource input are carried out, and the comparative advantages
of different functions in terms of structure and resource efficiency are coordinated to
support the maximum allocation of resources with regional functions. We found that the
accounting of major functions and resources can guide regional sustainable management
by using function positioning and resource comparative advantages. The results showed
that the targets set for major functions were basically consistent with the current structure
of resource use. There were differences in comparative advantages and relative function
realization efficiency of regional major functions. By analyzing the water consumption
of 42 sectors in 309 cities using the multi-regional input–output table, we compared the
total amount and water efficiency of major functions among regions. In addition, based
on grid cells and county-level accounting, administrative units were linked to functional
units, providing the possibility of cross-regional comparison of total functional resources,
efficiency, and structure of major functions.

In the analysis of water and major functions, it was found that there were regional
and functional heterogeneity differences in the supporting and constraining effects of
resources on functions [44,45]. Water consumption for ecological functions requires further
consideration of the comparative advantages of local ecosystems and resources, as the
efficiency of water supporting the realization of ecological functions largely depends on
the efficiency of local ecosystems, rather than the input–output efficiency of traditional
economic water use. Therefore, regional resource allocation must fully take into account the
efficiency of relative function realization of resources [46]. In the quantitative relationship
between resources and functions, the resource allocation goal of maximizing functions is
achieved [47].

5. Conclusions

This paper established an accounting relationship between two kinds of key functional
resources—land and water, and the three major functions of production, living, and ecology.
Based on this, it further discussed the way to apply to the sustainable management of
major functions, which is a regional and divisional sustainable management system. The
ecosystem service value approach provides a basic quantitative basis for major function
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accounting. If it is to be applied to regional management, it must be linked to administrative
and functional units.

Aiming to achieve the sustainable use of natural resources, this paper has established
an accounting relationship framework and indicators for the value of major functions and
the input of functional resources, aiming at the quantitative relationship between resources
and major functions. This approach basically realizes the computability, decomposability,
and comparability of the functional structure and efficiency among the three major functions
in different spatial units.

In this paper, the major function accounting process combined the economic and
ecosystem service accounting methods to reflect the functional output and the footprint
analysis of resource use. It established an analysis of resource input and functional value,
which is complementary for the unclear two-way relationship between resources and re-
gional development goals, and is helpful for further discussion of the relationship between
regional functional management and resource use optimization in future research.

Based on the major function accounting to guide the allocation and optimization of
resources, this paper analyzed the use of water resources in 42 sectors of 309 cities in the
multi-regional input–output table, the relationship between the major function and the
efficiency of functional resources was calculated from the perspective of limited constraints
on water resources. Water and land as natural resources that have a fundamental supporting
role for the major functions is also a key constraint factor for regional development. Finally,
it provides a quantitative basis for cross-regional comparison of the total amount, efficiency,
and structure of resources and major functions between different regions.

The limitations of this research are as follows: (1) In order to reflect the structure
and flows of water use among regions, the study selected the city-level multi-regional
input–output method to measure the water footprint. The advantage of this method was
that it can compare the resource consumption of different sectors and the final demand at
the city level, but this method relied more on the availability of data and is very restrictive
for continuous year analysis. In addition, there was a partial lack of statistical data on water
resources at both the city and industry levels. (2) Many cross-system accounting methods
did not fully consider the reality of resource needs in the process of achieving goals such
as economic development and strategic security. The application of the major function
classification in the management of national sustainable development goals requires the
coordination of various existing accounting methods. At the same time, the trade-off
between development and protection in different administrative units and functional units
should also be reflected in the evaluation benchmarks when downscaling the results of
the major function zoning from the national level to the provincial, municipal, and county
levels. (3) Only the land area has been considered in this study, and the functions of the sea
area should be included in the future. China’s economically developed regions are also
adjacent to the sea, the high-quality growth of the developed regions must be adjusted to
the protection of the marine ecological environment.
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Appendix A

Table A1. Standard equivalent factor values across the country.

Standard Equivalent Factor Values (Yuan/hm2)
Provinces Biomass Factor Year 2010 Year 2015 Year 2019 Year 2020

Beijing 1.04 1975.79 2384.98 2316.34 2578.95
Tianjin 0.85 1614.83 1949.26 1893.16 2107.79
Hebei 1.02 1937.80 2339.11 2271.80 2529.35
Shanxi 0.46 873.91 1054.89 1024.54 1140.69

Inner Mongolia 0.44 835.91 1009.03 979.99 1091.09
Liaoning 0.9 1709.82 2063.92 2004.53 2231.78

Jilin 0.96 1823.81 2201.52 2138.16 2380.57
Heilongjiang 0.66 1253.87 1513.54 1469.99 1636.64

Shanghai 1.44 2735.71 3302.28 3207.24 3570.85
Jiangsu 1.74 3305.65 3990.25 3875.42 4314.77

Zhejiang 1.76 3343.65 4036.12 3919.96 4364.37
Anhui 1.71 3248.66 3921.46 3808.60 4240.38
Fujian 1.56 2963.69 3577.47 3474.51 3868.42
Jiangxi 1.51 2868.70 3462.81 3363.15 3744.43

Shandong 1.38 2621.73 3164.68 3073.61 3422.06
Henan 1.39 2640.72 3187.62 3095.88 3446.86
Hubei 1.27 2412.75 2912.43 2828.61 3149.29
Hunan 1.95 3704.61 4471.84 4343.14 4835.52

Guangdong 1.4 2659.72 3210.55 3118.15 3471.66
Guangxi 0.98 1861.81 2247.38 2182.71 2430.16
Hainan 0.72 1367.86 1651.14 1603.62 1785.42

Chongqing 1.21 2298.76 2774.83 2694.97 3000.50
Sichuan 1.35 2564.73 3095.89 3006.79 3347.67
Guizhou 0.63 1196.87 1444.75 1403.17 1562.25
Yunnan 0.64 1215.87 1467.68 1425.44 1587.04

Tibet 0.75 1424.85 1719.94 1670.44 1859.82
Shaanxi 0.51 968.90 1169.56 1135.90 1264.68
Gansu 1.42 2697.72 3256.41 3162.70 3521.25

Qinghai 0.4 759.92 917.30 890.90 991.90
Ningxia 0.61 1158.88 1398.88 1358.62 1512.65
Xinjiang 0.58 1101.88 1330.08 1291.81 1438.26

National value 1 1899.80 2293.25 2227.25 2479.76
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Table A3. Correspondence of multi-regional input–output tables.

3 Sectors 8 Sectors 42 Sectors

Agriculture Agriculture (Ag) 1 “Agriculture, Forestry, Animal Husbandry,
and Fishery”

Industry

Mining industry (Mi)

2 “Mining and washing of coal”
3 “Extraction of petroleum and natural gas”
4 “Mining and processing of metal ores”
5 “Mining and processing of nonmetal and other ores”

Light industry (Li)

6 “Food and tobacco processing”
7 “Textile industry”

8 “Manufacture of leather, fur, feather, and
related products”

9 “Processing of timber and furniture”

10 “Manufacture of paper, printing and articles for
culture, education and sport activity”

Heavy industry (He)

11 “Processing of petroleum, coking, processing of
nuclear fuel”

12 “Manufacture of chemical products”
13 “Manuf. of non-metallic mineral products”
14 “Smelting and processing of metals”
15 “Manufacture of metal products”
16 “Manufacture of general purpose machinery”
17 “Manufacture of special purpose machinery”
18 “Manufacture of transport equipment”
19 “Manufacture of electrical machinery and equipment”

20 “Manufacture of communication equipment,
computers and other electronic equipment”

21 “Manufacture of measuring instruments”
22 “Other manufacturing”
23 “Comprehensive use of waste resources”
24 “Repair of metal products, machinery and equipment”

Electricity, gas and water
production and supply (EGW)

25 “Production and distribution of electric power and
heat power”

26 “Production and distribution of gas”
27 “Production and distribution of tap water”

Construction (Con) 28 “Construction”

Service

Transportation (Tran) 30 “Transport, storage, and postal services”

Service industry (Serv)

29 “Wholesale and retail trades”
31 “Accommodation and catering”

32 “Information transfer, software, and information
technology services”

33 “Finance”
34 “Real estate”
35 “Leasing and commercial services”
36 “Scientific research and polytechnic services”

37 “Administration of water, environment, and
public facilities”

38 “Resident, repair, and other services”
39 “Education”
40 “Health care and social work”
41 “Culture, sports, and entertainment”

42 “Public administration, social insurance, and
social organizations”
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Table A4. Four types of functional zones production–life–ecological functions and water resources
accounting results.

Four Types of Functional Zones Optimized
Development Zones

Prioritized
Development Zones

Main Agricultural
Production Zones

Key Ecological
Function Zones

production function (YP, billion yuan) 24,435.45 27,056.12 7391.06 10,658.62

living function YL (billion yuan) 7392.28 7704.73 1952.87 3133.82
Population (million) 288.08 533.01 234.77 314.88

ecological function (YE, billion yuan) 1686.89 5342.71 12,291.65 3439.26
total functions (Y, billion yuan) 33,514.62 40,103.56 21,635.57 17,231.70

YP share 72.91% 67.47% 34.16% 61.85%
YL share 22.06% 19.21% 9.03% 18.19%
YE share 5.03% 13.32% 56.81% 19.96%

production functional water (billion m3) 97.66 202.38 85.90 87.41
agriculture 12.92 46.71 42.45 26.97

industry 57.43 120.68 32.07 48.07
service 27.31 35.00 11.39 12.37

living functional water (billion m3) 46.56 104.25 54.63 51.74
ecological functional water (billion m3) 3.14 3.27 2.52 1.35

total functional water (billion m3) 147.36 309.90 143.05 140.51
production functional water share 66.27% 65.31% 60.05% 62.21%

agriculture 8.77% 15.07% 29.67% 19.20%
industry 38.97% 38.94% 22.42% 34.21%
service 18.54% 11.29% 7.96% 8.80%

living functional water share 31.60% 33.64% 38.19% 36.83%
ecological functional water share 2.13% 1.06% 1.76% 0.96%

water per production function (billion m3) 4.00 7.48 11.62 8.20
water per living function (billion m3) 6.30 13.53 27.97 16.51

water per ecological function
(m3/thousand yuan) 1.86 0.61 0.21 0.39
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Abstract: Poverty eradication is one of the global challenges, and land transfer provides an effective
path to address farmers’ poverty; however, the effect of poverty reduction can show heterogeneity
depending on the location, household, and head of household. This study employs the propensity
value matching technique to compare the effects of the land transfer on the future alleviation of
poverty among farm households, based on the vulnerability as expected poverty, using data from
4608 household tracking surveys. The findings point to the following: In general, rural land transfers
can significantly lessen farm households’ VEP. In terms of regional variations, the positive effects of
land transfers on farm households’ VEP are mainly in the west. In terms of the differences among
households, it was found that land transfers contribute to lower VEP for non-poor, non-financing-
constrained, and government-subsidized farm households. With regard to differences in household
headship, land transfers have abating effects on the VEP of self-employed heads of farm households.
The results of the study can provide a useful reference for policy-making on land management and
poverty reduction among farmers

Keywords: land transfer; vulnerability as expected poverty; farm households; heterogeneity

1. Introduction

Land is essential to the survival of farmers, as it serves multiple purposes, including
production, livelihood, and social security [1,2]. However, unlike other commodities, rural
land in China is collectively owned and therefore cannot be traded freely [3,4]. Historically,
the dated land system has stifled agricultural productivity and created obstacles to the
movement of rural labor to industries and regions that provide better economic opportuni-
ties [5]. In order to accommodate the rapid growth of China’s economy and technology, the
government has continuously enhanced the land property rights system [6]. In 2014, the
Central Committee’s No. 1 document proposed the “three rights division” for contracted
land. Farmers are able to protect their land rights and interests and obtain the right to
dispose of and benefit from land management rights, and land management rights can be
freely traded on the market, thereby activating the asset function of land. In 2015, the “De-
cision of the Central Committee of the Communist Party of China and the State Council on
Winning the Battle of Poverty Alleviation” proposed that farmers’ cooperatives and other
business entities be supported to increase the income of poor households through land
transfer methods such as land trusteeship and the absorption of farmers’ land management
rights as shares. Through land transfer, the disadvantage of land fragmentation is elimi-
nated, creating conditions for the realization of agricultural scale and modernization [7,8].
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Land transfer is a crucial component of China’s efforts to deepen the reform of its rural land
system [9–11]. By granting farmers more property rights, land transfer has activated the
efficiency of market resource allocation, enabled the scale and modernization of agriculture,
and become a crucial factor in farmers’ ability to escape poverty and become affluent [12].

China’s household contracted cultivated land circulation area reached 530 million mu
by the end of 2018, representing 35% of the country’s cultivated land area. Consequently,
a large number of surplus laborers were transferred to cities, which promoted urbaniza-
tion and industrialization, boosted the overall social welfare level, and improved rural
conditions by coordinating the integrated development of urban and rural areas, thereby
becoming an effective practice for alleviating poverty in China’s rural areas [13–15]. In 2018,
the per capita disposable income of rural residents in impoverished areas was CNY 10,371,
which was 1.99 times higher than in 2012 and grew by 12.1% annually on average. The
alleviation of poverty in China’s land transfer can serve as a valuable theoretical reference
for farmers in other developing countries seeking to eradicate poverty.

Land transfer in this article refers to the transfer of land use rights from farmers with
contracted land management rights to other farmers or economic organizations [16–18]. The
essence of rural land transfer is that, in the context of multiple factors in the agricultural
economy, the land rental market transfers land use rights from those with lower land
valuations to those who are more eager to increase their production value through a mechanism
of price equilibrium [19,20], and it assists farmers with varying land labor endowments in
re-adjusting their marginal products [21,22]. In addition, land transfer can facilitate the transfer
of rural surplus labor from agriculture to other industries [23]. This is the internal mechanism
for improving the income of farmers through land transfer [24] (Figure 1).

Figure 1. Mechanisms of the effect of land transfer on farm households’ VEP.

The effect of the land transfer system on reducing poverty has attracted the attention
of numerous scholars [25–27]. Land transfer has a leveling effect on marginal output,
transaction income, and the Pareto effect, and it has become a crucial method for efficiently
allocating rural land elements [28]. It has a significant effect on the multidimensional
poverty of rural households in poor villages through a mechanism known as the “preven-
tive saving motive” [29]. Kassie et al. believe that land transfer not only is conducive to
reducing agricultural costs, but also encourages non-agricultural employment of farmers,
improves the income structure of farmers, and improves the overall welfare of farmers [30].
It is well acknowledged that “preventing” poverty is far more important than “govern-
ing” poverty [31], and “preventing” poverty requires measuring farmers’ susceptibility
to poverty [32]. The poverty index measures only the welfare level at a static point in
time; examines whether farmers are in the ex-post state of poverty, which cannot reflect the
poverty risk that has not yet occurred [33]; and disregards the long-term impact of rural
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land transfer [34]. Land is the most important self-owned resource of poor households [35],
has the material function of providing a means of subsistence for poor households, and is
deeply embedded in these families’ production and living processes [36]. In comparison to
the income obtained from the land transfer, the loss of land management rights will have a
negative impact on the future employment, social security, and mental health of farmers,
thereby increasing the likelihood of future poverty [37]. The 2002 World Development
Report of the World Bank used vulnerability as expected poverty (VEP) to measure the
likelihood of an individual or family falling into poverty in the future [38]. This research
makes use of VEP to calculate the likelihood of a farmer falling into poverty in the future.

In recent years, a number of scholars [39,40] have examined the relationship between
land transfer and rural household poverty from the perspective of poverty vulnerability.
Data from a field survey of 1682 farmers in Hubei Province by Peng et al. revealed that
land transfer can significantly lessen a farmer’s vulnerability to poverty and that this
vulnerability declines as the area of land transferred increases [41]. Sun et al. found that
the poverty vulnerability of land transfer households was 5.13% lower than that of non-
transfer households [42]. Nonetheless, some scholars are concerned that the loss of land
management rights will increase the likelihood of poverty among farmers [43,44]. Zhang
et al. conducted an empirical study based on the survey data of 1386 rural households in
southern Xinjiang and discovered that land transfer can significantly increase the income
level of farmers, but cannot effectively reduce their susceptibility to poverty [45].

Presently, the academic community has not reached a relatively consistent conclusion
regarding the effect of land transfer on farmers’ vulnerability to poverty. In light of this, the
formulation and implementation of rural land policies should vary from person to person,
based on how well they take into account the differences between farmers. This paper
will add to the existing body of knowledge in the following ways: We explore the general
findings of the impact of land transfer on the poverty vulnerability of farm households
using data from a national sample survey to supplement the existing studies that are
restricted to a particular province or region. We classify farm households according to
the characteristics of land transfer, and we verify the impact of land transfer on poverty
vulnerability under different characteristics by regression, so as to identify what groups
of characteristic farm households can reduce poverty vulnerability through land transfer,
carve out the groups of farm households suitable for land transfer, and provide theoretical
support for the implementation policy of land transfer policy classification.

Based on previous studies, this paper empirically analyzes the impact of land transfer
on the VEP of farm households using a logit model based on the 2018 Chinese Family Panel
Studies (CFPS) data; uses the stepwise regression method to select variables with significant
effects; and regresses each of the five dimensions of regional distribution, poverty level,
financing constraints, government subsidies, and nature of work. On this basis, propensity
score matching (PSM) is used to test the robustness of the study results.

2. Materials and Methods
2.1. Data

The information in this article is drawn from the most recent (2018) Chinese Family Panel
Studies (CFPS) (URL: http://www.isss.pku.edu.cn/cfps/; accessed on 15 October 2021). The
database survey aims to track and investigate data at three levels: individual, family,
and community, reflecting societal, economic, and population changes in China [46]. The
survey covers a variety of topics, including family finances, education, health, and child-
rearing. The 2018 CFPS database survey targets a sample size of 14,218 households across
31 provinces (excluding Hong Kong, Macao, and Taiwan). In order to acquire high-quality
research data, the data were efficiently screened. First, all urban household data were elimi-
nated and only rural household registration data were retained; second, the characteristic
data of the household head corresponding to the “financial respondent” were matched and
the individual data of non-heads of households were eliminated; finally, the missing values,
outliers, and samples missing important variables were deleted; and finally, a valid sample
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of 4608 households was obtained, including 780 households with land transfer and 3828
households without land transfer.

2.2. Method
2.2.1. Vulnerability as Expected Poverty

Chaudhrui et al. proposed the concept and measurement method of vulnerability as
expected poverty [47]. VEP allows for the precise identification of households that may fall
into poverty in the future. In particular, this approach quantifies the likelihood that a family
will either enter or remain in poverty as a result of the risk of a sudden economic shock [48].
If the likelihood exceeds the predetermined threshold for vulnerability, the family is con-
sidered to be vulnerable to poverty. The concept of poverty vulnerability proposed by the
VEP measurement method is simple to comprehend, reflects the dynamic characteristics of
poverty, and can be effectively applied to cross-sectional data; consequently, it is widely
utilized in academia. The formula for calculating poverty vulnerability is as follows:

V̂i = Prob(lnci < lnz|Xi) = Φ

[(
lnz− Xi β̂FGLS

)
/
√

Xi θ̂FGLS

]
(1)

where V̂i is the estimated value of the probability of poverty of farmer i in the future, ci is the
per capita consumption of the household, z is the poverty line, Φ is the cumulative distri-
bution function of the normal distribution, and β̂FGLS and θ̂FGLS denote the expected value
and variance of the family’s future consumption estimated by the feasible generalized least
squares (FGLS) method; compared with the ordinary least squares, FGLS can effectively
eliminate the heteroscedasticity of the model and improve the accuracy of the estimation
results. Xi is an observable variable, mainly including family characteristic variables (in-
cluding income, population, assets, liabilities, employment, and education) and household
head characteristic variables (including age, gender, marriage, health, and occupation).

In order to assess a family’s VEP, this study uses per capita household consumption.
With respect to poverty based on consumption, two observations can be made: First,
income is easily underestimated in micro-surveys, while consumption may better reflect
the family’s level of well-being, and second, using income as an explanatory variable can
easily lead to strong endogenous problems in the measurement model. Concerning the
choice of the poverty line, there are primarily two standards of per capita daily consumption
of USD 1.9 and USD 3.1 proposed by the World Bank in 2015; based on China’s average
purchasing power and CPI index, we convert them into CNY 2800 and CNY 4570 per capita
annual consumption at the end of 2018 [49]. This paper primarily measures the farmers’
VEP based on their USD 1.9 per day per capita consumption, in line with existing research.
Regarding the vulnerability threshold, this paper refers to the work of Gunther and Ward
and sets the vulnerability line at 0.29; i.e., if the probability of a rural household falling into
poverty in the future is greater than 0.29, set to 1; less than 0.29, set to 0 [50,51].

2.2.2. Econometric Model

In order to comprehensively examine the impact of land transfer on the poverty
vulnerability of farmers, the logit model is constructed as follows:

{
log
(

p
1−p

)
= β0 + β1trans f eri + β2Xi + εi

p = prob(vi = 1)
(2)

where vi is the household poverty vulnerability status of farmer i calculated based on the
per capita consumption level of the household, vi = 1 represents a poor and vulnerable
household, and vi = 0 represents a non-poor and vulnerable household. trans f eri indicates
whether farmer i participates in land transfer, and Xi indicates a series of control variables,
mainly including family characteristics and household head characteristics.
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2.2.3. Stepwise Regression

Since there are many control variables affecting the dependent variable in the model,
and the influence of individual variables on the dependent variable is small, the sum of
squared errors does not decrease when these variables are included, but on the contrary,
the error becomes larger due to the increase in the number of variables, which affects the
overall stability. To address this problem, the stepwise regression method is used to select
the variables with significant effects from many control variables to establish a regression
model. The specific model is as follows:

Given the set of candidate control variables T = {x1 · · · xm}, from which a subset
T1 ∈ T, the sum of squared errors of the regression model constructed from T1 and the
dependent variable is Q, and then the square of the remaining standard deviation of the
model is Equation (3).

T2 =
Q

n− l − 1
(3)

X in the formula is the data sample size. The selected subset T1 should minimize T as
a quantitative criterion for variable selection.

Then determine an initial subset, each time from the subset outside the impact of
significant variables to introduce a maximum impact on the dependent variable, and then
the original subset of variables to test, from the variables that become insignificant to
eliminate a minimum impact, until it cannot be introduced and eliminated. Meanwhile,
there are highlights worth noting in this model. First, the significance level am for the
introduced variables and aout for the excluded variables should be selected appropriately;
obviously, the larger the am is, the more variables are introduced, and the larger the aout is,
the fewer variables are excluded. The second highlight is that due to the correlation between
individual variables, the introduction of a new variable will make a variable originally
considered significant insignificant and thus be dropped, so we selected variables that are
as independent of each other as possible.

2.2.4. PSM Method

Whether land transfer reduces the poverty vulnerability of farm households is a
non-randomized experimental self-selection problem that is highly susceptible to selective
error, which can be effectively addressed by propensity score matching (PSM). PSM is a
non-parametric analysis method of counterfactual inference, which can effectively reduce
selectivity bias and endogeneity by analytically processing non-experimental and obser-
vational data, and it is commonly applied in the evaluation of policy effects. PSM is used
to test the robustness of the logit regression results. The logit model is used to calculate
the conditional probability fitting value of the sample farmers’ land transfer, which is the
propensity score (PS).

PSi = Pr[Di = 1|Xi]= E[Di = 0|Xi] (4)

ATT =
1

Nt ∑i∈It∩S

{
Yi −∑j∈Ic∩S WijYj

}
(5)

where Nt is the number of samples of land transfer households, It is the sample set of the
disposal group (participating in land transfer), Ic is the sample set of the control group (not
involved in land transfer), Yi is the observed value of the sample of the disposal group,
and Yj is the sample of the control group. S is the common support domain set, Wij is
the matching weight, and ATT is the average disposition effect. The main method is to
match the samples of the control group and the disposal group according to the propensity
value to ensure that there is no significant difference in their main characteristics. Then, the
control group is used to estimate the counterfactual state of the treatment group (i.e., no
participation in the transfer) and calculate the poverty caused by the land transfer and the
net treatment effect of vulnerability ATT.
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2.3. Variables

Since the focus of this paper is on whether the loss of land management rights increases
the risk of poverty for the farmers, the key variable defined is whether farmers transferred
their farmland. Farmers who transferred their farmland are controlled for using question
FS2 “whether they lease their land to others”, with a value of 1 if the household transferred
its farmland and 0 otherwise. A significance of p < 0.1 is set, and 10 control variables are
identified by excluding insignificant variables through stepwise regression. Descriptive
statistics are provided in Table 1.

Table 1. Variable definition and descriptive statistics.

Variables Variable Meaning Calculation Method Mean Std

explanatory variable
transfer land transfer land transfer = 1, other = 0 0.169 0.375

family characteristic
variables

lnfincome per capita household
income

logarithm of per capita household
income 10.483 1.072

lnasset family assets logarithm of family assets 12.028 1.188

lnagri agricultural machinery
assets

logarithm of family farming
machinery assets 3.231 4.062

lnralat social capital
logarithm of the family

relationship
expenditure

7.116 2.388

lnsize family size logarithm of household size 3.908 1.979
subside government subsidy government subsidy = 1, other = 0 0.657 0.474
house housing property more than 1 property = 1, other = 0 0.140 0.347

household head
characteristic

variables
lnage age of head of household logarithm of 2018 respondent age 52.696 13.316

marry head of household
marriage married = 1, other = 0 0.858 0.348

edu head of household
education education level 6.310 4.176

3. Results
3.1. Baseline Regression and Sub-Regional Regression

The results of the baseline regression of the impact of the land transfer on the VEP of
farm households are presented in Table 2. The results indicated that across the sample, all
other factors being equal, land transfer effectively decreases the VEP of farm households,
in that the transfer of land management rights does not increase the likelihood of farm
households falling into poverty in the future. This conclusion is generally consistent with
Deng and Wang et al.’s findings [52,53].

106



Land 2022, 11, 1995

Table 2. Baseline regression and sub-regional regression results.

Variables All Area East Middle West

transfer
−0.00605 *** −0.00227 −0.00523 ** −0.0102 ***

(0.00123) (0.00196) (0.00206) (0.00229)

lnfincome
−0.00508 *** −0.00642 *** −0.00523 *** −0.00443 ***

(0.000679) (0.00111) (0.00124) (0.00116)

lnasset
−0.00130 ** −0.00280 *** −0.000120 −0.000356
(0.000571) (0.000887) (0.00109) (0.000998)

lnagri −0.000576 *** −0.000191 −0.000308 −0.00114 ***
(0.000140) (0.000236) (0.000251) (0.000242)

lnralat
−0.00102 *** −0.000659 * −0.00121 *** −0.00143 ***

(0.000251) (0.000358) (0.000453) (0.000493)

lnsize
0.0391 *** 0.0314 *** 0.0396 *** 0.0471 ***
(0.00121) (0.00190) (0.00220) (0.00222)

subside
−0.00236 ** −0.00158 −0.00219 −0.00296

(0.00118) (0.00178) (0.00218) (0.00219)

house
−0.00318 * −0.00032 −0.00459 −0.00628 **
(0.00167) (0.00253) (0.00290) (0.00317)

lnage 0.0434 *** 0.0343 *** 0.0356 *** 0.0544 ***
(0.00218) (0.00384) (0.00394) (0.00368)

marry −0.0230 *** −0.0188 *** −0.0215 *** −0.0282 ***
(0.00174) (0.00279) (0.00333) (0.00294)

edu
−0.00125 *** −0.00113 *** −0.00149 *** −0.00127 ***

(0.000145) (0.000254) (0.000260) (0.000244)

Constant
−0.0936 *** −0.0251 −0.0770 *** −0.154 ***

(0.0121) (0.0207) (0.0228) (0.0204)
R-squared 0.275 0.256 0.283 0.306

N 4608 1511 1350 1747

Note: Standard errors are in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01. Same below.

It is widely accepted in the academic literature that regional economic development
is a crucial factor in determining whether or not rural households are able to reduce their
poverty levels [54]. There are obvious gaps in the economic development of eastern, central,
and western China, and land prices are relatively low in economically underdeveloped
regions [55]. Rapidly advancing industrialization and urbanization have substantially
increased urban labor compensation, causing a large number of rural laborers to migrate to
cities [56]. The level of economic development, industrial structure, employment capacity,
and wage level of cities have an immediate impact on the income of urban farmers [57].
Generally, the non-agricultural supply of labor pattern of Chinese agricultural families
exhibits specific geographical characteristics [58], and this pattern is driven by the de-
velopment of non-agricultural enterprises outside the village [59]. In other words, the
growth of these industries will have an obvious effect on rural labor migration but will
have no discernible effect on the mobility of agricultural property rights [60]. However,
within the sub-regional sample, the effect of land transfer on household VEP is statistically
insignificant in the eastern region, but statistically significant at the 5% and 1% levels in the
central and western regions. There is significant heterogeneity in the estimated coefficients
for land transfer between the central and western regions. This may be due to the fact
that the development of tertiary industry in the western region lags behind and cannot
provide enough alternative employment opportunities outside agriculture, and that the
livelihood conversion costs incurred by farm households after the transfer of farmland
are more expensive; therefore, the impact of the land transfer on reducing VEP of farm
households is not as significant in the western region as it is in the central region.

The results for the control variables show the following: (1) For household charac-
teristics, the estimated coefficients for the variables household income, household assets,
agricultural assets, social capital, and housing property were negatively significant, while
the estimated coefficients for household size and government subsidies were positively
significant. This suggests that higher household income, increased assets, the accumulation
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of social capital, participation in non-farm businesses, and improved housing conditions
will all contribute to reducing household poverty vulnerability. The greater the household
size, the greater the risk of future poverty shocks to the farm household. Land transfer
would reduce the risk of poverty for households receiving government subsidies; a possible
explanation is that the funds obtained from land transfers are an important source of
income for such households. (2) Regarding the characteristics of the household head, the
marital status and education of the household head had a significant negative effect on the
VEP of the household, while the age of the household head had a significant positive effect.
VEP is influenced by many factors, such as natural resources, ability, and economic cycles,
and only 10 control variables were selected for our study, resulting in a regression with an
R2 between 0.2 and 0.4, but it is sufficient to explain the impact of land transfer.

3.2. Heterogeneity in the Impact of Land Transfer on Household Poverty Vulnerability across
Different Types of Farm Households

The fundamental situation, economic source, and capital composition of the family
have a substantial bearing on the impact of land transfer. Farmers experience the most
economic pressure and the least social pressure; farmers have the highest adaptability to
social capital and the lowest adaptability to financial capital [61]. Cultivated land serves
as a social security function for farmers, and land assets not only represent agricultural
production means in rural China, but also provide employment security for farmers and
can be used as collateral for loans [62], allowing farmers to apply for bank loans [63]. With
the improvement of the farmland transfer market, the availability of non-agricultural labor
has increased, the average non-agricultural labor time of rural households has risen, and
the average household income has increased [64]. The family characteristics of farmers,
such as income, sources of income, and social capital, have a direct effect on the likelihood
of future poverty [65,66]. Different types of farm households were grouped and regressed
in clusters to assess the impact of the land transfer on their VEP.

3.2.1. Clustering Farmer Households According to Their Poverty Level

According to World Bank poverty thresholds of USD 1.9 and USD 3.1 per capita per
day, households with per capita daily consumption of USD 1.9 or less are classified as
extremely poor, those with a per capita daily consumption of USD 1.9 to USD 3.1 are
classified as relatively poor, and those with a per capita daily consumption of USD 3.1 or
more are classified as non-poor. Consequently, the impact of the land transfer on VEP of
three types of farm households, namely absolutely poor, relatively poor, and non-poor,
was investigated. In Table 3, columns 1 to 3 display the regression results of land transfer
on VEP of absolute poverty, relative poverty, and non-poverty households. The number
of absolute poverty in the sample is 0, so column 1 is empty. The results indicated the
following: (1) Land transfer can substantially reduce the household VEP of non-poor
and relatively poor farmers. This suggests that non-poor and relatively poor farmers
can use land transfer to revitalize their household assets to increase their income, reduce
poverty, and improve their ability to resist poverty in the future. (2) The further comparison
revealed that the greater absolute value of the estimated coefficient of land transfer on
VEP of households with relative poverty suggests that land transfer is more effective
at preventing the occurrence of poverty in this population. Relatively poor households
are even more lacking in the original accumulation of capital to escape poverty. The
poverty trap theory proposes that the vicious cycle of low income–low savings–low capital
formation–low output–low income is the root cause of poor households’ inability to escape
poverty [67]. The short-term rental income effect brought by land transfer can provide
relatively poor households with the necessary capital accumulation to break out of the
poverty trap.
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Table 3. Regression results grouped by household poverty level.

Variables Absolute Poverty Relative Poverty Non-Poverty

transfer
−0.00797 * −0.00535 ***
(0.00463) (0.000820)

control variable control control control

Constant
−0.295 *** −0.0625 ***

(0.0470) (0.00804)
R-squared 0.392 0.276

Observations 0 965 3643

3.2.2. Clustering by Criteria of Farm Household Financing Constraints and
Government Subsidies

It is common for farmers in rural areas to be constrained by financing, which has
become a significant factor impeding their ability to increase their income and reduce
poverty. Farmers are divided into financing-constrained households and non-financing-
constrained households based on the results of the questionnaire item “Have you ever
been denied a loan or credit?” On this basis, the effect of land transfer on the poverty and
vulnerability of farmers with varying financial constraints is investigated. Government
subsidies refer primarily to whether or not farmers have received various cash or in-kind
subsidies from the government, such as subsistence allowances, subsidies for returning
farmland to forests, and agricultural subsidies. Government subsidies are an essential policy
instrument for alleviating poverty. Farmers were classified as government-subsidized and
non-government-subsidized farmers, and the disparate effects of land transfer on the
poverty and vulnerability of these two groups were investigated.

The regression results in Table 4 indicate the following: (1) Land transfer has no
significant effect on the VEP of rural households with financing constraints, but it has
a significant inhibitory effect on the VEP of households without financing constraints.
Possible causes include a rise in the demand for credit due to the diversification of farmers’
sources of income away from agriculture after the transfer of their land, particularly in the
form of non-farm self-employment activities. Non-financing-constrained households can
more easily meet credit needs and quickly convert household income to non-agricultural
operations, whereas this is difficult for financing-constrained households. (2) Land trans-
fer can effectively reduce the VEP of government-subsidized households while having
no significant effect on households that have not received government subsidies. The
government’s planned provision of targeted vocational education, property development
and alleviation programs, and other preferential policies may be the cause of this smooth
resolution of the employment issue facing rural land transfer households.

Table 4. Regression results grouped by financing constraints and government subsidies.

Variables
Financing Constraints Government Subsidies

(1) Yes (2) No (3) Yes (4) No

transfer
−0.00155 −0.00510 *** −0.00441 *** −0.00419
(0.00342) (0.00168) (0.00170) (0.00291)

control variable control control control control

Constant
−0.100 *** −0.0912 *** −0.131 *** −0.0464 **

(0.0269) (0.0137) (0.0144) (0.0219)
R-squared 0.255 0.279 0.324 0.217

Observations 1001 3607 3029 1579

3.3. Heterogeneity in Head of Household Characteristics

The individual circumstances of the household’s primary breadwinner are a significant
factor in that household’s level of financial well-being and, by extension, its degree of
independence from subsistence vulnerability and external risks, and they vary widely [68].
The job category of the head of household will lead to a widening of the poverty and income
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gap, and the impact of human capital on household economic growth is significantly
greater than that of physical capital [69]. When farmers retire or become too old to work
in agriculture, they will sublease their cultivated land in order to maintain their daily
consumption [70]. According to the results of a survey conducted by Glauben et al. [71],
educational attainment plays a significant role in reducing poverty. The vulnerability of
structural poverty is the primary source of vulnerability in rural China, and compulsory
education has significantly decreased the vulnerability to poverty [72]. Universal primary
education reduces structural poverty vulnerability more effectively than temporary poverty
vulnerability [73]. Further analysis proves that compulsory education primarily improves
various abilities to obtain a permanent income, such as cognitive ability and participation
in non-agricultural work, which are crucial means of reducing structural poverty [74].
Consequently, it is essential to identify these characteristics that influence household head
income and incorporate them into the assessment of land transfer effects, as we will do in
this paper.

The relationship between land transfer and a family’s VEP will vary depending on
the nature of work of the head of household, who is typically the primary decision-maker
and backbone of the family. Farmers are classified into three categories based on the
employment status of the household’s head: self-employed farmers, farmers with unstable
employment, and farmers with stable employment. Farmers whose primary source of
income comes from their own agricultural operations are considered self-employed, farmers
whose primary source of income comes from both agriculture and non-agricultural jobs are
considered unstably employed, and farmers whose primary source of income comes from
non-agricultural jobs with a stable employer are considered employed farmers. Accordingly,
the variability of the impact on farm household VEP with different employment choices of
the household head is examined. The regression results are shown in Table 5.

Table 5. Regression results grouped by the nature of work of the household head.

Variables
The Nature of the Householder’s Work

(1) Self-Employed (2) Not Stably Employed (3) Stably Employed

transfer −0.00527 **
(0.00222)

−0.0108 **
(0.00465)

−0.000913
(0.00144)

control variable control control control

Constant −0.150 ***
(0.0173)

−0.107 **
(0.0528)

−0.0282 **
(0.0139)

R-squared 0.301 0.348 0.132
Observations 3125 121 610

Table 5 presents regression results for the effect of land transfer on household VEP
for each of the three household head employment choices. Land transfer can significantly
reduce the VEP of self-employed farmers but has no significant effect on the VEP of
employed farmers. Possible explanations include the fact that the family income structure
of self-employed farmers is single, the transfer of farm land creates contiguous production
that increases the efficiency of agricultural output, and the income increase effect is obvious,
thereby effectively reducing VEP.

3.4. PSM Robustness Analysis

PSM was developed to test the validity of the preceding conclusions. The farmer
households whose farmland was transferred out were assigned to the disposal group,
while those who did not participate in the farmland transfer were assigned to the control
group. The disposal group and the control group were matched based on their propensity
scores, and a balance test was conducted to ensure that there were no significant differences
in their main characteristics. The causal relationship between land transfer and VEP of
rural households was then investigated. At the same time, based on the family poverty
level, financing constraints, government subsidies, and type of work of the household
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head as criteria, the subsamples are divided for group testing and the average elimination
effect is calculated using two matching methods: nuclear matching and nearest neighbor
matching. The results of the PSM robustness test are shown in Table 6.

Table 6. PSM method robustness test results.

Sample
Classification Matching Method ATT Std. Err. Sample

Classification Matching Method ATT Std. Err.

full sample kernel matching −0.027 ** 0.0118 financing
constraints

kernel matching 0.0093 0.0240
neighbor matching −0.0385 * 0.0208 neighbor matching 0.0408 0.0420

east
kernel matching −0.0110 0.0190 non-financial

constraints
kernel matching −0.036 *** 0.0137

neighbor matching −0.0338 0.0362 neighbor matching −0.0538 ** 0.0248

middle
kernel matching −0.0230 0.0177 government

subsidies
kernel matching −0.040 *** 0.0126

neighbor matching −0.0179 0.0353 neighbor matching −0.0235 0.0266

west
kernel matching −0.037* 0.0199 non-government

subsidies
kernel matching 0.0018 0.0182

neighbor matching −0.0216 0.0367 neighbor matching 0.0001 0.0256
absolute
poverty

kernel matching null null self-employed kernel matching −0.0271 * 0.0157
neighbor matching null null neighbor matching −0.0483 0.0324

relative
poverty

kernel matching −0.0076 0.0433 not stably
employed

kernel matching −0.0786 0.0843
neighbor matching −0.0444 0.0774 neighbor matching −0.0277 0.1170

non-poverty kernel matching −0.035 *** 0.0102 stably employed kernel matching −0.0156 0.0116
neighbor matching −0.0372 * 0.0206 neighbor matching −0.0167 0.0211

Note: The average treatment effect on the treated(ATT) is a participant average treatment effect.

Table 6 demonstrates that the ATT of land transfer on VEP of rural households under
the two matching methods is negative and statistically significant. In general, land transfer
reduces the VEP of farm households by 2.7% to 3.8%. A possible explanation is that
China’s per capita arable land is small, and the corresponding land transfer area for farm
households is small, so the measured land transfer does not have a significant impact on
VEP. The ATT in the western region is significantly negative, and land transfer can reduce
the VEP of rural households in the western region by about 3.7%. The average disposal
effect in the central region is negative but not statistically significant, which is significantly
inconsistent with the negative regression coefficients in Table 2, indicating that the effect
of land transfer on the VEP of rural households in the central region requires additional
investigation. The average disposition effect in the eastern region is also not significant,
which partially corroborates the robustness of the regression results in Table 2.

The ATT of absolute and relatively poor households is not statistically significant,
which is consistent with the conclusion of the regression analysis presented in Table 3. The
average disposal effect of non-poor households is notably negative, and land transfer can
reduce the VEP of non-poor households by 3.5% to 3.7%. This verifies the validity of the
regression results presented in Table 3.

From the standpoint of financing constraints and government subsidies, the average
disposal effect of households with financing constraints is insignificant, whereas the ATT
of households without financing constraints is significantly negative. The transfer of land
will reduce the VEP of households without financial constraints by 3.6% to 5.4%. The
ATT of farmers who receive government subsidies is significantly negative, and land
transfer can reduce the VEP of government-subsidized families by 4%, whereas the average
disposal effect of farmers who do not receive government subsidies is positive. The effect
is inconsequential. This verifies the validity of the regression results in Table 4.

Based on the household head’s job nature grouping, the ATT is significantly negative
for self-employed farmers, and land transfer can significantly reduce the poverty risk of
self-employed farmers by 2.7%. However, the ATT does not have a significant impact on
reducing the VEP of the two types of farm households. The robustness of the regression
conclusions presented in Table 5 is evident.

In conclusion, most of the research conclusions presented in Tables 2–5 have passed
the robustness test.
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4. Discussion, Conclusions, and Implications
4.1. Discussion

Transferring rural land is conducive to enhancing the utilization efficiency of rural
land resources, boosting the competitiveness and comprehensive economic benefits of
agriculture, and ensuring the continuous increase in farmers’ income. However, land
transfer compensates agricultural households primarily for the production function of
the land, but insufficiently for its security function and asset function [75]. Farmers who
transfer land may become “uncultivated land, insecure, and unemployable” if they engage
in new labor, participate in labor market competition [76,77], and adapt to urban life [78].
We believe that the issue of the impact of the land transfer on VEP cannot be generalized
and needs to be discussed according to the heterogeneity of farm households.

According to the poverty trap theory, regional differences, material resources, educa-
tional level, social capital, and financial constraints all have an effect on poverty [79]. In
terms of regional heterogeneity, the higher the level of regional economic development
and the more comprehensive the infrastructure, the more conducive they are to reducing
the likelihood of future poverty in the region; otherwise, the region will fall into persis-
tent poverty [80,81]. This also applies to the effect of land transfer on reducing poverty.
Heterogeneity in family characteristics, family income, financial constraints, government
subsidies, and other characteristics will result in greater income and labor dividend het-
erogeneity resulting from land transfer [82–84]. There are disparities in family wealth,
and the primary factor is the household head [85]. For the majority of peasant families,
the household head is the determining factor in the family’s income [86]. The education
and occupation of the household head have a strong explanatory power for the family’s
wealth [87–89]. According to the findings of this study, land transfer can encourage the
diversification of farmers’ livelihood strategies, thereby increasing farmers’ income. Land
transfer facilitates large-scale agricultural production and is a crucial means for farmers to
increase their income. The study portrayed the group of farmer households able to reduce
VPE through land transfer.

Compared with existing studies, this paper uses the VEP indicator to measure the
future poverty risk faced by farming households, overcoming the fact that current studies
only measure the welfare level of individuals or households at a certain point in time;
it takes into account the heterogeneity of farming households and explores the poverty
reduction effect of land transfer on households with different characteristics separately; the
use of the PSM method effectively solves the endogeneity problem of VEP.

In addition, there are some shortcomings in this research, which future research would
need to address: (1) The modest reduction in poverty vulnerability in the PSM test results
may be due to the small size of the transferred land area, which needs to be focused on in
the next surveys and studies. (2) The effect of land transfer on the VEP of rural households
in the east and central region has not yet been conclusively demonstrated, and further
research is necessary to analyze the effects of land transfer on poverty reduction in different
regions, disaggregated by level of economic development and conditions of intensive land
use. (3) Due to a lack of data, the selection of factors influencing VEP is not comprehensive
enough, for example, the distance between the village and the main town can be used as a
variable to measure how land values affect the VEP. In the future, we will conduct in-depth
research on the aforementioned topics in an effort to arrive at more meaningful conclusions
and offer more instructive recommendations for practice.

4.2. Conclusions and Implications

This paper conducted a categorical regression of farm households through a multidi-
mensional perspective and applied the PSM method to test the effect of land transfer on
farm household VEP and its heterogeneity. The findings indicate the following: (1) In rural
China, land transfer has been shown to have abatement effects on VEP of between 2.9%
and 4.2% for farm households. (2) In the western region, land transfer significantly reduces
the VEP of farm households, while in the eastern and central regions, no such reduction
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is seen, and the effect on the VEP of farm households in the central region remains to
be demonstrated. (3) In terms of household characteristics subgroups, land transfer has
no significant effect on the VEP of farming households already in poverty (absolute and
relative poverty), while it can significantly reduce the VEP of non-poor farming house-
holds. (4) Land transfer was effective in promoting VEP reduction among farm households
without financial constraints and with government subsidies, but had no effect on VEP
among farm households with financing constraints and without government subsidies.
(5) When considering the subgroup of characteristics associated with household heads,
land transfer primarily has a significant abating effect on the VEP of self-employed farmers,
while having no significant impact on the VEP of employed farmers. These results provide
empirical evidence for government land management, agricultural development, and the
decisions of farmers.

The preceding findings have significant policy ramifications: The first step is to
expedite the process of reforming the system that governs rural land and then to standardize
and methodically guide the flow of rural land. Currently, the small amount of arable land
per person in China’s rural areas, the difficulty of structural adjustment, and the high
cost of agricultural production are significant factors limiting the efficiency of agriculture,
the increase in farmer income, and the revitalization of rural areas. Transferring rural
land is conducive to enhancing the efficacy of rural land resource utilization, boosting the
competitiveness and comprehensive economic benefits of agriculture, and ensuring farmers’
income growth is sustainable. In addition, the loss of land management rights does not
result in severe poverty shocks for farming households, as land transfer enables farmland-
transferring households to harvest land transfer rents, boosts the capital accumulation of
farming households, encourages the diversification of farmers’ occupations, and enhances
the structure of farming households’ household income. Secondly, rural land transfer must
adhere to the local, village-based, and household-based principles. Due to the varying
natural conditions in different regions and the unbalanced rural economic development
that has resulted in significant differences among villages and farmers, the promotion of
land transfer should be tailored to local conditions, meaning that it should be different
from village to village and different from household to household. Furthermore, it should
not be carried out in a manner that is too hasty, as this would infringe on the lawful rights
and interests of farmers. The third phase is to put in place a system to facilitate the transfer
of land in rural areas. The government should propose a series of targeted financial and
human capital service protection policies, such as financial assistance for eligible new
agricultural businesses to take precedence in agriculture-related projects. Furthermore,
issues such as a lack of funds for relocating families and achieving diversification of
livelihood strategies and sustainable livelihoods should be addressed. In the meantime,
the government should offer targeted vocational and special skills training in non-farming
fields to increase farmers’ employability outside of agriculture.
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Abstract: The cultivated land-use transition (CLUT) is the morphological result of changes in the
cultivated land-use mode over time, and the result of the interaction and mutual restriction of the
human land system. This paper applies a “spatial–functional” integrated framework to understand
the structure and functioning of CLUTs, and quantitatively evaluates and visualizes CLUTs in the
major grain-producing area in southern China. The results show that (1) the comprehensive CLUT
index in the middle and lower reaches of the Yangtze River changed from 0.0480 to 0.0711 from
2001 to 2019 and indicated significant differences in the transition index between different regions.
(2) The CLUT identified a positive aggregation effect under a 5% significance during the period, and
the agglomeration degree of the spatial and functional transitions strengthened, which increased
from 0.3776 to 0.4673 and from 0.2127 to 0.2952, respectively. (3) The gravity center of the CLUT
demonstrated a pattern of migration from the southwest to the northeast, and the migration speed
of the gravity center decreased from 2.9401 km/year to 1.2370 km/year. The migration direction of
the gravity center for the spatial transition is opposite to the functional transition, and the migration
speed of the gravity center for the spatial and functional transitions decreased from 8.3573 km/year to
1.0814 km/year, and from 3.2398 km/year to 1.0254 km/year, respectively. To address this transition,
policymakers should formulate differentiated policies to promote the sustainable use of cultivated
land through the spatial and functional transition of major grain-producing areas.

Keywords: cultivated land-use transition (CLUT); spatial morphology; functional morphology; drive
mechanism; main grain-producing areas

1. Introduction

Cultivated land is a key component to achieve sustainable development and ensure
food security [1]. China has the third largest cultivated area in the world, but the per capita
level is less than 1/2 of the global average. Since 1978, when socioeconomic reforms were
implemented, China has experienced rapid development [2,3]. In 2000, in the opening
year of the Tenth Five-Year Plan, the Chinese government stated that China’s conditions
for promoting urbanization were gradually maturing, and it was necessary to accelerate
the implementation of an urbanization strategy [4,5]. Therefore, Chinese urbanization
has entered an accelerated development stage. The urbanization levels increased from
36.20% to 60.60%, and the average annual urbanization growth rate remained at 1.28% from
2000 to 2019 [6]. However, this achievement also led to corresponding social, economic,
and ecological problems. These problems include disorderly construction land expansion,
inefficient land use [7], abandoned villages [8,9], and the overexploitation of ecological
resources, which lead to a significant depletion of cultivated land resources and serious non-
agriculturalization and pollution [10]. With this context of the times, China’s cultivated land
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conditions are undergoing drastic changes. Accordingly, the cultivated land-use transition
(CLUT) has become one of the most urgent issues to be addressed by the academic and
governmental sectors. Land-use transition (LUT) originated in the 1990s at the University
of Aberdeen in Scotland as the geographer Mather’s exploration of the forest transition
hypothesis, which involves corresponding changes in land-use morphology during social
development [11,12]. The research on LUT has expanded from forests to grasslands, waters,
and cultivated land. Meanwhile, from the research perspective of land change from land-
use/cover change (LUCC) to land-change science (LCS), LUT has become a frontier hotspot
of land-system science [13].

In fact, CLUT is the main component of LUT, which continues the research results of
LUT in terms of concept and connotation, and is a trend turning point of cultivated land-use
morphology under long-term changes. In other words, it is a process of transition from
one stable state to another stable state [14]. Existing studies usually decompose cultivated
land-use morphology into dominant and recessive [15]. The former includes the amount of
cultivated land, planting structure, and landscape pattern attributes. The latter includes
attributes that are not easy to be directly observed, such as cultivated land quality, property
rights, and management methods, and can only be obtained through investigation, testing,
and analysis [16]. This applies, for example, to the soil chemical content of cultivated land.
The dominant morphology of cultivated land is the direct expression of its space utilization
status; therefore, the dominant morphology is also called the spatial morphology, and the
two are essentially the same [17]. In order to present the recessive morphology of cultivated
land more intuitively, this study starts from the functional morphology of cultivated land for
transition diagnosis. The functional morphology perspective of cultivated land corresponds
to the human demand for cultivated land and is a comprehensive manifestation of recessive
morphology [18].

Based on the definition of cultivated land pattern, the current research in this field gen-
erally covers the CLUT path, index construction, spatiotemporal differentiation characteris-
tics, and driving mechanism [19] and its relationship to social and economic activities [20].
Regarding the path of CLUT, most studies mainly focus on the expression of a single
path of cultivated land morphology. From the perspective of spatial pattern, it focuses
on the study of land-use/cover change [21]. Research on the recessive pattern has a wide
range of perspectives, such as changes in cultivated land productivity, monitoring of soil
quality, and conversion of property rights [22–25]. There is still a gap in the research on
combining spatial morphology and functional morphology to comprehensively evaluate
CLUT. In terms of index construction, the evaluation of CLUT is mainly to quantify the
morphological changes of cultivated land [26]. For different scholars, the understanding of
CLUT performance is different, and the selection of indicators is also prone to differences,
which reduces the comparability between different studies. For instance, when choosing
the evaluation index of the social function of arable land, some researchers consider it to
be the ability of cultivated land to solve farmers’ work problems, and they select indica-
tors such as agricultural income and the labor-carrying capacity of cultivated land; to the
contrary, some researchers think that it is the faculty of cultivated land to produce food
to feed the population, so the per capita food availability is selected for evaluation [27].
At the analysis level of the driving mechanism, the spatial econometric model is mainly
used for quantitative research, and variables are selected from social and natural factors.
However, qualitative research is the foundation of quantitative research, and the current
logical analysis of the driving mechanism from a qualitative perspective is still relatively
weak. In terms of the relationship with society and the economy, there are studies on the
coupling and interaction mechanism of food production, agricultural–economic develop-
ment, and rural labor transfer [28]. At the same time, CLUT is also usefully explored from
the perspective of its ecological environment effect. At the regional level, the research
mainly focuses on the national, provincial, and municipal regions. The cultivated land
is mainly used for food production, and CLUT has a more profound impact on the main
grain-producing areas than other areas. However, scholars have neglected the issue of
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CLUT in the main grain-producing areas, which limits the guidance and reference value
for formulating policies for sustainable use of regional cultivated land. To sum up, it can
be seen that the relevant research on CLUT still has an incomplete evaluation framework,
inconsistent index selection criteria, weak qualitative analysis of the driving mechanism,
and gaps in regional research [29].

The main grain-producing areas have faced the various tasks of stable grain pro-
duction, economic growth, industrial upgrading, and ecological protection [30]. The
population and economy here are highly dense, which puts enormous pressure on the local
land supply and ecological environment. Undoubtedly, urban development has changed
the morphology of cultivated land. Therefore, this paper takes the middle and lower
reaches of the Yangtze River as the research area. In addition, we attempt to construct a
“spatial–functional” integrated framework to evaluate the CLUT. In particular, the study
aims to: (1) identify and construct the connotation of CLUT from multiple dimensions;
(2) build a comprehensive evaluation index system to achieve a scientific and effective
quantitative evaluation of a regional CLUT; (3) reveal the spatiotemporal variation laws
and characteristics of the CLUT in the main grain-producing areas; and (4) put forward
targeted strategies for the optimal utilization and reasonable transition of cultivated land.

The marginal contributions of this study are mainly in the following four parts.
(1) Based on the perspective of the comprehensive “spatial–functional” pattern to explore
the spatiotemporal characteristics of CLUT, which expands the definition of cultivated
land-use pattern and enriches the related literature of CLUT; (2) the selection of CLUT
indicators under the two morphologies is subdivided and explained, which provides an
evaluation system that can be used for reference; (3) the driving mechanism of CLUT is
described from the theoretical level. The driving principles of natural and socioeconomic
policy, technology, and other factors are analyzed. It lays a theoretical foundation for carry-
ing out qualitative research; (4) considering the particularity of the main grain-producing
areas, it provides a research basis for the formulation of cultivated land-use policies in the
study area and similar areas.

2. CLUT Interpretation Framework

As the social stage develops from point A to point B (Figure 1), which is mainly
affected by the natural environment, socioeconomic policy, and technology [31], to meet the
needs of the social development stage, the cultivated land users will adjust their cultivated
land utilization behavior through the actual conditions of the cultivated land, and the
cultivated land-use morphology will change accordingly. When the social stage develops
toward a higher point C, the original cultivated land-use morphology at point B should
continue to be adjusted accordingly [32]. Therefore, for different scales, the CLUT is an
iterative process of dynamic balancing of the human–earth system interactions and joint
constraints [33,34].

Thus, this study divides cultivated land-use morphology into two aspects: namely,
spatial and functional. Spatial morphology consists of the amount of cultivated land,
landscape, and crop planting structure [35]. Functional morphology reflects the types of
cultivated land functions, which is an inherent attribute [36]. According to the classification
of land-use functions (LUFs), the functions of cultivated land are divided into the three basic
functions of crop production, life support, and ecological maintenance [37]. Therefore, this
study constructs a “spatial–functional” integration framework to identify and construct
the mechanism of CLUT from multiple dimensions, which is helpful to comprehensively
identify and evaluate CLUT.
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(1) Cultivated land-use spatial transition: When the social development level is low,
due to the unclear property rights of cultivated land and underdeveloped agricultural
technology, the social awareness of cultivated land protection is relatively weak and there
is a disorderly expansion in cities. To ensure people’s rations, food crops have always
been the main crops grown on cultivated land. With the progress of society and the
gradual improvement of the agricultural system, people’s skills in using cultivated land
will continue to increase, and more attention will be given to promoting the sustainability
of cultivated land use. The national government will take relevant measures to curb the
reduction of the cultivated land area and ensure quality degradation so that the amount
of cultivated land may show a trend of “decrease–stable–increase” [38]. For example,
China currently implements strict cultivated farmland requisition–compensation-balance
policies to ensure the stability of the amount of cultivated land. To facilitate agricultural
production, people constantly adjust the distribution pattern of cultivated land plots
through engineering means, and the landscape pattern of cultivated land will develop in a
concentrated, continuous, and regular direction [39]. Moreover, against the background
of enriched consumer demand, and driven by the economic interests of cultivated land
operators, the arable land planting structure will show the characteristics of diversified
development. However, if the proportion of grain planting is too low, then the government
will introduce and implement relevant systems to control the trend of non-grain cultivated
land. In general, the quantity, planting, and landscape patterns of cultivated land change
in the course of social development.

(2) Cultivated land-use functional transition: For most farmers, agricultural labor
can provide employment and income, and the harvested crops can satisfy rations, which
maintains the farmers’ livelihood, prevents the occurrence of social risks such as hunger
and unemployment, and ensures the stable development of society [40]. At this time, an
increased use of chemicals is often relied on to increase food production. In this way, it is
easy to cause the decline of cultivated land quality and biodiversity, which restricts the
ecological function of cultivated land.
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The average patch area of cultivated land will increase, the variety of crops will be
diversified, and the quality will be increasingly higher so that the production function
will be enhanced. In the urbanization process, in the pursuit of higher income, the rural
surplus labor force will be transferred to nonagricultural industries, which results in the
reduction of farmland employment opportunities for farmers and ultimately affects the
life-support function of cultivated land [41]. Moreover, as the extensive use of agriculture
leads to ecological destruction, human beings have begun to understand and adjust their
relationship with nature [42], reduce the use of pesticides and fertilizers, and promote
green fertilizers. Thus, the ecological maintenance function of cultivated land has received
much attention and has improved greatly.

Comprehensively, CLUT is a continuous and cyclic process [43] that not only depends
on the influence of the social economy, policy, technology, and other factors, as well as the
promotion of cultivated land-user behavior, but also demonstrates the influencing factors
and the behavior of cultivated land users. The cultivated land user decides whether to
adjust the decision-making and behavior mode of cultivated land use according to their
satisfaction with the result of a CLUT. At the same time, the feedback of the CLUT can
promote the change and generation of the driving factors. For example, to satisfy the endless
demands of mankind, the cultivated land users try to continuously add chemical fertilizers
in exchange for the output of cultivated land. However, the result may be the destruction
of the cultivated land ecosystem [44]. To ensure sustainable development, policymakers
need to issue corresponding policies to restrict the input of chemical fertilizers. Therefore,
in the overall operation of the CLUT mechanism, the driving factors and transition results
promote and restrict one another through the subject of cultivated land use to form a
“multifactor drive→ subject behavior change→ CLUT→ transition result feedback→
new wheel drive” cyclical interaction process, which is also the internal model of the
spatiotemporal dynamic evolution of cultivated land-use morphology.

3. Methodology and Data
3.1. Study Area

The main grain-producing area is situated in Southern China at 24◦29′–35◦20′ N and
108◦21′–121◦57′ E. The study included 71 prefecture-level cities under the jurisdiction of
the five provinces of Jiangxi, Hunan, Hubei, Anhui, and Jiangsu (Figure 2). The total
area measures 81.19 × 104 km2, which is approximately 8.46% of China’s total land area.
The terrain here is flat, and it has abundant cultivated land resources. Meanwhile, the
mild climate and abundant rainfall have laid a good foundation for China’s agricultural
production. In 2019, the urban area was 37,672.74 km2, and the cultivated land of this
region was 21.77 × 104 km2, which account for approximately 4.64% and 26.82% of the
total area, respectively. The grain output reached 15,617.47 × 104 tons, which is nearly
one-quarter of the country’s total grain output (National Bureau of Statistics of China
(NBSC), 2020). With the improvement in the degree of economics and urbanization, and the
change in social demand, the structure and methods of cultivated land use have undergone
tremendous changes.

3.2. Explanation of the CLUT Assessment Indicators

Based on the “spatial–functional” integration of the CLUT, the evaluation indicator
system of the CLUT was established from the perspective of morphology. The indicators
were selected based on a scientific analysis of cultivated land morphology and collaboration
with scholars. The evaluation system consists of six factor layers and 18 indicator layers in
spatial and functional morphology. The following is a brief summary of the reasons for
choosing these indicators (Table 1).
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Figure 2. The study area includes Anhui, Hubei, Hunan, Jiangsu, and Jiangxi Provinces.

3.2.1. Selection of the Evaluation Index for the Spatial Transition

(1) The index of the pattern of cultivated land quantity considers its total resources,
area-change rate, and utilization degree [45]. The total area of cultivated land can reflect
the resource endowment conditions of a region, and the area-change rate can embody the
change in the amount of cultivated land. The reclamation rate can embody the change in
the cultivated land-use area. Therefore, the quantity pattern of cultivated land is measured
by three indicators: namely, the total area of cultivated land (x1), the rate of area change
(x2), and the reclamation rate (x3).

(2) Cultivated land planting pattern evaluation indicators consider the spatial change
in the cultivated land per capita planting area, the planting intensity, and the planting
structure. The per capita cultivated land area owned by planting industry employees can
reflect the area of cultivated land that can be planted per capita. The proportion of the grain
and cash crop planting area can reflect the planting structure of arable land. The multiple
cropping index can measure the planting intensity of cultivated land. The expansion of
the sown area of arable land will lead to the exponential growth of multiple cropping.
Therefore, we choose the per capita cultivated land area (x4), the proportion of the planting
area for food crops and cash crops (x5), and the multiple cropping index (x6) to characterize
the changes in the cultivated land planting pattern.

122



La
nd

20
22

,1
1,

16
22

Ta
bl

e
1.

Ev
al

ua
ti

on
in

de
x

sy
st

em
of

C
LU

T.

Ta
rg

et
Fa

ct
or

In
di

ca
to

rs
U

ni
t

W
ei

gh
ts

D
ir

ec
ti

on
1 ©

D
es

cr
ip

ti
on

M
in

M
ax

M
ea

n

Sp
at

ia
l

tr
an

si
ti

on

Q
ua

nt
it

y
pa

tt
er

n

To
ta

la
re

a
of

cu
lt

iv
at

ed
la

nd
(x

1)
kh

m
2

0.
06

03
+

To
ta

la
re

a
of

ar
ab

le
la

nd
.

6.
32

10
84

3.
21

65
27

7.
35

11

R
at

e
of

ar
ea

ch
an

ge
(x

2)
%

0.
03

22
+

N
ew

ly
in

cr
ea

se
d

(d
ec

re
as

ed
)

cu
lt

iv
at

ed
la

nd
ar

ea
/t

ot
al

cu
lt

iv
at

ed
la

nd
ar

ea
of

th
e

pr
ev

io
us

ye
ar

.

−
8.

26
65

5.
45

20
−

0.
72

33

R
ec

la
m

at
io

n
ra

te
(x

3)
%

0.
14

30
+

C
ul

ti
va

te
d

la
nd

ar
ea

/t
ot

al
la

nd
ar

ea
.

0.
01

94
0.

64
05

0.
29

14

Pl
an

ti
ng

pa
tt

er
n

Pe
r

ca
pi

ta
cu

lt
iv

at
ed

la
nd

ar
ea

(x
4)

hm
2 /p

er
so

n
0.

05
47

+
C

ul
ti

va
te

d
la

nd
ar

ea
/e

m
pl

oy
ee

s
in

pl
an

ti
ng

in
du

st
ry

.
0.

03
34

0.
33

32
0.

10
34

Pr
op

or
ti

on
of

th
e

pl
an

ti
ng

ar
ea

fo
r

fo
od

cr
op

s
an

d
ca

sh
cr

op
s

(x
5)

%
0.

02
92

+
Th

e
pl

an
ti

ng
ar

ea
of

fo
od

cr
op

s/
th

e
pl

an
ti

ng
ar

ea
of

ca
sh

cr
op

s.
0.

54
23

9.
80

29
2.

22
09

M
ul

ti
pl

e
cr

op
pi

ng
in

de
x

(x
6)

%
0.

09
65

+
To

ta
ls

ow
n

ar
ea

of
cr

op
s/

cu
lt

iv
at

ed
la

nd
ar

ea
.

1.
03

52
2.

98
17

1.
97

45

La
nd

sc
ap

e
pa

tt
er

n

Fr
ag

m
en

ta
ti

on
de

gr
ee

(x
7)

/
0.

01
95

−
To

ta
ln

um
be

r
of

fa
rm

la
nd

pa
tc

he
s/

to
ta

lf
ar

m
la

nd
la

nd
sc

ap
e

ar
ea

.
0.

00
10

0.
11

67
0.

02
87

A
gg

re
ga

ti
on

de
gr

ee
(x

8)
/

0.
01

36
+

Th
e

nu
m

be
r

of
ad

ja
ce

nt
pa

tc
he

s/
th

e
to

ta
ln

um
be

r
of

cu
lt

iv
at

ed
la

nd
pa

tc
he

s.
56

.2
12

8
99

.3
24

3
91

.6
75

3

La
nd

sc
ap

e
pa

tt
er

ns
in

de
x

(x
8)

/
0.

01
69

−
E/

m
in

E.
2.

87
57

83
.4

27
8

22
.3

68
0

Fu
nc

ti
on

al
tr

an
si

ti
on

C
ro

p
pr

od
uc

ti
on

fu
nc

ti
on

A
ve

ra
ge

ec
on

om
ic

ou
tp

ut
va

lu
e

of
cu

lt
iv

at
ed

la
nd

(x
10

)
yu

an
/h

m
2

0.
11

32
+

To
ta

lo
ut

pu
tv

al
ue

of
pl

an
ti

ng
in

du
st

ry
/c

ul
ti

va
te

d
la

nd
ar

ea
.

87
3.

65
59

15
,4

37
.1

58
5

43
67

.4
79

5

A
ve

ra
ge

gr
ai

n
yi

el
d

of
cu

lt
iv

at
ed

la
nd

(x
11

)
kg

/h
m

2
0.

02
42

+
Th

e
to

ta
lo

ut
pu

to
fg

ra
in

cr
op

s/
th

e
so

w
n

ar
ea

of
gr

ai
n

cr
op

s.
21

64
.4

61
2

79
18

.1
97

0
58

69
.9

52
4

A
ve

ra
ge

ca
sh

cr
op

yi
el

d
of

cu
lt

iv
at

ed
la

nd
(x

12
)

kg
/h

m
2

0.
06

44
+

Th
e

to
ta

lo
ut

pu
to

fc
as

h
cr

op
s/

th
e

so
w

n
ar

ea
of

ca
sh

cr
op

s.
31

59
.7

65
0

84
53

.7
76

8
42

46
.2

84
1

123



La
nd

20
22

,1
1,

16
22

Ta
bl

e
1.

C
on

t.

Ta
rg

et
Fa

ct
or

In
di

ca
to

rs
U

ni
t

W
ei

gh
ts

D
ir

ec
ti

on
1 ©

D
es

cr
ip

ti
on

M
in

M
ax

M
ea

n

Li
fe

su
pp

or
t

fu
nc

ti
on

Pr
op

or
ti

on
of

em
pl

oy
ee

s
in

pl
an

tin
g

in
du

st
ry

(x
13

)
%

0.
04

23
+

Pl
an

ti
ng

in
du

st
ry

em
pl

oy
ee

s/
to

ta
lr

ur
al

la
bo

r
fo

rc
e.

0.
11

97
0.

85
32

0.
51

63

Pe
r

ca
pi

ta
fo

od
gu

ar
an

te
e

ra
te

(x
14

)
%

0.
06

12
+

To
ta

lg
ra

in
ou

tp
ut

/(
re

si
de

nt
po

pu
la

ti
on
×

40
0

kg
).

29
.7

64
7

28
0.

03
04

11
6.

75
94

Pe
r

ca
pi

ta
ag

ri
cu

ltu
ra

l
in

co
m

e
ra

ti
o

(x
15

)
%

0.
16

04
+

Fa
rm

er
s’

pe
r

ca
pi

ta
pl

an
ti

ng
in

co
m

e/
fa

rm
er

s’
pe

r
ca

pi
ta

in
co

m
e.

87
3.

37
99

22
,0

38
.8

06
7

46
94

.1
08

2

Ec
ol

og
ic

al
m

ai
nt

en
an

ce
fu

nc
ti

on

C
he

m
ic

al
lo

ad
of

cu
lt

iv
at

ed
la

nd
(x

16
)

t/
hm

2
0.

01
07

−
Pe

st
ic

id
es

,f
er

ti
liz

er
s,

an
d

ag
ri

cu
lt

ur
al

fil
m

us
ag

e/
ar

ea
of

cu
lt

iv
at

ed
la

nd
.

0.
12

16
2.

24
80

0.
69

57

D
iv

er
si

ty
of

cr
op

sp
ec

ie
s

(x
17

)
/

0.
02

39
+

Si
m

2 ©
.

0.
20

44
0.

76
95

0.
53

93

Ef
fe

ct
iv

e
ir

ri
ga

ti
on

ar
ea

ra
ti

o
(x

18
)

%
0.

03
38

+
Ef

fe
ct

iv
e

ir
ri

ga
ti

on
ar

ea
/t

ot
al

pl
an

ti
ng

ar
ea

of
cr

op
s.

0.
20

76
0.

87
96

0.
40

55

N
ot

e:
1 ©

Fo
r

th
e

“D
ir

ec
ti

on
”

co
lu

m
n,

th
e

hi
gh

er
th

e
va

lu
e

of
th

e
“+

”
d

ir
ec

ti
on

in
d

ex
,t

he
be

tt
er

th
e

pr
ac

ti
ca

ls
ig

ni
fi

ca
nc

e,
an

d
th

e
lo

w
er

th
e

“−
”

d
ir

ec
ti

on
in

d
ex

va
lu

e,
th

e
be

tt
er

th
e

pr
ac

tic
al

si
gn

ifi
ca

nc
e.

2 ©
Si

m
=

1
−

n ∑ i=
1

P
2 i
:S

im
is

an
in

de
x

of
cr

op
sp

ec
ie

s
di

ve
rs

ity
.W

he
re

P i
is

th
e

ra
tio

of
th

e
so

w
n

ar
ea

of
th

e
i-

th
ty

pe
of

cr
op

s
to

th
e

to
ta

ls
ow

n
ar

ea
of

th
e

cr
op

s,
ii

s

th
e

ty
pe

of
cr

op
s,

an
d

n
is

th
e

nu
m

be
r

of
ty

pe
s

of
cr

op
s.

Ba
se

d
on

th
e

af
or

em
en

ti
on

ed
,t

he
ar

ea
,s

el
ec

tf
oo

d
cr

op
s,

ve
ge

ta
bl

e
cr

op
s,

m
el

on
cr

op
s,

an
d

oi
lc

ro
ps

fo
r

ca
lc

ul
at

io
n.

124



Land 2022, 11, 1622

(3) The evaluation index of the cultivated land landscape pattern should represent
the transition of its landscape morphology in agricultural production activities [43]. The
landscape pattern mainly includes the degree of fragmentation and agglomeration, and
the irregularities of farmland patches. This represents the concentration of cultivated
land plots and the convenience of cultivators to plant. If cultivated land is relatively
fragmented and has an irregular shape, then this will hinder large-scale development
and mechanization. Therefore, the transition of the cultivated land landscape pattern is
characterized by the fragmentation degree (x7), aggregation degree (x8), and landscape
patterns index of cultivated land patches (x9).

3.2.2. Selection of the Evaluation Index for the Functional Transition

(1) The crop production function evaluation indicators are considered from the
two aspects of the economic value output capacity and the crop output capacity of culti-
vated land. The gross value of cultivation is an important manifestation of the productive
capacity of the cultivated land economy. The output of food crops and cash crops can reflect
the production value of agricultural products on cultivated land [37]. Therefore, the crop
production function of cultivated land is calculated by using the average economic output
value (x10), average grain yield (x11), and average cash crop yield of cultivated land (x12).

(2) The life-support function evaluation index should show the ability of cultivated
land to guarantee the rural population’s employment, income, and social food security [42].
The proportion of planting in the rural population represents the employment absorption
capacity of cultivated land for the rural population. The ratio of per capita agricultural
income to total income represents the population’s economic dependence on cultivated
land. The per capita food guarantee rate represents the degree to which people depend on
cultivated land for survival. Thus, the proportion of employees in the planting industry
(x13), the per capita food guarantee rate (x14), and per capita agricultural income ratio (x15)
are selected to represent the life-support function of arable land.

(3) The evaluation indicators of the ecological maintenance function take into account
the negative pressure of chemical substances on cultivated land ecosystems, the resilience
of the ecosystems, and the resistance to natural disasters [46]. When the chemical load
of cultivated land is heavier, the degree of ecological damage to cultivated soil is greater.
When the crop species diversity index is higher, the resilience of cultivated land ecosystems
is stronger. When the effective irrigation area is larger, the drought resistance of cultivated
land is stronger. The reasonable and effective use of cultivated land will decrease ecological
damage and maintain the balance of the ecosystem. Therefore, the ecological maintenance
function is characterized by the chemical load of cultivated land (x16), the diversity of crop
species (x17), and the effective irrigation area ratio (x18).

3.3. Methodology
3.3.1. Entropy Weight Method

The entropy weight method is currently the most widely used objective weighting
method, which can effectively eliminate the dimensional influence. This study uses the
entropy weight method to determine the weight of each evaluation index, which reflects
the contribution of each index to the CLUT. According to the evaluation index system of
CLUT, the CLUT index is the sum of the products of each functional index and its respective
weight. Since this method is relatively common, the specific formula refers to [47].

3.3.2. Exploratory Spatial Data Analysis

An exploratory spatial data analysis (ESDA) can perform a correlation and aggregation
analysis of neighborhood spatial data, which can effectively verify the spatial clustering
characteristics of regional CLUTs. Two types of autocorrelation coefficients are usually
used for this measurement. The first is the global spatial autocorrelation coefficient: the
distribution of the Moran scatter plot is used to show the spatial correlation of the CLUT in
the study area. The expression is
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where I is the global Moran index, and xi and xj are the CLUT index in cities i and j,
respectively, and x represents the average of the CLUT indices, and Wij is the spatial weight
matrix. In this study, a spatial adjacency matrix was used, which was constructed by
GeoDa software. The value of I is [−1,1]. When I = 0, this indicates that the space is not
autocorrelated; when I > 0, this means that there is a positive correlation, and when I < 0,
this indicates that there is a negative correlation. The closer the absolute value of I is to 1,
the greater the degree of clustering and the spatial correlation.

The second type is the local spatial autocorrelation coefficient: it can use an LISA
graph to check the heterogeneity of the data calculation and reveal the correlation degree
of the attribute values between spatial units and adjacent units. The formula is as follows:
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When Ii > 0, high-high/low-low means that the spatial unit value is higher/lower than
all the surrounding units and that the integrated spatial difference is smaller. When Ii < 0,
then low-high/high-low means that the lower/higher spatial unit value is higher/lower
than the surrounding units and that the integrated spatial difference is smaller.

3.3.3. Standard Deviation Ellipse

The standard deviation ellipse (SDE) is used to quantitatively describe the spatial
characteristics of the elements. The azimuth of the ellipse represents the main trend
direction, the long axis represents the dispersion of the geospatial elements in its direction,
and the center of gravity represents the relative position. The results of the SDE calculation
can reflect the spatial change in the CLUT (Equations (3)–(5)).
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where tan θ is the azimuth angle of the ellipse, i.e., the angle formed by the clockwise
rotation from due north to the long axis of the ellipse; (Xw, Yw) are the center of gravity
coordinates, and Xi and Yi are the spatial location elements, Wi represents the weight, x

′
i , y
′
i

represents the deviation of the coordinates of the elements at different points from the mean
center, and σx and σy are the standard deviations along the x- and y-axes, respectively.
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3.3.4. Data Collection

The socioeconomic data come from the provincial and municipal statistical yearbooks
of Hubei, Hunan, Jiangxi, Anhui, and Jiangsu in 2002, 2008, 2014, and 2020. Since ESA’s
land-use cover data has the advantages of authority, continuity, openness, and includes
research time-point data, the land-use data in this research are derived from the ESA’s
global 300-m land cover data in 2001, 2007, 2013, and 2019. The administrative zoning
data were obtained from the 1:4 million dataset of the China National Basic Geographic
Information Center. To preprocess the land-use data, we first classified the land-use types
into six types: namely, cultivated land, forestland, grassland, water bodies, construction
land, and unused land. Afterward, the different land-use type data were recoded and
assigned CLT1 to CLT6. On this basis, Fragstats software was then used to measure the
fragmentation, aggregation, and landscape morphology indices of the cultivated land.

4. Results
4.1. Analysis of the CLUT
4.1.1. Measurement of Comprehensive Index of the CLUT

Overall, the comprehensive index of the CLUT in the study area increased from
0.0480 to 0.0711, which is an increase of 48.13%. The comprehensive CLUT index in the
five provinces also increased (Figure 3). However, there was an imbalance in the CLUT be-
tween provinces. The order of the average value of the comprehensive transition index was:
Hunan Province (0.0645) > Jiangsu Province (0.0617) > Anhui Province (0.0589) > Jiangxi
Province (0.0575) > Hubei Province (0.0540). The order of the growth rate of the comprehen-
sive transition index was: Jiangsu Province (62.26%) > Jiangxi Province (52.41%) > Hunan
Province (46.65%) > Hubei Province (44.47%) > Anhui Province (34.84%). The extreme
differences in the comprehensive transition index in the study area in 2001, 2007, 2013, and
2019 were 0.0345, 0.0438, 0.0587, and 0.0641, respectively. These results indicate that the
morphology of cultivated land use in this region is undergoing rapid changes. Due to the
heterogeneity of natural and socioeconomic characteristics, the differences in the CLUT
between regions are expanding.
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4.1.2. Variations in the Cultivated Land-Use Spatial Transition

Based on ArcGIS software, this study uses the Natural Breaks method to divide the
CLUT index and change rate into five grades from high to low and visualize them.

From 2001 to 2019, the spatial transition of the high-value areas of cultivated land
use was mainly concentrated in Jiangsu and Anhui Provinces in the northeast (Figure 4).
There was no obvious law in the distribution of low-value areas, which were distributed
in all provinces, and the central region was relatively concentrated in 2019. These results
suggest that the change rate of the spatial transition index was higher in the northern
and southern regions of the study area than that in the central region from 2001 to 2007
(Figure 5). Meanwhile, the overall difference in the change rate of the spatial transition
index narrowed, and the regions with high change rates decreased significantly from 2007
to 2013. These results demonstrate that the regions with a high rate of change were clustered
in the south and north from 2013 to 2019. Overall, the spatial transition index of cultivated
land use in the study area increased from 0.0231 to 0.0288, and the spatial transition index
change rate was 24.68% in the past 20 years. The distribution of the transition index and
change rate are similar to the economic development and topographic differences in the
study area. Areas with a higher CLUT index have the characteristics of a high economic
development level, low altitude, and flat terrain, while regions with a lower CLUT index
have the opposite characteristics.
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The Jiangsu and Anhui Provinces are both within the Yangtze River Delta, with flat
terrain. In 1985, the Chinese government opened this region as a coastal economic open
zone, with a high degree of economic development and advanced agricultural technology.
From 2001 to 2019, the per capita GDP increased in Jiangsu and Anhui Provinces from
$1571 and $725 to $17,698 and $8410, respectively, and the proportion of the grain and
cash crop planting areas decreased from 1.052 and 1.271 to 0.977 and 1.166, respectively.
This shows that people’s demand for agricultural products continues to diversify with
the growth of the economy, which results in an increase in the economic crop sowing area
and changes in the cultivated land planting pattern. Furthermore, the social awareness
of cultivated land protection in this area is stronger, and the response to national policies
is also more active. From 2001 to 2019, the per capita cultivated land area in Jiangsu and
Anhui Provinces increased from 0.099 hm2 and 0.082 hm2 to 0.125 hm2 and 0.112 hm2,
respectively, and the patch aggregation degree increased from 93.384 and 93.320 to 94.659
and 96.660, respectively, which promoted the optimization and transition of the cultivated
land spatial morphology. The rate of change in the spatial transition index decreased from
11.43% to 0.85%, which indicates that the landscape pattern has slowed in recent years.
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4.1.3. Variations in the Cultivated Land-Use Functional Transition

Figure 6 shows that the transition of the cultivated land-use function is generally
strong. The high-value areas were mostly distributed in Hunan, Hubei, Jiangsu, and central
Jiangxi from 2001 to 2013. Correspondingly, the number of high-value areas declined
significantly, and the low-value areas were mainly concentrated in Anhui Province from
2013 to 2019. Meanwhile, Figure 7 demonstrates that the areas with a higher rate of change
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in the functional transition index were mainly in the central and southern regions from
2001 to 2007. This transferred to the western and eastern regions from 2007 to 2013 and
moved to the south and northeast from 2013 to 2019. Overall, the transition index of the
cultivated land-use function also increased from 0.0242 to 0.0407 during these periods.
The change rate of the transition index is 68.18%, which is higher than that of the spatial
transition index, indicating that the influence of the socioeconomic development process is
stronger on the functional morphology of cultivated land than on the spatial morphology.
The transition index and rate of change in the southwestern and northeastern regions are
significantly higher, which is also similar to the difference in the local economic levels.
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From 2001 to 2019, the production, living, and ecological functional transition index of
cultivated land in the study area increased from 0.0431, 0.0488, and 0.0329 to 0.0645, 0.0983,
and 0.0333, respectively (Figure 8). During this period, the total number of plantation
employees in the study area decreased from 75.44 million to 53.77 million. Although the av-
erage agricultural output value increased from 19,858.86 RMB/hm2 to 64,764.13 RMB/hm2,
correspondingly, the average grain output increased from 5545.15 t/hm2 to 6205.30 t/hm2,
and the farmers’ per capita agricultural income rose from 1672.26 RMB to 8608.71 RMB;
all of this resulted in a significant improvement in the production and living functions.
From the perspective of the ecological function of cultivated land, the effective irrigation
rate increased from 38.06% to 45.85%, the chemical load of cultivated land increased from
12.17 million tons to 25.85 million tons, and the crop species diversity index decreased from
0.581 to 0.508; therefore, the growth rate of the ecological function of cultivated land was
not obvious.
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The production and living functions of cultivated land in Hunan, Hubei, Jiangxi,
Anhui, and Jiangsu Provinces also showed an upward trend, while the ecological functions
differed significantly. Hunan and Hubei showed an increasing trend, Jiangxi and Anhui
showed a decreasing trend, and Jiangsu did not change significantly. The main reason

131



Land 2022, 11, 1622

is that, in 2019, the proportion of the agricultural industry in Hunan and Hubei reached
10.2% and 9.5%, respectively, while in Jiangxi it was 8.7%, and in Anhui it was 8.2%. The
proportion of agriculture was relatively low, and the emphasis on agriculture was relatively
insufficient, which resulted in the extensive use of cultivated land and biodiversity. Sexual
decline limits the ecological maintenance of cultivated land. Similarly, the rate of change
of the functional transition index also showed a slowdown, which increased from 7.71%
to 45.72 and then decreased to 13.42%. This could be linked to a slowdown of China’s
economic growth.

4.2. Spatial Agglomeration Characteristics of the CLUT
4.2.1. Global Spatial Autocorrelation Analysis

Using GeoDa software, the global Moran’s I index of the CLUT was calculated. Be-
tween 2001 and 2019, a significance test of the integrated, spatial, and functional transition
of cultivated land-use was passed by 5% (Table 2), which indicates that the three transitions
had a positive agglomeration effect on the geospatial distribution. Among the fluctuating
changes in the agglomeration of the cultivated land spatial morphology transition, the
agglomeration degree was the strongest in 2007, and Moran’s I index reached 0.5698. The
agglomeration degree decreased from 2007 to 2013. The reason is closely related to the im-
plementation of the policy of “balance of compensation for land requisition” promulgated
by China in 2006, which ensures the stability of cultivated land quantity and realizes spatial
agglomeration changes. The agglomeration of the cultivated land functional morphology
transformation shows an increasing trend of fluctuation. The agglomeration degree was
the strongest in 2019, and the Moran’s I index reached 0.2952.

Table 2. The results of Global Moran’s I.

Type
Year

2001 2007 2013 2019

I
Value

Z
Value

p
Value

I
Value

Z
Value

p
Value

I
Value

Z
Value

p
Value

I
Value

Z
Value

p
Value

Comprehensive
transition 0.4170 5.7155 0.001 0.5360 7.3430 0.001 0.3845 5.2675 0.001 0.4018 5.5045 0.001

Spatial
transition 0.3776 5.3576 0.001 0.5698 8.0846 0.001 0.3481 4.9390 0.001 0.4673 6.303 0.001

Functional
transition 0.2127 3.1693 0.002 0.2679 3.7717 0.001 0.1683 2.5077 0.021 0.2952 4.3985 0.001

4.2.2. Local Spatial Autocorrelation Analysis

The LISA agglomeration shows the spatiotemporal evolution characteristics of the
agglomeration of the CLUT (Figure 9). From 2001 to 2019, the high-high agglomerations
of the comprehensive transition of cultivated land use were concentrated in the north-
east and southwest of the region, the high-high agglomerations of the spatial transition
were concentrated in the northeast, and the high-high agglomerations of the functional
transition were distributed in the southwest. This is mainly affected by the differences
in location, national policies, and economic development stages, which are analyzed in
Sections 4.1.2 and 4.1.3 of this study. The low-low agglomerations of the cultivated land-use
comprehensive, spatial, and functional transitions were distributed in the central region.
Combined with Figure 2, it is found that most of these areas are in the transitional zone
from mountainous and hilly to plains, with low economic development levels and poor
agricultural production techniques. There are few contiguous and flat cultivated lands that
are convenient for cultivation, and fragmentation is serious. Thus, the optimization of the
cultivated land spatial and functional morphology is restricted to a certain extent.
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4.3. Changes in the Gravity Center of the CLUT

Figure 10 shows that the overall direction of the gravity center of the comprehensive
transition moved from the southwest to the northeast from 2001 to 2019. The migration
direction of the gravity center of the spatial transition is basically the same as that of the
comprehensive transition, while the functional center of gravity moves in the opposite
direction from northeast to southwest. However, since 2013, the movement direction of
the gravity center of the spatial transition and functional transition has converged, and the
distance between the centers of gravity has been reduced, which is due to the narrowing of
the economic level gap within the region. The development of society is a staged process.
Therefore, it is speculated that in the short term, the northeastern part of the study area will
still be dominated by spatial transitions, while the southwestern part will still be dominated
by functional transitions.

From the migration speed of the transition center of gravity, the comprehensive, spatial,
and functional transitions all show a slowdown (Table 3). Among them, the center of gravity
of the comprehensive transition moved 31.0182 km, and the moving speed dropped from
2.9401 km/year to 1.2370 km/year. The center of gravity of the space transition moved
69.0618 km, and the moving speed decreased from 8.3573 km/year to 1.0814 km/year. The
functional transition center of gravity moved 38.5782 km, and the moving speed decreased
from 3.2398 km/year to 1.0254 km/year. This was mainly the result of being influenced by
the driving forces of socioeconomic transition. First, the central government has focused
on high-quality regional development rather than on high-speed development. Therefore,
the economic growth rate has slowed, which has led to a slowdown in the migration speed
of the center of the cultivated land transition.
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Table 3. Speed of gravity center of the CLUT (km/year).

Type 2001–2007 2007–2013 2013–2019

Comprehensive transition 2.9401 0.9926 1.2370
Spatial transition 8.3573 2.0616 1.0814

Functional transition 3.2398 2.1645 1.0254

5. Discussion
5.1. Comparison of the Hidden Causes of the CLUT

Combined with the research results, this paper analyzes the driving factors of the
CLUT. At present, some scholars have carried out the related research from an empirical
perspective. Here, we selected several representative studies that measured and calculated
the influencing factors of the cultivated land spatial transition or functional transition
(Table 4). Through the comparison results, it is found that socioeconomic factors such as the
decline in the agricultural population and regional economic development; increasing social
demand; physical geographical factors such as the location, topography, hydrogeology, and
soil types of cultivated land; and national-led policy factors all promote the CLUT.

The results show that the changes in the spatial morphology of cultivated land are
mainly reflected in the reduction in the amount of cultivated land caused by the construc-
tion of urban and rural housing sites. Cultivated land generally changes in scale and
intensification. However, there is still a small amount of cultivated land that moves toward
intensification, because the improvement of living standards of urban residents has created
high-end demand for “slow growing” crops. The country’s greening policy also affects
the area distribution of cultivated land crops. It can be seen that policies and social needs
strongly influence the cultivated land-use direction. Furthermore, with the improvement of
the regional socioeconomic level and the implementation of national culture and tourism
policies, the functions of cultivated land have developed in a diversified way, such as
in cultivated land-cultural functions and landscape functions. There are few studies on
the empirical verification of the impact of engineering and technological factors on culti-
vated land. Nevertheless, engineering technology assists in the leveling and restoration of
cultivated land.
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Table 4. Comparison of hidden causes of CLUT.

Representative Example Cultivated Land
Morphology Research Scale Data Type Conclusion

The slope CLUT
characteristics and driving

mechanism [48].
Spatial Micro

Spatial, physical
geography, and
socioeconomic

Natural, socioeconomic,
and humanistic policies are

the main
influencing factors.

The influence of state LED
grain localization on the

CLUT in suburban
areas [49].

Spatial Meso Spatial, socioeconomic,
policy

National leading food
localization promotes the

development of
greenhouse agriculture.

The change of CLUT after
the CAP greening [50]. Dominant Micro Spatial, policy The CLUT are subject to

greening rules.

The CLUT drivers in
Tanzania [51]. Spatial Meso

Spatial, biophysical,
demographic, and

socioeconomic

Demographic and
socioeconomic factors are

more significant.

Transitions in the function
of cultivated land [33]. Functional Macro Socioeconomic

Cultivated land functions
change with

policy development.

Characteristics and
influencing factors of the

CLUT in Urban–Rural
Coordination Area [52].

Dominant and
recessive Meso Spatial and

socioeconomic

Rural employment, per
capita GDP, and proximity

to central cities are the
main factors affecting

the CLUT.

5.2. Policy Implications

It can be seen from the above evaluation results that the degree of the CLUT between
regions is imbalanced. If the CLUT meets the socioeconomic stage, then it can promote
social development, but if it does not meet the socioeconomic stage, then it may hinder
socioeconomic development. Therefore, policymakers need to clarify the leading factors of
the CLUT, take social development and people’s needs as guidance, and fully consider the
regional differences in the CLUT to formulate cultivated land utilization policies. Based on
the above analysis, we found that the relatively developed northeast region of the study
area has a strong spatial transition of cultivated land, while the relatively underdeveloped
economy of the southwest region has a strong functional transition. For areas with a
strong spatial transition, urban construction has a greater demand for land, and people’s
demands are more abundant. The main goal should be to clarify the relationship between
cultivated land use and social demand, and then promote the implementation of measures
to compensate for the external cost of the loss of the cultivated land quantity in the following
ways. First, it is necessary to control the amount of urban land supply, increase the level
of land intensity, and strengthen the protection of basic farmland. Second, this study has
demonstrated that the planting structure and type of cultivated land must not only match
the needs of society but also meet sustainability requirements. Finally, a cultivated land
landscape improvement plan should be established to ensure the degree of concentration
and contiguous farmland.

For areas with strong arable land function transitions, the main goal should be to
achieve the balanced development of various functions of cultivated land as follows. First,
the reform of agricultural modernization should be deepened, land should be consoli-
dated, the soil fertility should be improved, and farmland production efficiency should
be increased. In addition, it is necessary to increase agricultural subsidies and absorb
agricultural labor. Most importantly, it is essential to develop green agriculture from
the perspective of ecological security and innovate agricultural ecological compensation
mechanisms. Through these strategies, we can stimulate the endogenous development

135



Land 2022, 11, 1622

momentum of agriculture and realize the saving, green, and efficient use of cultivated land.
In addition, both the overall and local CLUTs in the study area have positive aggregation
effects, which indicates that the CLUT is a systematic problem, and there is a connection
between the CLUTs in neighboring areas. Thus, it is necessary to strengthen regional coop-
eration, facilitate agricultural marketization and information construction, and invigorate
agricultural operation mechanisms.

5.3. Limitations and Prospects

The CLUT is an inevitable consequence of socioeconomic transition. In previous
studies, scholars have given more attention to changes in the amount or functional structure
of cultivated land, while the comprehensive transition process of the cultivated land spatial
and functional morphology has not received enough attention. Therefore, this study serves
as a useful exploration to evaluate the CLUT and provides a reference for future research.
The advantages of this research are as follows. First, this study combined quantitative
and qualitative considerations to construct a “spatial–functional” integrated framework
to identify the law of the CLUT. The transition of the cultivated land-use morphology is
the dominant and recessive manifestation of CLUTs. This parameter is a comprehensive
identification of the CLUT. Thus, compared with other regions, the main grain-producing
areas have more important tasks for cultivated land protection and food security.

This research provides a novel perspective and content, but it still has some shortcom-
ings. The evaluation of the CLUT is a complicated task, and a unified and standardized
evaluation system needs to be established. In this study, natural factors are not considered
in the “spatial–functional” comprehensive framework and should be included in subse-
quent studies. In addition, the defects of China’s current farmland management regulations
and property rights system have led to a decline in the quality of arable land. Moreover,
the internal changes in cultivated land are more difficult to detect than the external changes.
Therefore, research on the scientific and effective comprehensive evaluation systems for
the transformation of cultivated land function forms should be the focus of future CLUT
research. Subsequent research objects could be further enriched, such as the city scale,
village scale, or field scale, especially in semi-urbanized areas where land conflict is more
prominent and cultivated land protection is under great pressure. In addition, it is also
a key consideration to put forward regulatory policies for the CLUTs in typical regions
according to local conditions. In the future plan of this study, the spatial econometric model
can be used to quantitatively analyze the core driving factors of CLUT.

6. Conclusions

This paper analyzes the mechanism of CLUT and evaluates the CLUT characteristics in
the main grain-producing areas in the middle and lower reaches of the Yangtze River from
2001 to 2019 based on the “spatial–functional” integrated framework. The CLUT index
of 71 prefecture-level cities was calculated, and then the magnitude, spatial correlation,
direction, and speed of the inter-regional CLUT were analyzed.

The results show that the comprehensive transition index of cultivated land use
continued to increase from 0.0480 to 0.0711 during the period. It can be said that social and
economic factors have driven the acceleration of CLUT. In particular, the speed of functional
transition is stronger than that of spatial transition, because the functional changes of
cultivated land are directly intervened by human needs. However, the difference in the
transition index between regions significantly expanded, and the transition range increased
from 0.0345 to 0.0641. Such evidence suggests that the CLUT in the flat terrain area is
larger than that in the mountainous area. Due to the advantages of terrain, the economic
development, urbanization, and population growth of the plain area are strong, and the
CLUT is fast.

The CLUT in the study area exhibited a positive aggregation effect and strengthened
in the period. The degree of aggregation of the spatial and functional transitions increased
from 0.3776 to 0.4673 and from 0.2127 to 0.2952, respectively. The CLUT of high-high
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agglomeration areas was concentrated in the northeast and southwest of the study area,
and the low-low agglomerations areas were essentially distributed in the central region.
This means that there is a spatial relationship between the CLUT in a region and its
surrounding areas, and the activities of cultivated land used by humans are not separated.

The center of gravity of the CLUT has shifted from the southwest to the more econom-
ically developed northeast region. and the center of gravity migration speed of comprehen-
sive, functional, and spatial transitions decreased from 2.9401 km/year to 1.2370 km/year,
8.3573 km/year to 1.0814 km/year, and 3.2398 km/year to 1.0254 km/year, respectively. In-
deed, socioeconomic factors are often the main driving force behind the CLUT. In the current
stage of China’s economic slowdown, optimizing the morphology of cultivated land may
be particularly important when adjusting the existing cultivated land management policy.
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Abstract: This study analyzed Chinese labor-force survey data to determine the relationship between
cropland abandonment and high-speed rail (HSR) infrastructure. A PSM-DID approach was em-
ployed to examine 2014 and 2016 data from the China Labor-force Dynamics Survey and estimate the
impact of HSR, from which it was found that HSR accessibility promoted cropland abandonment
in local farm households with a coefficient of 0.206, that is, HSR projects led to a 20.6% increase in
area of cropland abandonment and these impacts were found to be greater in hilly areas and lower
in plain areas. The results also suggested that HSR accessibility could have a “pull” effect, which
resulted in rural labor force shifts to non-agricultural sectors in the local region. Countermeasures
and policy suggestions are given to reduce cropland abandonment.

Keywords: high-speed rail; cropland abandonment; off-farm employment; migration; urbanization;
land use

1. Introduction

The relationship between high-speed rail (HSR) and land use has received significant
global research attention. The construction of China’s HSR started in 2005 and began
operations in 2008, after which the network developed rapidly [1]. By the end of 2020,
China’s HSR network had reached 38,000 km, ranking it first in the world, and had
connected administrative divisions in 31 provinces. China’s “eight vertical eight horizontal”
railway plan estimated that the HSR network would reach 45,000 km and connect 250 cities
by 2030 (China’s “eight vertical eight horizontal” railway plan was proposed in the medium
and long term railway network plan of China published in 2016). This plan will come true in the
near future. Evidence from Asia and Europe shows that the large-scale HSR cross-regional
transportation network has shortened the space-time distance between regions, improved
city accessibility and inter-regional and inter-city population, information, and technology
mobility [2–4], and made labor migration easier by decreasing long-distance information
decay and market adjustment costs [5]. Furthermore, the reduction in transport costs and
the increase in information and labor flows has benefited local economies and spurred
urbanization growth [6], which in turn has resulted in greater rural labor force migration to
the cities.

China’s HSR provides 2-h travel time services to approximately 74% of the popu-
lation [7], which has increased China’s internal migration, especially short-term (one or
two years) rural-to-urban migration [8,9]. Because of this decrease in the agricultural
labor force, significant village cropland has been abandoned, which has resulted in rural
shrinkage [10–12].

Since the beginning of the 20th century, 385–472 million km2 of global cropland has
been abandoned [11,13–15], which has brought new challenges to food security [16–18].
Because cropland preservation is essential to guaranteeing food security [19,20], there have
been many agricultural economics, human geography, and land management studies ex-
ploring the driving factors associated with cropland abandonment, such as environmental
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conditions [21], farm stability and viability [22], the rural labor force [23], agricultural pro-
duction costs [22], and agricultural technology [24]. However, few studies have examined
the effects of transport infrastructure on cropland abandonment.

The rapid construction of HSR in China has indeed promoted the development of
the regional economy, but it has led to changes in land uses, which may have negative
impacts. Therefore, these adverse impacts need to be fully considered when planning the
construction of HSR, so that the construction of HSR can promote regional development
more comprehensively. This study analyzed the causal effects of HSR projects on cropland
abandonment to deepen the understanding of China’s transportation improvement effects
on land use. By revealing the heterogeneous impacts of HSR projects in the different regions,
it is hoped that the results of this study can promote rural revitalization and sustainability.

The remainder of this article is organized as follows. Section 2 details the theoretical
analytical framework and discusses the possible HSR accessibility effect mechanisms on
cropland abandonment, Section 3 describes the data and the research methods and variables
used in the empirical analyses, Section 4 presents and discusses the results, and Section 5
provides the research conclusions and some policy implications.

2. Conceptual Background

The HSR accessibility effect mechanisms affecting cropland abandonment are com-
plex. First, the HSR has optimized accessibility between cities and reduced the cost of
long-distance travel between cities [2,25], which has increased population migration [26],
especially rural-to-urban population migration [9], which has contributed to the reduction
in rural labor and led to significant cropland abandonment [12,27,28], that is, the HSR
developments have had a possible “push” effect. Second, HSR transport infrastructure has
enhanced economic development, regional consumption growth [29–31], and urbanization,
which in turn has motivated a labor force shift to non-agricultura off-farm employment
and cropland abandonment [22,32,33], that is, it has had a possible “pull” effect. This paper
focused on these “push” and “pull” effects to assess the effect of the HSR on cropland
abandonment. Figure 1 shows the HSR project impact mechanism on farm household
cropland abandonment.
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As shown in Figure 1, the HSR “push” effect improves urban accessibility by decreas-
ing transport costs, shortening intercity and long-haul travel times [34], and improving
regional transportation network efficiency [35–37]. The increased speed of the HSR can be
converted into idle time and activity space [38], which is called the ‘space-time compres-
sion’ theory [39].The time and space compression reduces the time and space cost for rural
workers to go to cities to obtain jobs. The decrease in transport costs has improved urban
accessibility, making labor migration more frequent [5], that is, the opening of HSR stations
directly impacts the abandonment of local agricultural activities and cropland because the
rural labor force can more easily seek better urban employment [12,17,40]. The greater
financial support the migrant workers provide reduces the need for other family members
to continue farming [41].
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As shown in Figure 1, the “pull” effect of the HSR projects improves non-agricultural
industrial development and promotes urbanization in HSR-linked regions. Specifically,
urbanization is the process of transforming rural agricultural communities into urban
communities based on industry [42] by occupying farmland for urban development or
encouraging rural workers to abandon their farmland to seek better non-agricultural
opportunities [43,44]. As the HSR interconnected regional network structure promotes
logistics, there are also additional opportunities for industrial development in small or
medium-sized cities, which again encourages increased urbanization [45]. Therefore, as
the HSR network has led to significant changes in regional industrial and factor input
structures, there has been a commensurate increase in the labor and service markets in HSR
connected cities [46], which has motivated rural workers to abandon cropland and seek
better lives in non-agricultural industries [47]. Because of the constraints in the existing
Chinese land system, the agricultural land property rights trading market is not perfect,
which has also led to out-migration by rural workers to non-agricultural industries [48,49].

In summary, as the global food security situation becomes increasingly tense, especially
in developing countries, reducing cropland abandonment is vital; however, as rural labor
force availability falls, cropland abandonment has been increasing [12,43]. Several studies
have examined the relationship between food security and transport infrastructure [50],
with most finding that transport infrastructure had a positive effect on food security [51,52].

While previous studies have analyzed the impact of the HSR on population mobility
and urbanization, few have comprehensively considered the HSR impacts on abandoned
farmland. Many studies have only focused on the effects of HSR on urban land use [1,53]
but not on the effects on rural land use. Therefore, this study considered the cropland
abandonment associated with HSR projects and explored the heterogeneous HSR effects
on cropland abandonment. Furthermore, as HSR has been found to affect cropland aban-
donment through labor force out-migration and urbanization, the empirical analyses also
examined these potential mechanisms.

3. Data, Variables, and Method
3.1. Data
3.1.1. High-Speed Rail in China

HSR is a railway system that operates at speeds faster than 250 km/h (according to
the definition presented by the National Railway Administration of the People’s Republic of
China). The first HSR went into operation in China in 2008, and by the end of 2020, had
a 38,000-km network, which accounted for two-thirds of the world’s HSR networks [54].
HSR infrastructure construction has strengthened social and economic activities between
connected cities [55]. This study collected 2012 to 2014 HSR operations data (including
site and opening time) from the National Railway Timetable released by the Ministry of
Railways of the People’s Republic of China. The HSR projects were treated as a quasi-natural
experiment in this paper, with the linked HSR network cities being the treated regions, and
the non-HSR-linked cities being the control regions. Because the household data collected
in 2014 and 2016 reflected the farmer household situations in 2013 and 2015, 2012 and 2014
HSR data in the prefecture-level cities were collected. Figure 2 shows China’s HSR network
and the cities that had HSR services at the end of 2014.

3.1.2. Household Labor Transfer and Cropland Abandonment

To estimate the HSR impact on cropland abandonment, farm household data were
collected from the China Labor-force Dynamics Survey (CLDS) organized by the Center
for Social Science Survey at Sun Yat-sen University, which focused on household social-
economic status and changes in China, such as urbanization, labor force migration, and land
use. To ensure that the sample was representative, the CLDS collected data in 2014 and 2016
from 14,000 households in approximately 400 villages in 29 provinces or municipalities
directly under the central government. The CLDS used a multistage cluster, stratified,
probability proportional to size (PPS) sampling method, and was the most recent continuous
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data available for this study. As this study was focused on rural cropland abandonment,
urban family samples were not considered. After data cleaning, 4880 valid household
questionnaire data from 27 provinces in 2014 and 2016 were used in the analysis.
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3.2. Variables
3.2.1. Dependent Variable

The core dependent variable was the total abandoned farm household cropland area in
2013 or 2015 [12,23], which was defined as cropland plots in which no crops were cultivated
throughout an entire year. To cater to the differences in land size in the studied regions, the
cropland abandonment ratio was used to test the robustness of the benchmark estimate.

3.2.2. Independent Variable

The focus dummy variable was whether the city in which the households lived had
been linked to the HSR network or not [56]; when the city had been linked to the HSR
network, HSR = 1; otherwise, HSR = 0.

3.2.3. Control Variables

Consistent with the existing studies, the main control variables considered to influ-
ence cropland abandonment were householder, household-level, and village-level char-
acteristics [12,23,57]. The householder characteristics included householder age [17] and
education level [58], the household characteristics included off-farm employment ratio [23],
cropland area [59], total rural household members [60], and the number of family members
over 64 years old [61], and the village-level characteristics included soil quality, and water
availability [10,62]. The variables are detailed in Table 1.
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Table 1. Model variables.

Variable Definition and Assignment

Abandonment Abandoned rural household cropland area (mu)
Abandonment Ratio Share of abandoned cropland in total cropland (%)

Age Age of the household head in the survey year
Education Does the household head have a high school diploma or above (0 = no; 1 = yes)

Family Total number of rural family members (number)
Elder Number of household members over 64 years old (number)

Fixed assets Current market value of per capita fixed assets owned by households (104 CNY/person)
Soil quality Whether the quality of soil in the village is good (0 = no; 1= yes)

Water availability Whether there is an irrigation facility in the village (0 = no; 1 = yes)
Urbanization Share of urban households in total households with the same county in the sample (%)

Land size Land area the rural households managed (mu)
Off-farm work Share of off-farm employment labor in total labor (%)
Out-migration Number of migrant workers in the household (number)

3.3. Methods

High-speed railway construction is part of the national strategic plan and is not
regionally controlled. Therefore, by comparing the abandoned cropland area before and
after the cities became connected to the HSR network, the impact of HSR accessibility
was regarded as a quasi-natural experiment. Because of the differences in the railway
foundations and natural conditions, the HSR accessibility completion was different between
the cities; therefore, a PSM-DID analysis method was employed to estimate the HSR impact
on cropland abandonment. The DID method is widely acknowledged as the best method to
study quasi-natural experiments, or to evaluate the influences of external shocks. The DID
method requires a completely random selection between the treatment group and control
group, otherwise the result can be largely biased. To relieve the endogenous problems
caused by the selection bias, we adopt the propensity score matching (PSM) method before
applying DID, so as to ensure the accurate estimation of the HSR’s influence.

3.3.1. Difference in Differences Method

As the main objective of this study was to investigate the effects of HSR accessibility
on cropland abandonment, difference-in-difference (DID) models were used to estimate the
periods and the treatment group’s effects from the household panel data. The measured
dependent variable was the rural household abandoned cropland area, with the treatment
variable being the households linked to the HSR network.

To allow for an examination of the time-invariant unobserved heterogeneity and
choices by changing the unbiased outcomes, the DID method was employed to estimate
the policy effect by separating the time effect from the policy-treated implications [63,64].
To distinguish the HSR impact, the households living in towns with a linked HSR network
were the treated group and the households in towns not linked to the HSR network were
the control group. Therefore, all household samples were divided into four different
subsamples, including the treated group households linked to the HSR network in 2013; the
treated group households linked to the HSR network in 2014; the control group households
not linked to the HSR network in 2013; and the control group households not linked to
the HSR network in 2014. The significant HSR impact on the cropland abandonment was
analyzed based on the following DID model:

Yit = α0 + α1HSRit ∗Afterit + εit (1)

where Yit was the size of rural household cropland abandonment, in which subscript i
represented farm household i and subscript t represented year t, HSRit denoted whether or
not the households were linked to the HSR network (HSR = 1 meant the city was linked to
the HSR network; otherwise, HSR = 0), Afterit = 1 indicated 2016 (after the city was linked
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to the HSR network), Afterit = 0 indicated 2014, α1 signified the HSR accessibility effect on
the rural household abandoned cropland areas; εit was the residual.

3.3.2. PSM-DID Methods

An important underlying assumption of the DID method was that if the external
effect (HSR connection) did not exist, the development trends for the dependent variable
(cropland abandonment) in the treatment and control groups would be parallel, that is,
there would be no apparent systematic differences in the cropland abandonment trends
between the households linked to the HSR network and the other households. However, as
the HSR was first built in provincial capital cities and cities that had railway foundations,
the probability of the HSR network being in these cities was significantly higher. As only
two panel data periods were consulted, it was difficult to ascertain the common trend
hypothesis. To avoid any estimation biases resulting from the above assumptions, the
PSM-DID method was applied [65,66].

The PSM method can solve matching problems by placing the pre-treatment features
of any subject into a single index variable and matching the treatment groups to the control
groups based on the propensity scores. Therefore, the PSM method was used before the
DID method to allow for the selection of the appropriate control groups from the cities
without a HSR connection, which helped solve the possible endogenous problems and
ensured that the DID estimation results were unbiased [67,68]. The probability of assigning
treatment depended on the following PSM model preprocessing variables:

p(X) = Pr [D = 1|X] (2)

where D represents all the cities including both treatment and control groups; X represents
the control variables.

While the PSM method can address sample selection bias problems, it cannot solve
the endogeneity problems caused by missing variables; however, the DID model is unable
to explain the sample deviation problem but can determine the endogeneity problem and
the policy-treatment effect. Therefore, the following PSM-DID model (Equation (3) was the
baseline model that was used to accurately evaluate the HSR accessibility impact:

Yit = α0 + α1HSRit ∗Afterit + β1Xit + εit (3)

where Xit was the control variable set affecting the cropland abandonment factor.

4. Results
4.1. Summary Statistics

The summary statistics for the key variables are shown in Table 2. In 2014, most
sample areas were not linked to the HSR network; however, in 2016, more than half of
the sample areas were linked. The broad coverage of the HSR-linked cities also allowed
for the use of the DID model. It was found that 10.3% of the rural households in the total
sample had abandoned their cropland, with the average abandonment size being 0.42 mu
in 2014 and 0.38 mu in 2016. In 2014, the average cropland abandonment area in the HSR
accessible samples was 0.56 mu, which was over twice as high as in the HSR inaccessible
samples (0.24 mu). In 2016, the average cropland abandonment area in the HSR accessible
samples was also higher than in the HSR inaccessible samples. For the control variables,
the average age for the total sample was 54 years, and only about 10% of householders
had a high school education and above. In both 2014 and 2016, the average number of
household members in the HSR accessible samples was lower than in the HSR inaccessible
samples, the average share of off-farm employment labor in the total labor in the HSR
accessible samples was lower than in the HSR inaccessible samples in all window periods,
and the degree of urbanization in the HSR accessible areas was 13%, higher than in the
HSR inaccessible regions in 2014; however, in 2016, the situation was reversed.
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Table 2. Summary statistics for the crucial variables.

Variable

2014 2016

HSR Non-HSR HSR Non-HSR

Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

Abandonment 0.56 1.25 0.24 2.30 0.39 2.52 0.37 1.33
Abandonment Ratio 0.06 0.23 0.10 0.23 0.06 0.21 0.05 0.19

Age 54.96 12.63 53.79 12.69 55.83 12.53 53.77 12.64
Education 0.10 0.29 0.10 0.29 0.12 0.32 0.10 0.30

Family 4.28 2.07 4.85 2.14 6.57 3.87 6.91 3.79
Elder 0.13 0.41 0.18 0.47 0.15 0.44 0.17 0.45

Fixed assets 4.99 15.30 2.86 4.27 3.33 12.42 2.12 5.01
Soil quality 0.91 0.29 0.92 0.27 0.91 0.29 0.91 0.29

Water availability 0.52 0.50 0.54 0.50 0.56 0.50 0.52 0.50
Urbanization 0.13 0.20 0.12 0.20 0.08 0.19 0.09 0.18

Land size 5.65 10.62 5.60 10.65 5.88 25.79 8.31 94.63
Off-farm work 0.70 0.34 0.66 0.33 0.74 0.32 0.64 0.34
Out-migration 0.77 1.30 1.10 1.46 0.69 1.12 0.99 1.31

Number of observations 2005 2875 2882 1998

4.2. PSM Results

First, the PSM method was used to process the variables that affected cropland aban-
donment. To test the reliability of the matching results, a logit model was employed to
estimate a set of control variables. The nearest neighbor matching method was used, for
which the caliper range was set to 0.05 to match the samples, after which a matching check
was conducted to determine the covariate distributions between the processing group and
the control group. The results are shown in Table 3.

Table 3 shows that after the propensity score matching, the standardized deviation for
most covariates was reduced, the bias values of the matched samples were significantly
less than 10%, and the p-values were all greater than 0.1, which indicated that the matched
treatment and control groups had no systematic differences and satisfied the balance test.
As can be observed in Figure 3, there were few out-of-support untreated samples and most
observed values for the samples were supported. Therefore, it was appropriate to use the PSM
method because the results were reliable. After deleting the samples that were off the common
support domain, the DID model was then applied to precisely estimate the HSR impact.

4.3. DID Model Results

The estimated OLS, DID and PSM-DID cropland abandonment results for the HSR
accessibility sample are shown in Table 4. Columns (1)–(6) show the comparative benchmark
analysis for the different approaches with no control variables and when the individual,
household, and village characteristics were respectively added. The results in column (1)
show the correlations between HSR accessibility and cropland abandonment using the
OLS method after controlling for the individual, household, and village characteristics.
While column (2) shows a similar result for the effect of the HSR accessibility on cropland
abandonment using the OLS approach, no significant correlation between HSR accessibility
and cropland abandonment size was observed. The results in columns (2) and (3), which
respectively show the correlations between HSR accessibility and cropland abandonment
with and without the household and village characteristic controls, indicate that the HSR
accessibility impact on cropland abandonment was significantly positive. Columns (5) and
(6) show the PSM-DID method results, and the benchmark estimate for Equation (3) is shown
in column (6). With a coefficient of 0.206, the benchmark regression results indicated that
HSR accessibility had a significant effect on cropland abandonment size and was statistically
significant at the 5% level, that is, compared with the cropland abandonment size of the HSR
inaccessible sample, the cropland abandonment size in the HSR accessible sample was higher
by about 20.6%, on average. The results in columns (5) and (6) show that the estimated results
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remained robust, regardless of whether or not there were control variables. Compared with
the OLS and DID method results, column (6) indicates that the coefficient for HSR*After
had a slight increase, which proved that the sample selection bias was reduced after the
treatment group and control group were matched. All the above results suggested that HSR
accessibility increased cropland abandonment likelihood and size.

Table 3. PSM validity test.

Variable Unmatched/
Matched

Mean
%Bias %Reduct

|Bias|

t-Test

Treated Control t p > t

Age U 55.71 53.97 14.40 4.99 0.00
M 55.74 56.39 −5.40 62.40 −1.88 0.16

Education
U 0.11 0.09 5.10 1.77 0.08
M 0.10 0.11 −3.00 41.40 −0.98 0.33

Family U 5.55 5.49 1.90 0.65 0.52
M 5.55 5.62 −2.20 −19.90 −0.76 0.45

Elder
U 0.17 0.18 −2.40 −0.83 0.41
M 0.17 0.18 −1.50 36.50 −0.53 0.60

Land
rent-out

U 1.07 0.33 7.90 2.73 0.01
M 0.73 1.00 −3.00 62.30 −1.06 0.29

Fixed assets
U 3.65 2.65 9.60 3.33 0.00
M 3.14 3.0 0.90 90.30 0.52 0.61

Soil quality U 0.92 0.91 5.00 1.72 0.09
M 0.92 0.93 −3.30 32.80 −1.23 0.22

Water
availability

U 0.56 0.55 3.70 1.27 0.20
M 0.56 0.57 −1.30 65.40 −0.44 0.66

Urbanization
U 0.07 0.12 −25.00 −8.66 0.00
M 0.07 0.08 −2.20 91.00 −0.85 0.40

Land size
U 7.43 5.63 8.60 2.99 0.00
M 6.70 5.97 3.50 59.70 2.87 0.56

Off-farm
work

U 0.66 0.64 6.50 2.27 0.02
M 0.66 0.65 1.00 85.20 0.33 0.74

Out-
migration

U 0.72 1.12 −29.80 −10.32 0.00
M 0.72 0.70 1.30 95.50 0.55 0.59
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Table 4. OLS, DID, and PSM-DID estimation results for the HSR effect on cropland abandonment.

(1)
OLS

(2)
OLS

(3)
DID

(4)
DID

(5)
PSM-DID

(6)
PSM-DID

HSR
0.028 −0.016

(0.103) (0.109)

HSR*After
0.132 ** 0.183 ** 0.162 ** 0.206 **
(0.061) (0.075) (0.075) (0.096)

Age 0.001 −0.000 −0.001
(0.006) (0.006) (0.008)

Education
−0.021 −0.035 0.064
(0.172) (0.171) (0.230)

Family −0.029 −0.058 *** −0.067 **
(0.019) (0.021) (0.027)

Elder
0.207 ** 0.216 ** 0.155
(0.100) (0.100) (0.127)

Land rent-out
0.004 0.004 0.002

(0.004) (0.004) (0.009)

Fixed assets
−0.005 −0.004 −0.026
(0.005) (0.005) (0.017)

Soil quality −0.155 −0.157 −0.268 *
(0.123) (0.123) (0.155)

Water
availability

−0.061 −0.065 −0.073
(0.082) (0.082) (0.101)

Urbanization
−1.291 *** −0.944 ** −1.629 **

(0.474) (0.470) (0.661)

Cropland size −0.004 ** −0.004 ** 0.004
(0.002) (0.002) (0.005)

Off-farm work
0.329 ** 0.325 ** 0.314 *
(0.140) (0.140) (0.170)

Out-migration −0.003 −0.009 −0.005
(0.029) (0.029) (0.036)

Constant
0.398 *** 0.637 * 0.380 *** 0.767 ** 0.424 *** 1.124 **
(0.055) (0.374) (0.025) (0.377) (0.029) (0.512)

Wave FEs Y Y Y Y Y Y
City FEs Y Y Y Y Y Y

Observations 7668 5907 7668 5907 4819 4819
R-squared 0.000 0.015 0.002 0.018 0.004 0.023

Number of no 4828 4219 4828 4219 3639 3639
Remarks: standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1.

The results in column (6) in Table 4 also show that some control variables had a signifi-
cant impact on cropland abandonment. Specifically, total rural household members and
cropland abandonment were closely related, which was consistent with the conclusions
in previous research on the effects of the household labor force on cropland abandon-
ment [12,28]. The number of family household members indicates the richness of the family
labor force to a certain extent, with fewer family members indicating that the family does
not have enough labor to farm effectively [69]. It was also found that the household off-farm
work ratio affected the abandoned cropland area, which was also consistent with previous
research [23]. The village-level characteristics, soil quality and urbanization, were found to
be negative and significant, suggesting that improving soil quality could reduce cropland
abandonment [70,71], that is, high-quality cropland was less likely to be abandoned than
low-quality cropland.
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4.4. Robustness Test

To further verify the positive effect of HSR accessibility on cropland abandonment,
a robustness test was conducted. First, the robustness of the results was tested by using
different dependent variables. However, even when the dependent variable measuring
methods were changed, the cropland abandoned ratio was also an essential indicator for
land quantity protection. Therefore, the cropland abandoned ratio was used to replace
the cropland abandoned area [56]. The results in column (1) in Table 5 show that the
regression coefficients for HSR*After were still significantly positive, which suggested that
HSR accessibility had a significant positive effect on cropland abandonment.

Table 5. Robustness checks for different indicators and the matching method.

(1)
Abandonment Ratio

(2)
Radius Matching

(3)
Kernel Matching

HSR*After
0.030 ** 0.209 ** 0.207 **
(0.015) (0.096) (0.092)

Constant
0.114 1.067 ** 1.081 **

(0.082) (0.511) (0.503)

Control variables Y Y Y
Wave FEs Y Y Y
City FEs Y Y Y

Observations 4796 4803 4806
R-squared 0.037 0.023 0.023

Number of no 3628 3629 3629
Remarks: standard errors in parentheses; ** p < 0.05.

Another concern was the first-order nearest-neighbor matching that was used in the
PSM method; therefore, to test the robustness of the nearest neighbor matching DID re-
sults, kernel and radius matching were also used to process the experimental and control
groups, after which a DID analysis was conducted. As columns (2) and (3) in Table 5 show,
regardless of which matching method was used, the HSR*After regression coefficients
remained significantly positive, that is, the regression results still showed that HSR accessi-
bility significantly promoted cropland abandonment, which confirmed that the PSM-DID
estimation was robust.

4.5. Placebo Test

To further verify whether there were any unobservable factor biases, a virtual HSR
access time was randomly assigned to households to conduct the placebo test, which was
equivalent to constructing a “false” HSR accessibility variable. Then, the benchmark model
was repeatedly estimated 500 times using the “false” HSR accessibility variable and the
estimated coefficients stored.

Figure 4 shows the empirical cumulative distribution function and density for the
estimated HSR accessibility coefficients. The estimated coefficients for the HSR accessibility
placebo variable were distributed around zero. However, the real estimated value of the
benchmark was 0.206, as shown in column (6) in Table 4. The benchmark HSR accessibility
estimate coefficients clearly lay outside the range of the coefficients estimated for the virtual
HSR accessibility. This placebo test method has been widely used in DID processing
studies [72,73].

4.6. Regional Heterogeneity Analysis

Because of China’s regional heterogeneity, the HSR accessibility effect on cropland
abandonment could differ because of regional topographic and economic development
differences [74,75]. For example, because towns and cities on a plain have relatively good
locational and topographical conditions, the cost of building the HSR infrastructure is
lower, the land mechanization rates relatively higher, the land scale operations easier, and
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the cropland abandonment probability lower [23]. Therefore, the topographic effects of
HSR accessibility on cropland abandonment were examined.
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As Table 6 shows, in hilly and plain areas, the impact of HSR accessibility on cropland
abandonment was significantly positive; however, in mountainous regions, the HSR accessi-
bility coefficients were not significant. This could have been because HSR construction and
operations in mountainous areas are costly, which means that many cities in mountainous
areas are not linked to the HSR network and HSR accessibility was not the main influencing
factor for cropland abandonment. Higher HSR infrastructure building costs in mountain-
ous regions also mean higher HSR ticket prices. The marked development of low-cost
air and coach services over the past decades suggests that not everyone can afford HSR
travel [76]. Therefore, the high HSR ticket price also meant that HSR accessibility was not
the main factor for the population migration in these areas [77] and was not the main reason
for cropland abandonment. However, because the HSR construction and operating costs in
hilly and plain areas are lower than in mountainous areas, HSR accessibility is higher and
labor force mobility easier, which could increase the probability of cropland abandonment.

Table 6. HSR and cropland abandonment: regional heterogeneity.

(1)
Mountain

(2)
Hill

(3)
Plain

HSR*After
0.363 0.355 ** 0.128 *

(0.288) (0.184) (0.081)

Constant
0.902 0.721 0.667

(0.986) (0.845) (0.451)

Control variables Y Y Y
Wave FEs Y Y Y
City FEs Y Y Y

Observations 1317 1684 2906
Number of no 984 1236 1999

R-squared 0.139 0.047 0.028
Remarks: standard errors in parentheses, ** p < 0.05, * p < 0.1.

The coefficient estimates in the hilly areas were substantially higher than in the plain
areas. Compared with hilly areas, plain areas have flatter terrain and higher mechaniza-
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tion utilization rates, which could weaken the impact of labor migration and cropland
abandonment [23] and the HSR accessibility effects.

4.7. Mechanism Analysis

The benchmark model results indicated that HSR accessibility influenced cropland
abandonment and the out-migration of the rural labor force, that is, there was a possible
“push” effect. Conversely, it is possible that HSR accessibility affected the probability of
off-farm employment and there was a “pull” effect. These potential mechanisms were,
therefore, examined.

First, the “push” effect mechanism that HSR accessibility affected the out-migration
of the rural labor force was explored. Labor force migration is closely related to cropland
abandonment, as the out-migration of the rural labor force decreases the number of people
available for farm work and could result in households having insufficient labor to look
after the farm. Therefore, the number of people working outside the rural household was
evaluated to determine the effects of the out-migration on the rural labor force. The regres-
sion results are summarized in column (1) in Table 7. It was found that HSR accessibility
decreased the rural labor force out-migration. This result may have been because HSR
projects promote local economic development and urbanization, which provide more local
employment opportunities.

Table 7. Mechanism analysis: impact of the HSR on rural labor force out-migration and off-
farm employment.

(1)
Out-Migration

(2)
Off-Farm Employment

HSR*After
−0.226 *** 0.019 ***
(−0.049) (0.010)

Constant
0.954 *** 0.682 ***
(0.237) (0.046)

Control variables Y Y
Wave FEs Y Y
City FEs Y Y

Observations 9760 9760
R-squared 0.009 0.002

Number of no 4880 4880
Remarks: standard errors in parentheses; *** p < 0.01.

Then, the “pull” effect mechanism on off-farm employment was examined. To deter-
mine whether this HSR accessibility effect mechanism improved cropland abandonment,
the effects of HSR accessibility on off-farm employment were explored. Off-farm em-
ployment was defined as the share of off-farm employment labor in total labor. If HSR
accessibility promoted local economic development and urbanization, then rural laborers
were more likely to find non-agricultural jobs [28]. The results are shown in column (2)
of Table 7. It was found that HSR accessibility significantly affected the share of off-farm
employment labor in total labor, with all estimated coefficients being positive, that is, HSR
accessibility promotes off-farm employment. Previous research has also shown that HSR
accessibility can speed up the urbanization process, which in turn results in a labor shift to
the non-agricultural sector [32].

Therefore, the results confirmed that HSR projects promoted the abandonment of
croplands by increasing off-farm employment, which supported the “pull effect” hypothesis
for non-farm sector employment.
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5. Conclusions and Policy Implications
5.1. Conclusions

HSR promotes population migration and leads to economic and urbanization growth.
Because HSR accessibility increases the ability of the labor force to move between indus-
tries, it has a positive effect on cropland abandonment. Taking HSR accessibility as a
quasi-natural experiment, the DID method was used to investigate the effects of HSR
accessibility on cropland abandonment. To avoid the traditional limitations in DID models,
a PSM approach was first applied to ensure the DID estimation results would be unbiased.
Using CLDS data from waves 2014 and 2016, the HSR accessibility cropland abandonment
coefficient was estimated to be 0.205. When the ratio of cropland abandonment was taken
as the dependent variable to estimate the HSR accessibility effect, the robustness of the
conclusion improved. The heterogeneity analysis found that HSR accessibility in both
hilly and plain areas had a significant effect on cropland abandonment. Several other
potential variables were also examined to understand the underlying mechanisms for the
impact of HSR accessibility on cropland abandonment. It was found that HSR accessibility
decreased the out-migration of the rural labor force and that HSR accessibility promoted
off-farm employment. The mechanistic analysis indicated that HSR accessibility promoted
local economic development and urbanization growth, which resulted in local farm labor
moving to the non-agricultural sector and abandoning their cropland.

5.2. Policy Implications

This study quantified the effects of HSR accessibility on cropland abandonment. Based
on the above findings, some policy implications are proposed. Safeguarding food security
remains a significant challenge in developing countries. While the development of the HSR
network has increased production factor flows, which is important to China’s urbanization
and industrialization goals, it has also resulted in a large-scale loss of agricultural labor
forces to non-agricultural employment, which in turn has resulted in cropland abandon-
ment. Therefore, local and regional governments need to consider the potential rural
hollowing and cropland abandonment risks of HSR projects when formulating relevant
policies to improve transportation facilities. Furthermore, as China’s rural labor force is con-
tinuing to decrease, labor substitution technologies, such as mechanization and no-tillage
technologies, should be gradually employed in HSR-accessible areas. Local governments
could also formulate relevant support policies to encourage land leasing to balance the
withdrawal of agricultural personnel and cropland abandonment in HSR-accessible areas.
For example, this could include building an efficient information platform for the cropland
leasing market, or providing corresponding financial subsidies for infrastructure improve-
ment to the cropland leaseholders. Encouraging non-farm personnel to contract land and
invest in characteristic agriculture in these HSR-accessible areas could also inhibit cropland
abandonment. For example, this could include providing corresponding financial subsidies
to characteristic agricultural operators to help them improve agricultural infrastructure, etc.
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Abstract: The coupling and coordinated change characteristics of land-use production, living, and
ecological functions (PLEFs) and their relationship with human activity intensity (HAI) in ecologically
fragile areas are important to study, especially in promoting the sustainable development of regional
land-use and revealing the evolution of the human–land relationship. In this paper, the coupling
coordination degree (CCD) model was used to analyze the coordinated development level of PLEF
in Wanzhou District from 2000 to 2020. The HAI was measured by the equivalent of construction
land. The synchronous development model was introduced to analyze the relationship between
them. The results showed that, in Wanzhou District, the PLEFs showed significant spatial distribution
differences and evident spatial complementarity. The PLEFs of Wanzhou District were at a good
coordination level, but exhibited a downward trend. A spatial pattern of “high in the west and low
in the southeast” was presented. The CCD of the production–living function was poor, which is the
critical direction of future optimization. The value of HAI in Wanzhou District showed an increasing
trend and exhibited a high concentration in the central town and its surrounding regions. According
to the synchronous development state of the HAI and the CCD of the PLEFs, Wanzhou District was
divided into three development types. The development type of most areas of Wanzhou District
was positive, but the area decreased over the past 20 years. Therefore, it is crucial to propose other
regulatory strategies for regions with different development types. This research will provide a
decision-making reference for promoting the coordination of the PLEFs and alleviating human–land
relations in the reservoir area of central and western China, mountainous regions, and similar areas
in developing countries.

Keywords: coupling coordination degree model; “production–living–ecological” functions; human
activity intensity; the synchronous development model

1. Introduction

Land is the spatial carrier of national survival and development [1–3]. Land is multi-
functional. It can provide various products and services to human beings through different
land-use functions [4,5]. The classification of land-use functions from the perspective
of “production–living–ecological” space (PLES) has been recognized by more and more
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scholars [6–8]. It includes production, living, and ecological functions (PLEFs) [9,10]. The
production function (PF) refers to the social output function of using land as the labor
carrier to produce products and services [11]. The living function (LF) refers to the function
that various land types provide to ensure human survival and growth [12]. The ecolog-
ical function (EF) is the natural basis and function for maintaining human survival and
development, which occurs in the ecosystem and its processes [13]. With the rapid growth
of urbanization, intensified human activities have caused severe disturbances to land-use.
The function and pattern of land have undergone drastic changes [14,15]. The competition
and conflict of the PLES are becoming increasingly fierce [16]. Additionally, the imbalance
problems and contradictions of the PLEFs are becoming increasingly prominent [11,17,18]
and many other issues frequently occur [19–24]. The sustainable utilization of territorial
space and the relationship between humans and land are facing severe crises and chal-
lenges [11,25]. Accurately understanding the changes in the PLEFs and their relations with
the intensity of human activities is the basis for carrying out territorial space planning and
coordinating the relationship between humans and land [26–28].

The research on PLES functions has mainly focused on the following aspects: (1) the def-
inition of concept and connotation [29], spatio-temporal pattern evolution research [30], clas-
sification and function evaluation [31], coupling coordination degree (CCD) research [6,32],
spatial layout optimization of PLES and land-use policy, etc. The degree of interaction and
coordination between multiple systems can be calculated by the CCD model [33], which
has been widely used and achieved fruitful results [34,35]. Scholars generally use human
activity intensity (HAI) to measure the degree of human interference with the natural
environment. However, when related to research on the degree of land-use, single indica-
tors, such as the land utilization rate and land development intensity, are often used [36],
resulting in one-sided research results. In addition, the selection of indicators and the
determination of weights in these studies are primarily targeted at specific regions, with
the defects of intense subjectivity and poor universality. Based on this, this study adopts
the HAI measurement model [37]. The percentage of the equivalent area of construction
land to the total area of provincial land is used in this model. This method can reflect the
comprehensive status of regional land-use degrees and has strong universality. These meth-
ods provide an essential reference for measuring the CCD and HAI in Wanzhou District.
However, research on the relationship between them in ecologically fragile areas has not
been systematically and deeply carried out. It is urgent that new research ideas are injected
for further research.

Wanzhou District is located in the central area of the Three Gorges Reservoir Region
(TGRR) and is the financial center of the TGRR. The ecological environment in this area
is fragile and highly sensitive to human activities [38]. Therefore, we took ArcGIS 10.4
as the technology platform and adopted land-use raster data. The technical solution for
this paper is shown in Figure 1. We aimed to study the evolution characteristics of the
CCD and its relationship with the HAI in Wanzhou District from 2000 to 2020. This could
reveal the evolution of the human–land relationship in Wanzhou District. The results of
this study will contribute to the adjustment and optimization of various ecological policies
in the hinterland of the TGRR. We provided a typical example for the study of sustainable
development in the reservoir area of central and western China, mountainous areas, and
similar areas in developing countries. The objectives of this paper include the following:

(1) Quantitatively evaluate the CCD of the PLEFs;
(2) Calculate the spatio-temporal evolution characteristics of the HAI in Wanzhou District;
(3) Use a synchronous development model to explore the response process of the HAI to

the CCD of the PLEFs;
(4) Divide the development types and put forward different regulation strategies.
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Figure 1. The primary steps of the technical solution.

2. Materials and Methods
2.1. Study Area

Wanzhou District is located in the upper reaches of the Yangtze River and the heart
of the TGRR. It is the second-largest city in Chongqing. It covers an area of 3457 km2,
with 12 townships, 29 towns, and 11 subdistricts under its jurisdiction. It also has the dual
characteristics of a mountain city and a river city (Figure 2). According to the Seventh
National Census bulletin of Wanzhou District, by the end of 2020, the total population was
172.57 million, with an urbanization rate of 68.92%. It is the district with the largest popula-
tion, the most significant urban volume, and the most management units in Chongqing.
The terrain of Wanzhou District is mainly mountainous, and forest is the primary land
cover type (53.5%). Purple soil, yellow soil, and lime soil are the main soil types. After three
impoundments in the TGRR, the inundated area and the scale of the resettlement project
in Wanzhou District are huge. During this period, land-use and the intensity of human
activities have undergone significant changes. The ecological environment and landscape
pattern change clearly in the area, which is a typical representative area of the hinterland of
the TGRR. Therefore, taking Wanzhou District as the study area, this paper will be helpful
in revealing the general law of the coupling and coordinated evolution of the PLEFs and
their response to the human activity intensity in other ecologically vulnerable areas.
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2.2. Data

This paper adopted the land-use raster data of Chongqing from 2000, 2010, and 2020.
The resolution is 30 m × 30 m. The data were downloaded from the Data Center for
Resources and Environmental Sciences, Chinese Academy of Sciences (http://www.resdc.
cn/ (accessed on 5 June 2022)). We used a mask extraction tool to extract the data from
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Wanzhou District. These data include the following types: cultivated land, woodland,
grassland, water area, urban and rural industrial and mining areas and residential land,
and unused land. The social–economic data of the Wanzhou District primarily came from
the Chongqing Statistical Yearbook (2021), including the total area, population, urban
population, urbanization rate, forest coverage rate, etc.

2.3. Methods
2.3.1. Evaluation of PLEFs

Based on the current research results and guided by the functional theory of PLEF,
the concepts of strong production land, semi-production land, and weak production land;
strong living land, semi-living land, and weak living land; and strong ecological land,
semi-ecological land, and weak ecological land were introduced. In addition, according to
the existing studies [2,6,39,40], the hierarchical assignment method was used to assign the
applicable scores of various functional lands (Table 1).

Table 1. Index system of PLEFs.

The PLES Types Secondary Categories Land-Use Type Function
Score

Production land
Strong production land Industrial and mining

construction land 5

Semi-production land Paddy fields, dry land, urban
land, and rural settlements 3

Weak production land Woodland, grassland, rivers,
reservoir ponds, and wetlands 1

Living land
Strong living land Urban land and rural

settlements 5

Semi-living land Industrial and mining
construction land 3

Weak living land Paddy fields, dry land, rivers,
reservoir ponds, and wetlands 1

Ecological land
Strong ecological land Woodland, grassland, rivers,

and wetlands 5

Semi-ecological land Paddy fields and dry land 3
Weak ecological land Reservoirs and ponds 1

Firstly, to more accurately identify the land types and evaluate the “production–living–
ecological” function, based on the existing research [24] and the actual situation of the
research area, the fishing net tool was used to determine the 300 m × 300 m grid as the
evaluation unit. We divided Wanzhou District into 39,230 evaluation units. Secondly,
the frequency statistics tool was used to calculate the area of each land-use type in each
evaluation unit. Thirdly, the multi-factor weighted summation method was used to sum
up the functional scores of each evaluation unit. Finally, the results were analyzed by
visual mapping to reveal the spatial and temporal evolution characteristics of the PLEFs in
Wanzhou District. The formula is as follows:

Wj =
n

∑
i=1

Si ×Vi (1)

where Wj is the functional evaluation value of subsystem j in the study area, j = 1, 2,
3; W1, W2, and W3 are the evaluation values of the production space functional system,
living space functional system, and ecological space functional system, respectively; I is
the land-use type; n is the number of land-use types included in each evaluation unit; Si
represents the area of each land-use type in each evaluation unit, and the unit is km2; and
Vi represents the function score corresponding to the i-th land-use type (Table 1).
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2.3.2. PLEF Coupled Coordination Model

The CCD, introduced from physics, describes the degree of the interaction influence
of two or more systems. The coupling effect and coordination degree determine the sus-
tainable development of the system [33]. To explore the spatial distribution and evolution
characteristics of the coupling coordination relationship between the PLEFs in Wanzhou
District at different periods, considering relevant research results [41,42] and based on the
actual study, a measuring model of the coupling degree of the PLEFs in Wanzhou District
was constructed.

C = 3

{
Pi × Ri × Ei

(Pi + Ri + Ei)
3

}1/3

(2)

where C is the coupling degree of the PLEFs in Wanzhou District, and the value range
is [0–1]. The value of C is determined by the evaluation value of the PLEFs. Pi, Ri, and
Ei represent the evaluation scores of the production, living, and ecological functions in
Wanzhou District, respectively. The higher the value of C, the stronger the interaction
and influence within the PLEFs. Using the Natural Breakpoint classification method, the
coupling degree of the PLEFs in the study area was divided into four types (Table 2).

Table 2. Stage division of the coupling degree of PLEF.

Coupling
Degree Specific Stage Characteristic

C ∈ [0, 0.2] Low coupling period

The game within the PLEFs began to be played,
which were in a low-level coupling period.
When C = 0, the PLEFs are unrelated and
develop into disorder.

C ∈ [0.2, 0.5] Antagonism period

The interaction between the PLEFs is
strengthened. The phenomenon is that the
dominant function becomes stronger and
occupies the space of other parts, while other
parts continue to weaken.

C ∈ [0.5, 0.8) Run-in period PLEF begins to balance and cooperate, showing
a benign coupling feature.

C ∈ [0.8, 1) Coordinated coupling
period

The benign coupling between the PLEFs is
stronger and gradually develops in an orderly
direction during the period of high-level
coordination coupling. When C = 1.0, the PLEFs
achieve benign resonance coupling and tend
toward a new orderly structure.

To further explore whether the PLEFs are mutually promoted to a high level or
mutually restricted to a low level, we constructed the CCD model to further analyze the
comprehensive coordination development degree between the PLEFs. The formula is
as follows:

D = (C× T)1/2, T = αPi + βRi + γEi (3)

where D is the CCD between the PLEFs in Wanzhou District. The higher the D value of
the PLEFs, the better the coupling coordination between functions. T is the comprehensive
coordination index among the PLEFs; and α, β, and γ are the undetermined coefficients of
the PF, LF, and EF, respectively. Based on the existing research results, the undetermined
coefficient was determined to be α = β = 0.3, γ = 0.4.

To further explore the interaction degree and coordinated development of the
production–living function, production–ecological function, and living–ecological function,
Equations (2) and (3) can be further subdivided into:

C1 = 2

{
Pi × Ri

(Pi + Ri)
2

}1/2

, C2 = 2

{
Pi × Ei

(Pi + Ei)
2

}1/2

, C3 = 2

{
Ri × Ei

(Ri + Ei)
2

}1/2

(4)
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D = (C× T)1/2, T1 = αPi + βRi or T2 = αPi + γEi or T3 = βRi + γEi (5)

According to current research results [43], when measuring the CCD between the
production and living functions, α = β = 0.5. When calculating the CCD between the
production and ecological functions, α = 0.45, γ = 0.55. When calculating the CCD between
the ecological and living functions, β = 0.45, γ = 0.55. By referring to relevant research
results [36,37] and combining them with this study, the CCD of the PLEFs can be divided
into three stages: good coordination, barely coordinated, and dysregulation recession
(Table 3).

Table 3. Stage division of the CCD of the PLEFs.

Coupling Coordination
Degree Specific Stage Characteristic

D ∈ [0, 0.15) Dysregulation recession
PLEFs conflict with each other and are in
the low level of coupling and
coordination stage.

D ∈ [0.15, 0.35) Barely coordinated
PLEFs check and balance each other and
cooperate, and enter the transitional stage
of coupling, coordination, or conflict.

D ∈ [0.35, 0.5] Good coordination
Coordinated development of the PLEFs
with a high level of coupling and
coordination stage

2.3.3. Human Activities Intensity Measurement Model

The HAI is an effective index to calculate the intensity of the human transformation
of nature. In this paper, we used the construction land equivalent to measure the HAI in
Wanzhou District. The areas of different land-use types were converted into corresponding
construction land equivalents according to their conversion coefficients of construction land
equivalents. Then, HAI was calculated according to the equivalent sum of construction
land of different land-use types in the region [37]. The calculation formulas are as follows:

HAIi =
SCLE−i

Si
× 100% (6)

SCLE−ij =
n

∑
j=1

SLij × CIij (7)

where HAIi is the human activity intensity in the i-th region, SCLE−i is the equivalent area
of construction land in the i-th region, Si is the total area of the i-th region, SLij is the area
of the j-th land-use type in the i-th region, CIij is the equivalent conversion coefficient of
construction land of the j-th land-use type in the i-th region, and n is the number of land-
use types in the i-th region. Referring to existing studies [44], the equivalent conversion
coefficient (CIij) of construction land for different land-use types is shown in Table 4.

Table 4. Equivalent conversion coefficient of construction land for different land-use types.

Land-use
Types

Cultivated
Land Woodland Grassland Water

Area

Urban and Rural
Industrial and
Mining Areas

and Residential
Land

Unused
Land

CIij 0.20 0.13 0.10 0.60 1.00 0.00

2.3.4. The Synchronous Development Model

The relationship between the HAI and the CCD of the PLEFs is not only a state at
a specific time point, but also a changing process at different time points. Therefore, a
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synchronous development model was constructed in this paper. We used this model to
reveal the synchrony characteristics (lead or lag) of the changes in the CCD of the PLEFs and
the HAI level in different years [45,46]. The results can provide a basis for the formulation
of differentiated regulation strategies. The calculation formula is as follows:

T = D− HAI (8)

where T is the synchronous development degree. If T > 0.1, the coordination degree of
the PLEFs is relatively higher than the HAI, and the HAI is lagging, which is defined as
the lagging type of development. In this type, HAI does not negatively affect the coupling
and coordinated development of the PLEFs. If −0.1 ≤ T ≤ 0.1, their difference is slight.
When there is more balance, it is defined as the synchronous type of development. In this
type, the HAI and coupling coordination development of the PLEFs are in synchronous
coordination; If T < −0.1, it means that the HAI is relatively higher than the CCD of the
PLEFs. The HAI is leading development, defined as the leading type of development. This
type of HAI negatively affects the coupling and coordinated development of the PLEFs.

3. Results
3.1. Spatial–Temporal Evolution Characteristics of the PLEFs
3.1.1. Production Function

From 2000 to 2020, the production function in Wanzhou District increased yearly,
showing a spatial distribution characteristic of higher values in the west and lower values
in the east (Figure 3). High values were mainly distributed in Gaofeng Town, Shuanghekou
Street, Longdu Street, and other places. In the east of Wanzhou District, Zouma Town, Puzi
Town, Lishu Town, Dibao Tujia Town, and the Yangtze River had lower values. Owing to
the implementation of environmental protection policies along the Yangtze River basin,
the land used for industrial and mining construction in the coastal areas was rectified and
transferred. The area of land used for intensive production in the Yangtze River basin is
decreasing. Tai’an Town, Puzi Township East, Dibao Tujia Township, and the other regions
in the past 20 years have developed their strong production land area to vigorously develop
the economy. Therefore, the production function scores of the coastal regions of the Yangtze
River Basin, Tai’an Town, the eastern part of Puzi Town, Dibao Tujia Town, and other areas
changed significantly.

3.1.2. Living Function

From 2000 to 2020, the area with a high living function value in Wanzhou District ex-
panded year by year, showing the spatial distribution characteristics with higher elevation
in the central area and lower around (Figure 3). The high value was mainly distributed
in the central towns of Wanzhou District, including Pailou Street, Chenjiaba Street, and
Wuqiao Street. In the rapid urbanization process in Wanzhou District, especially in the com-
bination of urban and rural areas, the population flow was large, leading to increases in the
urban land around the central towns. The living function score changed most significantly
in these areas.

3.1.3. Ecological Function

From 2000 to 2020, the evaluation value of the ecological function in Wanzhou District
showed a spatial distribution with higher values in the east and lower values in the west
(Figure 3). The area with high weight was mainly distributed in Puzi Township, Lishu
Township, and Zouma Town. The area with low weight was mainly distributed in the
central towns of Wanzhou District and the coastal areas of the Yangtze River Basin, and
the scope expanded year by year. Owing to the development concept of “clear water and
green mountains are gold and silver mountains” and the implementation of the policies
of “returning farmland to forest or grassland” and “returning farmland to the lake”, the
ecological environment along the Yangtze River basin was restored, and its ecological
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function was enhanced. Therefore, the ecological function scores in these areas changed
dramatically.

In general, the evaluation values of the ecological function and the other two functions
in Wanzhou District showed evident spatial complementarity in their distribution.
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3.2. Coupling Coordination Degree of the PLEsF
3.2.1. Coupling Degree

In the spatial dimension, the coupling degree of the PLEFs in Wanzhou District showed
the distribution characteristics of high in the west and low in the east. In Gaofeng Town,
Jiuchi Town, and other areas, the coupling degree of the PLEFs reached the highest value of
“1”. This indicates that the PLEFs of these regions had a great degree of mutual influence.
In the temporal dimension, the interaction within the PLEFs in Wanzhou District weakened
from 2000 to 2020. Additionally, the weakening range gradually expanded in the center of
Chenjiaba Street (Figure 4).
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Since the establishment of the TGRR and the direct jurisdiction of Chongqing Munici-
pality, Wanzhou District, the second-largest city of Chongqing and the heart of the TGRR,
has received counterpart support from China. In this stage, Wanzhou District vigorously
developed its economy, and the areas of urban residential land, industrial and mining land,
and land for transportation and water conservancy increased significantly. Moreover, it
constantly encroached on ecological space, leading to the weakening of ecological functions
and causing the coupling degree of the PLEFs to become lower and lower from 2000 to 2020.

As shown in Figure 5, the production–living function (PLF) coupling degree of central
towns in Wanzhou District had a significant value, with the highest value reaching “1”,
the scope of which gradually expanded with Pailou Street as the center. This shows that
the interaction of central towns in Wanzhou District continued to strengthen. With the
continuous development of the economy, the infrastructure of Wanzhou District continu-
ously improved. During the past 20 years, economic production developed vigorously, and
the production function reached a dominant position. The production function provides
the financial basis and material guarantee for the living function. Therefore, the living
function of the central town also improved, and the degree of mutual influence between
production and living function increased. The coupling degree of the living–ecological
function (LEF) changed little, except in the central urban area. The spatial distribution of
the production–ecological function (PEF) coupling was higher in the west than in the east.
In 2015, Wanzhou District actively implemented the policy of “returning farmland to forest
or grassland.” The area of forest and grassland in Wanzhou District significantly increased,
and the ecosystem was restored. Therefore, the coupling degree of PEF in Wanzhou Dis-
trict grew yearly. The interaction between the production and ecological functions has
become more robust. However, due to the irreversible impact of economic construction on
the ecological environment, the coupling degree of PEF in the central towns of Wanzhou
District decreased.

3.2.2. Coupling Coordination Degree

In Wanzhou District, the CCD of the PLEFs was at the coordination level. The spatial
distribution decreased from northwest to southeast, and the regional difference was no-
ticeable. The western region of Wanzhou District exhibited good coordination, including
Zhushan Township, Gaofeng Town, Lihe Town, and other areas. However, the area of this
region decreased from 2198.46 km2 in 2000 to 2142.99 km2 in 2020. This shows that the
CCD of the PLEFs decreased in the study area. The barely coordinated area had a wide
distribution range, but was relatively scattered, and its area showed a trend of decreasing
first and then increasing. The dysregulation recession area was mainly distributed in the
eastern and southeastern regions of Wanzhou District, including Longju Town, Lishu Town,
Dibao Tujia Town, and the east part of Puzi Town. Its area showed an increasing trend
from 566.71 km2 in 2000 to 625.84 km2 in 2020. It can be concluded that, although the
coordination area of the PLEFs was dominant, the coordination level decreased in Wanzhou
District (Figure 6).

Regarding the CCD of PLF, Wanzhou District was generally in a moderate state of
coordination. The spatial distribution included high values in the middle and low values
on the two sides, and regional differences were apparent. Most of the western part of
Wanzhou District was in a barely coordinated area, including Longsha Town, Ganning
Town, Sunjia Town, etc. The moderate coordination area decreased from 2557.00 km2 in
2000 to 2478.39 km2 in 2020. The eastern and southeastern regions were in dysregulated
recession, including Longju Town, Puzi Town, Zouma Town, etc. Its area showed a trend of
first increasing and then decreasing. The good coordination area was mainly distributed in
the central towns of Wanzhou District, such as Longdu Street, Bell and Drum Tower Street,
Pailou Street, etc. The spatial distribution was more concentrated, and its area showed
an increasing trend. This indicates that the CCD of PLF in Wanzhou District improved.
This was mainly due to the construction and development of central towns in Wanzhou
District and the continuous improvement of infrastructure, which provide space-bearing
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and material guarantees of living functions. The CCD between the production and life
functions improved and was at the coordination level (Figure 7).
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Regarding the CCD of PEF, Wanzhou District was in a moderate coordination state.
The spatial distribution features included high values on both sides and low values in the
middle, and the regional difference was pronounced. Most of the eastern and western areas
of Wanzhou District were in good coordination, such as Zishui Town, Danzi Town, Puzi
Town, etc. The coordination area decreased from 3358.24 km2 in 2000 to 3300.50 km2 in
2020, indicating that the CCD of production and life decreased. The barely coordinated
area showed a point distribution, and the area showed an upward trend. The moderate
coordination area increased by 12.48 km2. The central region was in dysregulation recession,
including Chenjiaba Street, Pailou Street, etc. Its area showed an increasing trend, and the
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area of the discordant area increased by 45.26 km2 over the past 20 years. Owing to the
excessive production development and human activities, ecological damage in the central
region was caused. The CCD of PEF was at an uncoordinated level, and the scope gradually
expanded (Figure 7).
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Regarding the CCD of LEF, Wanzhou District was in a state of coupling coordination.
The spatial distribution exhibited a decrease from northwest to southeast. Most of the
western and northwestern areas were in good coordination, including Fanshui Town, Yujia
Town, Houshan Town, etc. The area of coordination decreased from 2325.32 km2 in 2000
to 2264.59 km2 in 2020. The CCD of LEF in the southeast region was in dysregulation
recession, including Lishu township, the eastern part of Puzi township, and the eastern
part of Yanshan township. During the past 20 years, the discordant area increased by
60.22 km2. The barely coordinated area was scattered between the uncoordinated area and
the communal area, and its area showed a trend of decreasing first and then increasing. The
distribution of CCD between the production and ecological functions of central towns in
Wanzhou District changed obviously. The uncoordinated area showed a trend of expansion
year by year. This was mainly because domestic land continuously encroached on ecological
land, resulting in the reduction of the area of ecological land and the reduction of the CCD
between the living and ecological functions (Figure 7).

3.3. Spatial–Temporal Evolution Characteristics of HAI

From 2000 to 2020, the human activity intensity in Wanzhou District showed an
increasing trend. It was 17.47% in 2000, 17.97% in 2010, and 18.81% in 2020. The HAI in
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Wanzhou District during different periods was divided into five levels by the GIS natural
break point method (Table 5).

Table 5. Human activity intensity at different times.

Level of HAI Standards (%)
Area Ratio

2000 2010 2020

Lowest <8 0.61% 0.59% 0.58%
Lower 8–15 38.49% 38.29% 38.03%

Medium 15–19 27.62% 27.61% 27.46%
Higher 19–38 30.12% 29.29% 28.46%
Highest >38 3.16% 4.22% 5.47%

Only the highest level has expanded, while the other four scales reduced. The spatial
distribution of the HAI in Wanzhou District differed. The distribution pattern was “high in
the west and low in the east”. The areas with the highest level were primarily distributed
in the central towns of Wanzhou District, and the scope expanded yearly. The areas with
lower and lowest levels were primarily distributed in the eastern part of Wanzhou District.
This area had high elevation, and its land-use type was ecological land dominated by forest
and grass, playing an ecological protection role (Figure 8).
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3.4. The Development Type of the PLEF Coupling Coordination Degree and HAI

The development types were preliminarily determined according to the synchronous
development index of the HAI and the CCD of the PLEFs (Table 6). According to the
coupling coordination index (D), Wanzhou District could be divided into three types:
dysregulation recession, barely coordinated, and good coordination. According to the
synchronous development index (T), Wanzhou District could be divided into three types:
lagging development, synchronous development, and advanced development. The results
of the two indices can be combined into nine classes, including dysregulation recession–
advanced development, dysregulation recession–synchronous development, dysregula-
tion recession–lagging development, barely coordinated–advanced development, barely
coordinated–synchronous development, barely coordinated–lagging development, good
coordination–advanced development, good coordination–synchronous development, and
good coordination–lagging development. It is considered that regulating the synchronous
development index is key to promoting the coordinated development of regional human–
land relations. Therefore, we used the synchronous development index to classify the study
area into three types: negative, positive, and synchronous.
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Table 6. Preliminary results of the development types in Wanzhou District in 2000, 2010, and 2020.

Development
Types Specific Types

Area Ratio (%)

2000 2010 2020 Variation

Negative type

I: Dysregulation recession—Advanced development 13.84 15.65 17.44 3.6
II: Barely coordinated—Advanced development 0.63 0.62 0.81 0.18
III: Good coordination—Advanced development 0.75 0.87 1.23 0.48

Subtotal 15.22 17.14 19.48 4.26

Synchronous type

IV: Dysregulation recession—Synchronous development 2.26 1.98 0.45 −1.81
V: Barely coordinated—Synchronous development 1.53 1.78 1.68 0.15
VI: Good coordination—Synchronous development 0.69 0.84 1.1 0.41

Subtotal 4.48 4.6 3.23 −1.25

Positive type

VII: Dysregulation recession—Lagging development 0 0 0.01 0.01
VIII: Barely coordinated—Lagging development 15.13 14.56 14.55 −0.58
IX: Good coordination—Lagging development 65.17 63.70 62.73 −2.44

Subtotal 80.3 78.26 77.29 −3.01

According to the preliminary results, the development type of most areas in Wanzhou
District was positive. That is, the development of regional economic construction was
not based on the sacrifice of the coordinated development of the PLEFs. However, the
proportion of positive and synchronous types decreased over 20 years. Among them, the
proportions of the “good coordination–lagging development” type and the “dysregulation
recession–synchronous development” type fell the most obviously, which decreased by
2.44% and 1.81%, respectively. The ratio of the negative area increased by 4.26%, among
which the proportion of the “dysregulation recession–advanced development” type in-
creased the most, with a total increase of 3.6% over the past 20 years. The development of
these regions was the sacrifice of the coordinated development of PLEFs. The relationship
between humans and land is tense and is in urgent need of regulation. Therefore, according
to the synchronous development state of the HAI and the CCD of PLEFs in Wanzhou Dis-
trict, it is essential to classify the study area and put forward different regulation strategies
(Figure 9).
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and improve the awareness of farmers to use land and raise land in order to reduce agrar‐

ian non–point source pollution and soil pollution considering the synchronous coordina‐

tion of economic development, ecological protection, and comfortable living. Thus, this 

will promote the deep integration of the PLEFs. 

The third is for the development of positive regions. Under the guidance of the con‐

cept of “ecological priority and green development”, The relationship between protecting 

the ecological environment, guaranteeing economic development, and preserving bare 

farmland should be resolved. Through land space planning, the layout of ecological lands, 

such as green heartlands and the green belt, should be increased. An appropriate amount 

of development of unused land, easing the central area of land tension, and undertaking 

industrial transfer should be conducted. Combined with local characteristics, ecological 

leisure  tourism  should  be  properly  developed.  The  advanced  production  technology 

should be introduced and there should be scientific increases in various production input 

factors. A three‐dimensional, circular, ecological, high–quality, and sustainable agricul‐

tural development model should be formed. 

4.2. Contributions and Limitations 

Figure 9. The development type of the PLEF coupling coordination degree and HAI in 2000 (a),
2010 (b), and 2020 (c).

4. Discussion
4.1. Policy Recommendations

The first recommendation is for the development of hostile regions. The scale of con-
struction land should be reasonably determined and the HAI should be controlled. To avoid
irreversible damage to the coupling coordinated development of the PLEFs in the process
of HAI growth, it is also necessary to increase investment in environmental protection
and environmental governance. The remediation and the closure of seriously polluting
factories, and promoting the ecological transformation of the industry are important. The
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implementation of policies and striving to improve the maladjustment of human–land
relationships should be strengthened.

The second is for the development of synchronous regions. It is necessary to maintain
the synchronous and coordinated development state of the current HAI and the coupling
coordination level of PLEFs. It is also important to upgrade and relocate industries that are
energy-intensive and highly polluting, treating wastewater, waste gas, and waste residue.
The government should also actively promote knowledge of agricultural pollution, and
improve the awareness of farmers to use land and raise land in order to reduce agrarian
non–point source pollution and soil pollution considering the synchronous coordination
of economic development, ecological protection, and comfortable living. Thus, this will
promote the deep integration of the PLEFs.

The third is for the development of positive regions. Under the guidance of the concept
of “ecological priority and green development”, The relationship between protecting
the ecological environment, guaranteeing economic development, and preserving bare
farmland should be resolved. Through land space planning, the layout of ecological lands,
such as green heartlands and the green belt, should be increased. An appropriate amount
of development of unused land, easing the central area of land tension, and undertaking
industrial transfer should be conducted. Combined with local characteristics, ecological
leisure tourism should be properly developed. The advanced production technology
should be introduced and there should be scientific increases in various production input
factors. A three-dimensional, circular, ecological, high–quality, and sustainable agricultural
development model should be formed.

4.2. Contributions and Limitations

Promoting the coupling and coordinated development of the regional PLEF has be-
come one of the critical issues for regional sustainable development. To clarify the relation-
ship between the HAI and the CCD of the PLEFs, this paper has the following advantages.
Firstly, compared with previous studies [47], we used a 300 m × 300 m grid as the evalua-
tion unit to make the evaluation result more accurate. This provided more precise location
information for land-use decisions and land management. Secondly, we referred to the
existing research [37] and calculated the HAI according to the sum of the construction land
equivalents of different regional land use types on the grid scale. The calculated results
could not only reflect the comprehensive effect degree of human social and economic
activities on land resources, but also enhance the comparability of the research results of
the intensity of human activities in different regions. Thirdly, exploring the relationship
between the HAI and the coupling coordination of PLEF is a point that was easily neglected
in previous studies. In this study, we try to use the synchronous development model [45,46]
to preliminarily discuss and classify the development relationship. Fourthly, based on
analyzing the level of HAI and the CCD of PLEF, this paper scientifically discriminated
the factors restricting synchronous development and divided the regions into different
types. The differentiation promotion strategy was put forward, providing a theoretical and
practical reference for regional sustainable development.

However, because of the complexity of the changing interaction between the HAI and
the CCD of the PLEFs, and due to the limitations of data and data acquisition, this paper
only tried to explore the interaction relationship between them from the perspective of syn-
chronous development and the spatial grid scale. The scientific prediction of the evolution
of the relationship and taking scientific measures in advance for accurate regulation are of
significance to alleviate the contradiction between humans and land and achieve regional
sustainable development. Therefore, in the future, it will be necessary to carry out relevant
research on the evolution direction of the synchronous development relationship between
the HAI and the CCD of PLEF from other perspectives and different spatial scales in order
to obtain its internal operating mechanism and distribution law systematically.
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5. Conclusions

The methods of the CCD model, human activity intensity model, and synchronous
development model were used in this paper. This paper calculated and analyzed the
evolution characteristics of the CCD of the PLEFs and the intensity of human activities in
Wanzhou District from 2000 to 2020, as well as the types of their development relations.
The following conclusions can be obtained:

(1) In Wanzhou District, the PLEFs showed significant spatial distribution differences and
evident spatial complementarity. The spatial distribution of the production function
was higher in the west than in the east. The living function showed the spatial
distribution characteristics of being higher in the middle. The ecological function
showed the spatial distribution characteristics of being higher in the east and lower in
the west.

(2) From 2000 to 2020, the coupling degree of the PLEFs in the Wanzhou District decreased
and the interaction became weak. The CCD of the PLEFs was at a good coordination
level, but there was also a downward trend. The coupling coordination of the living–
production function was poor, which is the critical direction for future optimization.

(3) The HAI in Wanzhou District showed an increasing trend and formed a high concen-
tration in the central town and its surrounding areas. The development type of most
regions in Wanzhou District was positive.

(4) In Wanzhou District, the “good coordination–lagging development” type was domi-
nant, but the area ratio decreased, while the proportion of “dysregulation recession–
advanced development” increased. We proposed different regulation strategies for
further development types to improve the regional CCD of the PLEFs and guide the
harmonious development of regional human–land relationships.
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Abstract: Against the background of Chinese decentralization, the preferences and choices of local
governments significantly affect the scale and structure of urban construction land supply. Due to
the shortage of financial funds and the political performance pursuit of local governments, environ-
mental decentralization gives local governments greater autonomy in environmental management,
and increases the possibility for local governments relying on land transfer income to make up
for the financial gap and provide public goods and services. This paper analyses the impact of
environmental decentralization on the construction land supply scale of local government based
on the panel data of 30 provinces in China from 2003 to 2015. The results indicate that: (1) environ-
mental decentralization has a positive effect on the increase in urban construction land supply scale;
(2) environmental decentralization affects urban construction land supply by strengthening land
financial dependence and distorting land resources misallocation; (3) there are regional disparities in
the effect of environmental decentralization on urban construction land supply. The impact is greater
in regions with high financial pressure, high economic growth pressure, and low environmental
protection pressure. In summary, some policy suggestions are put forward to reasonably supply
urban construction land against the background of Chinese decentralization.

Keywords: environmental decentralization; urban construction land supply; fiscal decentralization;
political centralization

1. Introduction

Land resources are extremely important for ensuring food security, facilitating eco-
nomic development, and protecting the ecological environment [1,2]. Urbanization has
accelerated the conversion of agricultural land around cities to non-agricultural construc-
tion uses, which is a common problem faced by the whole world [3,4]. This phenomenon is
particularly acute in developing countries, such as India and China [5]. Over the years, the
important role of land in China’s rapid economic development cannot be ignored. A great
deal of construction land has been provided by the Chinese government to support urban-
ization and industrialization [6]. According to data from the “China urban construction
statistical yearbook”, the area of urban construction land in China increased from 6720 km2

to 52,761.3 km2, with an average annual growth of 6.06%, from 1981 to 2016. In contrast, this
rate of urban population growth over the same period was only 2.98%. However, economic
growth that heavily relies on land not only causes many social problems such as land
finance, illegal land use, inefficiency of industrial land, and soaring housing prices [7], but
also leads to environmental problems, such as declining biodiversity and environmental
pollution [8]. Governments are working to curb urban sprawl through environmental
regulation [9–13].

In response to environmental problems, including those caused by urban sprawl
and land resources misallocation, the Chinese government has adopted a decentralized
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management model (environmental federalism) [14]. In other words, central and local
governments share environmental management powers. Local governments are respon-
sible for specific matters of environmental management, including pollution prevention,
ecological protection, and environmental access management. The central government
is responsible for supervising and coordinating local governments. According to Envi-
ronmental Protection Law of the People’s Republic of China, all factors affecting human
survival and development are the objects of environmental management, including natu-
ral elements (atmosphere, water, land, etc.), as well as artificial transformation elements
(nature reserves, urban and rural areas, etc.) [15]. In terms of land use management, the
improvement of central environmental protection supervision has prompted local govern-
ments to rationally plan the scale and structure of construction land supply, and the supply
of highly polluting industrial land has been restricted. Statistics show that the supply area
of construction land gradually declined after reaching a peak of 374,804.03 hm2 in 2013;
the proportion of the land transferred by agreement plummeted from 50.08% in 2007 to
16.06% in 2008 (the agreed transfer can reflect the supply of industrial land) [16]. This
suggests that changes in local government autonomy alter the allocation of resources. This
phenomenon also exists in other locations worldwide, such as Montpellier (France), Rome
(Italy), and Jakarta (Indonesia), where the expansion of construction use is also affected by
decentralization [17,18].

Construction land expansion is a complex issue. In addition to environmental regula-
tions, there are many factors that affect the expansion of urban construction land, including
land use planning, land systems, public policy, etc. [19,20]. The factors influencing the
supply of construction land under China’s unique institutional background are particu-
larly complex. First, the Chinese government is the sole subject of land acquisition and
transfer. The government can obtain most of the land appreciation profits by acquiring
land at a low price and selling it at a high price [21]. Therefore, they intervene in the scale
and structure of urban construction land supply according to their own interests [22–24].
Second, fiscal decentralization and political centralization increase incentives for local gov-
ernment officials to sell land for fiscal revenue and political performance [25–29], resulting
in an excessive supply of urban construction land [30]. In addition, some factors, such as
economic development level, population size, and industrial structure, can also affect the
government’s land supply [31–33].

With the advancement of urbanization around the world, curbing the disorderly ex-
pansion of cities and determining the reasonable scale of urban construction land supply
are common concerns for all countries [34,35]. The government plays an important role in
controlling the scale and structure of construction land supply. The scale of construction
land supply is the result of the government’s resource allocation after comprehensive con-
sideration of various factors, such as environmental protection and economic development.
Decentralization affects the allocation of resources by changing the government’s autonomy
in the choice of economic, political, environmental, and other goals. How to design the
administrative management system to achieve better allocation of resources by the gov-
ernment has attracted much attention. Our research provides Chinese experience for this.
Some of the literature has analyzed the logic of massive land supply by local governments
under the background of fiscal decentralization and political centralization. However, the
impact of the environmental protection assessment requirements of the central government
and the evolution of the environmental management system on construction land supply
by local governments has not been paid attention to. Therefore, this paper incorporates en-
vironmental decentralization into the framework of Chinese decentralization and analyzes
the influence of environmental decentralization on local government land supply. The main
issues addressed in this paper include: (1) Does environmental decentralization affect local
government urban construction land supply? (2) How does environmental decentralization
affect the supply of urban construction land by local government? (3) Is there regional
difference in the influence of environmental decentralization on urban construction land
supply? Compared with the existing research of scholars, this paper proposes innovations
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in the following aspects: (1) environmental decentralization is incorporated into the Chinese
decentralization framework, which expands the Chinese decentralization system. (2) Based
on the Chinese decentralization framework, the urban construction land supply behaviors
of local governments are analyzed. The impact of environmental decentralization on urban
construction land supply is emphatically analyzed, which provides a new concept for
studying the influencing factors of local government land supply. (3) Combined with the
incentive mechanism of urban construction land supply under Chinese decentralization,
the impact of environmental decentralization on land supply in regions with different
financial pressure, economic growth pressure, and environmental protection pressure is
considered, which provides policy directions for coordinating economic development and
environmental protection.

2. Institutional Background and Theoretical Hypothesis
2.1. Institutional Background

China has a unique institutional background of fiscal decentralization and political
centralization, which is different from the fiscal decentralization and federal political system
of Western countries [36]. In terms of finance, China implements a tax-sharing system,
and the fiscal budgets of governments at all levels are relatively independent. This means
that local governments have certain economic decision-making power and can govern
according to their own preferences [37]. In terms of politics and bureaucracy, China is in
power with one party and implements vertical management with upward responsibility,
which forms a multi-departmental M-shaped hierarchy [38,39]. The superior (or central)
government has the right to appraise the performance of local government officials and
decide on their promotion [40].

Corresponding to the delegated powers, China implements a decentralized environ-
mental management system [41]. That is, environmental decentralization. Environmental
decentralization originates from environmental federalism, which studies the environmen-
tal management functions of all levels of government [42]. In the “pyramid” system, where
the central government is located above and the local governments are located below, local
governments are authorized to participate in environmental management affairs [43]. It is
generally believed that environmental centralization can effectively control cross-regional
pollution, and that environmental decentralization is more flexible and targeted [44–47].
Since the reform and opening up in 1978, the evolution of environmental decentralization
in China can be divided into three stages [48]. The first stage was from 1978 to 1993. During
this stage, financial and administrative powers were highly decentralized, and the degree
of environmental decentralization was high. The central government lacked supervision
over local environmental affairs. The second stage was from 1994 to 2007. During this stage,
with the increase in central government’s fiscal revenue, the environmental management
powers of central government improved, and the degree of environmental decentralization
decreased. The third stage is from 2008 to the present. With the adjustment of the govern-
ment environmental protection institutions and the increased emphasis on environmental
protection, the central government decentralized environmental administrative power
and enhanced environmental supervision power and environmental governance incen-
tives. Several instances in the literature have confirmed the beneficial effects of environ-
mental decentralization in China, including promoting green development and pollution
control [49,50]. However, some scholars believe that the institutional background of fiscal
decentralization and political centralization in China makes the incentives and constraints
of local government environmental protection mismatched. When decentralizing environ-
mental rights, local governments will relax environmental control, which forms a race to
the bottom and aggravates environmental pollution [51,52].

The fiscal decentralization, political centralization, and environmental decentralization
implemented in China can be summarized as Chinese decentralization.

175



Land 2023, 12, 601

2.2. Theoretical Hypothesis

The institutional arrangement of Chinese decentralization affects the construction land
supply by local government in three aspects: fiscal decentralization, political centralization,
and environmental decentralization. In terms of fiscal decentralization, the 1994 tax-sharing
reform led to a misalignment of the executive and fiscal powers of the government [53].
Fiscal revenues flow upwards to the central government, and the responsible affairs remain
in the local government, resulting in a huge fiscal gap [54,55]. Decentralization has led
local governments to provide land for construction to ease fiscal pressures and cover fiscal
deficits. This is manifested in the expansion of fiscal revenue through “land rent” and
“land tax” [56]. The “land rent” refers to the one-time income obtained by transferring
land. Selling commercial and residential land at a high price can obtain more “land
rent” [57,58]. The “land tax” refers to attracting investment by selling industrial land
at low prices, and developing industries to obtain continuous tax revenue [59]. When
it comes to political centralization, Chinese officials are usually accountable to the top.
Local government officials are promoted through excellent performance appraisals [60].
Economic growth is the core of performance measurement, so there is fierce competition
around GDP growth [61–63]. In order to win the GDP championship, local governments
often sell industrial land at reserve prices or free of charge to attract investment and
promote economic growth, which increases the supply of construction land [28,29]. The
importance of environmental indicators in performance appraisals has increased in recent
years, which limits the expansion of construction land [36]. Environmental decentralization
affects the supply of construction land by relaxing or tightening environmental constraints
after weighing the importance of economic growth and environmental protection. After
incorporating environmental decentralization into the Chinese decentralization framework,
the incentives and constraints of local government construction land supply are shown in
Figure 1.
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Under the specific institutional background of Chinese decentralization, environ-
mental decentralization gives local governments greater autonomy in choosing economic
development goals and environmental protection goals [64]. Local governments’ economic
incentives and political incentives do not match the environmental protection constraints,
which causes local governments to prioritize economic growth over environmental welfare.
Local governments ignore environmental issues and supply a great deal of construction
land to generate revenue and boost the economy.

Hence, the first hypothesis is obtained: environmental decentralization will increase
the urban construction land supply by local government.

When environmental management power is decentralized, the local government will
compare the importance of economic incentives, political incentives, and environmental
constraints. Against the background of the shortage of local government’s fiscal revenue
and the pursuit of political performance, environmental decentralization increases the mo-
tivation of local governments to pursue “land rent”, “land tax”, and “attracting investment
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from land”, so that local governments reduce environmental protection requirements. This
leads to the intensification of the local government’s land financial dependence and land
resources misallocation. Thus, the scale of construction land supply is increased.

Hence, the second hypothesis is obtained: environmental decentralization increases
the urban construction land supply scale of local governments by increasing land financial
dependence and land resources misallocation.

Environmental decentralization affects construction land supply by changing the eco-
nomic incentives, political incentives, and environmental constraints of local governments.
Therefore, in regions with different financial pressures, economic growth pressures, and
environmental protection pressures, the incentives and constraints of land supply are also
distinct. In regions with high financial pressure, local governments have stronger economic
incentives. When environmental power is decentralized, there is a stronger incentive to
provide a great deal of land at the expense of the environment [65]. In regions with high eco-
nomic growth pressure, local governments have a stronger motivation to attract investment
by land [66,67]. Environmental decentralization will increase the supply of industrial land,
which expands the scale of construction land supply. In regions with high environmental
protection pressures, local governments have stricter constraints on the preservation of the
environment. When environmental power is devolved, local governments will optimize
local environmental management and limit the scale of land supply [68].

Hence, the third hypothesis is obtained: there are regional disparities in the effects
of environmental decentralization on urban construction land supply. In the regions with
high financial pressure, high economic growth pressure, and low environmental protection
pressure, the impact of environmental decentralization on construction land supply is
more significant.

3. Research Design
3.1. Model Settings

In the context of Chinese decentralization, environmental, fiscal decentralization, and
political centralization jointly affect the urban construction land supply by local govern-
ments. Thus, the following fixed-effect model is established [50].

LSit = β0 + β1EDit + β2FDit + β3FAIit + β4 IPCit + βiXit + θi + µt + εit (1)

where LSit is the explained variable, representing construction land supply; EDit is the
explanatory variable, representing environmental decentralization; FDit is fiscal decentral-
ization; FAIit and IPCit are fixed asset investment and environmental protection investment,
respectively, representing political centralization; Xit are other control variables, including
per capita GDP, population, urbanization rate of land, the proportion of secondary and
tertiary industries, financial pressure; i and t represent the provinces and periods under
consideration, respectively; β0 is the constant term; β1–βi are coefficients; θi and µt repre-
sent the province and time effects, respectively; εit is the random error term. In order to
make the data smoother and reduce heteroscedasticity, the non-proportional data are dealt
with as logarithms.

3.2. Variable Selection

(1) Explained variable. The construction land supply scale is used to describe the
construction land supply behavior of local government. The data sources of urban construc-
tion land supply in the existing literature mainly include the “China Land and Resources
Statistical Yearbook” [33], the land survey results sharing application service platform, and
the network of “landchina” [69,70]. Among them, the time span of the data in the “China
Land and Resources Statistical Yearbook” is relatively long. Therefore, this paper uses the
construction land transfer area in the “China Land and Resources Statistical Yearbook” to
express the scale of land supply.

(2) Explanatory variable. Environmental decentralization reflects the functional divi-
sion of central and local governments in environmental management affairs. The higher the

177



Land 2023, 12, 601

degree of environmental decentralization, the greater the authority of local governments
in environmental affairs. Referring to the existing literature, the relative personnel num-
ber of environmental protection agencies at all levels is used to calculate environmental
decentralization [71,72]. The calculation formula for environmental decentralization is
as follows.

EDit =

[
LEPPit/POPit
NEPPt/POPt

]
×
[

1−
(

GDPit
GDPt

)]
(2)

where EDit is environmental decentralization; LEPPit, POPit, GDPit are the personnel
number of environmental protection agencies, population, and gross domestic product
of province i in year t; LEPPt, POPt, GDPt are the number of personnel in environmental
protection agencies, population, and gross domestic product of whole country in year t;
(1− GDPit/GDPt) is the economic scaling factor for reducing endogenous interference [73].

(3) Control variables. Under the framework of Chinese decentralization, the impact
of fiscal decentralization and political centralization on land supply cannot be ignored.
Therefore, three special control variables were selected, including fiscal decentralization,
fixed asset investment per unit of GDP, and industrial pollution control completed invest-
ment. Fiscal decentralization typically includes revenue decentralization and expenditure
decentralization [74]. Fiscal revenue incentives can increase local government construction
land supply. Thus, this paper uses fiscal revenue decentralization. Fixed assets investment
is used to represent the promotion incentives of political centralization [75], and industrial
pollution control completed investment is used to represent the environmental constraints
of political centralization [76]. For the control of other social and economic factors, referring
to the research of Wang (2015), Zhou (2019), and Li (2021) [32,33,50], six control variables are
selected from the five aspects: economic development, population size, urban expansion,
industrial structure, and financial pressure. Specific indicators include the per capita GDP
and its square, population, land urbanization rate, the proportion of secondary and tertiary
industries, and financial pressure.

The contents of the variables are shown in Table 1.

Table 1. Variable selection.

Variable Type Variable Name Variable Connotation

Explained variable Supply scale of construction land (LS) Total area of construction land supply

Explanatory variable Environmental decentralization (ED)
Local government environmental protection

employees/national environmental
protection employees

Special control variables

Fiscal decentralization (FD)
Local government per capita fiscal

revenue/central government per capita
fiscal revenue

Promotion incentive (FAI) Fixed asset investment/GDP

Environmental constraints (IPC) Industrial pollution control
completed investment

Other control variables

Economic development level (PGDP) Per capita GDP

Economic development level square (PGDP2) Square of per capita GDP

Population (POP) Total population

Land urbanization rate (URL) Built up area/land area

Proportion of secondary and tertiary industries (STI) (Secondary industry added value + tertiary
industry added value)/GDP

Financial pressure (FP) (Local government fiscal expenditure—Local
government fiscal revenue)/GDP
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3.3. Data Sources

Since the personnel number of environmental protection agencies at provincial level
has only been updated to 2015, the panel data of 30 provinces (Hong Kong, Macao, Tai-
wan, and Tibet are not included) from 2003 to 2015 are used for analysis. The data on
urban construction land supply area and land transfer income are from the “China Land
and Resources Statistical Yearbook (2004–2016)”. The data on the number of employ-
ees in environmental protection agencies are from the “China Environmental Yearbook
(2004–2016)”. Other data are from the provincial annual database on the website of the
“National Bureau of Statistics of China”. The descriptive statistics of the variables are
shown in Table 2.

Table 2. Descriptive statistics of variables.

Variable Name Unit Mean Std. Dev Min Max

lnLS hectare 8.662 0.953 4.797 12.445
ED - 0.971 0.353 0.438 2.290
FD - 1.132 1.008 0.343 5.926
FAI - 0.662 0.255 0.131 1.564

lnIPC 108 yuan 2.257 1.038 −1.693 4.658
lnPGDP 104 yuan/person 0.673 0.611 −0.996 2.158
lnPGDP2 104 yuan/person 0.827 0.973 0.000 4.657

lnPOP 104 persons 8.161 0.754 6.280 9.365
URL - 0.023 0.129 0.000 2.500
STI - 0.881 0.062 0.658 0.995
FP - 0.115 0.095 0.008 0.636

The spatiotemporal evolution of urban construction land supply and environmental
decentralization is plotted in Figure 2.
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Figure 2(a1,a2) shows that there is more construction land supply in the east than in
the west, and the land supply in the Yangtze River Delta and Pearl River Delta is the largest.
From 2003 to 2015, land supply in some provinces in the central and western regions of
China increased. Figure 2(b1,b2) shows that the provinces closer to the capital (Beijing)
have a higher degree of environmental decentralization. From 2003 to 2015, environmen-
tal decentralization in the central region decreased, while it marginally increased in the
western region.

4. Empirical Results
4.1. Basic Estimation Results

For fear of unrealistic regression results, it is necessary to check that the data is stable
before regression. Since this paper uses short panel data, the LLC unit root test is used. The
test results indicate that the data used for regression are all stationary. The basic estimation
results are shown in Table 3. FE1 is the estimation result of adding no control variables,
and FE2 and FE3 are the estimation results of gradually adding special control variables
and other control variables.

Table 3. Basic estimation results.

Variables FE1 FE2 FE3

ED 1.035 *** (4.498) 1.010 *** (4.967) 0.543 ** (2.533)
FD — 0.394 *** (3.614) 0.360 *** (3.059)
FAI — 1.427 *** (7.483) 0.849 *** (4.033)

lnIPC — −0.062 (−1.334) −0.115 ** (−2.530)
lnPGDP — — 1.196 *** (3.223)
lnPGDP2 — — −0.327 *** (−3.184)

lnPOP — — 0.415 (0.584)
URL — — 0.176 (1.135)
STI — — −4.661 *** (−2.955)
FP — — 1.839 ** (2.207)

Cons 7.242 *** (30.553) 6.350 *** (27.700) 7.729 (1.378)
Time-fixed effect Yes Yes Yes

Province-fixed effect Yes Yes Yes
R2 0.403 0.546 0.600

Obs 390 390 390
Note: values in parentheses are t statistics; **, and *** represent that the coefficients are significant at the levels of
5%, and 1%, respectively.

The regression results in Table 3 show that after adding all control variables, the coeffi-
cient of environmental decentralization is significant, at the level of 5%, which indicates
that environmental decentralization increases the scale of construction land supply. The
effect of fiscal decentralization is positive, at a 1% significance level, suggesting that the
greater financial autonomy of local governments, the stronger the motivation to provide a
great deal of construction land. The coefficient of fixed asset investment per unit of GDP is
positive, at a 1% significance level, suggesting that the scale of construction land supply is
expanding due to the competition of local governments to attract investment. The effect of
industrial pollution control investment is negative, at a 5% significance level, indicating
that environmental protection constraints limit the expansion of construction land supply.
The coefficient of square per GDP is markedly negative, at the level of 1%, indicating that
there is an inverted U-shaped Kuznets curve relationship between economic development
and construction land supply. The scale of construction land supply first increases and
then decreases with economic growth. The proportion of secondary and tertiary industries
is significantly negative, at the level of 1%, indicating that industrial structure upgrading
can reduce construction land supply. The effect of local government financial pressure on
land supply is markedly positive, at the level of 5%, indicating that the greater financial
pressure, the more construction land supply. Population size and land urbanization have a
positive influence on construction land supply, but they are not significant enough.
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4.2. Robustness Test

To make the regression results more robust and reliable, the explained and explanatory
variables are replaced, and the estimation method is changed. The robustness test results
are shown in Table 4. In Table 4, FE4 is the regression result of replacing the explained
variable with land transfer income (LTI). FE5 is the regression result of replacing the ex-
planatory variable by environmental decentralization with a lag of one period. In addition,
the model may suffer from heteroscedasticity and autocorrelation, and the feasible gener-
alized least squares (FGLS) method is used to mitigate these problems [37,77]. The third
column in Table 4 are the regression results with FGLS. The main work of environmental
management includes administration, supervision, and monitoring. Therefore, subdivided
environmental decentralization can be used for robustness testing. FE6, FE7, and FE8 are
the estimated results of environmental administrative decentralization, environmental
supervision decentralization, and environmental monitoring decentralization, respectively.

Table 4. Robustness test results.

Variables FE4 FE5 FGLS FE6 FE7 FE8

ED 0.720 *** (3.836) — 0.290 ** (2.072) — — —
L.ED — 0.767 *** (3.247) — — — —
EAD — — — 0.013 (0.317) — —
ESD — — — — 0.082 ** (2.481) —
EMD — — — — — 0.038 (0.857)

FD 0.174 * (1.688) 0.360 *** (2.872) 0.258 * (1.785) 0.351 *** (2.907) 0.392 *** (3.291) 0.373 *** (3.026)
FAI 0.361 * (1.958) 0.833 *** (3.759) 0.419 *** (3.470) 0.743 *** (3.567) 0.756 *** (3.658) 0.760 *** (3.635)

lnIPC −0.045 (−1.126) −0.135 *** (−2.840) −0.086 *** (−2.994) −0.112 ** (−2.454) −0.112 ** (−2.468) −0.103 ** (−2.190)
Cons −2.067 (−0.421) 8.909 (1.471) 10.392 ** (2.106) 8.066 (1.379) 1.827 (0.294) 6.324 (1.018)

Other control
variables Yes Yes Yes Yes Yes Yes

R2 0.867 0.579 — 0.593 0.600 0.593
Obs 390 360 390 390 390 390

Note: values in parentheses are t statistics; *, **, and *** represent that the coefficients are significant at the levels
of 10%, 5%, and 1%, respectively.

Table 4 indicates that environmental decentralization has a remarkable positive influ-
ence on land transfer income. The impacts of fiscal decentralization and competition for
attracting investment on land transfer income are also significantly positive. The impact of
environmental decentralization lagging one period on land supply is significant, at a level
of 1%, indicating that the current land supply is affected by environmental decentralization
in the previous period. The regression results with FGLS are not much different from the
basic estimation. From the perspective of subdivided environmental decentralization, the
influences of environmental administrative and monitoring decentralization are not signif-
icant, while the impact of environmental supervision decentralization is significant, at a
level of 5%. The reason for this may be that administrative and monitoring decentralization
increases the flexibility and positiveness of environmental management and helps to im-
prove environmental performance. Supervision decentralization weakens the importance
of environmental constraints and reduces environmental performance. Robustness test
results are consistent with basic estimation results. It can be considered that the impact of
environmental decentralization on urban construction land supply is stable.

4.3. Endogenetic Test

There are many factors that affect urban construction land supply. Although some
variables affecting land supply are controlled in this paper, there may still be some factors
that are not considered by the model. In addition, the bidirectional causality relationship
between explanatory variables and explained variables may also produce endogeneity.
In this paper, the first-order and second-order lags of environmental decentralization are
used as instrumental variables, and two-stage least square (2SLS) regression is used to

181



Land 2023, 12, 601

eliminate endogenous effects [78]. The generalized method of moments (GMM) can deal
with endogenous issues [79]. In this paper, the system generalized method of moments
(sys-GMM) is used to further avoid the endogenous and weak instrumental variables [50].
The endogeneity test results are shown in Table 5.

Table 5. Endogenous test results.

Variables
2SLS

Sys-GMM
1st Step (ED) 2nd Step (LS)

L.LS — — 0.025 (0.323)
L.ED 0.854 *** (14.334) — —

L2.ED −0.045 (−0.723) — —
ED — 0.869 *** (2.671) 0.414 * (1.701)
FD −0.012 (−0.672) 0.297 ** (2.153) 0.459 ** (2.524)
FAI −0.044 (−1.367) 0.885 *** (3.677) 0.404 (1.611)

lnIPC −0.005 (−0.784) −0.147 *** (−2.874) −0.150 (−1.338)
Cons 0.101 (0.108) 7.290 (1.051) 7.467 (1.445)

Other control variables Yes Yes Yes
Underidentification test 22.274 (0.000) —
Weak identification test 137.478 (19.93) —

Hansen J statistic 1.664 (0.197) —
AR(2) — — −0.83 (0.405)

Sargan test — — 9.22 (0.324)
R2 0.727 0.546 —

Obs 330 330 330
Note: values in parentheses are t statistics; *, **, and *** represent that the coefficients are significant at the levels
of 10%, 5%, and 1%, respectively; the p values of Underidentification test, Hansen J statistic, AR(2) and Sargan test
are in parentheses; the critical value of 10% significance is shown in the brackets of Weak identification test.

Table 5 shows that the impact of environmental decentralization on urban construction
land supply is significantly positive, at a 10% level, whether estimated using the 2SLS model
or the sys-GMM model. After accounting for endogeneity, the impact of environmental
decentralization on urban construction land supply is still significantly positive.

5. Further Analysis
5.1. Intermediary Mechanism

Theoretical analysis has shown that land finance dependence and land resources
misallocation increase the scale of local government construction land supply. Land finan-
cial dependence can be measured by indicators such as the proportion of land transfer
income to GDP [80], the proportion of land transfer income to local government fiscal
revenue [81,82], and per capita land transfer income [83]. In this paper, the proportion
of land transfer revenue in the general public budget revenue of the local government
is used to represent the land financial dependence of local government. Land resources
misallocation in this paper refers to the unreasonable allocation between different uses
of construction land. This is because the government supplies a great deal of industrial
land at low prices, resulting in a high proportion of industrial land. Scholars believe that
agreement transfers go hand in hand with the supply of industrial land at low prices. Thus,
the proportion of land transferred by agreement to the total land transfer area can be used
to measure the degree of land resource misallocation [16]. The estimated results of the
intermediary effect are shown in Table 6.

Table 6 shows that the impact of environmental decentralization on land financial
dependence and land resource misallocation is significantly positive, at a level of 1%, which
indicates that environmental decentralization exacerbates land financial dependence and
land resource misallocation. Comparing the columns (3)–(5) in Table 6, it can be found
that the impact of environmental decentralization on land supply is significantly reduced
after controlling land financial dependence and land resource misallocation. It shows that
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the two intermediary variables have a remarkable influence on urban construction land
supply [84].

Table 6. Intermediary effect estimation results.

Variables LF LRM LS (ED) LS (LF) LS (LRM)

ED 0.341 *** (4.371) 0.221 *** (4.205) 1.035 *** (4.498) 0.643 *** (2.950) 0.904 *** (3.862)
LF — — — 1.148 *** (7.866) —

LRM — — — — 0.591 ** (2.539)
Cons 0.122 (1.523) 0.452 *** (8.346) 7.242 *** (30.553) 7.101 *** (32.373) 6.974 *** (27.062)

Control variables No No No No No
R2 0.324 0.870 0.403 0.493 0.414

Obs 390 390 390 390 390

Note: values in parentheses are t statistics; **, and *** represent that the coefficients are significant at the levels of
5%, and 1%, respectively.

5.2. Heterogeneity Analysis

After environmental decentralization, urban construction land supply by local gov-
ernments should be balanced and chosen among fiscal revenue, economic growth, and
environmental protection. Local governments with high pressure on fiscal revenue and
economic growth may loosen environmental control and transfer a great deal of construc-
tion land for obtaining more land transfer income and better political performance. Local
governments with high environmental protection pressures are more inclined to protect
the environment and will not supply a great deal of construction land. In order to contrast
the different influences in the regions with different financial pressure, economic growth
pressure, and environmental protection pressure, this paper uses the median of pressure
to divide the provinces into two types of regions. Referring to Li (2015), the calculation of
financial pressure is attained by the proportion of the disparity between fiscal expenditure
and fiscal revenue to GDP [50]. The provinces are divided into high and low financial
pressure regions based on the median of the average financial pressure in each province
from 2003 to 2015. Providing more land can boost economic growth [85]. The regions with
high economic growth pressure have a stronger willingness to supply more construction
land. Referring to Yang (2016), regional economic growth pressure is represented by the
divergence between the local GDP growth rate of the current year and the last year [86].
Similarly, the regional division standard is the median of the average economic growth
pressure. Chemical oxygen demand (COD) and SO2 are often used to indicate pollution
levels [87,88]. COD is mainly produced by industrial enterprises, and is often used as an
important indicator to measure environmental pollution. Therefore, COD emissions per
unit of GDP are used to measure environmental protection pressure. The regional division
of environmental pressure is in accordance with financial pressure and economic growth
pressure. The estimated results for regions with distinct financial pressures, economic
growth pressure, and environmental protection pressures are shown in Table 7.

From the perspective of financial pressure, the effect of environmental decentralization
on urban construction land supply is significantly positive, at a level of 10%, in the regions
with high financial pressure, but it is not significant in the regions with low financial
pressure. Moreover, the regression coefficient of environmental decentralization in regions
with high financial pressure is larger (0.609 > 0.396). The results show that environmen-
tal decentralization prompts local governments with high financial pressure to increase
construction land supply to ease financial pressure.

From the perspective of economic growth pressure, the effect of environmental de-
centralization on urban construction land supply is markedly positive, at a level of 10%,
in regions with high economic growth pressure. The influence is negative in regions with
low economic growth pressure, and it is not significant. The regression coefficient of
environmental decentralization in regions with high economic growth pressure is larger
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(0.845 > −0.007). It shows that the motivation of local governments, which relies on construc-
tion land supply to boost economy, distorts the impact of environmental decentralization.

Table 7. Subregional estimation results.

Variables
Financial Pressure Economic Growth Pressure Environmental Protection Pressure

High Low High Low High Low

ED 0.609 * (1.666) 0.396 (1.364) 0.845 * (1.731) −0.007 (−0.033) 0.245 (0.749) 0.760 ** (2.325)
FD 0.857 ** (2.108) 0.263 * (1.753) 0.300 * (1.783) −0.160 (−0.486) 0.684 ** (2.342) 0.195 (1.173)
FAI 0.750 *** (2.709) 0.661 ** (2.045) 0.852 *** (2.692) 0.745 ** (2.605) 0.516 ** (2.580) 1.567 *** (3.030)

lnIPC −0.041 (−0.782) −0.348 *** (−4.008) −0.182 ** (−2.064) −0.091 * (−1.905) −0.018 (−0.371) −0.349 *** (−4.123)
Cons −1.422 (−0.198) 19.834 * (1.893) 10.897 (1.144) −18.501 * (−1.819) −5.990 (−0.813) 23.565 * (1.905)

Other control
variables Yes Yes Yes Yes Yes Yes

R2 0.771 0.506 0.551 0.780 0.772 0.522
Obs 195 195 195 195 195 195

Note: values in parentheses are t statistics; *, **, and *** represent that the coefficients are significant at the levels
of 10%, 5%, and 1%, respectively.

From the perspective of environmental protection pressure, the impact of environmen-
tal decentralization on urban construction land supply is significant, at a level of 5%, in the
regions with low environmental protection pressure, and it is not significant in the regions
with high environmental protection pressure. Moreover, the regression coefficient of envi-
ronmental decentralization in the regions with low environmental protection pressure is
larger (0.760 > 0.245), which indicates that environmental decentralization has a greater in-
fluence on construction land supply in regions with low environmental protection pressure.
The cause for such a phenomenon is that the environmental constraints in regions with low
environmental protection pressure are relatively weak. When the degree of environmental
decentralization increases, local governments tend to supply more construction land to
improve economic and political performance.

6. Policy Suggestions

The research of this paper provides some policy ideas for local governments to reason-
ably supply urban construction land against the background of Chinese decentralization.

(1) The environmental management power and responsibilities of the central and local
governments should be reasonably divided, and the incentive and restraint mechanisms
for construction land supply should be adjusted. The original intention of environmental
decentralization is to realize the localization of environmental management and improve
the efficiency of environmental management. However, in practice, local governments are
encouraged by fiscal revenue and political performance to loosen environmental control and
increase construction land supply in the background of environmental decentralization. By
decentralizing the environmental administrative power and centralizing the environmental
supervision power, local government’s target choice and land supply behavior can be
efficaciously restrained. In addition, strengthening the central environmental protection
constraints can increase the environmental preferences of local governments and encourage
them to reasonably supply construction land. Some measures should be used, such as
strictly implementing the environmental protection supervision system and improving the
importance of environmental protection indicators in performance appraisal.

(2) Differentiated environmental decentralization should be implemented to form
differentiated construction land supply incentives. The strong economic and political
incentives brought by urban construction land to local governments make environmental
decentralization ineffective in regions with high financial pressure, high economic growth
pressure, and low environmental protection pressure. The central government ought to
strengthen environmental centralization in these three types of regions. While empowering
local governments with environmental administrative power, the central government’s
regulatory powers ought to be enhanced to restrict local governments’ land supply behavior
that damages the environment. In regions with low financial pressure, low economic
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growth pressure, and high environmental protection pressure, the central government
should increase the degree of environmental decentralization to improve environmental
management efficiency.

(3) The land financial dependence of local governments ought to be weakened. Look-
ing for new sources of income and changing financing methods can alleviate the financial
pressure of local governments and weaken their land financial dependence. Specific mea-
sures can be implemented from two aspects: open source and throttling. Firstly, the fiscal
and taxation systems ought to be innovated to increase the tax revenue of local govern-
ments, such as levying property tax and inheritance tax, and so on [89]. Secondly, BOT
(build-operate-transfer) and other financing modes could be adopted in infrastructure con-
struction to alleviate the financial pressure of the government [90]. Moreover, the land lease
can be changed to annual lease, and the land transfer income can be changed from one-time
income to continuous income. While ensuring the government’s stable income, the urban
construction land supply for obtaining short-term economic profits can be controlled.

In addition, urban planning is an important means to control the expansion of con-
struction land scale. The government’s environmental policy objectives should be fully
considered when formulating land use plans [91]. In the use of land, it is necessary to
strengthen the guiding and standardizing roles of planning, and realize the scientific and
rational allocation of land for different purposes, such as urban construction land and
agricultural land.

7. Discussion and Conclusions
7.1. Discussion

In recent years, China’s environmental problems have gradually come to light. Under
the environmental decentralization system, the environmental management power of the
central government has gradually been strengthened [92]. This shows that the central
government is trying to find a balance of environmental decentralization to coordinate the
economic growth goals and the environmental protection goals of local government. We
integrated environmental decentralization into the Chinese decentralization framework.
Then, under the framework of Chinese decentralization, the incentives and constraints of
environmental decentralization, fiscal decentralization, and political centralization on the
supply of construction land by local governments were studied.

Our research enriches the Chinese decentralization framework. Previous studies have
only emphasized the incentives of fiscal decentralization and political centralization on local
government land supply [64,85,93]. Tang (2019) focused on the impact of environmental
politically binding indicators on local governments’ land violations [36]. However, there
has been no in-depth analysis of the impact of environmental management systems on
local government land supply. More importantly, the expansion of urban construction land
against the background of resource constraints and environmental protection has been
more strictly regulated [94]. Clarifying the incentives and constraints of government land
supply is conducive to achieving the rational allocation of urban land.

Our research results suggest that environmental decentralization reduces the perfor-
mance of land environmental management in China. This differs from Laskowski (2005)
and Blundell (2021), in that environmental decentralization improves performance by
improving environmental policy adaptability [44,45]. As Ulph (1998) argued, information
asymmetry between local and central governments in the context of Chinese decentral-
ization distorts the performance of environmental decentralization [46]. Among the three
environmental management affairs of administration, supervision, and monitoring, super-
vision decentralization has the most obvious promotion of the expansion of construction
land. Our research also shows that the impact of environmental decentralization on con-
struction land supply regionally varies. Where economic, political, and environmental
protection constraints differ, the performance of environmental decentralization is also
different. Fredriksson’s study of 110 countries also concluded that there were regional
differences in environmental decentralization performance [95].
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Although our study is based on the specific situation in China, it is also meaningful to
analyze government actions in the supply of urban construction land in other countries. The
impact of local government incentives and constraints on urban construction land supply
also exists in Western countries. Götze (2021) found that municipalities in Germany and
the Netherlands also provide a loose supply of urban land due to financial incentives [96].
Perrin (2018) and Kurnia (2021) studied the impact of decentralization on the expansion of
urban construction land in France, Italy, and Indonesia [17,18].

7.2. Conclusions

The economical and intensive use of land resources is an important measure to push
ecological civilization construction. Practice in western countries has proved that decen-
tralization can reduce information asymmetry and principal-agent risks, and improve
policy efficiency. However, decentralization may also allow local governments to loosen
environmental regulations to attract investment, which could boost economic develop-
ment. Under the Chinese decentralization framework, fiscal decentralization and political
centralization provide incentives for local governments to supply a great deal of urban
construction land to make up for fiscal gaps and support economic growth. Environmental
decentralization increases the possibility of local governments to loosen environmental
regulation, which promotes the expansion of construction land supply. The efficiency of
environmental decentralization is further reduced. Based on the theoretical analysis of the
effect of environmental decentralization on construction land supply, the interprovincial
panel data from 2003 to 2015 were used for analysis. The main conclusions are as follows:

(1) Environmental decentralization promotes the expansion of urban construction land
supply scale. Environmental decentralization intensifies the positive incentives of economic
and political incentives to the supply of construction land, and weakens environmental
constraints. Due to the important role of construction land in local economic development,
local governments usually choose to relax environmental control and supply a great deal
of construction land.

(2) Environmental decentralization promotes the expansion of urban construction
land supply by strengthening land financial dependence and distorting land resources
misallocation. Environmental decentralization increases the possibility of “land rent”, “land
tax”, and “attract investment by land”, while weakening environmental constraints. This
raises land financial dependence and the misallocation of land resources, which accelerates
the swell of construction land supply scale.

(3) Environmental decentralization has diverse incentives and constraints in regions
with distinct financial pressure, economic growth pressure, and environmental protection
pressure, and has different impacts on construction land supply. In regions with high
financial and economic growth pressure, local governments, driven by economic and po-
litical incentives, choose to relax environmental constraints and supply a great deal of
construction land. In regions with low environmental protection pressure, local govern-
ments have lower environmental constraints. The impact of environmental decentralization
on urban construction land supply is greater than that in regions with high environmental
protection pressure.

7.3. Limitations and Future Research

There are some deficiencies in this study. First, this paper only pays attention to the
effect of environmental decentralization on the urban construction land supply scale of
local government. However, the construction land supply structure of different uses and
industries is also affected by the preferences and behaviors of local government, which is a
content worthy of study. Second, due to data limitations, this paper only focuses on the
impact of decentralization and centralization between the central government and provin-
cial governments on urban construction land supply. However, Chinese governments at or
above the county level are empowered to supply land. The impact of decentralization and
centralization between the upper and lower governments below the provincial level on land
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supply is also worth studying. Third, this paper only studies the impact of environmental
decentralization on construction land supply in the context of China’s specific system.
However, there may be differences in the performance of environmental decentralization
in different institutional contexts. In the future, comparative analysis with other countries
could also be carried out.
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Abstract: The study of the man–land relationship in the urbanization process is the current frontier
and focus of international research. How to balance urban development and ecosystem conservation
in the Upper Yellow River is a key issue for sustainable development in China. In this study, we
evaluated the Lanzhou–Xining urban agglomeration (LXUA) by constructing a multi-dimensional
assessment system for urbanization quality and ecosystem services. The efficacy function model,
entropy weight method, and Integrated Valuation of Ecosystem Services and Tradeoffs (InVEST)
model were used to quantitatively assess the subsystems’ state of development. Then, the coupling
model (CD) and the coordination degree (CCD) model were used to explore the coupling coordination
relationship and spatial-temporal change characteristics of the composite system. The findings
indicate that: (1) In 2020, the quality of urbanization in the LXUA showed the pattern of “double
core”. The development of urban centers in each city is insufficient, and the proportion of counties
with a low level is too high. (2) Integrated ecosystem services showed an increasing distribution
pattern from the northeast to the southwest. Water provision services, soil conservation services and
carbon fixation services all showed growth trends. (3) Each county’s composite system was in the
run-in stage or highly coupled stage. The subsystems were closely related to each other. (4) The CCD
was decreased by 6% between two decades. The number of counties on the verge of disorder was the
highest. About 80% of the counties were relatively lagging behind in ecosystem services.

Keywords: urbanization quality; ecosystem services; coupling coordination; spatial-temporal variations;
Lanzhou–Xining urban agglomeration

1. Introduction

The first explosion of industry in the late 18th century required a greater concentra-
tion and continuity of production. Factors of production such as capital, manpower and
resources are highly combined in a limited space, driving the formation and development
of cities. Currently, more than half of the world’s people live in urban areas. Although
urbanization is of great significance in promoting population transformation, industrial
development, scientific and technological progress, and cultural exchange, it has also pro-
duced some negative effects, such as widening the urban–rural gap, tightening resources
and energy, intensifying environmental pollution, and overwhelming the ecosystem [1].
In this context, the Third United Nations Conference on Housing and Sustainable Urban
Development (Habitat III) and the “Future Earth” (FE) all emphasized that the regional
urbanization process should be coordinated with the state of the ecosystem and matched
with the carrying capacity of the resource and environment. The goals of building inclusive,
safe, disaster-resilient and sustainable cities and human settlements, and protecting, restor-
ing and promoting the sustainable use of terrestrial ecosystems were included in the 2023
Agenda for Sustainable Development as part of the next 17 global sustainable development
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priorities. How to reduce the negative impacts of rapid urbanization on ecosystems and
promote the synergistic development of urbanization and ecosystem services has become a
hot topic of widespread concern worldwide. At present, China’s urbanization development
is in a critical transition period from the medium-term rapid growth stage to the later stage
of quality improvement. The report of the 20th National Congress of the CPC and the Cen-
tral Urbanization Working Conference pointed out that we should plan for development at
the height of harmonious coexistence between human and nature; focus on improving the
quality of urbanization development; improve the diversity, stability, and sustainability
of the ecosystem; and take a green, intensive and efficient high-quality urbanization road.
Therefore, from the perspective of system coupling, it is of great theoretical and practical
significance to scientifically and accurately evaluate the current situation of urbanization
quality and ecosystem services, as well as the coupling and coordination relationship
between them.

International research is abundant regarding the relationship between urbanization
and ecosystems. The Organization for Economic Cooperation and Development (OECD)
and the United Nations Environment Programme (UNEP) pioneered the “Pressure-State-
Response” model in the 1980s. This model fostered a two-way perspective for studying the
interplay between urbanization and ecosystems. Through the application of econometric
methodologies, Grossman and Krueger discovered the renowned environmental Kuznets
curve based on panel data from 42 developed countries in 1995. This curve uncovers
an inverted “U”-shaped evolution law, correlating urban economic development with
the quality of urban ecological environments, thus providing a basis for further research.
Contemporary international research can be classified broadly into two categories from
a research perspective. One category focuses on the quantitative relationship between
urbanization and ecosystems on a global scale. For example, Li studied the coupling
mechanism between urbanization systems and ecosystems [2]. Howard delved into the
interaction mechanism between urbanization and environmental evolution [3]. On the
other hand, Deosthali used simulation to assess the impact of urbanization on the local
climates of cities [4]. Vester uncovered the mechanism linking urban economic growth
and its environmental evolution [5]. Girmm explored the correlation between changes
in urban landscape ecology and global change [6]. Berry identified the primary factors
impacting urban ecology due to urbanization. As for research methods, current studies
primarily employ disciplines such as economics, ecology, biology, and physics. Howard
implemented a system dynamics model, Berry utilized ecological factor analysis, Deosthali
leveraged bioclimatic indices, and Vester applied sensitivity models. Overall, the regional
scale of foreign research is larger, focusing on exploring the general rules of urbanization
and ecosystems in long-time serial variation.

The domestic research began in the 1980s. In 1979, Wu Chuanjun innovatively pro-
posed the theory of regional system of the man–land relationship, underlining the impor-
tance of geographical studies focusing on the interaction and negative feedback between
humanity and nature within the man–land system [7]. As articulated by Lu Daodao, study-
ing regional human–earth systems requires an understanding of their dynamic changes
across different stages of societal development, necessitating an integrated qualitative
and quantitative approach and advocating for a harmonious relationship between hu-
mans and nature at varying scales [8,9]. Domestic research in this field has also yielded
a wealth of findings. Concerning research content, scholars have deployed mathematical
models to elucidate various relationships between urbanization and ecosystems, such as
“positive”, “negative”, or “inverted-U” relationships [10–13]. Evaluations of urbanization
are predominantly conducted from the perspectives of population movement [14,15], in-
dustrial agglomeration [16,17], expansion of construction land [18,19], and infrastructure
development [20,21]. Assessments of ecosystem services typically rely on the value scale
formulated by Costanza and others [22], with the value of ecosystem services determined
by continuously refining the value equivalent factor [23]. As for research methodologies,
most existing studies have employed mathematical and statistical models such as regres-
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sion analysis [24,25], input-output models [26,27], system dynamics models [28,29], or
spatial analysis models. Regarding study area selection, empirical studies have mainly
concentrated on provincial or municipal levels, predominantly targeting economically
advanced regions, such as the Yangtze River Delta, Pearl River Delta, Beijing-Tianjin-Hebei
region, and Chengdu-Chongqing region. Overall, contemporary domestic research on the
relationship between urbanization and ecosystems exhibits three key characteristics. Firstly,
the assessment dimensions of urbanization tend to be somewhat singular, primarily encom-
passing population aggregation, economic growth, and construction land expansion, with
inadequate attention given to the comprehensive benefits of urbanization. Secondly, an
over-reliance on statistical data often overlooks the natural attributes of ecosystems, which
may result in the assessment findings not accurately reflecting the actual regional ecosystem
conditions. Thirdly, the limitations of one-way research remain unaddressed, lacking the
analysis of factor relationships and subject behaviors guided by synergistic ideas. The
research primarily centers around the ecological effects prompted by urbanization, with
insufficient focus on the feedback mechanism and mode of action of the ecosystem.

Ecosystem services refer to the conditions and processes that ecosystems and their
species can provide to humans to satisfy and sustain their needs [30]. It is a frontier area
of research in ecology and geography, and a link and bridge that connects natural and
hu-man processes [31]. For the purpose of identifying regional ecosystem service issues,
preserving regional ecological balance, and advancing regional sustainable development, it
is crucial to explore the intrinsic interaction mechanism between the external spatial and
temporal evolution of ecosystem services and the economic society [32–34]. We introduced
an exponential efficacy function model to quantitatively measure the development of
economic and social systems based on pertinent studies. Meanwhile, we used multivariate
data and the InVEST model to analyze the regional ecosystem services and explore the
current development status and coupled coordination of the complex ecosystem of the
LXUA. The purpose of this research is to clarify the synergistic evolution mechanism of
the man–land relationship in the ecologically sensitive area of the Upper Yellow River and
provide a reference for ecological protection and high-quality development.

2. Materials and Methods
2.1. Study Area

The LXUA, with coordinates of 34◦26′ N–37◦38′ N, 98◦55′ E–105◦55′ E, is the western-
most town-dense region in the Yellow River basin. It is situated below Longyangxia, in the
basin of the Yellow River and Huangshui River valley (Figure 1). The LXUA, which spans
97,500 km2, consists of 39 counties in 9 cities, including Lanzhou, Xining, and Haidong.
Mountains and river valleys dominate the region’s terrain, which is complicated and varied.
With an average height of 2000 m or more, the elevation varies from 1258 to 5255 m. In 2020,
the GDP of LXUA reached 61.4 billion RMB, accounting for 51% of the GDP in the two
provinces. The population reached 12.19 million, accounting for 66.5% of the permanent
population in the two provinces. The city group is rich in hydraulic resources; climate
geographic distribution differences; thick soil; and complex and diverse vegetation types,
among which the eastern agricultural area of Qinghai is located in the Huangshui and
Yellow River basin triangle. It has fertile soil, a mild climate, and a wealth of natural re-
sources that are advantageous for developing agriculture and animal husbandry. Lanzhou,
Xining, Huangzhong, Datong, Xunhua, etc. are important towns on the ancient Silk Road
transportation route. Lanzhou is known as the “heart of the land”, Xining is the “Pearl
City” on the Qinghai-Tibet Plateau, and the two cities are the “growth poles” to promote
the population clustering and economic development of the urban agglomeration.
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2.2. Analysis Framework

Urbanization and ecosystems together make up a complex system that is a synthesis
of ecological processes brought about by the interaction of human social, economic, and
cultural actions with the environment [35]. The two subsystems are connected and engage
in interactions with one another in terms of amount, structure, order, quantity in space, and
time. The quality of urbanization refers to a comprehensive concept with a rich connotation
that reflects the quality of urbanization in the process of urbanization [36]. In this paper,
evaluation indicators were primarily created in seven dimensions: economic development,
people’s lives, environmental protection, infrastructure, public services, urban vitality, and
relationships between urban and rural areas [37–39] (Table 1). The regional ecosystem
condition is an important basic condition for the smooth promotion of urbanization. The
LXUA is an essential strategic support for maintaining China’s ecological security and is
situated in the crucial zone of transition from the first to the second terrain in China. It
contains significant ecological security barriers such as the Source Region of Three Rivers,
Qilian Mountains, and Gannan Plateau. Water provision services refer to the interception,
infiltration, and storage of precipitation by ecosystems through their unique structures
and water interactions, and the effective regulation of water circulation through evapotran-
spiration. The water provision services of the LXUA play an important role in mitigating
surface runoff, supplementing groundwater, mitigating seasonal fluctuations in river water
flow, and ensuring water source quality. Meanwhile, vegetation can effectively reduce
the impact of precipitation on soil. Plant roots are intertwined with the soil, which can
effectively fix the soil. The soil conservation services are crucial to reduce soil erosion,
maintain soil fertility, prevent and control desertification, and reduce the occurrence of
geological disasters such as landslides and debris flows. Carbon fixation services refer to
the conversion of atmospheric carbon dioxide into organic carbon through photosynthesis,
which are fixed in the plants or soil. Carbon fixation services can reduce the concentration
of greenhouse gases such as carbon dioxide in the atmosphere, which plays an important
role in maintaining the carbon oxygen balance and slowing down global warming. Inte-
grated ecosystem services are the overall manifestation of various service functions and
an important indicator reflecting the quality and condition of regional ecosystems. These
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four types of ecosystem services have an important impact on the ecological security of
the Upper Yellow River and the country as a whole. Therefore, the study was based on the
InVEST model, and the four aspects of water provision, soil conservation, carbon fixation,
and integrated ecosystem services were selected for assessment. The analysis framework is
shown in Figure 2.

Table 1. Indicators of urbanization quality.

Functional Layer Indicator Layer Attribute Weight

Economic development level

Per capita GDP (RMB) + 0.0422
Per capita retail sales of consumer goods (RMB) + 0.0368

Per capita investment in fixed assets (RMB) + 0.0454
The proportion of tertiary industry (%) + 0.0396

People’s living standards

Employment rate of urban population (%) + 0.0374
Urban per capita disposable income (RMB) + 0.0346

The average wage of workers (RMB) + 0.0227
Urban per capita water consumption (ton) − 0.0431

Environmental protection

Greening coverage of built-up area (%) + 0.0424
Comprehensive utilization rate of industrial solid waste (%) + 0.0351

Urban domestic sewage treatment rate (%) + 0.0318
Harmless disposal rate of domestic waste (%) + 0.0347

Infrastructure

Residential area per capita (m2) + 0.0406
Road area per capita (m2) + 0.0428

Broadband penetration (%) + 0.0251
Gas penetration (%) + 0.0242

Park area per capita (m3) + 0.0352

Public service

Number of teachers per 10,000 people + 0.0295
Number of hospital beds per 10,000 people + 0.0371

Pension insurance coverage (%) + 0.0355
Number of books in a library + 0.0439

Urban vitality

Population per square kilometer + 0.0504
Number of public buses per 10,000 people + 0.0379

Gross Domestic Product (RMB 10,000) + 0.0299
Number of enterprises with considerable scale + 0.0466

Urban–rural relations
Average income ratio between urban and rural residents − 0.0359

Average consumption expenditure ratio between urban and
rural residents − 0.0396

The process of urbanization is one of the most important manifestations of the de-
velopment and evolution of human society. The ecosystem is a natural background and
supporting system for the subsistence and multiplying of human beings. Urbanization is
closely related to ecosystems, and both are important components of the regional man–land
system. The impact of urbanization on the ecosystem is bidirectional, with both negative
stress and positive promotion effects. The coercive effect of urbanization on the ecosystem
refers to the phenomenon of environmental pollution, imbalance between resource supply
and demand, reduction of biodiversity, and degradation of ecosystem functions when the
amount and speed of waste discharged by cities into the hinterland environment through
production and living reach or exceed the speed of ecological environment decomposition
and digestion. The promoting effect of urbanization on the ecosystem refers to the invest-
ment of more resources such as technology, funds, and manpower into urban economic
construction activities within the range of ecological environment capacity and carrying
capacity. Through policy intervention and the promotion of clean production technology,
the economic development mode is transformed, resource utilization efficiency is improved,
pollution emissions are reduced, citizens’ lifestyles are transformed, the low-carbon and
green development of cities is achieved, and the quality of the living environment is im-
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proved. The ecosystem also has a positive and negative impact on urbanization. On the
one hand, resources such as water, soil, energy, and minerals mainly constrain urban scale,
affect urban layout, limit urban industrial structure, and influence the speed of urbanization
development, thereby exerting constraints on various aspects of urbanization; on the other
hand, ecosystem services such as water provision, soil conservation, and carbon fixation
are fundamental for supporting and guaranteeing conditions for urban development and
residents’ lives.
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2.3. Data Sources

This study created an ecosystem classification map of the LXUA using the 100 m × 100 m
land-use remote-sensing monitoring data in 2000 and 2020 provided by the Resource and
Environment Science and Data Center (https://www.resdc.cn accessed on 22 August 2022)
(Figure 3).
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The socio-economic data used in this study were mainly obtained from “China Statis-
tical Yearbook”, “Gansu Development Yearbook”, “Qinghai Statistical Yearbook”, “Gansu
Urban Yearbook”, statistical yearbooks, and statistical bulletins of various cities. Basic geo-
graphic data, including roads, rivers, administrative boundaries of counties, were sourced
from the National Basic Information Center. Meteorological data, including temperature,
precipitation, water pressure, etc., were obtained from the China Metrological Data Service
Centre (http://data.cma.cn accessed on 28 August 2022), and the local 5-year average
meteorological data were taken for the calculation considering the interannual fluctuation
of the data. the soil data were sourced from National Earth System Science Data Center
(http://www.geodata.cn accessed on 12 September 2022).

2.4. Methods
2.4.1. Exponential Efficacy Function Model

In previous studies, the linear efficacy function model was usually used to standardize
the data. The linear efficacy function model defines the change of indicators as “uniform
change”, which is a relatively simplified form of processing. However, in the normal course
of economic and social development, if an indicator increases continuously and reaches
a certain number and scale, the actual utility provided by it will typically decrease over
time, much like the well-known law of diminishing marginal utility. It will then be more
challenging to maintain the indicator’s growth or progress. The derivative of exponential
efficacy function model is a lower convex function about independent variable. In practical
applications, the exponential efficacy function model is chosen to better fit the development
process and trend of the data. The formula is as follows:

d = Ae(x−xs)/(xh−xs)B (1)

where d is the efficacy score, xs is the theoretical minimum value, xh is the theoretical
maximum value. The parameters A and B can be determined by the critical points. When
the index value and the theoretical minimum are the same, according to the linear efficacy
function method, set d = 60, then A = 60. When the index value and the theoretical
maximum are the same, set d = 100, then B = −ln0.6 [40,41].

d = 60e−(x−xs)/(xh−xs) ln 0.6 (2)

2.4.2. The Entropy Method

The entropy method is an objective weighting method that determines the weight ac-
cording to the dispersion degree of the indicator, which can deeply reflect the utility value
of the indicator information and avoid the interference of human factors in the evaluation
process. The greater the dispersion of the indicator value, the smaller its entropy value, the
greater the amount of information provided by the indicator, and the greater the weight.
The specific calculation process is as follows:

Yij = xij/
m

∑
i=1

xij (3)

k =
1

ln m
(4)

ej = −k
m

∑
i=1

(Yij ln Yij) (5)

Dj = 1− ej (6)

Wj = Dj/
n

∑
j=1

Dj (7)

Ua = ∑ (Dj ×Wj)(a = 1, 2, 3) (8)
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In the formula, m and n represent the number of samples and indicators, respectively,
Yij is the i sample of the j indicators accounted for the proportion of the indicator of the
total sample value. ej, Dj and Wj are the entropy value, variability coefficient and weight
value of the j indicator, and Ua is the subsystem orderliness. The specific weights of each
index are shown in Table 1.

2.4.3. InVEST Model

The InVEST model is based on the distributed algorithm of “3S” technology. The
spatial representation, dynamic assessment and quantitative evaluation of ecosystem
service functions can be carried out quickly and accurately.

a. Water provision

Water provision is equal to the difference between precipitation and evapotranspira-
tion, which is obtained from the water yield module of the InVEST model. The model is
based on the Budyko water and heat coupling equilibrium assumption, taking into account
factors such as terrain, climate, soil layer thickness and permeability [42]. The calculation
formula is:

Zij = (1− AETij/Pj)× Pj (9)

where Zij denotes the annual water yield of land-use type j in grid i (mm). AETij represents
the annual actual evapotranspiration of land-use type j in grid i (mm). Pi represents the
average annual precipitation of grid i (mm).

b. Soil conservation

The modified general soil loss equation can be used to determine soil retention, which
is equal to the difference between the amount of possible soil erosion and the amount of
potential soil loss. The following is the calculation formula:

SD = R× K× LS× (1− C× P) (10)

where SD denotes the amount of soil conservation (t·hm−2·a−1). R is rainfall erosivity
(MJ·mm·hm−2·h−1·a−1). K is soil erodibility (t·hm2·h·hm−2·MJ−1·mm−1). LS is the gradi-
ent and slope length factor calculated by DEM. C is vegetation coverage and management
factor. P is the engineering measure factor.

c. Carbon fixation

Carbon storage represents the carbon fixation capacity of terrestrial ecosystems. The
calculation formula is:

C = Cabove + Cbelow + Csoil + Cdead (11)

where C is the underground carbon storage (t·hm−2·a−1). Cabove is the aboveground carbon
storage (t·hm−2·a−1). Cbelow is the underground carbon storage (t·hm−2·a−1). Csoil is the
density of soil organic matter (t·hm−2·a−1). Cdead is carbon storage of litter (t·hm−2·a−1).

d. Integrated ecosystem services

We constructed the comprehensive index of regional ecosystem services by using
the dispersion coefficient method, and the geometric average method was used for grid
cells [43]. The calculation formula is:

ESi =
σik
xik

=
1

xik

√√√√ 1
N

N

∑
k=1

(xik − xik)
2 (12)

where ESi is the ecosystem services of the i-th grid cell. σik is the amount of the k-th
ecosystem services on the i-th grid cell. xik is the normalized value of ecosystem services of
the k-th category on the i-th grid unit in the region. xik is the average of normalized values
of the k-th ecosystem services on the i-th grid cell. N is the main ecosystem service category.
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2.4.4. Coupling Coordination Degree Model

Originally a physical concept, coupling refers to the phenomenon of two or more
systems affecting each other through various interactions. The coupling degree can describe
influence between systems or elements. The coupling action determines the state and
structure of the system when it reaches the critical region, which determines the trend
of the system from disorder to order. The impact of urbanization quality and ecosystem
services interaction is defined as the coupling degree, which reflects the order of the system
and the interaction strength between subsystems. The calculation formula is:

C =




n
∏
i=1

Ui
(

1
n

n
∑

i=1
Ui

)




1
n

(13)

where n is the number of subsystems; Ui is the value of each subsystem, C is the coupling
degree, and the value of C is between 0 and 1. According to the value range of the coupling
degree, it can be divided into four stages. When the CD is below 0.3, the system is in the
low coupling stage; when the CD is between 0.3 and 0.5, the system is in the antagonistic
stage; when the CD is between 0.5 and 0.8, the system is in the running-in stage; and when
the CD is between 0.8 and 1.0, the system is in the high coupling stage. The measurement
functions of urbanization quality and ecosystem services at stage t are f (t, x) and g (t, y),
where x and y are the evaluation indexes of the two systems, respectively. The formula is
as follows:

C =

{
[ f (t, x)× g(t, x)]/

[
f (t, x) + g(t, x)

2

]2
} 1

2

(14)

D =
√

C× T =
√

C× [a f (t, x)× bg(t, x)] (15)

The coupling degree can indicate the strength of interaction between urbanization
quality and ecosystem services, but it is not possible to judge whether the coupling status is
benign or not. When the development level of both systems is low, a high coupling degree
can still be obtained. The degree of coordination adds a development coefficient to the
degree of coupling, which is a composite reflection of the order of internal structure and the
external scale of the system, where D is the coordination degree; C is the coupling degree;
a and b are the weights. In this study, it is considered that both urbanization quality and
ecosystem services are crucial to the evolutionary development of the composite system,
and it was more beneficial to compare the actual conditions of different county subsystems
horizontally by assigning the same pending coefficients to each system on the basis of the
control variables [44], so a and b were each assigned weight of 0.5.

3. Results
3.1. Status of Subsystem Development
3.1.1. Urbanization Quality Subsystem

The enhancement of the LXUA’s urbanization quality is crucial for advancing the
coordinated development of Northwest China and serving as a crucial assurance for the
construction of a multiethnic demonstration area of shared prosperity. According to the
seventh national census, the resident population of the LXUA was 12.47 million, accounting
for 40% of the total population of Gansu and Qinghai, among which the urbanization rate of
the resident population in Lanzhou and Xining was 83.1% and 78.63%, respectively. In terms
of distribution pattern, the urbanization quality of the LXUA in 2000 was in the barbell-
shaped “double core” pattern, with areas higher than 0.4 mainly concentrated in Lanzhou
and Xining urban areas, in the eastern and western cores of the urban agglomeration
(Figure 4). At the same time, the urbanization quality of Baiyin and Linxia, the municipal
and prefectural government locations, was also higher than 0.4. Compared with 2000, the
number of medium- and high-value areas of urbanization quality in LXUA increased in
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2020, including Haiyan of the Haibei urban area and Ping’an of the Haidong urban area,
which had increased to more than 0.4; and the main urban areas of Lanzhou and Xining,
and Baiyin increased to more than 0.6. It is worth noting that there were no counties with
an urbanization quality higher than 0.6 in 2020 in Dingxi, Hainan or Huangnan urban areas
within the city cluster.
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On the whole, the urbanization quality of the LXUA has fewer areas with medium
and high values, and the development of sub-central cities in the urban agglomeration is
relatively insufficient. At the same time, the average urbanization quality of all counties in
Lanzhou in 2020 was only 0.536, while that of Xining was 0.539. As the leading and core
of the urban agglomeration, its development potential has not been fully released, and
the leading and driving effects of both on regional urbanization development need to be
further strengthened. The urbanization quality of 25 counties in the urban agglomeration
in 2020 was between 0.2 and 0.4, accounting for 64% of the total number of counties; among
them, 10 counties had scores less than 0.3. The counties in the LXUA have a single level
of economic development, insufficient development of secondary centers, and obvious
characteristics of an extensive distribution of low-level counties. At present, Lanzhou and
Xining are still in the stage of polarized development: the “siphon effect” is obvious, a
large number of production factors are gathered in the core area, the development vitality
of the secondary core areas around the provincial capital is insufficient, and the economic
radiation and driving capacity of the central cities need to be strengthened.

In terms of temporal changes, the average urbanization quality of the counties in the
LXUA was 0.328 in 2000, rising to 0.404 in 2020, with an overall increase of 23.17% and
an average annual increase of 1.16%. There were big differences in the improvement of
each county, among which Gaolan, Yuzhong, Jingyuan, Weiyuan, Dongxiang, Jishishan
and Ledu’s urbanization quality increased by more than 40%; and that of Yongdeng,
Anding, Longxi, Lintao, Yongjing, Huangyuan and Huangzhong increased by more than
30%, mostly in the eastern Gansu section of the urban cluster (Figure 5). The junction
of Yongdeng and Gaolan, Lanzhou New, was established in 2010. With the gathering of
population and industry, infrastructure construction and production, and living services
enhancement, its urbanization quality has achieved obvious improvement. Lintao, Yuzhong
and Yongjing, close to Lanzhou, are radiated and driven by the core of the provincial capital,
and the urbanization quality is also improved at a faster rate. The number of counties with
an increase in urbanization quality of 20% to 30% was the largest, accounting for one-third
of the total number of counties, mainly distributed in the urban agglomeration Qinghai
area. The counties with less than a 20% increase were concentrated in the main urban areas
of Lanzhou and Xining, as well as Baiyin, Pingchuan and Linxia. The urbanization quality
of such counties in 2000 was higher than other surrounding counties. In the case of the
same absolute value of growth, the larger the previous base, the lower the increase will be;
at the same time, the development of regional urbanization also conforms to the law of
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marginal diminution, and the higher its development degree, the more difficult it will be to
improve it.
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3.1.2. Ecosystem Service Subsystem

Water provision services refer to the ability of an ecosystem to intercept or store water
resources from rainfall. From 2000 to 2020, the water provision services of the LXUA
improved significantly. The area of the high-value area in the southwestern Sanjiangyuan
region had increased most significantly. The Laji Mountains and the Lianhua Mountains
in the southeast evolved from the median area to the higher-value area. At the same
time, the proportion of low-value areas for water provision services had increased in
Yongdeng, Gaolan and Yuzhong counties in the northeast of the urban agglomeration
(Figure 6); in 2020, water provision services increased from the northeast to the southwest,
and high-altitude mountains became the main area for improving water provision services.
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Soil conservation services refer to the ability of the ecosystem to hold the soil in a given
time, which is an important guarantee for regulating water and soil loss, preventing soil
degradation, and reducing the risk of geological disasters. From 2000 to 2020, the overall
change of soil conservation services was not significant, and the areas to be promoted were
mainly concentrated in the west of urban agglomeration (Figure 7). The median area along
the central Laji Mountains and the southern Xiqing Mountains increased, while the area
of the low-value area decreased. In 2020, soil conservation services mainly served in low-
and middle-value areas, with a single hierarchical structure and a lack of high-value areas,
showing a differentiation pattern that was slightly higher in the middle and lower in the
east and west.
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Carbon fixation services refer to the capacity of terrestrial ecosystem to store carbon.
There are two common ways of carbon fixation in nature: one is the photosynthesis of
green plants and the other is the chemosynthesis of microorganisms such as nitrifying
bacteria. The former, as the main mode of carbon fixation, is closely related to regional
vegetation coverage and land-use type. The high-value areas of carbon fixation service
in LXUA were mainly located in Daban Mountains in the north, Laji Mountains in the
middle, the southern Xiqingshan residual vein and around Xinglong Mountains in the east
(Figure 8). The low-value areas were mainly concentrated in the desert, water area and
urban built-up areas of municipalities in the southwest. In terms of spatial distribution, the
carbon fixation services in 2000 were mainly in the median area, with a relatively single
hierarchical structure. In 2020, with the accelerated transformation of land-use types, the
spatial distribution of carbon fixation services became more complex. The high and the
low values were staggered, and the trend of “fragmentation” and “fragmentation” was
obviously intensified.

Figure 8. Carbon fixation service of LXUA in 2000 and 2020.

Overall, the integrated ecosystem services of the LXUA showed an overall stepped
distribution pattern from northeast to southwest (Figure 9). The highest-value areas were
mainly located in Hainan and Huangnan in the southwest. The terrain was dominated
by high mountain landforms, with towering terrain and continuous mountain systems.
The highest-value areas in the eastern urban agglomeration were small, scattered in the
Maxian Mountains at the boundary between Yuzhong and Lintao, and Lianhua Mountains
in the south of Weiyuan urban area. Through comparative analysis, the high-mountain
area with an altitude of more than 2500 m in the urban agglomeration coincided with the
high-value area of ecosystem services, showing a strong correlation. The land-use types
in mountainous areas were mainly forestland and grassland. Their vegetation coverage
was high, their root system was developed, and their ability to conserve water and soil was
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strong. Compared with 2000, the area of high-value ecosystem services in the southwest of
urban agglomeration increased significantly in 2020. As an important part of the ecological
barrier area of the Qinghai Tibet Plateau, Hainan and Huangnan are also the birthplace of
the Yellow River and an important supply area of freshwater resources in China. Driven by
the National Sanjiangyuan Ecological Protection and Construction Phases I and II, the forest
coverage and wetland area in the region has increased significantly in the past two decades.
The service level of regional integrated ecosystem had been significantly improved.
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In 2020, the higher-value areas of ecosystem services were distributed along the
Huangshui River, showing a belt pattern from northwest to southeast. Topographically, it
mainly included Huangshui Valley, Lanzhou Basin, Zhuanglang Valley and Yuanchuan
Valley. The land usage in this area is primarily made up of arable land and forest land,
with the arable land being primarily dispersed along the rivers. These areas of the region
are relatively low in elevation and have plentiful inflow water supplies. Crops, herbs and
shrubs in cultivated land and forest land can increase soil organic matter content. The
climate is regulated through carbon fixation and oxygen production, so as to reduce surface
water and soil loss and effectively conserve water. The higher-value areas are strongly
affected by human activities. So, the ecological environment of the valley basin should be
effectively protected to reduce ecological damage and environmental pollution.

The medium- and lower-value areas of ecosystem services were located in the north-
east of the LXUA, including Baiyin and Yongdeng, Gaolan and Yuzhong of the Lanzhou
urban area. Land use in this area was mainly farmland and grassland. This region is
located at the northwest edge of the Longxi Loess Plateau and the transitional zone from
the eastern extension of the Qilian Mountains to the Tengger Desert. In this region, the
climate is relatively dry, the ground vegetation is sparse, and the ecosystem services are
under great pressure. The lowest-value areas of ecosystem services were highly overlapped
with the water area and unused and construction land. The western part of the urban
agglomeration was scattered in the Mugetan Desert of Guinan, the Tala Beach of Gonghe,
the sand island at the northeast of Qinghai Lake and the Longyang Lake at the boundary
between Gonghe and Guinan. The lowest-value areas in the east were mainly located in
the urban built-up areas of each city, including the main urban areas of Lanzhou, Lanzhou
New Area, and Baiyin.

3.2. Coupling and Coordination Relationship of Composite System
3.2.1. Coupling Degree (CD) of Composite System

According to the principle of entropy increase, the system always moves from order
to disorder, and the process of entropy increase is irreversible. In the composite ecosystem,
composed of urbanization and ecosystems, economic, social, and ecological subsystems
continue to generate biomass cycles, energy flows, and information exchanges, promoting
the evolution of the complex ecosystem towards disorder. According to the synergy
theory, the synergy between elements leads to overall system identity, structural stability,
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evolutionary ordering, and functional optimization, which are the main forces that slow
down the entropy increase process. The CD is a comprehensive measure of system synergy.
According to the calculation results and relevant research [45], the CD is between 0.6 and
0.8, indicating that the system is in the running-in stage; and if the CD is between 0.8 and
1.0, the system is in a high coupling stage.

The CD between urbanization quality and ecosystem services in the LXUA was 0.793
in 2000 and 0.842 in 2020, with an overall growth of 6.18% over the past two decades. In
terms of changes in each county, 31 counties in the urban agglomeration showed varying
degrees of growth in coupling, with 11 counties rising from the grinding stage to the
highly coupled stage (Figure 10). The growth of the CD reflects the improvement of the
internal order degree of the composite system, that the overall evolution trend of the
subsystems is consistent, and that the interaction is close. The CD of the eight counties
decreased, with a decrease of less than 5%, mainly located in the centers of various cities.
After 2000, the quality of urbanization in such counties has steadily improved, but the
population is relatively dense, the proportion of construction land is relatively high, the
area of natural vegetation is small, and ecosystem services are in a downward trend. The
development direction of subsystems is contrary, making the CD of composite systems
show a downward trend.
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Figure 10. The coupling degree of composite ecosystem in LXUA in 2000 and 2020.

From the perspective of distribution pattern, in 2020, the CD of the Qinghai area in the
west of the LXUA was higher than in the east. In 2020, there were 15 counties with a CD
above 0.8, which were in a high coupling stage, mainly concentrated in Xining Haidong
and Linxia urban areas. The CD of 24 counties was between 0.6 and 0.8, which indicates the
running-in stage. The counties in the running-in stage can be divided into two categories in
total. The first is Dingxi and Baiyin, which are affected by natural factors such as climate and
terrain, and their ecosystem services are at a low level. Compared to the rapid development
of urbanization, the ecosystem service capabilities centered on water conservation, soil
conservation, carbon fixation and oxygen release have not been effectively improved, and
even some regions have shown a downward trend. The low level of ecosystem services is
the main reason affecting the CD of the system. The other is the counties in the southwest
of the urban agglomeration, such as Guinan and Tongren. These areas are located in the
Nature Preservation Zone of Sanjiangyuan, with abundant water resources, a wide variety
of biological species, and a good ecological environment. In recent years, with the increase
of national protection efforts and the promotion of relevant policies, the regional ecosystem
service capacity has been significantly improved. However, due to the high altitude and
relatively sparse population in this region, the development of urbanization is limited
to some extent. The urbanization quality subsystem is significantly lagging behind the
ecosystem service subsystem, and there is significant room for improvement in coupling.
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3.2.2. Coupling Coordination Degree (CCD) of Composite System

The degree of coupling can better represent the overall order of the composite system
and the strength of the interaction between the internal subsystems, but it is impossible
to judge whether the coupling is benign; that is, when the quality of urbanization and
the level of ecosystem services are low, a higher degree of coupling can still be obtained.
The concept of ecological civilization emphasizes the interdependence and coexistence
of production, life, and ecological development. If a subsystem in a composite system is
in poor condition, it will affect the overall development of the system. Only when the
two are at a high level and have a high degree of coupling can system coupling truly be
achieved. The introduction of coordination as a comprehensive measure of coupling and
development level can reflect the degree of order of the internal structure of the system and
the accumulation of external scale. According to relevant research results, the coordination
degree was divided into 10 intervals (Table 2), and the lowest scoring subsystem was
defined as a lagging subsystem.

Table 2. Classification criteria for coordination degree.

Number 1 2 3 4 5

Coordination degree 0–0.09 0.10–0.19 0.20–0.29 0.30–0.39 0.40–0.49

Coordination level Extreme disorder Serious
disorder

Moderate
disorder

Mild
disorder

On the verge
of disorder

Number 6 7 8 9 10

Coordination degree 0.50–0.59 0.60–0.69 0.70–0.79 0.80–0.89 0.90–1.00

Coordination level Barely
coordination

Primary
coordination

Intermediate
coordination

Well
coordination

High quality
coordination

In 2000, the average coordination degree between urbanization quality and ecosystem
service in 39 counties of the LXUA was 0.464. In 2020, it was 0.493, an overall increase
of 6.25%. Among them, the ecosystem service index in 31 counties was lower than the
urbanization quality index. The coordination degree of various counties ranged from 0.372
to 0.753, with a total of 11 counties higher than 0.5, including the intermediate coordination
area Chengguan in Lanzhou urban area, the primary coordination area Qilihe and Anning,
the central and western urban area of Xining, and 6 barely coordinated areas (Figure 11).
Such counties belong to the central urban areas of various cities and are also the core
and secondary core of the development of urban agglomerations. They have a relatively
good industrial foundation and a densely distributed urban population. Under the strong
impetus of regional urbanization, the overall coordination degree of the composite system is
at a high level. At the same time, 7 lagging subsystems in 11 counties, including Chengguan,
Anding, and Chengzhong, are ecosystem service subsystems, and there is significant room
for improvement in regional ecosystem services.
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In addition to Baiyin and the intermediate, primary, and barely coordinated areas, the
remaining 24 counties were on the verge of imbalance. As the main type of urban agglomer-
ation coordination level, its internal structure and external scale represent the overall state
and development level of urban agglomeration. Except for Lintao, Weiyuan, and Datong,
the urbanization quality index in the near-imbalance areas was significantly lower than the
ecosystem service index. Based on the analysis of the status of subsystems and the degree
of coupling, it was found that the key factor affecting the degree of coordination lies in the
low comprehensive development score of the composite system, and more specifically, the
low quality of urbanization. According to relevant indicators, the per capita GDP of the
24 counties on the brink of imbalance in 2020 was only about 60% of the national average.
The proportion of high-tech industries is low, and the problems of industrial isomorphism
and homogeneous competition in each county are more prominent. At the same time, the
overall scale of each county is relatively small, mostly small- and medium-sized towns
with less than 500,000 people, with many infrastructure weaknesses and low public ser-
vice levels. Building a platform of distinctive and advantageous industries in counties,
increasing their overall carrying capacity, and directing the orderly transfer of agricultural
population are all essential to the high-quality development of counties in the current
urban agglomeration.

The four counties belong to the mild-disorder area, mainly distributed in Baiyin urban
area in the northeast of the urban agglomeration, including Baiyin, Pingchuan, Jingyuan
and Jingtai, and the lagging subsystems are all ecosystem service subsystems. The CD of
the four counties with mild disorder was at a relatively low level among the 39 counties,
and the overall level of ecosystem services was low. Baiyin is located in the northwest
of the LXUA, adjacent to the Tengger Desert in the north. The climate is relatively dry,
with an annual rainfall of 180~450 mm and annual evaporation of 1500~1600 mm, and
the forest coverage rate of the city is only 5.30%. Located in the transitional zone from the
Loess Plateau to the inland denuded plateau, the ground is broken. The surface is mostly
covered with loess and mainly composed of silty sand, with developed vertical joints,
high porosity, and weak corrosion resistance. The fine soil covering layer on the surface
is relatively thin and has a loose structure, which is prone to wind erosion and poplar
blowing. At the same time, the backbone enterprises in Baiyin are still enterprises mainly
engaged in raw materials and heavy chemicals, which were built during the “First Five-
Year Plan” and “Third Line” periods, with high-energy-consumption industries such as
nonferrous metals, chemical industry, thermal power, and building materials accounting for
about 90%. The tasks of energy conservation and carbon reduction are relatively arduous.
Strengthening environmental governance and protection and promoting the transformation
and upgrading of industrial structure are currently the top priorities for the sustainable
development of mild-disorder areas.

4. Discussion

By comparing previous studies, we believe that evaluating the scale of urbanization
solely from population, economy, and land is not comprehensive in Northwest China.
The assessment must consider aspects such as people’s living standards, environmental
protection, infrastructure, public service, urban vitality, and urban–rural relations. More
than 60% of counties had an urbanization quality below 0.4 in 2020, indicating that the
overall quality of urbanization in the LXUA is still low. It is necessary to change the
development mode of simply pursuing the urbanization scale and focus on improving the
quality and efficiency of urbanization. In the current research, statistical indicators are often
used to evaluate the environmental condition, which can lead to higher evaluation results,
reduce the spatial continuity, and enhance the mutability of the data. It is hard to reflect
the real ecological status of the region using the evaluation results. Based on multivariate
data and the InVEST model, we found that the overall spatial pattern of ecosystem services
in the LXUA shows an increasing trend from northeast to southwest, while the level of
ecosystem services is relatively low in city-and-town concentrated areas. The two systems
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in general show a “high coupling–low coordination” development status. This indicates
that urbanization quality and ecosystem services are closely related, and the feedback
effect is obvious in the northwest arid area. Many counties are still the antagonistic stage
and the running-in stage between urbanization and ecosystems, and the overall coupling
coordination degree is relatively low. It is necessary to reduce the negative impact of
industry and life on ecosystems through policies, funds, technology, and other means.

The coupling mechanism between urbanization and ecosystems is very complex. This
study starts from two aspects of urbanization quality and ecosystem services, and the
evaluation and analysis of the composite system may still be incomplete. Subsequent
research will continue to be supplemented and improved. The study area for this article
is the LXUA. What are the different coupling mechanisms between this area and other
regions? Whether the conclusions obtained in this study are applicable to other urban
agglomerations, as well as other spatial scales at home and abroad, requires further research
and verification in the future.

We found that there are significant differences in the development level of subsystems
and the coupling coordination degree of composite systems in different regions. Each
county should adopt measures suiting local conditions. The construction of public green
space such as parkland, square land and urban protection greenbelt should be strengthened
in the intermediate, primary, and barely coordinated areas. In addition, the regions also
need to strengthen urban pollution control, promote waste recycling and low-carbon treat-
ment, and improve urban resilience and ecological security guarantee capacity. Counties
on the verge of disorder should rely on ecological security barriers such as the three-rivers
source area and the Gannan Plateau, accelerate the construction of the ecological protection
belt in the Upper Yellow River, and actively protect the Huangshui River, Datong River,
Daban Mountains, Laji Mountains and other ecological corridors. Each county should
actively improve its infrastructure and public services to enhance the quality of the county’s
residential environment. On the one hand, mild-disorder counties should strengthen their
combat of desertification and water loss and governance of soil erosion, as well as reduce
environmental risk and pollutant emissions. On the other hand, these counties should
repair the abandoned mines, actively build the circular economy industrial system, and
promote the green transformation of the economy and society.

5. Conclusions

This paper takes the LXUA in the Upper Yellow River as a case study area. We con-
structed a comprehensive evaluation index system for urbanization quality and ecosystem
services. Through the exponential efficacy function model, the InVEST model and the
coupling coordination model, we analyzed the respective development status of urbaniza-
tion quality and ecosystem services in the LXUA and explored the coupling coordination
relationship between them. This study is important to clarify the coevolution mechanism of
the man–land areal system in the Upper Yellow River. The results of the study can pro-vide
decision support and a theoretical basis for the ecological protection and high-quality
development of the Yellow River Basin. The main conclusions are as follows:

(1) In 2020, the urbanization quality of the LXUA presented a barbell shaped “dual
core” distribution pattern, with the insufficient development of secondary cores and
prominent problems in widespread low-level counties. From 2000 to 2020, the overall
urbanization quality of the LXUA increased by 23.25%, with each county showing a
growth trend, but there were significant differences in the growth rate.

(2) The level of water provision, soil and water conservation, and carbon fixation ser-vices
in urban agglomerations has shown an increasing trend since 2000, with different
spatial distribution trends. Ecosystem services presented a stepwise distribution
pattern that increases from northeast to southwest. High-value areas were mainly
distributed in the Sanjiangyuan area in the southwest of the urban agglomeration,
while low-value areas were mainly concentrated in Baiyin in the northeast of the
urban agglomeration.
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(3) The relationship between the urbanization quality and ecosystem services in the
LXUA is strong and the interaction is significant. The CD in 2020 was 0.844, with a
growth rate of 6.3% over the past twenty years. Fifteen counties were in the run-in
stage, and 24 counties were in the highly coupled stage in the LXUA. The CD of
most counties was increasing, and the reduced areas were mainly concentrated in the
centers of various cities.

(4) For the counties within the LXUA, there is a lot of room to promote the coordination
relationship between urbanization quality and ecosystem services. The CCD of the
composite system in 2020 was 0.495. Among them, the number of counties on the
verge of disorder was the largest and the area was the widest. The intermediate,
primary, and barely coordinated areas were mainly distributed in the central urban
areas of various cities, while the mild-disorder areas were distributed in Baiyin,
northeast of the urban agglomeration. The analytical framework of the article is a
guide to explore the evolution mechanism of the man-earth areal system in Northwest
China. However, as the connotations of urbanization and ecosystem services continue
to be enriched, an indicator system may still not be comprehensive. In our subsequent
research, we will continue to supplement and improve them.
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Abstract: Under the context of global rapid urbanization, exploring the dynamics of rural–urban
transition in China can provide valuable experience for the Global South. In this study, we evaluate
the rural–urban transition in China, from 1980 to 2020, based on socioeconomic data and a rural–
urban transition coordination model by constructing a rural–urban development and integration
index system. We identify the state and transition types, and we present optimization paths. The
results show that, since the reform and opening-up, the rural–urban development index (URDI) in
China has gradually expanded among regions while the rural–urban integrated index (URII) has
experienced a trend of decline followed by an increase. Over the past 40 years, the spatial distribution
characteristics of the ∆URDI have been “south high–north low”, while the ∆URII has had a balanced
spatial distribution. Over the first two decades of the past 40 years, the rural–urban transition in
eastern coastal China was more coordinated, while regions with less coordination showed a two-
tiered distribution pattern; over the last two decades, the coordination degree has increased. Over the
past 40 years, the spatial distribution of high coordination presents “T-shaped” coastal and riverside
characteristics. The transition types and coupling relationships of state regions are identified. Finally,
optimization pathways are proposed for each type to further promote rural–urban integration.

Keywords: rural–urban transition; urban and rural integration; urban and rural relations; rural and
urban disparities; China

1. Introduction

Rural recession has become a global phenomenon with the rise in urbanization and in-
dustrialization [1,2]. In the Global South, developmental inequality is especially acute
within cities and the countryside [3–5]. Under the influence of urban expansion, al-
though the rural–urban spatial relationship has evolved with boundaries that are gradually
blurred [6,7], a significant rural and urban divide still exists [8,9]. The United Nations has
proposed the 2030 Agenda for sustainable development goals (SDGs), which promotes
construction of sustainable cities, revitalization of the countryside, and enhancement of
rural–urban linkages as keys to realizing sustainable rural–urban development [10,11].

China’s rural–urban development has undergone rapid change since the 1980s [12].
This transition has influenced the transformation of rural–urban relations and human–land
relations. China’s social and economic development has rapidly changed with the ur-
banization rate and the share of non-agricultural economy has risen steadily. However,
rural–urban imbalanced development has also grown into one of the most significant
imbalances in China [13]. To address this imbalance and underdevelopment of rural areas,
China’s central governments have proposed several strategies for rural–urban integrated

211



Land 2023, 12, 1175

development over the past two decades [14]. As urbanization progresses, promoting land
expansion to boost economic growth has been gradually running into a bottleneck as urban
areas transition from incremental to stock development [15,16]. In the future, reducing
rural–urban disparity and realizing rural–urban integrated development will become one
of the important development paths in China [17].

In the early stage, theoretical exploration of rural–urban divide and transition has fo-
cused on the transformation of rural–urban economic relations, such as the dual-sector [18],
Ranis–Fei [19], and Jorgensen [20] models. Moreover, in terms of rural–urban spatial struc-
ture, the polarization trickle-down effect [21], the center-periphery paradigm [22], and
the Desakota model [23] have provided the theoretical foundation for rural–urban spatial
relations. Under the context of rapid urbanization, scholars have studied rural–urban
transition from various perspectives. The topics have included migration, industry, and
landscape [24–28]. Furthermore, land use transition, human–land–industry systems, and
rural–urban territorial systems have been applied to the analysis of rural–urban transi-
tion [29–32].

Recent studies have examined rural–urban transition from the view of rural–urban
linkages [33–35], but little attention has been given to the dynamics of rural–urban diversity.
In terms of spatial scale, these studies have focused on the economic zone, urban agglom-
erations, and country [36–39]. The time scale of these studies has been relatively small,
which has lacked the depiction of comprehensive transition characteristics of rural–urban
transitions. Existing research has focused on the overall characteristics of urban and rural
areas but lacked discussion of the transition characteristics presented. Therefore, there
remains to be a gap in understanding the rural–urban transition between rural–urban
development and rural–urban integration, particularly from the perspective of exploring
coupling relationships. To reveal rural–urban transition accurately, it is necessary to reflect
the level of urban and rural development while emphasizing the gap between urban and
rural individuals.

Rural–urban transition in China is of international significance and can provide valu-
able references for other developing countries. Since the reform and opening-up in 1978,
China’s social and economic development has been highly compressed in time and com-
plex in content [37]. It has only taken 44 years to cross the threshold from low-income to
high-income countries. Rural–urban transformation has been enormous, with the level
of urbanization soaring from 17.92% to 63.89% [39,40]. Therefore, the issues that have
arisen in China’s rural–urban transition are instructive for other countries, especially Asian
countries in the Global South.

Given the size of China’s territory and the regional imbalance, it is necessary to
examine the rural–urban transition at the national level. To fill the gap in rural–urban
transition research with small temporal scales, in this study, we conduct a national-scale
study of the rural–urban transition from 1980 to 2020. In this study, we also construct an
evaluation index system, i.e., the urban–rural development index (URDI) and urban–rural
integration index (URII), which not only measures the absolute level of rural–urban systems
but also reveals rural–urban relative differences. The objectives of this study are: (1) to
explore the characteristics and spatial patterns of the URDI and URII values in China,
during 1980–2020; (2) to measure the intensity of rural–urban transition and its coordination
degree in this period and to determine whether this relationship has any regional and
temporal differences; (3) to identify the state and transition types during this period; and
(4) to discuss implications and optimization pathways for each transition type.

2. Methodology
2.1. Conceptual Framework

The essence of rural–urban development is to enhance the living and production
standards of urban and rural residents within a region. This is the foundation for main-
taining the functioning of a rural–urban territorial system. Rural–urban integration is the
difference between the levels of urban and rural development within a region. It is the key
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factor that determines the coordinated development of the rural–urban territorial system.
Rural–urban development and rural–urban integration are interdependent. Improving
the level of rural–urban integration can unlock the potential for economic growth, which
positively affects rural–urban development [14].

The levels of rural–urban development and integration are representations of the
rural–urban state at a specific point in time (Figure 1). They jointly determine the type of
rural–urban state at that point in time, although they differ from each other to some extent.
The transition from one state to another is examined by measuring the coupled coordination
of rural–urban state changes within one period. The transition intensity is an indicator
that quantifies the degree of rural–urban state changes at a specific time stage [13,41]. The
type of state at the beginning and the end of the transition stage affects the intensity of
the transition at that stage. In general, the URDI is low and the URII is relatively high in
State 1. During transition stage B, which is the period of rapid urbanization, the URDI
rises rapidly and the URII falls. In State 2, the URDI reaches an elevated level, but the
URII is low. Upon entering transition stage B, the rural–urban disparity narrows, the URII
rebounds to a high level, and the URDI is maintained at an elevated level. A high-quality
rural–urban transition is achieved when both the URDI and the URII improve and increase
in concert. A high-intensity rural–urban development transition accompanied by a low-
intensity rural–urban integration transition or a high-intensity rural–urban integration
transition combined with a low-intensity rural–urban development transition cannot form
a high-quality rural–urban transition.
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Figure 1. A conceptual model of rural–urban transition.

2.2. Index System Construction

Some studies have explored the coordination and relationships between rural and ur-
ban regional systems by constructing indicator systems of urban or rural systems [31,36,42],
as well as the individual characteristics of regional development and integration [31,36].
However, the components of the indicator system are rather mixed. It is challenging to
present the specific traits of regional rural–urban development and integration. The rele-
vant indicators are chosen following the principles of completeness, representativeness,
and accessibility of data. The indicator layers of the URDI and URII systems are established
from four dimensions: production, income, consumption, and livelihood (Table 1). Urban
and rural residents’ incomes and consumption levels among them play significant roles
in their wealth accumulation. To some extent, this can reflect the local levels of urban and
rural development [43]. In addition to income and consumption levels, other significant
factors in integrated rural–urban development include rural–urban disparity in living
standards as well as coordinated growth of rural–urban production sectors [44]. The data
of each indicator layer are processed by the extreme difference standardization method,
which eliminates the influence of the data’s dimensionality and allows for comparison of
data from various indicators and years.
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Table 1. The index system of rural–urban development and rural–urban integration.

Index Indicator Layer Definition Weight

URDI

Income Per capita disposable income 0.364

Production Per capita GDP 0.256

Consumption Per capita household expenditure 0.175

Livelihood Per capita food expenditure/per capita
household expenditure 0.205

URII

Rural–urban
income disparity

Rural per capita disposable income/Urban per capita
disposable income 0.346

Rural–urban production disparity Rural per capita GDP/urban per capita GDP 0.292

Rural–urban consumption disparity Rural per capita household expenditure/urban per
household expenditure 0.219

Rural–urban livelihood disparity Urban Engel’s coefficient/rural Engel’s coefficient 0.142

2.2.1. Weight Measurement

In this study, we employ the CRITICAL method to empower indicators. The CRITICAL
method is an objective empowerment method that calculates the weight of indicators [45]. It
is more objective than a traditional hierarchical analysis and entropy weight methods. The
preliminary data are processed dimensionless to facilitate the comparison and weighting of
indicators in different units or orders of magnitude.

2.2.2. Index Calculation

The URDI represents the absolute level of rural–urban development, while the URII
represents the relative gap between rural and urban development. The formula for calcu-
lating these indices is as follows:

Yi =
n

∑
j=1

ωjXij (1)

Zi = ∑n
j=1 ωjXij·100% (2)

where Yi and Zi represent the URDI and the URII for the i region, respectively; Xij is the

dimensionless data for the indicator; ωj is the weight for the j indicator.

2.2.3. Measurement of ∆URDI and ∆URII

Rural–urban transition refers to the process of changing the state of rural–urban
development or integration relative to a certain stage, and the intensity of the transition is
used to determine its magnitude. The intensity of the rural–urban transition is judged by
comparing the development status at the end of the period (T2) and the beginning of the
period (T1) with the formula below:

∆URDI = Yt·
1

Yt − 1
(3)

∆URII = Zt − Zt − 1 (4)

where ∆URDIt and ∆URII denote the intensity of rural–urban development transition
and the intensity of rural–urban integration transition from stage t − 1 to t, respectively;
Yt and Yt−1 are the URDI from stage t − 1 to t, respectively; Zt and Zt−1 are URII at time
points t and t − 1, respectively.
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2.2.4. Measurement of Rural–Urban Transition Coordination Degree

Rural–urban integration aims to drive high-quality rural–urban development as a
whole through rural development. Therefore, in this study, we construct a rural–urban
development-integration coordination degree model to quantitatively measure the coordi-
nation state of rural–urban transition [46], which is calculated as:

C(YTt·ZTt) =





(
YTt + ZTt

2

)
·


(YTt·ZTt)·

1
(

YTt+ZTt
2

)2




1
2




(5)

where C(YTt·ZTt) denotes the coordination degree of rural–urban transition from stage
t − 1 to t, YTt is ∆URDI from stage t − 1 to t, and ZTt is ∆URII from stage t − 1 to t. A
high degree of coordination means coordinated rural–urban transition.

2.2.5. Data Sources

For this study, to explore the rural–urban transition characteristics since the reform and
opening-up, based on the availability of data, we selected 1980–2020 as the research period
to largely correspond to the period of reform and opening-up. The relevant data were
mainly obtained from the China Statistical Yearbook, China Population, and Employment
Statistical Yearbook, China Rural Statistical Yearbook, China Compilation of Population
Statistics 1949–1985, regional statistical yearbooks, etc. To reduce the impact of price
changes during the inter-annual period on timing data, 1980 was taken as the base period.
The Consumer Price Index (CPI) was used to correct the data of subsequent related years
for urban and rural residents’ incomes, consumption expenditures, and GDP. The statistics
for some regions were lacking in 1980, and anomalies in the indicators were modified by
data interpolation based on adjacent areas and years.

3. Results and Analysis
3.1. Characteristics of the URDI and the URII

At the national level, the ∆URDI has generally shown an upward trend since 1980.
The first fluctuation occurred from 1992 to 1996, and an upward trend resumed after 2001.
Since globalization and economic liberalization, the URII reached its highest value in 1984,
and then showed a wave of decline until it reached its lowest value in 2003 [47]. The URII
changed little between 2003 and 2009, with an upward trend after 2009 (Figure 2).
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At the regional level, the URDI has grown significantly in each region over the past
forty years. The western region has experienced a larger growth rate than the northeastern
region (Figure 3). It is noteworthy that the URDI in the northeastern region was surpassed
by the central and western regions from 2010 to 2020, and the gap between the western
region and the northeastern region was slightly decreased by 2020. In terms of the URII,
from 1980 to 1990, the URII of the western region showed a slight decline (Figure 4).
During 1990–2000, the URII of all regions showed a significant decline, among which the
northeastern region dropped the most, i.e., from 0.72 to 0.41, but it was still the highest.
From 2000 to 2010, the URII in the eastern region declined slightly, while the URII in other
regions increased slightly. The URII increased significantly across all regions between
2010 and 2020, with the central and western regions outpacing other regions.
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Figure 4. The URII values of different regions during 1980–2020.

The provincial URDI is arranged in reverse order using the maximum URDI value
for each year as the benchmark (Figure 5). In general, the inter-provincial differences have
gradually widened over the past four decades. First, the gap between Shanghai, Beijing
and other regions has been gradually increasing, and the ratio between their URDI and the
third place has risen from 1.09 (in 1980) to 1.18 (in 2000), and further expanded to 1.36 (in
2020). Second, with respect to the URDI, the gap between the central regions, western
regions, and the northeast has been completely smoothed over the 40 years. The URDI
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values of some provincial regions in the central and western regions exceed those of the
northeast region.
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3.2. Spatial Pattern of the URDI and the URII

In terms of the spatial distribution of the URDI, high-value areas exhibit a pattern
of migration from north to south and from east to west over the course of 40 years. The
low-value areas vary slightly and are all concentrated in the western region (Figure 6). The
URDI gradually evolves from a coastal distribution in 1980 to a “T-shaped” distribution
pattern along the coast in 2020, while the center of gravity is transferred from the Bohai
Rim region to the southeast coastal area. In terms of the URII, it shows a spatial distribution
of high values in the east and low values in the west, in 1980 and in 2020, with high-value
areas in 1980 concentrated in the northeast and south. Furthermore, high-value areas of
URII shift to coastal areas in east China in 2000 (Figure 7). While in 2020, the URII shows a
scattered distribution with high- and low-value areas distributed across all regions, among
which high-value areas show a continuous distribution in the central region.
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3.3. Coupling Relationships between the URDI and the URII

The URDI and the URII have both undergone significant changes over the last four
decades. Scatter charts of the URDI and URII were constructed for 1980, 2000, and 2020
(Figure 8). Taking the average values of the URDI and the URII as the boundary to divide the
high- and low-value regions, it can be seen that the scatter distribution varies little between
1980 and 2000, with the scatter primarily concentrating in the first and third quadrants in
1980–2000, and the scatter concentrating in the fourth quadrant in 2020. Between 2000 and

217



Land 2023, 12, 1175

2020, the points in the high URDI—high URII decrease and in the low URDI—low URII
increase. The positive correlation between URDI and the URII is gradually decoupled.
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3.4. Spatial Pattern of Rural–Urban Transition

From 1980–2000, the ∆URDI showed a gradient difference from northwest to southeast
(Figure 9). The intensity of the ∆URDI in the three southeastern coastal regions is signifi-
cantly greater than that in the neighboring regions; the ∆URDI in the central and western
regions is relatively low. From 2000 to 2020, the ∆URDI shows a balanced spatial pattern,
with high-value areas are mainly concentrated in central and western China. Some of the
low-value areas in the previous stage (Guizhou, Tibet, Sichuan, Shaanxi, Inner Mongolia,
etc.) are transformed into high-value areas during this stage, while some high-value areas
during the previous stage (Shanghai, Guangdong, Zhejiang, and Tianjin) are transformed
into low-value areas during this stage. The rate of growth in the eastern region, especially
in the northeast, has slowed down significantly.
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The distribution pattern of the ∆URII differs from that of the ∆URDI. From 1980 to
2000, the ∆URDI shows high spatial distribution characteristics of high in the east and low
in the west (Figure 10). Specifically, Jiangsu and Fujian have ∆URII values of 0.015 and
0.023, respectively, while other regions have negative ∆URII values. The spatial distribution
characteristics of the ∆URII in 2000–2020 are opposite to those of the previous two decades,
showing the distribution characteristics of high in the west and low in the east. Among
them, Shanghai (−0.162) and Beijing(−0.136) have lower ∆URII values and they are the
only two regions with negative ∆URII values. Guizhou has the highest ∆URII value (0.384)
and Guangxi follows (0.356). The areas with negative ∆URII values are in the eastern and
northeastern regions: Shanghai (−0.348) and Beijing (−0.292). Guangdong, Jilin, Liaoning,
Tianjin, and Hainan also have relatively low ∆URII values. Hubei (0.218) and Guangxi
(0.194) have higher ∆URII values than other regions.
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3.5. Coordination Degree Analysis of Rural–Urban Transition

Based on the above results, we explore the rural–urban coordination degree of rural–urban
transition. The coordination degree is classified into five types based on the transition
characteristics: severe incoordination (0.0–0.4), general incoordination (0.4–0.5), mild inco-
ordination (0.4–0.5), general coordination, and high coordination. The results show that,
from 1980 to 2020, the regions with high coordination are mainly concentrated in eastern
coastal China, with Shanghai (0.829), Beijing (0.799), Zhejiang (0.7954), Fujian (0.7738),
and Jiangsu (0.736) ranking in the top five. The regions with lower coordination show a
two-tier distribution pattern: Guangdong (0.235) and Hebei (0.294), which have a high
level of URDI in 1980, are at the bottom; Tibet (0.361) and Guizhou (0.356), which have a
low level of URDI, also have a lower level of coordination. From 2000 to 2020, the national
coordination degree has improved as compared with the previous two decades, having
a higher coordination degree of more than one-third of provincial regions, and an even
distribution in all regions except the northeastern region. There are only six regions with
lower coordination degrees, among which the coordination degrees of Gansu (0.275) and
Shanghai (0.297) are lower than 0.3. Throughout the four decades, the high-value areas of
rural–urban development/integration and transition coordination show a coastal and river-
ine “T-shaped” pattern, while Gansu, Shanghai, Jilin, and Hebei have lower coordination
degrees (Figure 11).

Based on the URDI and URII in 2020, the state type is divided by the mean value.
According to the types of rural–urban transition coordination in 2020, the transition types
of various states are identified (Figure 12). In 31 provincial regions, five provinces are
high-quality transition types (Zhejiang, Jiangsu, Tianjin, Fujian, and Hubei), and their
transition types are all coordinated. This indicates that the URDI and the URII values
are rising with a high level of coordination. The lagging integration transition type also
includes five regions. The higher the level of rural–urban development, the less coordinated
the rural–urban transition is, indicating that the rural–urban divide in developed regions
is widening. Thirteen regions are lagging development transition types; nine provinces
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and regions are double-lagging transition types. The lagging integration transition type
regions show higher URDI values with lower coordination of rural–urban transition, while
the double-lagging transition type regions show that the higher the URDI value, the higher
the coordination of rural–urban transition.
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4. Discussion
4.1. The Optimal Path of Rural–Urban Transition

The lagging development regions are further classified into three subtypes: lagging
development with transition coordination, lagging development with general incoordi-
nation, and lagging development with uncoordinated transition. The rural–urban lag-
ging/transition coordination type includes Jiangxi, Sichuan, Anhui, and Hunan provinces,
where the rural–urban transition is more coordinated and the rural–urban gap is smaller.
The optimization strategy for these regions is to enhance the growth pole effect of urban
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areas, especially metropolises. The lagging development/transition incoordination type
includes four provinces, namely Heilongjiang, Hebei, Jilin, and Hainan. These provinces
had high-level URDI in the early stage of reform and opening-up, but the growth rate
declined in the later stage. In these regions, the infrastructure is concentrated in urban
areas. The optimal path forward is to focus on the redevelopment and improvement of
small towns and cities, revitalization of old industrial bases, and releasing the development
potential of urban areas.

In lagging integration regions, Shanghai is in an uncoordinated transition, while
Beijing and Guangdong are generally incoordination, and Chongqing and Shandong
belong to the coordinated transition. To optimize these regions, recommendations include
improving the growth pole effect of small towns for the countryside, encouraging capital
flow to rural areas, accelerating the development of rural tourism such as leisure farms, and
promoting the integrated development of rural industries. Furthermore, broadening the
channels of farmers’ property incomes, improving the income structure of rural residents,
creating a unified construction land market, and promoting the market of collective business
construction land are all urgently needed. Local governments can promote the equalization
of basic public services and build a comprehensive public service system.

Most double-lagging regions are concentrated in the west. Due to a western develop-
ment strategy, coordinated rural and urban transition in the western region is prioritized.
For these regions, infrastructure construction in remote areas and hilly regions should be
prioritized to enhance transportation of the countryside, in particular, connecting roads
from central towns to various villages. Moreover, an innovative industrial system should
be established and advantageous industries such as new energy, tourism services, and ICT
industry should be developed.

In general, the essence of coordinated rural–urban transition is to narrow the livelihood
level of rural–urban residents [48]. In terms of income, there is a need to expand the
channels of rural residents’ property incomes and give peasants more sufficient property
rights and interests [49]. In terms of production, there is a need to liberate the productivity
of rural areas and actively explore the development path of rural industrialization and local
urbanization. In terms of policies, funds, talents, and technologies should be encouraged to
flow and backflow to the countryside [50], and local advantages should be capitalized on
to develop high-value-added industries.

4.2. Policy Implications

The urban-biased and coastal opening development strategies have caused discoor-
dination of rural–urban transition [47]. During the process of urbanization, rural–urban
transition should be gradually promoted to further improve the current situation of an
uncoordinated state, thereby achieving high-quality development. Policies should be tar-
geted at the support of rural development. It is necessary to stimulate the initiative of
endogenous growth of rural areas, especially regions of lagging development, to achieve
high-quality coordinated development of areas.

Specifically, state-led policies have led to an increase in rural–urban disparities [51,52].
In the last 20 years, land-based finance has made the most substantial contribution to
urban development in China [53]. Cities have achieved rapid development and expansion;
however, it has also exacerbated the rural–urban divide [54]. Furthermore, land-based
finance has resulted in pockets of accumulation of wealth for the wealthy, with fewer
services for the poor [55]. The land-based finance model should be strengthened to help
rural areas instead of exploiting the rural poor. For highly urbanized regions, policies can
increase the intensity of levying land and real estate taxes. Moreover, capturing land value
in cities can supplement funds for rural revitalization [56]. Governments need to provide
affordable housing for low-income households to minimize the impact of increased land
and housing prices owing to land-based finance.

In terms of rural development, increasing the value of rural land can be realized by
rent, circulation, and mortgage of rural homesteads [57]. It can also be realized through the
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construction of rental housing for rural collective-owned land, reform of real estate tax, and
control of the bubble of urban housing price [53,58,59]. Comprehensive land consolidation
can further promote rural multi-functional development [60], and it can coordinate rural
regional demand and income and improve the quality of rural living.

4.3. Limitations and Future Research

Although this study focuses on the rural–urban transition in China, it has general
value for the governance of rural–urban development in the Global South. Developing
countries are globally confronted with widespread problems due to rapid urbanization. At
the same time, there are similarities in the development status of different countries and
regions. Therefore, exploring large-scale spatial classification and zoning methods not only
provides development paths for promoting sustainable development in China, but also
provides valuable lessons for other regions in the Global South.

The Chinese example has implications for low and medium development levels and
unbalanced rural–urban development areas in the Global South. However, it is not unique
but rather a microcosm of many regions in developing countries. Notably, social and
cultural backgrounds differ between China and other countries. Therefore, it is essential
to introduce China’s experience according to local conditions. Additionally, exploring
reciprocal feedback between rural–urban transition and land use transition, especially
concerning construction land, can control the development of rural–urban transition paths
more specifically. This study focuses on macro-level spatial and temporal changes at a
larger scale and is insufficient for specific impact mechanisms, a fact that deserves more
academic attention in future studies.

5. Conclusions

This study evaluates the coordination level of rural–urban transition in each region of
China, from 1980 to 2020, by constructing indicator systems for rural–urban development
and integration. The conclusions are as follows.

(1) In general, China’s URDI has increased rapidly since the 1980s, with regional disparity
expanding substantially. The URII has experienced a trend of first decreasing and then
increasing, and the difference between regions is gradually decreasing. The positive
correlation between URDI and URII has gradually decoupled from 1980 to 2020.

(2) From 1980–2000, the intensity of the rural–urban transition in China has tremendous
regional and temporal differences. The ∆URDI has shown the spatial characteristics
of the “south high–north low”, while the ∆URII is relatively evenly distributed.
The high-value areas of coordination degree show the spatial pattern of coastal and
riverine “T-shape”.

(3) Ten types of regions are identified based on rural–urban state and transition. The
decline of coordination is obvious in high-quality regions. In lagging integration
regions, the higher the URDI, the transition is more uncoordinated; in double-lagging
regions, high URDI means more coordination in the rural–urban transition.

The implementation of urban-biased and unbalanced regional development strategies
can lead to an uncoordinated rural–urban transition. In the context of rapid urbanization, it
is essential to control rural–urban transition to improve rural–urban disparity and to achieve
high-quality development. Policies should be targeted at supporting rural development,
and the initiative of rural endogenous growth is an effective way to realize a positive
rural–urban transition.
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Abstract: Consolidating and expanding the achievements of poverty alleviation, and effectively
connecting it with rural revitalization, are part of an important path to achieving sustainable poverty
alleviation and common prosperity in China, especially in its northwest arid areas. In this paper, the
human–earth system was employed to analyze the elemental composition, structural organization,
and functional state of China’s northwest arid areas. The results revealed the following: (1) poverty in
northwest arid areas stems from the lack of a coupling and coordinating mechanism among humans,
the economy, resources, and environmental elements; this is not conducive to transforming ecological
advantages into regional development. (2) In the antipoverty stage, China’s northwest arid areas
innovate human–earth coupling and a coordinating mechanism through a series of targeted measures.
(3) We found that three paths, namely “promoting the integration of featured advantageous industries
and tourism culture, innovating the realization path according to local conditions, and paying
attention to the subjectivity of farmers” broaden the means of sustainable livelihood, consolidate the
achievements of poverty alleviation, and achieve rural revitalization. (4) In particular, it is necessary
to practice the concept of green development and pursue ecological industrialization by establishing a
policy system of green land-people-industry-right, thus building an endogenous growth mechanism
of sustainable poverty alleviation and green development in China’s northwest arid areas. The results
provide theoretical support and model reference for the effective connection between consolidating
and expanding the key achievements of poverty alleviation and rural revitalization in China’s
northwest arid areas.

Keywords: sustainable revitalization; green development practices; rural human–earth system
science; arid areas man–land relation; Yanchi County; China

1. Introduction

Cities and villages interact and support each other [1,2], but rapid economic liberal-
ization has led to socio-economic polarization between them. Furthermore, rural equal
development has become a serious global issue [3,4]. Compared with a “city”, a “village”
is a region that has a vast rural land area outside the built-up area of a city, and a multi-
level settlement space of different scales [5]. A village is a regional system that comprises
different elements that, together with a city, constitutes a regional complex [6,7]. Rural
development refers to the process of a continuous evolution of the economy, society, and
settlements of rural areas, and is a current topic of interest in rural geography [8]. China’s
urban rural dual system and urban-biased development strategy have gradually widened
the gap between urban and rural areas, especially with respect to the problem of rural
decline. The shortage of rural elements, structural imbalances, and weak natural, economic,
and technological degradation that are caused by rural poverty and other “rural diseases”,
are becoming more serious [9]. The data on “file establishment and registration” in 2013
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revealed that illness, disability, education, and disasters are the main factors that cause
poverty [10]. The differences in factors, such as water, soil, air, health, and people in rural
areas, have led to human–earth relationships, industrial structure, and three living spaces,
which make China’s rural poverty multidimensional, contiguous and significant [11].

After the reform and opening up, China’s agricultural and rural developments have
made great achievements; moreover, farmers’ lives have improved, from having insufficient
food and clothing, to becoming well-off overall [12]. In the 1990s, agriculture, rural areas,
and farmers (three rural) issues” were put forward for the first time [13]. In 2005, the Fifth
Plenary Session of the 16th Central Committee of the Party pointed out that it is necessary
to insist on solving the “three rural” issues as a top priority in the whole party’s work. Since
2004, the No. 1 Central Documents have continuously focused on the issue of agriculture,
rural areas, and farmers, for 18 years. The development of “three rural” in China was
closely related to poverty. Poverty alleviation and development have achieved remarkable
results, in promoting the development of “agriculture, rural areas and farmers”.

China’s rural areas have undergone tremendous changes. For instance, China’s
poverty alleviation and development have gone through five stages: rural economic system
reform, regional development-style poverty alleviation, comprehensive poverty alleviation
development, whole village promotion, participatory poverty alleviation, and targeted
poverty alleviation [14]. Moreover, since the 18th National Congress of the Communist
Party of China, according to the current standards, 98.99 million rural poor people in China
have been lifted out of poverty; 832 poor counties emerged from poverty, 128,000 poor
villages are no longer poor. Overall regional poverty has been resolved, and the United
Nations 2030 poverty reduction goals that are related to the agenda for sustainable devel-
opment, have been achieved [15]. The per capita net income of the poor increased from
CNY 2982 in 2015, to CNY 10,740 in 2020, and absolute poverty has been eliminated.

After 2020, there will be relative poverty problems that are characterized by regional
and urban–rural income differences; unequal access to public social services and mul-
tidimensional poverty [16]; rural backwardness problems, such as weak infrastructure,
hollow villages, old and weak rural subjects, and weak governance capabilities [11], and
the instability of poverty alleviation and return to poverty as a result of disasters, diseases,
and epidemics. Therefore, the new poverty pattern requires the formulation of new assis-
tance strategies to improve the efficiency of the use of assistance resources, enhance the
self-development ability of poverty-stricken populations and to facilitate the endogenous
development momentum of impoverished counties [17]. In 2018, China entered the inter-
section and integration period of poverty alleviation and rural revitalization [18]. After the
victory of poverty alleviation, the “three rural” work center has turned to comprehensive
rural revitalization. It is necessary to improve the dynamic monitoring and assistance
mechanism, to prevent poverty from returning, and to do a good job of consolidating
and expanding the results of poverty alleviation, in order to effectively connect with rural
revitalization. The No. 1 Central Document of 2021 pointed out that the establishment
of a five-year transition period will gradually lead to a smooth transition, from concen-
trated resources to supporting poverty alleviation, and comprehensively promote rural
revitalization [19].

China has a vast territory, and there are differences between natural environmental
factors such as topography, hydrology, climate, soil, and vegetation, and socio-economic
factors, such as population and the economy [20], resulting in uneven levels of rural
development [21]. It is necessary to adapt measures to local conditions in poverty alleviation
areas, and carry out orderly efforts to consolidate and expand the achievements of poverty
alleviation, in order to effectively connect with rural revitalization. Relevant research
on the theory of convergence, regional models, and implementation paths needs to be
promoted urgently. Therefore, this study was based on the analysis and linkage framework
of the difference between poverty alleviation and rural revitalization, as well as on the
investigation and mechanism refinement of the typical regional model of Yanchi County,
in order to provide theoretical support and a model reference for the consolidation and
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expansion of poverty alleviation achievements in the northwest arid area, and to guide
the effective connection of rural revitalization. The main contribution of this study is that
it explores the causes of poverty alleviation and rural revitalization in China’s northwest
arid areas, investigates the mechanism of sustainable poverty alleviation in empirical case
analyses, and subsequently puts forward a green development path and mode that are
conducive to realizing structural optimization and functional improvement in arid areas.

2. Theoretical Analysis
2.1. A Theoretical Model for Connecting Poverty Alleviation and Rural Revitalization

Targeted poverty alleviation is a war of annihilation, and the working time node is
2015–2020, to focus on impoverished areas, counties, villages, and households. From the
implementation of the rural revitalization strategy that was proposed at the 19th National
Congress in 2017, to the comprehensive revitalization of all villages in 2050, targeted
poverty alleviation aims at eliminating absolute poverty; solving the basic problems of poor
farmers, such as income, food and clothing, housing, medical treatment and education; the
first centennial goal of China’s socialist construction; and building a well-off society in an
all-round way. Rural revitalization aims at realizing agricultural and rural modernization,
and solving relative poverty. It requires industrial prosperity, ecological livability, rural
civilization, effective governance, and prosperity. Rural revitalization is inconsistent with
the second centenary goal of China’s socialist construction, that is, to help all people
prosper together and build a prosperous, democratic, civilized, harmonious, and beautiful
modern socialist country. Targeted poverty alleviation considers farmers as the basic
unit, counties as the starting point and the central government as the overall planner.
Meanwhile, rural revitalization takes villages as the basic unit, towns as the starting point,
and national leadership as the overall planner [2,22]. Targeted poverty alleviation is a
bottom-line constraint task. The state has carried out a large-scale third-party evaluation
of effectiveness assessment, and rural revitalization is a task that is assessed for expected
results (Table 1).

Table 1. The distinction between targeted poverty alleviation and rural revitalization.

Contents Poverty Alleviation Rural Revitalization

Strategy Battle of annihilation Protracted battle

Object Poor areas, counties, villages, and
households All villages

Unit

Farmers are the basic unit, the county is
the starting point, and the central
government is responsible for overall
planning

The village is the basic unit, the
township is the starting point, and the
state is coordinated

Aspect Income, food and clothing, medical
care, education, and housing security

Production, life, ecology, organization,
culture, etc.

Time Years 2015–2020 Years 2017–2050

Baseline Eliminate absolute poverty
The goal is to realize agricultural and
rural modernization, and solve relative
poverty

Target Build a well-off society in an
all-round way

Realize the common prosperity of all
people, and build a prosperous, strong,
democratic, civilized country

Examine Bottom line constraint assessment Performance expectation assessment

2.2. The Mechanisms of Rural Revitalization from the Perspective of
People-Land-Industry-Wealth-Right

Poverty alleviation is an important basis for rural revitalization. Rural revitalization
can consolidate and enhance the effectiveness of poverty alleviation [23]. The challenges of
linking poverty alleviation and rural revitalization are the linking units, contents, policies,
and sequences of work. From the perspective of the work unit, rural revitalization needs to
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shift from farmers to villages. Furthermore, from the perspective of work content, rural
revitalization involves the revitalization of ecology, culture, and organization, especially the
guidance and drive of capable people, new business entities, and leading enterprises. From
the perspective of the working team, the retention and upgrading of the first secretary of
poverty alleviation, the team stationed in the village and the person in charge of assistance
are related to the construction of rural revitalization cadres. From the perspective of work
policies, the continuation and adjustment of various poverty alleviation policies affect the
speed and quality of rural revitalization. From the perspective of work sequences, the
preferred areas and priorities of rural revitalization [24] should be clarified, in order to
reasonably formulate industrial, village, and regional revitalization plans.

The country has put forward a strategy for rural revitalization, and guided farmers
to use land for construction, agriculture, and ecology, in order to develop rural indus-
tries through governments at all levels, social organizations, and rural talents. Through
cooperative organizations, leading enterprises, and the integration of the tertiary indus-
tries, farmers’ income would increase, the collective economy of the village would be
strengthened, and an economic foundation will be provided for the prosperity of rural
industries; these would lead to a prosperous life, and ecological livability. In addition,
through innovative talent mechanisms and land use policies, the right prerequisites for
rural civilization and governance can effectively be provided (Figure 1).
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2.3. The Internal Logic of the Effective Connection between Poverty Alleviation and Rural
Revitalization

In order to achieve an effective connection between the consolidation and expansion
of the results of poverty alleviation and rural revitalization, the internal logical relationship
between the two should be understood. In practice, T-P-G (strategic target, core power
and mechanism guarantee) interact and influence each other to form a synergistic whole
of power support, guaranteed foundation, and integration and optimization (Figure 2).
1© The dynamic support of T-P takes farmers as the main body, and activates farmers’

endogenous power through production empowerment. 2© The guarantee basis of T-G; the
“five batches” and “six precision” of poverty alleviation; the “trinity” poverty alleviation
pattern; the comprehensive “four inspections and four subsidies”; the monitoring and
assistance to prevent the return of poverty; and a series of effective working mechanisms,
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are the institutional basis and guarantee for effective connection with rural revitalization to
meet the needs of the new development stage of rural revitalization. 3© The integration
and optimization of P-G, the effective connection between poverty alleviation and rural
revitalization, and the core driving force, depend on farmers. It is also inseparable from
the protection of government organizations and policy mechanisms, that is, taking farmers
as the main body, enabling rural industrial development, building a stable and long-term
mechanism, with overall management promoting the driving force of rural endogenous
development. The advantages and combinations of the interaction and influence of different
regional factors are different, forming different patterns [25].
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3. Materials and Methods
3.1. Data Sources and Processing

This paper adopted multi-source data collection methods, such as desk research and
government document files, in order to ensure the validity of the case study. Relevant
data and information were obtained by conducting semi-structured interviews with some
government departments: Rural Revitalization Bureau, Agriculture and Rural Bureau,
Natural Resources Bureau, Housing and Urban–Rural Development Bureau, and the
Development and Reform Bureau, in addition to members of townships, village committee
directors, farmers, etc. (Table 2). From September 2020 to October 2021, the research team
conducted three field investigations in the sampled districts and counties.
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Table 2. Data sources and description.

Data Name Data Source Data Type

Land use change survey map Yanchi Land and Resources Bureau Vector

Administrative boundary data
National Geomatics Center of China
(http://www.webmap.cn/) in 2019
(accessed on 3 September 2019)

Vector

Rural revitalization policies Yanchi rural Revitalization Bureau Text

Planning, water-saving irrigation Township cadres and farmer
interviews, and field research Text

Socio-economic data Yanchi statistical yearbook in 2021 Table

3.2. Research Area

Yanchi County is located in the eastern part of Ningxia Hui Autonomous Region
(106◦30′~107◦47′ E, 37◦04′~38◦10′ N), with a total land area of 8522.2 km2. It is located at
the junction of Shaanxi, Gansu, Ningxia, and Inner Mongolia (Figure 3), and belongs to a
typical farming-pastoral zone [26]. Yanchi County has great resource and environmental
constraints. The north is located in the south edge of Maowusu sandy land, and the south
is the Loess hilly and gully region, with a fragile ecological environment. The average
annual rainfall in Yanchi county is 311 mm, while the annual evaporation in southwest
China is 966–1030 mm, and 1030–1052 mm in northeast China. The lack of regional water
resources, the sparsely populated land, and the fragile ecology are the main problems for
rural development in the county [27].

Land 2022, 11, x FOR PEER REVIEW 6 of 14 
 

Natural Resources Bureau, Housing and Urban–Rural Development Bureau, and the 

Development and Reform Bureau, in addition to members of townships, village 

committee directors, farmers, etc. (Table 2). From September 2020 to October 2021, the 

research team conducted three field investigations in the sampled districts and counties. 

Table 2. Data sources and description. 

Data Name Data Source Data Type 

Land use change survey map Yanchi Land and Resources Bureau Vector 

Administrative boundary 

data 

National Geomatics Center of China 

(http://www.webmap.cn/) in 2019 (accessed on 

3 September 2019) 

Vector 

Rural revitalization policies Yanchi rural Revitalization Bureau Text 

Planning, water-saving 

irrigation 

Township cadres and farmer interviews, and 

field research  
Text 

Socio-economic data Yanchi statistical yearbook in 2021 Table 

3.2. Research Area 

Yanchi County is located in the eastern part of Ningxia Hui Autonomous Region 

(106°30′~107°47′ E, 37°04′~38°10′ N), with a total land area of 8522.2 km2. It is located at 

the junction of Shaanxi, Gansu, Ningxia, and Inner Mongolia (Figure 3), and belongs to a 

typical farming-pastoral zone [26]. Yanchi County has great resource and environmental 

constraints. The north is located in the south edge of Maowusu sandy land, and the south 

is the Loess hilly and gully region, with a fragile ecological environment. The average 

annual rainfall in Yanchi county is 311 mm, while the annual evaporation in southwest 

China is 966–1030 mm, and 1030–1052 mm in northeast China. The lack of regional water 

resources, the sparsely populated land, and the fragile ecology are the main problems for 

rural development in the county [27]. 

 

Figure 3. Location of Yanchi County and its land use. 

3.3. Yanchi County’s Poverty Alleviation and Rural Revitalization Process 

Yanchi County is an old revolutionary base area, and a national poverty-stricken 

county. Before poverty alleviation, the problem of rural hollowing out was serious. The 

rural resident population accounted for only 47% of the total agricultural population. The 

development momentum of Tan sheep, day lily, and other leading industries was 

insufficient. The new business entities were scattered, weak and small, and the driving 

Figure 3. Location of Yanchi County and its land use.

3.3. Yanchi County’s Poverty Alleviation and Rural Revitalization Process

Yanchi County is an old revolutionary base area, and a national poverty-stricken
county. Before poverty alleviation, the problem of rural hollowing out was serious. The
rural resident population accounted for only 47% of the total agricultural population.
The development momentum of Tan sheep, day lily, and other leading industries was
insufficient. The new business entities were scattered, weak and small, and the driving
effect was not obvious. Since the implementation of the basic strategy of targeted poverty
alleviation in 2013, the whole county has been involved in poverty alleviation work. In
2015, it was awarded the advanced collective of the national poverty alleviation system.
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Furthermore, the experience of financial poverty alleviation, that is, the “Yanchi model” and
“poverty alleviation insurance”, were popularized throughout the country. In 2018, it passed
the national special assessment and inspection on the withdrawal of poor counties, and
became the first county in Ningxia to emerge from poverty. In 2019, it was selected as one
of the first “demonstration counties for implementing the Rural Revitalization Strategy” in
the autonomous region, and established the China Academy of targeted poverty alleviation
and rural revitalization in northwest China, in order to provide intellectual support for the
training of professionals in the fields of targeted poverty alleviation and rural revitalization,
in agricultural and rural special research, and in local government decision-making. In 2021,
Yanchi County was added to the poverty alleviation and rural revitalization regional case
summary project of the National Rural Revitalization bureau, to summarize and consolidate
the achievements of poverty alleviation and promote rural revitalization, and to provide
case demonstrations for cities, counties, and villages in similar poverty alleviation areas
(Figure 4).
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4. Results
4.1. Integrated Development Model Driven by the Photovoltaic Industry

Changliudun village is located 11 km southwest of Gaoshawo town in the northwest of
Yanchi County. It governs three natural villages, with a total population of 265 households
and 736 people. Changliudun village has explored the development model of “branch +
enterprise + farmer households”, in order to allow more villagers to find jobs and increase
their income. It has also actively connected with photovoltaic enterprises, organized
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idle labor to work in the photovoltaic park nearby, which has been exporting more than
200 laborers to the photovoltaic park every year (with 12 fixed employees), and increased
the per capita income by about CNY 4000. Relying on the photovoltaic industry, the
village has an area of 953 hm2, with a transfer fee of more than CNY 50 million, benefiting
250 people in 89 households, with a per capita income of about CNY 200,000. A centralized
photovoltaic poverty alleviation village-level power station has been built, with a power
generation scale of 3 MW, and an average annual power generation of 4.2 million kWh; it
increased the village’s average collective annual income by CNY 220,000 for 20 years, to
effectively transform it from “blood transfusion” poverty alleviation to “hematopoietic”
poverty alleviation.

In addition, efforts have been made to explore the integration of agriculture, culture,
and tourism, as well as raise sheep under photovoltaic panels, in order to develop the
collective economy and broaden the channels for the villagers to become wealthier. Firstly,
the village explored the development of a tertiary industry dominated by photovoltaic
tourism, and developed photovoltaic popular science tourism and rural experience tourism;
it also built tourism supporting facilities, such as a cultural stage, folk culture corridor, and
tourist experience mill, in order to guide farmers to develop farmhouse entertainment and
create high-quality home stays. The next step is to develop photovoltaic science popular-
ization tourism and rural experience tourism; integrate tourism, science popularization,
experience, and entertainment into cultural tourism elements; and comprehensively de-
velop “food, housing, transportation, travel, shopping and entertainment”. Secondly, the
village gives full play to the guiding role of breeding cooperatives, forage processing plants,
and leaders in becoming wealthy; it improved the model of “power generation on the
board and sheep raising under the board”. The village continuously expanded the scale
of high-quality forage and small grains, and promoted the formation of Tan sheep forage.
The ultimate goal is to promote large-scale and specialized breeding, in order to form an
“integrated production and marketing” business model, and to expand the employment
space of farmers (Figure 5).
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4.2. Efficient Utilization of Water Resources and Integrated Development Model of Grass and Livestock

The total amount of water resources in Yanchi County is 73 million m3. The per capita
water resources are less than one-fifth of the national average, and less than one-third of
Ningxia’s average. The development of agriculture and animal husbandry is restricted
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by water resources. The Tan sheep industry is a key to poverty alleviation and rural
revitalization in Yanchi County. With the continuous increase in Tan sheep, it is facing
problems with high-quality forage and standard production [28]. Ma’erzhuang village in
Fengjigou town is located in the transition zone between Maowusu sandy land and Loess
Plateau. It is dry and rainy, and the traditional planting industry depends on the elements.
Tan sheep breeding is the main source of income for farmers. The industry is vulnerable to
feed cost increases and fluctuations in mutton market prices. Farmers are faced with the
dual problem of unstable income and poor natural environment (Figure 6).

Land 2022, 11, x FOR PEER REVIEW 9 of 14 
 

water resources. The Tan sheep industry is a key to poverty alleviation and rural 

revitalization in Yanchi County. With the continuous increase in Tan sheep, it is facing 

problems with high-quality forage and standard production [28]. Ma’erzhuang village in 

Fengjigou town is located in the transition zone between Maowusu sandy land and Loess 

Plateau. It is dry and rainy, and the traditional planting industry depends on the elements. 

Tan sheep breeding is the main source of income for farmers. The industry is vulnerable 

to feed cost increases and fluctuations in mutton market prices. Farmers are faced with 

the dual problem of unstable income and poor natural environment (Figure 6). 

 

Figure 6. Efficient utilization of water resources and integrated development mode in Ma’erzhuang. 

Since 2017, Ma’erzhuang village has transformed and improved its field facilities, 

agronomic production, and agricultural management through a comprehensive 

agricultural development project. Integrating all kinds of agriculture and water-related 

funds of CNY 27.72 million, the irrigation system of the 10,700 Mu irrigation area in the 

village has been transformed and upgraded, water pipelines and drip irrigation belts have 

been laid, water- and fertilizer-integrated irrigation systems as well as an automatic 

irrigation control center have been built. Through the full coverage of drip irrigation in 

the village, water, fertilizer, labor, and machinery costs have been reduced, and the 

planting area and output of corn have increased. In addition, Ma’erzhuang established a 

high-efficiency water-saving irrigation professional cooperative; established irrigation, 

water fee collection, unit operation, and other systems; and provided socialized services 

to farmers through unified cultivation, sowing, procurement, irrigation, fertilization, loss 

prevention, and the harvesting of corn, as well as water right distribution and water price 

innovation and reform. This has gradually formed a forage processing plant, a corn silage 

trusteeship planting base, and a Tan sheep ecological pasture planting, which promote 

the integrated development of the grass and livestock industry, and increase farmers’ 

income. 

In 2020, the disposable income of farmers in the whole village reached CNY 14,900, 

an increase of CNY 4850 over that in 2017; the collective income of the village reached 

CNY 1 million. The efficient utilization of water resources and the integrated development 

mode of grass and livestock in Ma’erzhuang village not only effectively solved the 

problems of forage shortage and the short industrial chain faced by the development of 

the Tan sheep industry, but it also effectively avoided the ecological risk faced by the 

development of the grass and livestock industry in arid areas, and effectively ensured the 

connection between poverty alleviation and rural revitalization. 

4.3. Grid Management and Organizational Revitalization Mode 
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Since 2017, Ma’erzhuang village has transformed and improved its field facilities,
agronomic production, and agricultural management through a comprehensive agricultural
development project. Integrating all kinds of agriculture and water-related funds of CNY
27.72 million, the irrigation system of the 10,700 Mu irrigation area in the village has
been transformed and upgraded, water pipelines and drip irrigation belts have been
laid, water- and fertilizer-integrated irrigation systems as well as an automatic irrigation
control center have been built. Through the full coverage of drip irrigation in the village,
water, fertilizer, labor, and machinery costs have been reduced, and the planting area and
output of corn have increased. In addition, Ma’erzhuang established a high-efficiency
water-saving irrigation professional cooperative; established irrigation, water fee collection,
unit operation, and other systems; and provided socialized services to farmers through
unified cultivation, sowing, procurement, irrigation, fertilization, loss prevention, and the
harvesting of corn, as well as water right distribution and water price innovation and
reform. This has gradually formed a forage processing plant, a corn silage trusteeship
planting base, and a Tan sheep ecological pasture planting, which promote the integrated
development of the grass and livestock industry, and increase farmers’ income.

In 2020, the disposable income of farmers in the whole village reached CNY 14,900,
an increase of CNY 4850 over that in 2017; the collective income of the village reached
CNY 1 million. The efficient utilization of water resources and the integrated development
mode of grass and livestock in Ma’erzhuang village not only effectively solved the problems
of forage shortage and the short industrial chain faced by the development of the Tan sheep
industry, but it also effectively avoided the ecological risk faced by the development of the
grass and livestock industry in arid areas, and effectively ensured the connection between
poverty alleviation and rural revitalization.
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4.3. Grid Management and Organizational Revitalization Mode

Grassroots governance is the foundation of national governance, and is key to meeting
the vital needs of villagers. Based on actual characteristics of large areas and scattered
farm households, Yanchi County implemented a four-level grid management mechanism
of “county, township, village, and group”, in order to comprehensively improve the
level of grassroots governance. It also implemented effective monitoring and precise
assistance to prevent poverty from returning, by providing a strong support mechanism
guarantee for the effective connection between poverty alleviation and rural revitalization.
In order to prevent a return to poverty, and to fully implement the rural revitalization
strategy in Wanjigou village in Huamachi town, on the basis of original poverty alleviation
teams, the village created the “party construction + four-level grid” management mode by
implementing such measures as the first secretary, the village working team, and helping
cadres and grassroots teams, such as village cadres, villagers’ representatives, and group
leaders (Figure 7). These measures effectively connected the teams. Among them, the
leader of Baocun village acts as the commander to coordinate local governance of the
village. The village Party Secretary and the first secretary stationed in the village serve as
deputy commanders, and assist the commander to do a good job of overseeing the grid.
The first secretary, village cadre, and full-time network member stationed in the village,
serve as the grid head; meanwhile, village cadres, team members stationed in the village,
members of the village Supervision Committee, and villagers’ representatives, serve as
grid members who comprehensively check the basic information of residents in the grid.
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According to the principle of “moderate population scale, convenient service man-
agement and effective resource allocation”, as well as “the relationship between kinship,
geopolitics and industry”, rural households in Anhui Province are divided into 17 basic
grids based on the registered residence of natural villages. The work of grid members
not only includes the monitoring of farmers’ family incomes and poverty return risks, but
also the development of poverty alleviation industries related to rural revitalization, the
improvement of human settlements and sanitation, comprehensive social management,
folkway construction and migration, rural cultural activities, talent skill training, and
realizing the effective connections of work contents (Figure 7). The main advantages of the
grid management system are as follows: (1) realizing dynamic monitoring and effectively
preventing a return to poverty, which provides a strong guarantee for consolidating the
results of poverty alleviation; (2) reducing the burden of grassroots cadres, and focusing
on rural party construction and industrial development; (3) reducing the costs of farmers’
affairs, efficiently serving the various demands of farmers, and providing strong support for
effective rural governance; (4) establishing a training mechanism for village-level grassroots
reserve cadres, which provide a team guarantee for the revitalization of rural organizations.
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5. Summary and Implications
5.1. General Law of Rural Revitalization in Arid Areas

During the transition period, the core work of poverty alleviation is to consolidate and
expand the effective connection between achieving poverty alleviation and rural revitaliza-
tion; the two have inherent consistency and logical continuity [29]. Whether in terms of
development planning, working mechanisms and policy guarantees, or in terms of major
measures, assistance mechanisms and industrial advantages [30], the effective connection is
still inseparable from the continuity that is driven by external markets and rural elites [31],
and from the continuity of the convergence of poverty alleviation achievements, regional
strategies, and policy objects. According to the reality of poverty alleviation in rural areas, it
is necessary to embed administrative forces, strengthen the driving of villagers and market
linkage, better identify the track, and make good use of the situation, in a timely manner.

Furthermore, continuous innovations are made in the mechanisms of element inte-
gration, power activation, and goal guidance. For example, in the element integration
mechanism, with green as the background, the realization path of green development is
innovated and integrated with modern elements [7], in order to develop modern organic
green low-carbon industries. It is necessary to build a reserve fund for “green rights”, to
build a deep processing platform, improve the quality of agricultural products, increase
employment opportunities, and improve farmers’ incomes [32]. It is also necessary to
cultivate green-collar workers, decision makers, practitioners, and managers, who are
engaged in the modern agriculture and green industry, to lay the organizational foundation
for rural revitalization.

Protecting the living environment in arid areas, promoting the sustainable use of
natural resources, and achieving regional sustainable development, are important policies
for consolidating poverty alleviation achievements and promoting rural revitalization in
the new era. It is necessary to adhere to the path of comprehensive and green development,
develop conservation-oriented agriculture, circular agriculture and ecological agriculture,
according to the requirements of high-quality construction, strengthening ecological en-
vironment protection, combining the consolidation of poverty alleviation achievements
with environmental governance and ecological protection, and avoiding the vicious circle
of “poverty-ecological environment destruction-natural disasters-poverty” [33]. Green
rights and interests must be protected, and organization and responsibility are required
for the acquisition. As a bridge that connects farmers and the agricultural product market,
and ensures the sale of agricultural products, green rights and interests will be important
to strengthen the green industry through ecological compensation, and make ecological
industrialization a fashionable concept. The three mechanisms are modern factor upgrad-
ing, development power activation, and strategic goal guidance [34]. Based on original
industrial development, giving full play to the organization, finances, and technology, and
continuously promoting industrial transformation and upgrading, are also fundamental
guarantees for consolidating and expanding the achievements of poverty alleviation and
rural revitalization [35]. A follow-up study will refine the reasons that led to this develop-
ment, based on natural and human resources, trade, etc., which is a unique and feasible
perspective.

5.2. Policy and Practical Implications of Rural Green Development for Arid Areas

China is currently in an important period of consolidating and expanding the achieve-
ments of poverty alleviation and rural revitalization. In order to better enhance rural
revitalization and development, it needs to promote the integration of characteristic and
advantageous industries, in addition to tourism culture [36,37]. It is necessary to develop
the tourism economy of characteristic industries, expand the development of characteristic
industrial chains, build characteristic industrial belts, activate industrial resources, create
rural cultural tourism products with high participation and strong experience, and pro-
mote the integration of the advantages of industrial resource and cultural tourism [38,39].
China has a vast territory, with diverse natural geography, obvious differences in resource
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endowment and social economy, and different levels of rural development [40]. We should
innovate development ideas, interact with each other, from top to bottom, and make rea-
sonable plans, develop leading industries, and strive to achieve large-scale integration and
standardization on the basis of the meteorological, hydrological, topographic, and other
resources available; this should be combined with the reality of industrial development
and regional policies. Moreover, it is necessary to pay attention to the subjectivity of
farmers. Poverty alleviation is focused on assisting a poverty-stricken population under
the current standard, whereas rural revitalization pays more attention to issues, such as
poverty-stricken populations no longer returning to poverty, and sustaining the livelihood
of poverty-stricken farmers [41,42]. Therefore, it is necessary to adhere to the dominant
position of farmers, and focus on empowering farmers, improving their self-development
capabilities, giving them the right to participate in rural construction, and assisting them to
fully obtain a fair distribution of benefits.

An effective connection between poverty alleviation and rural revitalization is in-
separable from the agricultural industrial policy. The internal logical framework of the
connection between poverty alleviation and rural revitalization that was proposed in this
study still needs the identification framework of the main body of agricultural industrial
policy, in order to realize the matching between different agricultural and industrial policies,
and the main body of production, operation, and service [43]. In addition, it is necessary
to rely on the market mechanism to “find the track” and “make the best use of the situa-
tion”, in order to promote the integration of regional resources and the improvement in
production efficiency. The photovoltaic industry of Yanchi County exerts the scale effect
of “photovoltaic + housing renovation”, “photovoltaic + tourism”, and “photovoltaic +
employment, which not only promotes the income of the masses, but also provides a
sustainable development path for the collective development of the village [44,45]. In
the future, it is necessary to fully mobilize social forces, to strengthen the leading role of
social capital such as enterprises, actively practice and explore new models of cooperative
development, give full play to multi-party forces and professional and market-oriented
platforms, provide technical and talent training support for local development, stimulate
new drivers of local development, and to achieve common prosperity.

6. Conclusions

Based on the internal logical framework of the effective connection between poverty
alleviation and rural revitalization, taking Yanchi County as a case, the internal connection
process of poverty alleviation and rural revitalization was analyzed. The following conclu-
sions are drawn: 1© Yanchi County’s photovoltaic industry-driven integrated development
model, efficient water resource utilization, grass livestock-integrated development model,
grid management and organizational revitalization model, and other cases, support the
theoretical and logical analysis of the effective connection between poverty alleviation
and rural revitalization, and provide a typical sample for poverty alleviation villages to
consolidate the achievements of poverty alleviation and rural revitalization. 2© During
the effective connection period, attention should be paid to the coordinated promotion of
the “three paths”, namely promoting the integration of characteristic and advantageous
industries and tourism culture, innovating the realization path according to local conditions,
and focusing on the subjectivity of farmers to broaden the sustainable livelihood path and
realize rural development. 3© It is necessary to practice the concept of green development,
and to take the path of ecological industrialization by establishing a policy system of green
land-people-industry-right, thus building an endogenous growth mechanism of sustainable
poverty alleviation and green development in China’s northwest arid areas.
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Abstract: Cultivated land (CL) performs irreplaceable manifold functions in social stability, economic
development, and ecological security, which is also essential for the accomplishment of the United
Nations Sustainable Development Goals 2030 Agenda. China is the world’s most populous coun-
try, and it has important reference significance for the realization of the multi-function synergistic
management of CL in China by revealing the evolution characteristics of cultivated land functions
(CLFs) and the interaction between CLFs. However, the research to date has tended to focus on
the eastern coastal areas and the central traditional agricultural areas of China. This study focuses
specifically on Xinjiang, the main area of the arid region of northwest China. The connotations of
social, economic, and ecological functions of oasis cultivated land (OCL) in Xinjiang were first dis-
cussed from a system theory perspective. Then, an evaluation index system of CLFs was constructed.
On this basis, the evolution characteristics of CLFs and the interaction between CLFs in Xinjiang
from 1990 to 2018 were quantitatively evaluated. Findings suggest that: (1) the economic function
of the OCL in Xinjiang is strengthening, while the ecological function is degrading and the social
function remains stable. Overall, the evolution of CLFs in Xinjiang was first dominated by ecological
and social functions and then became economic-function-oriented; (2) the synergistic relationship
between CLFs is weakening and the trade-off relationship is increasing over time. The trade-off effect
between the economic function and other functions of OCL is strengthened gradually due to the
OCL-use activities dominated by the economic function. This study not only enriches the regional
content of CL multi-function research but can also provide reference for decision-making for the
sustainable utilization and multi-function synergistic management of OCL in Xinjiang, China.

Keywords: oasis; cultivated land function; trade-off and synergy; multi-function management;
Xinjiang

1. Introduction

A roadmap for “the future we want” in terms of human well-being and environmental
sustainability has been constructed under the United Nations Sustainable Development
Goals 2030 Agenda [1]. Satisfying the rising food consumption demand of humans on the
premise of neither compromising multiple ecosystem services nor exceeding the safe limits
of planetary boundaries will be a global challenge in sustainable land management [2–5].
As a natural resource essential for human survival and development, cultivated land (CL)
has irreplaceable functions in safeguarding food security, maintaining ecosystem balance,
supporting the livelihoods of farmers and herdsmen, and promoting economic develop-
ment in rural areas [6]. Furthermore, these functions are correlated and interrelated [7].
The investigation of the sustainable management of CL from a multifunctional perspective
has become a new paradigm in existing research on land science worldwide [8–11].

China is the world’s most populous and the largest developing country. In addition
to concerning the food security of the 1.4 billion Chinese people, China’s sustainable
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management of CL is also immediately correlated with global food security and the United
Nations Sustainable Development Goals 2030 Agenda. In that case, the way of achieving
sustainable utilization and multifunctional synergistic management of CL in China during
agricultural development is a crucial problem to be solved. To this end, various cultivated
land functions (CLFs) should be first evaluated in a scientific manner. Then, the law
of temporal and spatial evolution of CLFs and the interaction between functions and
formation mechanisms need to be revealed. These are the scientific basis for promoting the
realization of the multi-functional synergistic management of CL in China.

Considerable literature has grown up around the widely recognized multi-function
property of CL. In terms of the functional connotation of CL, scholars hold the view that CL
is a joint production system that produces both commercial and non-commercial outputs.
Its underlying function is to provide products and services in conformity with the demands
of human survival and development, which is normally associated with society, economy,
and environment [12–16]. In terms of the classification of CLFs, there are currently two main
classification approaches. One is to categorize CLFs in provisioning, regulating, supporting,
and cultural functions with reference to the classification of ecosystem services [12,15–18].
The other is either to divide CLFs into social, economic, ecological, and cultural functions
by inserting regional elements such as society, economy, ecology, and culture into the
CL utilization system from the aspect of system theory [13,19–24] or to split CLFs into
producing, living, and ecological functions [25,26]. In terms of the evaluation method of
CLFs, the comprehensive functional index evaluation method is the most used quantitative
method at present. Given its advantages of the application at multiple scales, the ability
to describe multiple function types, and facilitating comparison between functions, it has
been widely used in existing studies [12,13,16,19,20,22,25,26]. In addition, CLFs have also
been evaluated using the value evaluation method [27], the material quality evaluation
method [28], the energy analysis method [29], and the policy back-stepping method [30].

Affected by the changes in the products and services required for human survival
and development in different periods, CLFs have shown distinct characteristics in dif-
ferent socio-economic stages [25,31], which is reflected in the shift from an emphasis on
productivism-oriented functional needs to the more diversified functional requirements
such as economy, society, culture, and ecology [9,10,32]. The manifestation of CLFs also
varies in different regions. CLFs in Western developed countries, for instance, have been
transformed markedly, with more emphasis on the functional requirements of CL in eco-
logical services, landscape aesthetics, cultural entertainment, and the promotion of rural
sustainable development [6,32]. By comparison, CL in China, a populous developing
country, plays a momentous part in safeguarding food security and supporting farmers’
livelihoods [30]. Further, significant spatial differences can also be found in the CLFs in
different regions of China [23,26]. To be specific, the economic function of CL in developed
urban agglomerations and their hinterland areas is declining [19,31], while the recreational
functions of their CL are on the rise [24,33]. In the meantime, farmers in major agricultural
production regions cause particular stress on the functions of elderly care and employment
of CL [34]. Conversely, the ecological function of CL is more significant in key ecological
function areas to the west of the “Hu Line” [26]. In terms of the interaction between CLFs,
the research methods of ecosystem service trade-off and synergy have been adopted for
measurement, such as the correlation coefficient method [21,23], bivariate spatial autocorre-
lation method [22,28], gray T-relational model [35], and coupling coordination degree [19],
etc. However, in specific research processes, the above quantitative methods need to be
selectively used in combination with their respective research scales and data support. The
correlation between functions becomes more complex because of the diversity of CLFs and
the preferences of human demands and choices. The synergy and trade-off relationships can
be observed extensively between CLFs, which are presented in significant spatio-temporal
heterogeneity [19,21–23,36,37]. Hence, it is of great necessity to research multiple functions
of CL based on local conditions.
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To sum up, previous studies have suffered from shortcomings, albeit while producing
fruitful results. Regarding research content, a unified classification and evaluation system
has not yet been formed in academia, since the multi-functional connotation, classification,
and evaluation of CL is under continuous discussion for improvement, which should be
further investigated and perfected. Regarding research areas, coastal regions in eastern
China and traditional agricultural regions in central China with high levels of urbanization
and modernization have been studied in most cases, with few studies concentrated on
economically backward and ecologically vulnerable areas in western China. Regarding
research perspectives, many scholars focus their research on the evaluation of CL multi-
functionality and the revelation of the spatial pattern characteristics of a single time section,
lacking intensive research on the long-term multifunctional evolution characteristics of CL
and the interaction between various functions. In fact, this should have been an important
basis for measuring whether the utilization of CL in an area is reasonable and sustainable
and also important decision-making reference for propelling the synergistic management
of multiple CLFs.

Located in the northwest inland of China, Xinjiang is the largest provincial-level
administrative region and the main area of the arid region in northwest China [38]. Oases
are the substantial basis for human survival and development in the arid region [39]. As
the main body of the modern oasis of Xinjiang, CL with distinct regional features performs
irreplaceable multi-fold functions in social stability, economic development, and ecological
security. However, Xinjiang has become a hot spot in China’s increment of CL over the
past three decades [40,41]. The highly intensive CL activities lead to severe environmental
problems while bringing about remarkable social–economic benefits [42]. Apparently,
oasis cultivated land (OCL) utilization in Xinjiang is confronted with challenges in food,
ecological, and social security, which should be transformed urgently towards sustainable
utilization and multi-function synergistic management.

This study presents a case study of Xinjiang, the main area in the arid region of
northwest China. Multi-function evolution characteristics of CL over a long period and the
interaction between the functions are extensively examined in this paper. This study seeks to
enrich the regional content of CL multi-function research and sets out to provide a decision-
making reference for the sustainable utilization of CL and the multi-function synergistic
management of CL in Xinjiang. The specific objectives of this study are: (i) investigating
the functional connotation and classification of OCL in Xinjiang and constructing a multi-
function evaluation index system for OCL, (ii) quantitatively evaluating and presenting
the temporal and spatial evolution laws of the functions of OCL in Xinjiang from four
temporal sections (1990, 2000, 2010, and 2018), (iii) investigating the trade-off and synergy
relationship between functions of OCL in Xinjiang and their formation mechanisms, and
(iv) making policy suggestions for the multi-function synergistic management of OCL in
Xinjiang in accordance with the conclusions.

2. Materials and Methods
2.1. Study Area

Xinjiang, short for the Xinjiang Uygur Autonomous Region, 73◦40′–96◦23′ E and
34◦25′–49◦10′ N, is located in the middle of Eurasia and in the northwest of the People’s
Republic of China, which has a typical temperate continental arid climate. It has three
mountain ranges, namely the Altai Mountains, Tianshan Mountains, and Kunlun Moun-
tains, as well as two inland basins—the Junggar Basin and the Tarim Basin. They form
a topography and landform of “three mountain ranges surrounding two basins” and an
ecological landscape pattern of “mountain–oasis–desert”, as shown in Figure 1; among
them, CL is the main body of the artificial oasis of Xinjiang [38].
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As of 2018, CL in Xinjiang reached an area of 5.24 million hectares, accounting for
roughly 3% of the total land area of Xinjiang. The total population of the region has
reached 24.87 million, with the share of the urban population being 50.91% [43]. Nearly
half of Xinjiang’s population lives in rural areas due to lagging urbanization, with almost
80% of the total rural employees engaged in agriculture [43]. As the main spatial carrier
of agricultural development and the production system most closely associated with
oasis ecological security and rural social stability, OCL in Xinjiang bears typical regional
characteristics and important research significance.

2.2. Methods
2.2.1. Connotation, Classification, and Evaluation Index of the OCL Function in Xinjiang

The arid region is a geographical whole consisting of three landscape systems (moun-
tains, oases, and deserts) that are interrelated and mutually restricted in the ecological
process [38,39]. To be specific, the mountain system provides resources such as water and
soil to support the formation and development of oasis areas [38]. The oasis system, as an
area with relatively higher productivity and a center of human production and life in the
arid region, is a hub of gathering and exchanging materials and energy between mountain
and desert systems. The oasis system includes four subsystems of population, society,
economy, and the ecological environment [44]. The desert system has a vast area and harsh
environment and is ecologically vulnerable [38].

The CL system is a complex system coupled with “nature–society–economy” [13,14,19,25].
The function of CL refers to the ability of CL to provide products and services that meet the
needs of human survival and development during a certain period of development, utilization,
and protection and under the comprehensive action of its constituent elements [25]. OCL is a
key role in connecting the population, economy, society, and ecological subsystems of the oasis
area [44]. When the population, society, economy, and ecological environment are embedded
in the process of OCL utilization, the social, economic, and ecological functions of OCL are
correspondingly formed (Figure 2). The use of OCL is essentially to meet the needs of human
beings for the above three functions of CL. The rationality of the human’s CL-use activities in
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the oasis area is also indirectly reflected by the changes of the three functions of CL and the
interaction between them.
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Figure 2. Functional connotation and classification of OCL in Xinjiang.

Specifically, the social function of cultivated land (SFC) in Xinjiang is reflected in the
important role of OCL in safeguarding food security and supporting farmers’ employment
in the process of social and economic development of the oasis region, which is directly
associated with the stability of Xinjiang. The Xinjiang oasis region is separate from the main
grain-producing areas of China. Moving grain over long distances increases transportation
costs and risks. Meanwhile, there are also uncertainties in grain production due to climatic
aridity and vulnerable ecology. Therefore, OCL plays an important role in ensuring food
self-sufficiency in oasis areas. The contracted farmland is the basic means of production
and the workplace for farmers since the household contract responsibility system was
implemented by the Chinese government in rural areas in the 1980s [45]. In particular, the
employment of farmers is extremely reliant on OCL and agriculture due to the lagging
development of secondary and tertiary industries in the oasis area of Xinjiang. Therefore,
the OCL is prominent in promoting the active workforce in rural areas. The function of OCL
in grain production and supply was described by two indicators, including the grain yield
per unit area and the grain self-sufficiency rate. The function of OCL in employment security
was described by two indicators, including the agricultural dependency of employment
and the population-carrying capacity of OCL. The specific calculation methods of the above
indicators are shown in Table 1.

The economic function of cultivated land (ENFC) in Xinjiang is reflected in the im-
portant role of OCL in promoting regional economic development and increasing farmers’
income by producing agricultural products and participating in market transactions to
obtain economic benefits. The oasis is an area with relatively higher productivity in the arid
region. Furthermore, agriculture is the initial economic form of the oasis, the foundation
of national economic development, and the safeguard of industrial development in oasis
areas [44]. On the one hand, agricultural producers increase the output and economic
benefits of agricultural products through fully utilizing agricultural production conditions
such as water, soil, light, and heat in the oasis. On the other hand, the economic output of
OCL is also propelled by expanding the sown area of cash crops based on the continuous ad-
justment of the agricultural planting structure. The function of OCL in propelling regional
economic development was described by two indicators, including the contribution of
agriculture to the national economy and the management benefits of OCL. Furthermore, the
function of OCL in increasing farmers’ incomes was described by two indicators, including
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the per capita net income of rural households and the planting proportion of non-food
crops. The specific calculation methods of the above indicators are shown in Table 1.

Table 1. Evaluation index system of oasis cultivated land function in Xinjiang.

Function Layer Index Layer Calculation Method Unit

Social
function

Grain yield per unit area Total grain output/sown area of crops ton/hm2

Grain self-sufficiency ratio Total grain output/(total regional
population × 400 kg) × 100% ton/hm2

Agricultural dependency of
employment

Number of agricultural
employees/rural employees × 100% %

Population-carrying capacity of OCL (Rural population − animal husbandry
population)/CL area person/hm2

Economic
function

Contribution of agriculture to the
national economy

Gross output of the planting
industry/GDP × 100% %

Management benefit of OCL Gross output of the planting
industry/CL area 104 yuan/hm2

Farmer’s income level Per capita net income of rural
households yuan

Planting proportion of non-food crops Sown area of non-grain crops/total
sown area of crops × 100% %

Ecological
function

Ecological service value of CL
conversion area a

Calculation based on ArcGis software
and Xie’s method 109 yuan

Farmland biodiversity b −∑pi·ln(pi), pi is the proportion of the
sown area of various crops -

Agrochemical load of farmland c (Chemical fertilizer + pesticide + plastic
film) /CL area 1015 sej/hm2

Net carbon sink level of farmland d (CL carbon sink − CL carbon
release)/CL area ton C/hm2

Notes: The attributes of the evaluation indicators in the above table are all positive indicators, except the
agrochemical load of farmland. a: The coefficients of ecological service value in the study period are calculated as
16,599, 59,085, 24,521, 95,289, 115,082, and 2921 for cultivated land, forests, grasslands, rivers/lakes, wetlands,
and unused lands, respectively, in Xinjiang, using Xie’s calculation method [46], in combination with the food
production and price levels in Xinjiang. The unit is yuan/hm2. b: The biodiversity of cultivated land is calculated
using Song’s calculation method [30], with twelve crop planting types including wheat, rice, corn, beans, potatoes,
cotton, oil seeds, sugar beets, vegetables, melons for fruit, and alfalfa [43]. c: Usages of chemical fertilizers, plastic
films, and pesticides were converted into solar energy values with a unified dimension before the sum calculation
with reference to the method of Chang [47], and their conversion rates of solar energy values are 4.7 × 109 sej/g,
6.38 × 107 sej/g, and 2.69 × 109 sej/g, respectively. d: The carbon sink of cultivated land in Xinjiang is calculated
by using Tian’s calculation method [48]. Furthermore, the carbon emission of cultivated land involves the carbon
emission caused by the utilization of cultivated land, with the carbon emission coefficient listed as fertilizer
1.285 kg C/kg [49], pesticide 4.9341 kg C/kg, plastic film 5.18 kg C/kg [48], agricultural diesel 0.5927 kg C/kg,
irrigation 20.476 kg C/hm2, and tillage 3.126 kg C/kg hm2 [50].

The ecological function of cultivated land (ELFC) in Xinjiang is reflected in the im-
portant role of OCL in maintaining oasis stability, protecting biodiversity, maintaining
farmland soil health, and increasing carbon sequestration. Oasisization and desertification
are two elementary geographical processes with mutual feedback [39]. As the expansion of
CL is a main form of oasisization, large quantities of natural ecological land will inevitably
be sacrificed due to the excessive expansion of CL. As a result, it will result in breaking
the dynamic balance between oasisization and desertification, threatening the stability of
the oasis. Since diversified farmland crop is an ecological attribute of the OCL resource
system, planting various crops is essential for protecting the biological diversity in the
OCL [30]. Soil health is the basis for guaranteeing the function of OCL. Specifically, the
increased soil nutrients, the enhanced soil fertility, and the control of weeds and pests
can benefit from the rational utilization of agricultural chemicals. However, the irrational
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and excessive application of agricultural chemicals might bring forth negative feedback,
such as damaging soil structure and exacerbating soil environmental load [11]. Oasis crops
store carbon dioxide absorbed from the atmosphere via photosynthesis in an organic form,
greatly contributing to carbon sequestration. Moreover, humans can also increase their
carbon sink outputs through the management measures of OCL. Furthermore, there are
also carbon emissions in the utilization of OCL in the agriculture production process [48].
Hence, the ELFC in Xinjiang was described by four indicators, including the ecological
service value of the OCL conversion area, farmland biodiversity, farmland agrochemical
load, and farmland net carbon sink level. The specific calculation methods of the above
indicators are shown in Table 1.

2.2.2. Measurements for CLFs

To begin with, raw data were processed using MinMaxScaler to remove the influence
of the index dimension. It is calculated as follows:

Positive index : xij =
Xij −min

{
Xj
}

max
{

Xj
}
−min

{
Xj
} (1)

Negative index : xij =
max

{
Xj
}
− Xij

max
{

Xj
}
−min

{
Xj
} (2)

When the index is positive, the greater the better; when the index is negative, the
smaller the better. County-level data of the same index at different temporal sections
were processed for standardization to safeguard the comparability of data in different
temporal sections.

Based on the function index, three functions of OCL were then calculated as shown below:

F(SFC) =
4

∑
j=1

W
(
SFCj

)
× f

(
SFCj

)
(3)

F(ENFC) =
4

∑
j=1

W
(
ENFCj

)
× f

(
ENFCj

)
(4)

F(ELFC) =
4

∑
j=1

W
(
ELFCj

)
× f

(
ELFCj

)
(5)

where F(SFC), F(ENFC), and F(ELFC) are the social, economic, and ecological function
indices of CL, respectively; W

(
SFCj

)
, W

(
ENFCj

)
, W

(
ELFCj

)
and f

(
SFCj

)
, f
(
ENFCj

)
,

f
(
ELFCj

)
are the weight of the j-th characterization index and the standardized indices for

the evaluations of social, economic, and ecological function evaluation of OCL, respectively.
Moreover, all function indices ranged from 0 to 1, and the larger the index, the stronger
the corresponding function. Characteristic indices corresponding to three CLFs were
summarized using the equal-weight method. In other words, the weight value of each
index was 0.25.

2.2.3. Analysis Method for the Evolution of CLFs

The spatio-temporal characteristics of the function evolution of OCL at the county
scale of Xinjiang were described using the function grading method and the longitudinal
comparison coefficient method. All CLFs indices in four-time sections (1990, 2000, 2010,
2018) of 84 counties in Xinjiang were first converted into a sequence of 336 units for each
function through accumulation during function grading, and each CLF index was then
divided into a high-value area, mid-value area, and low-value area using the natural
breaking point grading method based on ArcGIS10.7 software.
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The longitudinal comparison coefficient of the function is calculated as follows:

LCCij,t = Fij,t2/Fij,t1 (6)

where LCCij,t is the longitudinal comparison coefficient of the j-th function of OCL at the
period t in the county (city) i in the study area; Fij,t1 and Fij,t2 are the j-th CLF indices
in the county i of the study area in the base and end periods, respectively. If LCCij,t is
greater than 1, it indicates that the CLF is enhanced in the study period; if not, it indicates a
gradual decline.

2.2.4. Analysis Method of Interaction between CLFs

As only four time sections (incl. 1990, 2000, 2010 and 2018) were involved in the
calculation of the CLFs of varying counties in the study, the demands for sample size in
the typical mathematical statistics methods cannot be satisfied. In that case, the trade-off
and synergy among the functions of OCL were analyzed using the gray T-relational model
improved by Huang and Wang [51]. With no strict requirement for sample size, the model
adopted describes the strength, size, and order of the relations between factors using the
order of gray correlation, which is superior in terms of uniqueness, symmetry, stability, and
standardization. It can also be used for reflecting the positive and negative correlations of
the sequence [51]. The model can be calculated as follows:

For the temporal section, [a, b], b > a ≥ 0, assuming

∆tk = tk − tk−1, [a, b] =
n∪

k=2
∆tk, ∆tk∩∆tk−1 = φ, k = 2, 3, · · · , n (7)

The two original time series set on [a, b] are:

X1 = {x1(t1), x1(t2), · · · , x1(tn)}; X2 = {x2(t1), x2(t2), · · · , x2(tn)} (8)

Of which, xi(tk), i = 1, 2; k = 2, 3, · · · , n is not equal to 0, then

yi(tk) =
xi(tk)− xi(tk−1)

xi(tk−1)
, i = 1, 2; k = 2, 3, · · · , n (9)

It represents the relative increment of the sequence Xi from the time point tk−1 to the
time point tk, that is, the relative initialization is performed on the original sequence.

Di =

n
∑

k=2
|yi(tk)|

n− 1
, i = 1, 2 (10)

It represents the mean of the absolute value of the relative increment of the sequence
in various periods of time.

zi(tk) =
yi(tk)

Di
, i = 1, 2; k = 2, 3, · · · , n (11)

It represents the equalization of the relative increment of the sequence Xi from the
time point tk−1 to the time point tk.

The improved gray T-relational coefficient ξ(tk) of the sequences X1 and X2 from the
time point tk−1 to the time point tk is presented below:

i When z1(tk) and z2(tk) are not zero simultaneously,

sign(z1(tk)·z2(tk))

1
2 + 1

2 ||z1(tk)| − |z2(tk)||+ 1
2

[
1− min(|z1(tk)|,|z2(tk)|)

max(|z1(tk)|,|z2(tk)|)
]
+ 1

2

[
max(|y1(tk)|,|y2(tk)|)
min(|y1(tk)|,|y2(tk)|)

] (12)
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ii When z1(tk) and z2(tk) are not zero simultaneously, or when y1(tk) and y2(tk) are
zero simultaneously, ξ(tk) = 1; when y1(tk) and y2(tk) are not zero simultaneously,
then ξ(tk) = 0.

Where sign(z1(tk)·z2(tk)) is the sign function, showing the positive and negative
correlation. To be specific, when sign(z1(tk)·z2(tk)) > 0, it indicates a positive correlation;
when sign(z1(tk)·z2(tk)) < 0, it shows a negative correlation.

The improved gray T-relational coefficient r of the sequences X1 and X2 from the time
point tk−1 to the time point tk is presented below:

r =
1

b− a

n

∑
k=2

∆tk·ξ(tk) (13)

When tk = kk = 1, 2, · · · , n, it can be simplified as:

r =
1

n− 1

n

∑
k=2

ξ(tk) (14)

When −1 ≤ r < 0, the sequences X1 and X2 are negatively correlated. That is to
say, there is a trade-off relationship between both, and the closer the value approaching
to −1, the stronger the trade-off. When 0 < r ≤ 1, the sequences X1 and X2 are positively
correlated. In other words, there is a synergistic relationship between both. The closer the
value approaches 1, the stronger the synergy is. When r = 0, the sequences X1 and X2 are
independent of each other.

2.3. Data Sources and Processing

Data of CL area in 1990 and 2000 were acquired from the Statistical Yearbook of
Xinjiang Uygur Autonomous Region and those in 2010 and 2018 were from the Ledger
Data of Land Change Survey of Xinjiang Uygur Autonomous Region. Other relevant
socio-economic statistical data were obtained from the Xinjiang Statistical Yearbook and the
Statistical Yearbook of Xinjiang Prefectures of the corresponding years. The missing data
of some indices were replaced by the mean of adjacent years or the data of adjacent years.
Outputs of the national economy and the planting industry were converted into compara-
ble prices, with 1990 as the base period according to the price index of the corresponding
year. Furthermore, the per capita net income of rural households was converted into the
comparable price, with 1990 as the base period according to the consumer price index of
rural residents of the corresponding year. The land-use remote sensing monitoring data of
Xinjiang were obtained from the Resource and Environment Science Data Center of the Chi-
nese Academy of Sciences (http://www.resdc.cn (accessed on 10 June 2021)) with a spatial
resolution of 30 m. Administrative boundary vector data were from the basic geographic
databases of China at a 1:1 million scale released by the China National Catalog Service for
Geographic Information (http://www.webmap.cn (accessed on 5 January 2021)).

3. Results
3.1. Spatial and Temporal Evolution Characteristics of CLFs
3.1.1. General Characteristics

Evolution trends of the SFC, ENFC, and ELFC of Xinjiang varied significantly in the
study period (Figure 3). The ENFC was increasing, with its function index increasing
from 0.23 in 1990 to 0.44 in 2018, showing a relative increment of 91.30%. The ELFC was
degrading gradually, with its function index declining from 0.51 in 1990 to 0.43 in 2018,
showing a relative decrement of 15.69%. The SFC was stable as a whole, showing an
increasing trend and then a decreasing trend. Its function index first increased from 0.40 in
1990 to 0.47 in 2010 and then decreased to 0.42 in 2018, showing a relative increment of 5%.
To sum up, the evolution of CLFs in Xinjiang was first dominated by ecological and social
functions and then became economic-function-oriented.
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3.1.2. Spatial Differences

1. Social function;

The spatio-temporal evolution characteristics of the SFC at the county level in Xinjiang
are reported in Figure 4a–d. The numbers of counties included in the high-value, mid-value,
and low-value areas of the SFC were 25, 38, and 21, respectively, in 1990. Specifically, the
high-value area was mainly distributed in the Hotan Administrative Offices (HTAO) and
Kashgar Administrative Offices (KSAO) in southern Xinjiang, in which most counties are
national-level poverty-stricken areas, with OCL as the main source of livelihood. The low-
value area was mainly distributed in the Altay Administrative Offices (ATAO) in northern
Xinjiang. This is a traditional grassland pastoral area in Xinjiang, and its grassland resources
performs a more significant social function than OCL. Furthermore, the mid-value area
was mainly distributed in the main agricultural production regions along the southern
and northern slopes of the Tianshan Mountains. By 2018, 31, 36, and 17 counties were
contained in the high-value, middle-value, and low-value areas, respectively, for the SFC.
Furthermore, their corresponding spatial distribution also changed. The high-value area
changed into a scattered distribution from a centralized distribution. The high-value area
in southern Xinjiang was mainly distributed in HTAO, western KSAO, and the northern
Aksu Administrative Offices (ASAO), where the OCL was the main source of farmers’
employment and income increase due to the dense population and low urbanization.
Furthermore, the high-value area in northern Xinjiang was mainly distributed in Tacheng
Administrative Offices (TCAO), the Ili River Valley, and the Changji Hui Autonomous
Prefecture (CHAP), where the social function of OCL was significant due to its rapid
growth in grain production and supply capacity. Besides, the low-value area was scattered
and located in animal husbandry counties along the border, and the mid-value area was
distributed throughout the southern and northern regions of Xinjiang in clusters.

The longitudinal comparison coefficient of the SFC ranged from 0.51 to 6.06 from
1990 to 2018, as shown in Figure 4e. The SFC was strengthening in 48 counties and
decreased in the remaining 36 counties in 2018, compared with that in 1990. Most of the
48 counties with strengthened social functions were distributed in northern Xinjiang, while
the 36 counties with decreased social functions were mostly in southern Xinjiang. The SFC
at the county level in Xinjiang presents the regional characteristics of “increasing in the
north and decreasing in the south”, with an unchanged pattern of “weak in the north and
strong in the south”.
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2. Economic function;

The spatio-temporal evolution characteristics of the ENFC at the county level in
Xinjiang are reported in Figure 5a–d. There were 0, 19, and 65 counties included in
the high-value, mid-value, and low-value areas in 1990, respectively, presenting a low
ENFC as a whole. The mid-value area was distributed in Turpan, KSAO, and western
HTAO. Other counties fell into the low-value area. The ENFC at the county level has
been enhanced significantly by 2018, with 29, 43, and 12 counties included in the high-
value, mid-value, and low-value areas for the ENFC, respectively. A part of the high-value
area was distributed in the striped area in the Manas River Basin and the Tarim River,
which are mostly agricultural production areas with satisfactory agricultural production
suitability and high-level productivity of OCL. Another part is distributed in Bayangol
Mongol Autonomous Prefecture (BYMAP), Turpan city, and Hami city, which presents a
more prominent ENFC through shifting the planting structure of OCL from traditional
food crops to high-yield economic crops, such as cotton and special forest fruits. The
low-value area was dominated by part of the animal husbandry counties, which are rich
in grassland resources, with a high proportion of animal husbandry in the agricultural
industrial structure. The mid-value area was mainly distributed in HTAO, eastern CHAP,
and ATAO.

The longitudinal comparison coefficient of the ENFC ranged from 1.01 to 5.51 from
1990 to 2018, as shown in Figure 5e. In 41 counties of Xinjiang, the ENFC has improved
faster than Xinjiang’s average level, mainly distributed in ATAO, CHAP, Turpan city, Hami
city, and BYMAP. To sum up, the ENFC at the county level in Xinjiang sees a generally
upward trend, which is “faster in the northeast and slower in the southwest”, whereas
the ENFC shows a distribution pattern that is “stronger in the southeast and weaker
in the northwest”.
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3. Ecological function.

The spatio-temporal evolution characteristics of the ELFC at the county level in Xin-
jiang are reported in Figure 6a–d. There were 29, 37, and 18 counties included in the
high-value, mid-value, and low-value areas, respectively, for the ELFC in 1990. The high-
value area was distributed along the northern slope of the Tianshan mountains, ASAO,
and eastern KSAO; the mid-value area was distributed in various prefectures in southern
Xinjiang; the low-value area was distributed in northern and southern Xinjiang. As of
2018, there have been 29, 43, and 12 counties included in the high-value, mid-value, and
low-value areas for the ELFC, respectively. The high-value area was distributed in eastern
CHAP and the Ili River Valley, which has good biodiversity of farmland and a high level of
net carbon sink of OCL. A part of the low-value area was located in BYMAP, KSAO, and
ASAO, which have large populations and a high utilization rate of agricultural water and
soil resources with a prominent imbalance between population and land. The other part of
the low-value areas was distributed in Turpan city and Hami city, where economic crops
such as cotton, special fruits, and vegetables have been substituted for food crops, with
higher usage of agrochemicals for economic crops than that of food crops [52], causing more
significant damages to ELFC due to the high environmental load of OCL in these areas.

The longitudinal comparison coefficient of the ELFC ranged from 0.32 to 1.68, as
shown in Figure 6e. The ELFC was declining in 50 counties distributed in the western
end of the northern slope of the Tianshan Mountains, BYMAP, ASAO, KSAO, Turpan city,
and Hami city, and increasing in the remaining 34 counties. To sum up, the ELFC at the
county level in Xinjiang is generally dominated by a downward trend, which is “faster in
the southeast and slower in the northwest”, whereas the ELFC shows a distribution pattern
that is “stronger in the northwest and weaker in the southeast”.
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3.2. Trade-Off and Synergy Relationship between CLFs
3.2.1. Temporal Scale

Gray T-relational coefficients between two out of the three CLFs in Xinjiang are shown
in Table 2. The findings show that the relationship between CLFs in Xinjiang is mainly
synergistic, but the synergistic relationship between CLFs is weakening and the trade-off
relationship is increasing over time. Also, there are differences in the interaction relationship
between CLFs.

Table 2. Gray T-relational coefficients between CLFs in Xinjiang.

Function Group
Gray T-Relational Coefficients

1990 2000 2010 2018

SFC—ENFC 0.1812 0.1039 0.0685 −0.0491
SFC—ELFC 0.0859 0.0530 0.1025 0.1160

ENFC—ELFC 0.1814 0.0716 −0.0779 −0.1021

The SFC and ENFC were synergistic in 1990 (r = 0.1812), which gradually weakened
in 2000 and 2010. As of 2018, the relationship between both has changed from synergy
to trade-off (r = −0.0491). The SFC and ELFC were synergistic, while the synergistic
intensity first increased and then decreased throughout the research period. As a whole, the
synergy between the two is strengthened as the gray T-relational coefficient (r) developed
into 0.1160 in 2018 from 0.0859 in 1990. The synergy between ENFC and ELFC in 1990
(r = 0.1814) weakened in 2000 and changed into a trade-off in 2010 (r =−0.0779) that further
strengthened in 2018 (r = −0.1021).

In the early stage of the research period, OCL in Xinjiang was adopted to satisfy the
regional food self-sufficiency, with a low proportion of economic crops. The agricultural
production method was backward, and the increase in OCL production relied on intensive
labor input and the low level of soil and water development. There were fewer inputs
of production-increasing factors such as pesticides, chemical fertilizers, and plastic film;
human activities exerted less influence on the ecosystem of OCL. Affected by the above
factors, the three functions of OCL in Xinjiang showed a relatively low-level synergy
at this stage.
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In the later stage of the research period, some rural labor forces were replaced by
labor-saving agricultural machines, along with the improved urbanization level and the
progress in agricultural mechanization, weakening the SFC’s ability to absorb farmer
employment. With the continuous improvement of grain production and self-sufficiency,
local governments and farmers have expanded the proportion of cash crops in the planting
structure under the inducement of economic benefits and widely used agrochemicals to
increase farmland production. Besides, a large amount of ecological land was reclaimed to
expand the scale of OCL and increase the benefits. In consequence, the ELFC showed a
decline with the continuous strengthening of ENFC under the disturbance of high-intensity
human agricultural activities. The SFC and ENFC have also gradually changed from a
synergistic relationship to a trade-off relationship.

3.2.2. Spatial Scale

Trade-offs and synergies relationship between the three CLFs at the county level in
Xinjiang and their spatial differences are reported in Figure 7.
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The SFC and ENFC at the county level in Xinjiang were dominated by synergy (incl.
45 counties) and concurred with trade-offs (incl. 39 counties), as shown in Figure 7a. Those
counties with a synergistic relationship between the two are distributed in TCAO, Ili River
Valley area, ATAO, eastern CHAP, HTAO, Kizilsu Kyrgyz Autonomous Prefecture, and
eastern KSAO in Xinjiang. Those counties with a trade-off relationship are distributed in
BYMAP, Turpan city, Hami city, western CHAP, and western KSAO.

The SFC and ELFC at the county level in Xinjiang showed a pattern of equivalence
between synergies (incl. 42 counties) and trade-offs (incl. 42 counties), as shown in
Figure 7b. Those counties pertaining to the synergy are distributed in the TCAO, Bortala
Mongol Autonomous Prefecture (BTMAP), Turpan city, Hami city, eastern CHAP, and
southern BYMAP. Those counties belonging to the trade-off are distributed in HTAO,
KSAO, northern Ili Valley, and ATAO.

The ENFC and ELFC at the county level in Xinjiang showed a pattern dominated by
trade-offs (incl. 53 counties) and concurred with synergies (incl. 31 counties), as shown
in Figure 7c. Those counties belonging to synergy are distributed in Ili Valley, the eastern
section of the northern slope of Tianshan mountains, and eastern HTAO. Those counties
belonging to trade-off are distributed in the Tacheng Basin, the western end of the northern
slope of the Tianshan Mountains, Turpan city, Hami city, BYMAP, ASAO, KSAO, and
Kizilsu Kyrgyz Autonomous Prefecture.
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4. Discussion
4.1. Similarities and Differences between Xinjiang and Other Regions in the Functional
Evolution of CL

Previous studies have shown that the overall evolution of CLFs has obviously different
characteristics in different socio-economic stages [9,25,31,32]. This conclusion has also been
ascertained in this case study of Xinjiang. The SFC and ELFC of Xinjiang were relatively
significant between 1990 and 2010; the ENFC has been strengthened since 2010, more
significantly than the SFC and ELFC. This also reflects that the CLFs in Xinjiang has shifted
from serving food and survival needs in the past to serving the new needs of increasing
farmers’ income and promoting rural economic development currently. The difference
is that the CLFs in Western developed countries has been significantly transformed from
productivism to post-productivism [6,32], and the CLFs in China has also transformed since
2006 and are moving towards the synergy of multiple functions [30]. However, the CLFs
in Xinjiang are characterized by polarized evolution (with the strengthening economic
functions and weakening ecological and social functions). The utilization of CL focusing
on the pursuit of economic functions inevitably has a trade-off effect on other cultivated
land functions, thereby affecting the sustainable use of OCL.

From the perspective of changes in various CLFs, previous studies have shown that
the SFC are constantly weakening with the progress of urbanization and agricultural mod-
ernization, which has been ascertained in studies conducted nationwide [30], in the eastern
coastal areas [31,35,36], and in the central traditional agricultural areas of China [19,28].
However, the SFC in Xinjiang was stable as a whole in the research period. It is different
from the findings in other regions of China. There are two causes for this special phe-
nomenon. On the one hand, Xinjiang is far away from China’s main grain-producing areas,
so the SFC for Xinjiang’s grain self-sufficiency is relatively stable. On the other hand, the
urbanization in Xinjiang (50.91% as of 2018) is low with the backward development of
secondary and tertiary industries. Oasis farmland remains a stabilizer for carrying the
employment of the majority of farmers when the abilities to absorb employment in urban
and non-agricultural industries are insufficient.

The ENFC in Xinjiang has been enhanced. The trend is similar to previous findings in
other regions of China [19,28]. However, there is a difference that the growth of economic
function is more prominent in OCL. That is because the oasis area shows favorable collabo-
ration between water, soil, light, and heat resources with flat and contiguously distributed
land, as well as high productivity of CL [44]. More than that, the proportions of economic
crops such as cotton, oilseeds, melons, and fruits are rising in the agricultural planting
structure of Xinjiang on the basis of food self-sufficiency, contributing to the manifestation
of the ENFC.

The degradation of the ELFC is commonly accompanied by the strengthening of the
ENFC in different areas of China. Such a phenomenon is more prominent in Xinjiang,
which can be boiled down to two reasons. First, Xinjiang has been a hot spot in China’s
increment of CL over in the past 30 years [41]. The significant expansion of CL in Xinjiang
has occupied a large amount of natural ecological land and scarce water resources, which
has caused a severe negative impact on the ecological stability of the oasis area [39,42].
Second, the increased output in the CL of Xinjiang has a strong dependence on chemical
fertilizers and pesticides. The mean application intensity of chemical fertilizers (358.23 kg)
and pesticides (4.23 kg) per hectare of CL in Xinjiang is much higher than that of the
fertilizers (125.53 kg) and pesticides (3.68 kg) used worldwide in the same period [37].
Meanwhile, Xinjiang is also a main cotton production area and the province with the
largest consumption of plastic film in China. Its residual plastic film content of farmland
is 4–5 times higher than the mean level in China [53], which leads to a high agrochemical
load on CL and damages the ecological environment.

OCL in Xinjiang is essential for ensuring food security, supporting farmers’ employ-
ment and social stability, promoting economic development in rural areas, and maintaining
ecological security. The rationality of regional CL-use activities can be reflected indirectly
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by the interaction between various functions of OCL. According to the research findings,
the synergy among the three functions of Xinjiang’s CL is weakening over time, whereas
the trade-off is strengthening. This indicates that the interaction between CLFs changes
with human preferences for CLFs and changes in CL-use patterns and intensity, which has
also been verified in some research in other regions [19,21–23,36].

4.2. Policy Recommendations of Multi-Function Synergistic Management of OCL in Xinjiang

The trade-off effect between the economic function and other functions of CL is
strengthened gradually due to the CL-use activities dominated by the economic function
in Xinjiang. This is in fact a revelation to us, that the unreasonable utilization of OCL in
Xinjiang should be addressed by managing the trade-offs between CLFs and guiding the
synergistic development of social, economic, and ecological functions of OCL in the process
of future utilization. Four countermeasures and suggestions are proposed in response to
the above research contents.

First, the SFC in the food production and self-sufficiency of Xinjiang should be stabi-
lized. It is the geographical location of Xinjiang that determines the high cost and risk of
long-distance grain transportation. Also, there are also uncertain risks in food production
under global climate change and the vulnerability of regional ecological backgrounds.
Therefore, it is imperative to depend on the OCL to deal with the problem of food supply
of Xinjiang. On the one hand, the permanent basic CL protection system should be strictly
implemented, with strict control over the occupation of high-quality CL resources during
urbanization. On the other hand, the planting structure of CL should be optimized and
adjusted in combination with the dynamics of population and grain demand in different
counties and cities, preventing the excessive “non-grain” orientation of CL. Moreover,
the construction of high-standard farmland should be also promoted in the oasis area
to strengthen the irrigation security and agricultural mechanization of grain production,
contributing to increasing the grain production capacity of OCL.

Second, the SFC in ensuring farmers’ employment of Xinjiang should be restrained.
The level of urbanization in Xinjiang is relatively low, and the development of the non-
agricultural economy is relatively backward. This has resulted in many rural laborers
relying on OCL resources for their livelihoods, exacerbating artificial pressure on OCL and
resulting in the dysfunction of OCL. Therefore, it is necessary to step efforts in channeling
rural surplus labor to non-agricultural employment and reduce the pressure on oasis
farmland. To be specific, Xinjiang’s population urbanization rate is far lower than the
national level in the same period, which has a large room for improvement. Hence, new
urbanization and the development of non-agricultural industries should be propelled for
attracting surplus rural laborers to work in cities and industrial parks. In addition, villages
and towns developing labor-intensive industries based on their actual conditions should
be supported based on the policy of various provinces aiding Xinjiang, so as to guide rural
laborers to participate in non-agricultural employment nearby.

Third, the ELFC in maintaining oasis stability and the soil health of Xinjiang should be
restored. The past agricultural development model characterized by large-scale expansion
in Xinjiang led to severe coercive effects on ecological land and scarce water resources
in the arid region and threatened the stability of the oasis. Also, non-point source pol-
lution of farmland and jeopardies to soil health were caused due to the over-reliance on
agrochemicals for increasing the production of CL yields. In response to these, on the one
hand, the strictest possible water resource management system should be implemented to
ensure an appropriate scale of OCL through setting CL with water. On the other hand, the
layout of OCL should be optimized based on agricultural suitability, with Xinjiang’s land
space planning taken into consideration. Meanwhile, the encroachment of ecological space
by CL should be strictly controlled. In addition, agricultural producers should rely on
the progress of agricultural science and technology to improve the green and low-carbon
utilization of CL, thereby reducing the unreasonable application of chemical fertilizers and
pesticides and improving the recycling and resource utilization of waste agricultural film.
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Fourth, the ENFC in promoting rural economic development and increasing farmers’
income in Xinjiang should be optimized. The fast growth of the ENFC in Xinjiang is
achieved by the expansion of the agricultural scale and the adjustment of planting structure
(the increasing proportion of economic crops planted). However, the growth potential is
limited due to the single source of the economic benefits of OCL. Therefore, the integrated
development of agriculture and the secondary and tertiary industries should be guided to
extend the means of increasing farmers’ income from low-level CL planting to other links,
such as processing and sales. By doing so, the income-increasing chain can be expanded by
extending the industrial chain. Besides, ecological, green, and organic agriculture should
be developed on the basis of advantageous resources, such as light, heat, and ecology in
Xinjiang. Meanwhile, regional green agricultural brands should also be created to improve
the market competitiveness of agricultural products, contributing to the conversion of
ecological advantages to economic advantages.

4.3. Advantages, Limitations, and Prospects

This study selects Xinjiang, the main area of the arid region of northwest China, with
unique regional features, as the study area. The connotations of social, economic, and
ecological functions of OCL were first discussed based on the system theory. Then, an
evaluation index system of CLFs was constructed. On this basis, the evolution charac-
teristics of and the interaction between oasis CLFs in Xinjiang from 1990 to 2018 were
investigated. The analytical framework proposed is applicable to related research on oasis
CLFs in other arid regions apart from providing insights into the regional perspective of
CL multi-function research.

Though the research has obtained certain results, there are also some deficiencies.
The evaluation index system established in this paper might be deficient in some aspects
due to the limited understanding of oasis farmland functions and the difficulty in data
acquisition. It remains to be improved by considering the connotation and scientific
evaluation methods of social, economic, and ecological functions of OCL together with
multidisciplinary knowledge. What’s more, this paper only considers the change of CLFs
at the county level in Xinjiang. In the future, more in-depth studies at the level of typical
villages and towns in oasis should be considered, which will provide a corresponding
decision-making reference for the differentiated policy formulation of the multi-function
synergistic management of CL at different scales.

5. Conclusions

This paper constructs a multi-function evaluation index system for OCL on the basis
of discussing the function connotation and classification of OCL in Xinjiang. On this basis,
the evolution characteristics of and the interaction between CLFs in Xinjiang from 1990 to
2018 are quantitatively evaluated. The main conclusions include:

(1) Evolution Features of CLFs: There were obvious differences in the evolution trends
of the three functions of OCL in Xinjiang from 1990 to 2018. Among them, the eco-
nomic function continued to increase, the ecological function was gradually degraded,
and the social function was relatively stable. In general, the evolution of CLFs in
Xinjiang was first dominated by ecological and social functions and then became
economic-function-oriented. At the county level of Xinjiang, the SFC presents the
regional characteristics of “increasing in the north and decreasing in the south”; the
growth rate of the ENFC shows the regional characteristics of “growing fast in the
northeast and slow in the southwest”; the deceleration of the ELFC presents the
regional characteristics of “growing fast in the southeast and slow in the northwest”.

(2) Interaction between CLFs: The relationship between SFC and ENFC in Xinjiang has
evolved into a trade-off from synergy. The evolution characteristics of the relationship
between ENFC and ELFC are the same as above. Although the relationship between
SFC and ELFC are synergistic, it shows a different synergistic intensity tendency that
first increased and then decreased. Spatially, the SFC and ENFC at the county level
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in Xinjiang are dominated by synergy. The ENFC and ELFC at the county level in
Xinjiang shows a pattern dominated by trade-offs. The SFC and ELFC at the county
level in Xinjiang show a pattern of equivalence between synergies and trade-offs.
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Abstract: Increasing human activities have greatly influenced the ecosystem and the use of ecological
resources, and the unbalanced urban–rural development in China (urban and rural areas being two
major bases of human activities) has always been accompanied by heterogeneous ecological effects.
Human appropriation of net primary production (HANPP) is an integrated indicator quantifying
the human domination of productivity and harvest in the biosphere. Identifying the unbalanced
constraints of urban and rural development on HANPP has become necessary for improving human–
land relationships. This study analyzed the spatial distribution and regional differentiations of the
HANPP in China in 2015 and investigated how HANPP and its components responded to unbalanced
regional urban–rural development. The results show that the total amount of HANPP was 2.68 PgC
and gradually decreased from the southeast to the northwest of China in 2015, representing 60.33%
of the NPPpot. In addition, HANPPluc, harvest through cropland, livestock grazing, and forestry
contributed 60.70%, 29.86%, 8.53%, and 0.91%, respectively, to the total HANPP, with HANPPluc

playing the dominant role in 21 provinces. There was a significant differentiation (p < 0.05) in the
spatial distribution of HANPP (gC/m2), HANPPharv (gC/m2), and HANPPluc (gC/m2), especially
between the Huanyong Hu Line and the western–eastern part of China, fundamentally resulting
from uneven regional development. In addition, biomass production–consumption decoupling
existed in most regions in China, 17 provinces were identified as consumption type, and a universal
positive correlation (p < 0.05) was identified between the production–consumption ratio of occupied
biomass and HANPPharv (%HANPP). Different drive mechanisms were found between urban–rural
development and HANPP, and each HANPP index was more likely to be affected by urban economy
(UE), rural population (RP), and rural agricultural technology (RA) in China. The higher regional
average nighttime light intensity, the proportion of the built-up area, and the urban road area
corresponded with a large HANPPluc value. Conversely, HANPP would decrease as the proportion
of urban green spaces increased. Furthermore, HANPP (%NPPpot) and HANPP (gC/m2) mostly
depended on the rural development index, while HANPPluc and HANPPharv were mainly controlled
by urban and rural development, respectively. Our findings help understand, first, how unbalanced
regional development influences human-induced biomass occupation, the comprehensive urban
ecological construction, and rural ecological restoration and, second, that the overall planning of
urban–rural integration development must be strengthened to face greater ecological pressures in
the future.

Keywords: human appropriation of net primary production (HANPP); urban and rural development;
land use change; human activities; China

1. Introduction

The increase in human activity (urbanization, deforestation, cultivation, hunting, etc.)
has had a tremendous impact on ecosystems and ecological resources. Excessive interfer-
ence has led to a series of contradictions in human–land relationships and has become
the core of geography research [1]. Intensified human–land conflict and the excessive
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transformation and occupation of ecological resources have posed severe challenges to
sustainable global development. In view of this situation, there is an urgent need to study
ecological pressure and the factors that lead to it. However, quantifying the magnitude of
the substantial amount of human interference and its consequences for the ecosystem is
a challenge [2]. Human appropriation of net primary production (HANPP) is a credible
aggregated indicator that quantifies the magnitude of human-activity-related alterations in
the ecological energy flows from the perspective of the carbon cycle [3]. HANPP is always
represented as the ratio of the ecological sources used by human activities to the poten-
tial ones, and can measure regional ecological pressure and sustainability. Net primary
productivity (NPP) refers to the amount of photosynthetic active radiation fixed by green
vegetation as the carbon storage per unit area [4], which determines the ecological resource
capacity that humans can occupy [5].

Urban and rural areas are considered as two major bases of human activities, and
there is a big difference between their construction and economic levels [6–8]. As the
most typical way by which the ecosystem is altered by humans, urbanization can not only
directly consume multiple ecological resources through land conversions, but also drive
the exchange of the regional population, economy, and materials [9,10]. Meanwhile, as
suppliers of materials, labor, and various services to cities [11], expansive rural areas bear
the pressure of ecological resource consumption resulting from urban population growth.
With the continuous concentration of population in cities, there is a local and telecoupling
phenomenon between the consumption and production of ecological resources in urban
and rural areas [12]. The unbalanced development between urban and rural areas directly
affects the supply–demand relationship of ecological resources and regional functions,
especially the food security and ecological security in the areas where ecological resources
are supplied are under increasing pressure. Whether human activities in some areas have
exceeded the threshold of the ecosystems and what are the influencing factors are the topical
questions that need to be answered urgently. Therefore, exploring the differentiation of
HANPP under the influence of urban and rural development is helpful to identify the areas
of human activity overload, and to clarify the contributions of urban and rural areas to
the sustainable development of an ecosystem. In recent years, with the implementation of
strategies for rural revitalization and urban–rural integration, China, as a large developing
country, has entered a critical period of transformation in urban–rural relations. However,
the long-standing “dual system” has resulted in the division of urban and rural areas and
unbalanced development [13] accompanied by heterogeneous ecological effects of human
activities. Therefore, determining the internal driving mechanisms of the unbalanced urban–
rural development on HANPP is helpful to judge the constraints affecting the ecological
sustainable development, which is a crucial topic to alleviate the ecological contradictions
between urban and rural areas and to improve human–land relations globally.

HANPP is an effective method of assessing human–land relationships and research
on HANPP has received increasing attention internationally; however, related research
in China is still in its infancy. Relevant studies mostly focus on the improvement of the
simulation model [14], comparison with other similar indicators [15], and the evaluation
and spatial–temporal dynamic analysis of HANPP on global [16–18], national [5,19–21],
or regional scales [2,22–24]. Embodied HANPP, an indicator closely related to the import
and export of ecological resources, is an emerging research field [25]. Different results can
be found based on various global-scale models and periods, i.e., HANPP was estimated
to be 20.32% in 1995 [26], 23.8% in 2000 [16], and 13–25% from 1910 to 2005 [18]. Existing
national-scale studies mostly focus on European countries and always show a relatively
high level of HANPP (over 50%), with a tendency to decline over a long time series [27–29].
However, case studies in Asian countries show that the ecological pressure has significantly
increased [5,30], representing the imbalanced effect of human activities on HANPP in
densely inhabited regions. Moreover, as a biophysical indicator for measuring regional sus-
tainable development, the relationship between HANPP and ecological footprint [31,32] as
well as biodiversity [33,34], has always been focused on. Studies on the driving mechanism
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of HANPP are mostly limited to the single factor of social economy, among which the
decoupling of HANPP and population or GDP has attracted more attention [35]. Popu-
lation density has been found to have a significant influence on the spatial distribution
of HANPP [36]. However, less attention has been paid to the comprehensive studies of
how HANPP responds to multidimensional indicators for urban and rural development,
such as land conversion, population growth, economy development, technology progress,
and ecological construction, and studies on the variation in HANPP during urban–rural
relationship transformation are also particularly lacking in recent years.

The past decades have been characterized by rapid economic development and inten-
sive human activities in China, and the duality of rural–urban development is a common
problem in most regions, inducing an obvious spatial heterogeneity of ecological resources
consumed by human activities. If the relationship between urban–rural development and
HANPP was quantified, it would fill research gaps and help answer the essential question
of how to reduce the ecological pressure of human activities and promote harmonious
human–land relationships through coordinated urban–rural development, and thus be
referable for further studies in other regions. Therefore, with the ultimate goal of identify-
ing the influence mechanism of urban–rural development on HANPP and investigating the
factors driving its heterogeneity, three detailed objectives were defined in this study: (1) to
evaluate HANPP in China in 2015 and its spatial imbalance characteristics; (2) to depict
the relationships between HANPP and China’s urban–rural development and investigate
HANPP responses to the degree of regional urban–rural coordination; and (3) to identify
the dominant driving factors of different dimensions of urban and rural construction on
HANPP and its components.

2. Materials and Methods
2.1. Data Sources

In this paper, three categories of datasets were chosen from 31 regions in China
(22 provinces, 5 autonomous regions, and 4 municipalities). This excluded unobtainable
statistical datasets from Hong Kong, Macau, and Taiwan. The dataset included remote
sensing images, statistical yearbook data, and vector datasets. To estimate the terrestrial
potential NPP, yearly land cover data MCD12Q1 with the resolution of 500 m were obtained
from NASA Earthdata (https://lpdaac.usgs.gov/products/mcd12q1v061/ (accessed on
12 May 2022)) and MOD17A3HGF data were used to characterize the actual NPP (https:
//lpdaac.usgs.gov/products/mod17a3hgfv061/ (accessed on 23 May 2022)). The Monthly
Normalized Difference Vegetation Index (NDVI) with a resolution of 1 km was obtained
from the MOD13A3 dataset (https://lpdaac.usgs.gov/products/mod13a3v061/ (accessed
on 6 June 2022)) and was mainly used to spatialize the harvested NPP of each province
by virtue of its linear relationship with regional crop and livestock production. Among
the statistical data, the annual average temperature and the annual total precipitation data
of 830 meteorological stations in China used in this study were collected from the China
Meteorological Data Service Centre (http://data.cma.cn/ (accessed on 15 June 2022)) and
used to drive the Thornthwaite Memorial model to evaluate the potential NPP in China.
For the missing data of several individual stations, this study selected the threshold of
80% and used Lagrange’s theorem to interpolate and fill in the gaps [37]. If the number
of missing months exceeded 20%, the data of the station in that year would be taken as
a null value. The dataset of 31 provinces in China on biomass harvested or destroyed
during harvest for crop yield, wood harvest, and livestock, available in the China statistical
yearbooks in the National Bureau of Statistics (http://www.stats.gov.cn/tjsj/ (accessed
on 17 June 2022)), was quantified. Indicators representing urban and rural population
growth, economic development, land expansion, ecological construction, and agricultural
technology, which comprehensively reflect the level of urban–rural development in China,
were also obtained from these annual statistical yearbooks.
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2.2. Estimation Model of HANPP

On the basis of different research backgrounds and spatial scales, several definitions
of HANPP have been used before [16,26,38,39], which caused a slight obstacle when the
HANPP estimation results were being compared. In this study, we chose the definition
proposed by Haberl et al. (2007) [16], which has been widely recognized in recent years.
According to the definition of HANPP [16], two major parts were considered when hu-
man activities appropriated the ecosystem NPP, the harvested biomass and the HANPP
caused by land use and land conversion. Specifically, agricultural harvest, forestry prod-
uct, and livestock grazing are defined as principal combinations of the harvested part
(HANPPharv) [40]. The NPP of the potential natural vegetation without human disturbance
is called NPPpot and the one of the currently prevailing vegetation is called NPPact, and
the difference between them (HANPPluc) was defined as the change in biomass caused
by human-induced land use. Some amount of biomass still remains in the ecosystem
after harvest (i.e., straw and stump), which is called NPPeco. Therefore, HANPP could be
calculated using Formula (1) and transformed into more detailed forms using Formula (2).
Figure S1 presents a conceptual model of HANPP.

HANPP = NPPpot − NPPeco = HANPPluc + HANPPharv (1)

HANPPluc = NPPpot − NPPact (2)

Accurate estimation of NPPpot is the key to quantifying HANPPluc. In terms of the
selection of estimation models, many studies have used the Lund–Potsdam–Jena dynamic
global vegetation model (LPJ-DGVM) [16,41]. The Integrated biosphere simulator (IBIS)
and LPJ-GUESS (general ecosystem simulator) models can also simulate the vegetation
dynamics under different climate scenarios [42]. However, these models are mainly applied
on the global scale, and the resolution is generally 0.5◦ × 0.5◦, which is not suitable for
the accurate characterization of small-scale HANPP when used alone. In addition, some
studies have established the transformation relationship between NPPact and NPPpot in
stable-vegetation areas based on climatic elements to achieve an extended estimation
of non-vegetated areas. Among them, O’Neill et al. (2007) divided all pixels of land
use data into ones disturbed and undisturbed by human activities and assumed that the
NPPpot of undisturbed pixels is equal to NPPact, whereas the NPPpot of all disturbed
pixels could be replaced by the average NPPact of the surrounding undisturbed pixels [2].
Models such as Miami, Thornthwaite Memorial, and Chikugo have been widely used for
estimating NPPpot by establishing the relationship between meteorological indicators and
potential vegetation [5,23,43]. To integrate the advantages of each model, improve the
accuracy of NPPpot estimation, and represent the optimal NPPpot in their research, Erb
et al. (2016) used the average value of the Miami model, the LPJ-DGVM model, and a
vegetation-approach model [44]. Therefore, in this study, NPPpot was derived by combining
the Thornthwaite Memorial model, the LPJ model, and the vegetation-approach model,
among which the result of the LPJ model came from the potential NPP simulation with
a resolution of 0.5◦ × 0.5◦ under the S2 scenario provided by the TRENDY program. In
addition, according to the research of Erb et al. (2016) on global vegetation biomass [44], the
conversion rules of NPPact and NPPpot of various land use types were extracted (Table S3)
so as to drive the vegetation-approach model. The spatial patterns of NPPpot simulated by
the three models are highly similar, and the results of each model and the average value of
NPPpot in China are shown in Figure S2.

HANPPharv is the biomass harvested or destroyed during harvest (harvest of crops
and crop residues, harvest through livestock grazing, harvest through forestry, etc.), which
is derived from the statistics yearbooks from the Chinese National Bureau of Statistics
database, and HANPPharv in this study was converted into carbon (gC) by assuming an
average carbon content of dry matter (DM) biomass of 50% [18]. HANPPharv on cropland
consists of crop harvest and the used or unused residues [45]. The annual yields of 15 kinds
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of crops widely cultivated in China were collected, and their harvested fresh weights were
converted into dry matter equivalents with the moisture content (%). The moisture content
of the specific crop was obtained from the International Network of Food Data Systems
provided by FAO (http://www.fao.org/infoods/infoods/tables-and-databases/ (accessed
on 20 March 2022)) and the literature [3,5]. Furthermore, the crop residues were calculated
from crop yield data with the harvest factors and recovery rates (the former is the ratio
of crop residual to primary crop harvest, and the latter is the ratio of used crop residues
to available residues), which were obtained from the literature [18]. The grazed biomass
was calculated as the difference between feed demand and supply [45]. In this study,
5 grass-feeding livestock species (asses, horses, mules, cows, and sheep) were transformed
into standard sheep units and the feed demand was calculated by the forage consumption
(1.8 kg of dry matter coarse forage per sheep unit per day). In addition, the feed supply
was derived by the conversion coefficients from croplands to straw from 6 crops species
(i.e., rice, wheat, maize, millet, sorghum, and soybeans) and the 25% straw utilization
factor [5]. The forestry harvest includes the removal of timber and felling losses. The total
timber and bamboo production was collected from the Chinese National Bureau of Statistics
and the National Forestry Statistical Yearbook; 49.5% of wood density (0.495 t/m3) was
used to convert fresh weight to dry matter [46], and the felling losses were estimated using
recovery rates defined as the ratio of wood removal to felling [18]. In addition, considering
the method of Haberl et al. (2007) [16], HANPPharv on built-up land was assumed to be 50%
of NPPact. The detailed calculation methods of HANPPharv are provided in Supplementary
File S1.

2.3. Quantification of Urban and Rural Development

In this study, the focus was how HANPP responds to regional development in China,
so multi-indicators were selected to quantify the unbalanced urban–rural growth. Urban
areas expand spatially when people crowd into these areas as the economy improves.
According to this, 10 urbanization indicators from three perspectives (economy, population,
and spatial expansion) were chosen to detect their relationship with HANPP. The corre-
sponding rural development could also be measured using those 10 indicators but from
the perspectives of economy, population, and agricultural technology. The indicators from
31 Chinese provinces, presented in Table 1, which were collected from China’s statistical
yearbooks of 2015, provide a comprehensive reflection of China’s urban–rural development.
The level of coordinated urban–rural development in China was also assessed using these
indicators. After standardizing with the data range, the weight of each indicator in Table 1
was calculated using the entropy method [47]. Then, the urban and rural development in-
dexes (expressed as f (u) and f (r), respectively) in 31 provinces in China could be quantified.
A larger value of f (u) or f (r) means a higher level of rural–urban development, with which
the comprehensive urban–rural development index (T) was also calculated. In addition,
referring to the coupled coordination model in physics, the coupling degree (C ∈ [0, 1])
expressed by f (u), f (r), and T was used to analyze whether the whole urban–rural system is
ordered. Since the C value only reflects the interaction within each system, which cannot
indicate the coordinated order [48], the coordinated development degree (D ∈ [0, 1]) in
each province was evaluated by the coordination degree model, which was divided into
9 levels in this study [49] (Table 2). The detailed formulas of all the indicators are presented
in Supplementary File S2.
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Table 1. Quantification indicators of urban–rural development in China.

Objects Perspective Indexes Symbols * Weights

Urban

Economy

Added value of the secondary and tertiary industries (108 CNY) UE1 0.065
Proportion of added value of the secondary and tertiary

industries (%) UE2 0.019

Added value of transportation, warehousing, and postal
services (108 CNY) UE3 0.051

Per capita consumption expenditure of urban residents (CNY) UE4 0.084

Population Urban population (104 people) UP1 0.045
Proportion of urban population (%) UP2 0.020

Space

Nighttime light intensity (nW/cm2/sr) US1 0.194
Proportion of built-up area (%) US2 0.147

Proportion of urban green spaces (%) US3 0.243
Proportion of urban road area (%) US4 0.134

Rural

Economy

Added value of the primary industry (108 CNY) RE1 0.103
Proportion of added value of the primary industry (%) RE2 0.058

Per capita consumption expenditure of rural residents (CNY) RE3 0.073
Engel coefficient of rural residents (%) RE4 0.134

Population Rural population (104 people) RP1 0.118
Proportion of rural population (%) RP2 0.037

Agricultural technology

Total power of agricultural machinery (104 kW) RA1 0.129
Application amount of agricultural fertilizer (104 tons) RA2 0.112

Effective irrigated area (103 hectare) RA3 0.125
Total sown area of crops (103 hectare) RA4 0.111

* UE, UP, and US are the abbreviations for urban economy, urban population, and urban space, respectively, and
RE, RP, and RA are the abbreviations for rural economy, rural population, and rural agricultural technology,
respectively.

Table 2. Classification criteria of coordinated urban–rural development (D).

D Value Implications D Value Implications D Value Implications

0 < D ≤ 0.2 Severe imbalance 0.4 < D ≤ 0.5 Near imbalance 0.7 < D ≤ 0.8 Intermediate coordination
0.2 < D ≤ 0.3 Moderate imbalance 0.5 < D ≤ 0.6 Barely coordination 0.8 < D ≤ 0.9 Well coordination
0.3 < D ≤ 0.4 Inchoate imbalance 0.6 < D ≤ 0.7 Primary coordination 0.9 < D ≤ 1 Super coordination

2.4. Statistical Methods

Spatial analysis in ArcMap 10.3 and multi-statistical methods were applied to the
evaluation of spatial heterogeneity and driving factors of HANPP in China. In this study,
the independent-samples t test was used to explore the differentiation of HANPP and its
components and investigate whether HANPP differs significantly among different zones
in China (i.e., western, eastern, northern, and southern area; coastal land; and inland
area). Furthermore, stepwise regression analysis helped verify what kind of constraints
the urban–rural development in China exerted on HANPP and then we extracted the
factors dominating the differentiation of HANPP based on the standard partial regression
coefficient in the model.

3. Results
3.1. Spatial Distribution of HANPP in China

The total amount of human appropriation of biomass was 2.68 PgC, representing
60.33% of the NPPpot in China in 2015. Figure 1a shows that HANPP (gC/m2) gradually
decreased from the southeast to the northwest of China, showing an obvious difference
on both sides of the Hu Huanyong Line (the mutation line of China’s population density).
Hunan, Hubei, Henan, Jiangxi, Guangxi, Guangdong, and Jilin Provinces had high HANPP
values (greater than 1000 gC/m2). The negative value of HANPP (gC/m2) came from the
contribution of HANPPluc, mainly concentrated in central Xinjiang, western Yunnan, and
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southern Tibet, reflecting that the actual carbon sequestration of vegetation was higher
than the potential sequestration under the same climatic conditions. Among these, the
negative HANPP values in Xinjiang Province mainly appeared in the cultivated land. In
addition, two high-value strips were identified in the east–west direction of HANPP (gC)
in each province (Figure 1b), which consisted of Inner Mongolia (0.224 PgC), Heilongjiang
Province (0.207 PgC), Sichuan Province (0.170 PgC), Tibet (0.146 PgC), and Henan Province
(0.143 PgC).
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Figure 1c shows obvious positive and negative differences in HANPPluc (gC/m2) in
China in 2015, indicating that land use change played a bidirectional role on ecosystem
NPP. An HANPPluc (gC/m2) value of less than 0 means that the production capacity of
vegetation after human intervention could be higher than the potential capacity under
the same climatic conditions. The negative values of HANPPluc (gC/m2) in Xinjiang,
Ningxia, and Gansu Provinces were mainly the result of cultivated land, indicating that
in regions with a relatively insufficient natural background, cultivation based on artificial
management could break through the climate limit of biomass accumulation to a certain
extent, which has been confirmed by an existing study [18]. On the contrary, positive values
of HANPPluc (gC/m2) were dominant across the whole country, indicating that human
activity has destroyed the original green spaces to a certain extent, and HANPPluc (gC/m2)
values in big cities (i.e., Beijing, Tianjin, Shanghai, Shenzhen, and Guangzhou Provinces)
were significantly higher than those in surrounding areas. Total HANPPluc (gC) values
of over 0.1 PgC are mainly concentrated in Inner Mongolia (0.148 PgC), Tibet (0.130 PgC),
Heilongjiang Province (0.118 PgC), and Sichuan Province (0.112 PgC) (Figure 1d). Although
China has continuously strengthened the protection of grasslands and vigorously promoted
the policy of “returning grazing land to grassland” in recent years, most grassland was still
overloaded and overgrazed [50]. Inner Mongolia and Tibet are the key pastoral areas of
China, and the high values of HANPPluc (gC) in Inner Mongolia and Tibet were mainly
related to grassland degradation caused by grazing.

The North China Plain and northeast provinces in China had relatively high HANPPharv
(gC/m2) values (Figure 1e), with an average value of more than 600 gC/m2, and the biomass
harvest in these regions was mainly provided by cultivated land. Among them, Shandong
and Henan Provinces had the most extensive distribution of cultivated land with stable
production. In addition, there was significant spatial heterogeneity of HANPPharv (gC/m2)
among the provinces in southern China, where the harvest of crops and the amount of
crop residues were much higher than those in the surrounding woodlands. The limited
ecological land in northern Xinjiang Province showed relatively high HANPPharv (gC/m2),
mainly resulting from grassland and cultivated land. Figure 1f shows that the high-value
areas of HANPPharv (gC) in each province in 2015 expanded from the North China Plain to
the entire northeast of China. Among them, Henan (0.097 PgC), Heilongjiang (0.089 PgC),
and Shandong (0.077 PgC) were the top three provinces of HANPPharv (gC), while Bei-
jing, Tianjin, and Shanghai Province were at the bottom since they did not undertake the
production function and their area is relatively small.

HANPP (%NPPpot) can reflect the ecological pressure caused by the use of resources
resulting from human activities, and the low-value areas of HANPP (%NPPpot) were mainly
distributed in the southeast coastal areas and southwest China (Figure 1g). Specifically,
the mountainous area accounted for more than 80% of the total area in Yunnan Province,
which limited the destruction of natural vegetation and land reclamation by humans. In
addition, the HANPPharv in southeastern coastal provinces mainly resulted from the low-
level harvest of forestry, which also led to a relatively low HANPP (%NPPpot). It is worth
noting that Tibet is a major pasturing area in China, but the NPPact in Tibet was only
137.38 gC/m2, while the harvest through livestock grazing was already close to the NPPpot,
so the HANPP (%NPPpot) in most areas of Tibet was generally high in 2015. Estimating
the HANPP (%NPPpot) of each province helps identify the regions with oversaturated
ecological occupation in China, which provides scientific support for formulating urban
development strategies and ecological construction measures in corresponding areas. It can
be seen from Figure 1h that HANPP was high (%NPPpot) in the grain-producing provinces
in the North China Plain, while HANPP was low in the southwestern provinces with
complex terrain. With the major grain-producing provinces benefiting from improved
agricultural technology and efficient manual management, the high value of HANPP
(%NPPpot) in these provinces was actually a sign of a significant increase in land production
efficiency.
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3.2. Contributions of HANPP Components

The total amounts of HANPPluc and HANPPharv were found to be 1.63 PgC and
1.05 PgC, respectively, in China in 2015. Specifically, the harvest through cropland, livestock
grazing, and forestry contributed 29.86%, 8.53%, and 0.91% to the total HANPP, respec-
tively, while the land-use-induced biomass appropriation contributed 60.70%. However,
there were great differences in the contributions of HANPP components among provinces
(Figure 2). HANPPluc played the dominant role among 21 provinces (over 50% of HANPP),
especially in the cities with rapid urban expansion (i.e., Shanghai and Beijing, with 74.82%
and 74.78% of HANPPluc (%HANPP), respectively) and some coastal cities (i.e., Fujian,
Zhejiang, and Guangdong, with 86.07%, 85.99%, and 79.07% of HANPPluc (%HANPP),
respectively). On the contrary, the harvest on cropland (HANPPharv (crop)) contributed
most to HANPP in Shandong (62.33%), Henan (57.30%), Jilin (51.66%), Jiangsu (50.58%),
and Hebei (50.46%), the traditional grain-producing provinces, and livestock grazing in the
traditional pastoral regions (i.e., Gansu, Xinjiang, Ningxia, and Qinghai) resulted in 20%
of HANPP. It is worth noting that different urban functions and development planning
resulted in various ecological occupation structures, and expansive impervious surface
replaced almost all ecological land in Shanghai, the economic center in China, where
HANPPluc contributed the highest to NPPpot in China (50.55%). Compared with the high
HANPP (%NPPpot) due to harvested biomass through cropland, livestock grazing, and
forestry, the substantial compression of ecological land due to excessive urban development
needs more attention.
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Figure 2. Contribution of HANPP components in provinces.

The amount of HANPPharv can reflect the production capacity of an ecosystem, and
the regional population directly determines the consumption demand of the local biomass.
Without considering the local import and export, we built a production–consumption ratio,
which was calculated as the ratio of HANPPharv to the multiplication of national biomass
consumption per capita and the regional population. The production–consumption ratio
was divided into three types: an area was self-sufficient if the ratio was close to one, a
ratio over one indicated adequate biomass production, and a ratio under one indicated
inadequate biomass production. The latter two values lead to ecological resources being
circulated among regions. On the basis of HANPPharv in 2015, a significant imbalance
could be found between the supply of and demand for biomass in China (Figure 3a). In all,
14 provinces in the north and southwest China were defined as the production type, and
ratios over the 95th percentile were found in the sparsely populated Tibet (6.36) and Inner
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Mongolia (4.07). Conversely, the remaining 17 provinces in the middle and southeastern
coastal areas in China needed external biomass supplies. Specifically, the production–
consumption ratios of rapidly growing cities such as Shanghai (0.06) and Beijing (0.09)
were under the fifth percentiles. Furthermore, it should be clarified that a telecoupling
of ecological resources always occurs in remote spaces, and the gradient differences of
production–consumption ratios in Figure 3a represent interregional resource flows; more
attention should be paid to this in future studies.
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Five dominant production types were identified among 31 provinces with production–
consumption ratios of HANPPharv through agriculture, forestry, and grazing (Figure 3b),
and a significant spatial aggregation could be found among all these types. A great number
of ecological resources were needed among consumption regions with ratios under 1, which
included the metropolis with high population densities (i.e., Shanghai, Beijing, and Tianjin)
and several provinces in the middle of China. On the contrary, only two production regions
(i.e., Inner Mongolia and Jilin) were found in the northeast of China where the production–
consumption ratios of the components of HANPPharv were over 1. Furthermore, huge gaps
existed among the three ratios in the remaining provinces and the highest ratio was selected
as the dominant production type. Specifically, five agriculture-dominant provinces, situated
mostly in the circum-Bohai Sea region, and five provinces in south China with better climate
conditions, provided more biomass through forestry. HANPPharv through grazing was
found as the dominant production type among eight traditional husbandry provinces in
the west of China. Figure 3c shows that a universal positive correlation could be found
between the production–consumption ratio and the HANPPharv (% of HANPP) through
agriculture, forestry, and grazing in 31 provinces in China. The aggregation characteristics
of sample points declared whether the HANPPharv was consumed locally, showing that

269



Land 2023, 12, 1062

the interregional flows and the exchange of agricultural and livestock products were more
complicated than the forestry products.

3.3. Regional Differentiations in HANPP

An obvious spatial differentiation of HANPP was found in China. However, the
focus should be to identify whether there is a significant difference among regionalization
zones, and nine HANPP indexes were chosen for further discussion (Table 3). Here, the
independent-samples T test was used to detect the differentiation of nine HANPP indexes
across the four zones (Zone 1 to Zone 4; Figure S3). The result showed that HANPP (gC/m2),
HANPPharv (gC/m2), and HANPPluc (gC/m2) were significantly different on both sides of
the Huanyong Hu line (Zone 1) but their total amount and contribution to NPPpot did not
pass the test. The same regional differentiation of HANPP indexes could be found between
the western and eastern parts of China (Zone 2) as Zone 1, and the ecological pressure
caused by human occupation (HANPP (%NPPpot)) was also significantly different in Zone
2. HANPPharv and HANPPluc have different sensitivities to meteorological elements, so the
corresponding indexes showed various characteristics between the north and south parts of
China (Zone 3), which was divided on the basis of regional temperature and precipitation.
There is a difference between economic development and population agglomeration in
China’s coastal and inland regions, so the HANPPharv indexes related to land productivity
did not show significant differentiations in Zone 4. Furthermore, from the perspective
of the nine HANPP indexes, it is worth noting that HANPP (gC/m2) showed significant
differences among all the regionalization zones (Table 3). The complex characteristics of
HANPP indexes in China indicated that they were not only restricted by population density
and terrestrial natural conditions but that a complex mechanism of regional comprehensive
development (i.e., economy, urbanization, and agrotechnique) also had an impact on them.

Table 3. Regional differentiations of HANPP indexes.

Indexes

Regional Differentiation *

Zone 1 Zone 2 Zone 3 Zone 4

t Value p Value t Value p Value t Value p Value t Value p Value

HANPP
(gC) −0.433 0.668 −0.780 0.441 0.293 0.772 −2.323 0.027 *

(%NPPpot) −0.009 0.993 2.141 0.041 * 3.672 0.001 *** 0.474 0.639
(gC/m2) 5.933 0.001 *** 4.924 0.001 *** −2.341 0.026 * 2.170 0.039 *

HANPPharv

(gC) 0.191 0.850 0.258 0.798 1.667 0.109 −1.649 0.110
(%NPPpot) −0.035 0.973 1.450 0.158 3.721 0.001 *** 0.308 0.760
(gC/m2) 2.647 0.013 * 3.730 0.001 *** 0.786 0.441 0.942 0.354

HANPPluc

(gC) −0.531 0.616 −1.335 0.192 −0.654 0.518 −2.167 0.039 *
(%NPPpot) 0.066 0.984 1.939 0.062 0.525 0.604 0.498 0.623
(gC/m2) 8.477 0.00 1 *** 3.314 0.002 ** −5.817 0.001 *** 1.881 0.070

* Zone 1 refers to two regions between the Huanyong Hu Line; Zones 2 and 3 refer to the western/eastern and
northern/southern parts of China, respectively; and Zone 4 refers to the coastal land and the inland area, which
are also shown in Figure S3. *: p < 0.05, **: p < 0.01, and ***: p < 0.001.

4. Discussion
4.1. Credibility of HANPP

In existing studies, HANPP (%NPPpot) has attracted more attention than HANPP
(gC/m2) or HANPP (gC) due to its ability to represent regional ecological sustainability
and the ecological pressure caused by human occupation. However, the lack of a uniform
standard in the selection of estimation models of NPPpot and NPPact hinders the comparison
of HANPP results among different regions. For instance, in related studies, a variety of
models have been used to estimate NPPpot, e.g., LPJ-DGVM [16,41], the Guangsheng Zhou
model [5], the new calibrated Miami model [45], and multiple-iterations modification based
on the disturbed pixels in NPPact [2]. Rather than comparing the similarities of HANPP
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(%NPPpot) between regions, it is better to focus on whether its spatial distribution and
long-term variation characteristics are similar.

In China, HANPP (%NPPpot) was found to be 60.33% in 2015, which is higher than
it was in 2010 (57.80%), estimated by Chen et al. (2015) [5], as well as the global HANPP
(%NPPpot) values in 2000 (23.80%), 2005 (25.00%), and 2010 (20.70%) [16–18]. Huang et al.
(2020) found that HANPP (%NPPpot) was 72.4% in the Yangtze River Delta in 2015 [51],
and we found a slightly lower value (68.92%) in the same region in this study. From the
perspective of the spatial distribution characteristics of HANPP, the grid-scaled HANPP
(%NPPpot) in this study is highly similar to the results of Haberl et al. (2007) and Kastner
et al. (2021) [16,17]. In general, the simulation of HANPP among provinces and cities in
China is still in its infancy and the deviations are mainly due to different methods and
datasets used during NPPpot and HANPPharv estimation within limited studies.

4.2. Relationships between HANPP and China’s Urban and Rural Development

Significant spatial differentiation of HANPP was found under the impact of unbal-
anced human activities and the ecological environment in China, especially the duality
of rural–urban development. In this study, 20 indictors reflecting regional economy, pop-
ulation, urban expansion, and rural agricultural technology were chosen, as shown in
Table 1, and the correlation coefficients and nine HANPP indexes (Table 3) of 31 provinces
were summarized (Figure 4). From the perspective of urban economy, significant positive
correlations were identified between the added value of the secondary and tertiary indus-
tries (UE1) and HANPP (gC/m2), HANPPharv (gC/m2), and HANPPluc (gC/m2). The
added value of transportation, warehousing, and postal services (UE3) had a significant
influence on most HANPP indexes (Figure 4a), which guarantees the circulation of regional
ecological resources. However, UE2 and UE4 showed a negative correlation with the
total amount of HANPP, HANPPharv, and HANPPluc, which is because a larger propor-
tion of UE1 and a higher consumption expenditure of urban residents always appears in
highly urbanized areas, which usually have a relatively weak biomass production (low
HANPPharv); the HANPPluc would also not increase significantly when urban construction
is saturated, so the HANPP indexes would be suppressed instead. High urban population
(UP1) resulted in a great amount of biomass occupation per unit area, whereas the negative
correlations between urban population proportion (UP2) and HANPP (gC), HANPPharv
(gC), and HANPPluc (gC) reflected the polarization characteristics of the urban population
agglomeration and ecological resource production. Among the urban spatial expansion
indicators, the higher regional average nighttime light intensity (US1), the proportion of the
built-up area (US2), and the proportion of the urban road area (US4) always corresponded
with large HANPPluc (% NPPpot) and HANPPluc (gC/m2) values, which also directly led
to the significant positive correlations (p < 0.01) and relatively high correlation coefficients
with HANPP (% NPPpot) and HANPP (gC/m2). Conversely, urban ecological construction
gained valuable space to counter the degradation of natural vegetation caused by urban
expansion, and most of the HANPP indexes, especially the HANPPluc indexes, decreased
as the proportion of urban green spaces increased (US3).
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HANPP indexes responded to rural development in different ways (Figure 4b).
Stronger positive correlations existed between the added value of the primary industry
(RE1) and all HANPPharv indexes than UE1, and the total amount of HANPP, HANPPharv,
and HANPPluc in each province was more sensitive to the proportion of the added value of
the primary industry (RE2) than other HANPP indexes. Higher consumption expenditure
of rural residents (RE3) appeared not only in highly urbanized areas but also in the agri-
culture, forestry, and animal husbandry developed areas, which showed relatively lower
correlations with the total amount of HANPP, HANPPharv, and HANPPluc than UE4. The
higher the Engel coefficient of rural residents (RE4), the lower the HANPP (% NPPpot) and
all HANPPharv indexes. This shows that the main article consumed by residents was food,
the regional economy was relatively lagging in terms of development, and the influence of
human activities on ecology was relatively weak. Rural population (RP1) had significant
and higher positive correlations with all the HANPPharv indexes than UP1 but no statistical
correlations with HANPPluc indexes. Moreover, the biomass occupied through land use
per unit area and its percentage in NPPpot would be reduced if the rural population was the
main component (RP2) in a region. All the rural agricultural technology indicators showed
similar impacts on the nine HANPP indexes, especially in terms of the significant positive
effects (p < 0.01) on and high correlation coefficients among HANPPharv (gC), HANPPharv
(% NPPpot), and HANPPharv (gC/m2). Adequate effective irrigated area (RA3) and total
sown area of crops (RA4) are necessary for adequate food supply, the total power of the
agricultural machinery (RA1) reflects the regional agricultural machinery ownership, and
the harvest biomass of grain and forestry would benefit from these elements as well as the
amount of agricultural fertilizer (RA2) applied.

An interaction effect always exists between regional economy improvement and
biomass occupation, and industrial structure would alter the HANPP proration. Overde-
velopment of the secondary and tertiary industries would restrain harvest biomass, but
adequate ecological supply depends on the primary industry, so balanced industrial devel-
opment should be the focus among regions. Harvested biomass (HANPPharv) is mostly
determined by the rural population rather than the urban population, while the urban or
rural population proportion has hardly any influence on it, indicating that urban people
mainly play the role of the consumer of ecological resources. Urban sprawl, a result of land
surface modification by humans, usually leads to the irrecoverable loss of NPP. Cultivated
land offers additional products along with the improvement of agricultural technology,
although it replaces part of the natural vegetation. Moreover, worldwide, the increasing
populations and economies are inevitably accompanied by rapid urbanization, and the
corresponding requirements of ecological resources must be sustainable. Thus, through
policies and agriculture techniques, it is necessary to improve agriculture production and
the utilization efficiency of NPP per area, as well as properly control urban expansion.

4.3. HANPP Responses to Coordinated Regional Urban–Rural Development

As two major systems indispensable to regional development, urban areas and rural
areas play an important role in promoting sustainable use of ecological resources. Therefore,
coordinated urban–rural development and the impact on the HANPP in 31 provinces in
China was quantified. The quantification of the urban development index (f (u)) indicated
that highly urbanized areas (Figure 5a) were mostly concentrated in the coastal provinces
but high values of the rural development index (f (r)) mostly appeared in southern China
(Figure 5b). Specifically, Shanghai (f (u) = 0.90), Beijing (f (u) = 0.43), Henan (f (r) = 0.73), and
Shandong (f (r) = 0.68) showed the peak values over the 95th percentiles of f (u) and f (r). In
contrast, the valley values under the fifth percentiles were in Qinghai (f (u) = 0.04), Tibet (f (u)
= 0.02), Tianjin (f (r) = 0.09), and Beijing (f (r) = 0.08). Furthermore, the degree of coordinated
urban–rural development (D) among provinces was evaluated by the comprehensive urban–
rural development index (T) and the coupling degree (C) (Table S4) and showed an obvious
spatial differentiation between coastal and inland areas (Figure 5c). In this study, the D
value was divided into nine levels (Table 2) to map coordinated urban–rural development
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types in China (Figure 5d). Only a few coastal provinces had achieved primary coordination
(Jiangsu and Guangdong) and barely coordination (Shandong and Zhejiang). Inversely,
most regions showed a universal imbalance and urban–rural development gap. Notably,
there was severe imbalance in Heilongjiang Province, Tibet, Gansu Province, and Xinjiang
Province. In short, the ideal urban–rural coordination did not exist in China in 2015.
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Figure 5. Urban and rural development index (a,b) and coordinated urban–rural development degree
(c) and types (d) in China. HANPP responses to coordinated regional urban–rural development (e).
(PC, primary coordination; BC, barely coordination; NI, near imbalance; II, inchoate imbalance; MI,
moderate imbalance; SI, severe imbalance; **: p < 0.05, and ***: p < 0.01).

The relationship between HANPP indexes and coordinated urban–rural development
(Figure 5e) helped create verifications and supplements for Figure 4. It is worth noting
that f (u) and f (r) showed opposite driving effects on HANPP (gC), HANPPharv (gC), and
HANPPluc (gC) and the regional ecological pressure characterized by HANPP (%NPPpot)
and HANPP (gC/m2) mostly depended on f (r). The highly urbanized regions with high
f (u) usually appeared in provinces with limited territorial areas (i.e., Shanghai, Beijing,
and Tianjin), in which the total amount of occupied biomass was at a relatively low level.
On the contrary, provinces with high levels of f (r) had relatively large territorial areas
in China and developed production capacity. As a component of HANPP, HANPPluc
was mainly controlled by the urban development index (f (u)). Conversely, f (r) made
significant positive impacts on HANPPharv. All the occupied biomass indexes per unit area
showed the most sensitive response to coordinated urban–rural development degree (D)
and good urban–rural coordination obviously improved HANPP (gC/m2) and HANPPharv
(gC/m2) but relatively weaker urban–rural coordination influenced HANPPluc (gC/m2)
variation. From the perspective of six coordination types among provinces in China, the
sample points of HANPPharv (gC/m2) tended to be discrete, along with a higher degree
of coordination (Figure 6), and the samples with moderate imbalance (MI) urban–rural
coordination showed the highest degree of dispersion of HANPP (gC/m2) and HANPPluc
(gC/m2).
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4.4. Dominant Driving Factors of Each HANPP Index

Bidirectional effects were found among urban–rural development indictors of biomass
appropriation, and the dominant driving factors of each HANPP index were detected
by stepwise regression to eliminate the indirect correlation. Table 4 shows the fitting
models and correlation coefficients from three perspectives (urban, rural, and urban–rural
development), in which stronger decisive effects were displayed by the driving factor
with larger standardized coefficients, and a higher R referred to a better fitting model.
Among all the driving factors in the 27 fitting equations in Table 4, the rural development
indicators (34 times) appeared more frequently than the urban development indicators
(21 times). At the same time, in different dimensions of urban–rural development, each
HANPP index was more likely to be affected by urban economy (UE) than rural economy
(RE), more likely to be affected by rural population (RP) than urban population (UP),
and more likely to be affected by rural agricultural technology (RA) than urban spatial
expansion (US). From the analog effect of each equation, driven by 20 urban and rural
development indicators, the analog effect of HANPPharv indexes was the best, followed by
that of HANPP indexes, and HANPPluc indexes were the weakest; the selected urban and
rural development indicators could explain their variation characteristics only to a certain
extent. From the perspectives of urban, rural, and comprehensive urban–rural development,
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the analog effects of all the nine HANPP indexes were the best when only considering
rural development indicators, followed by the regression models of comprehensive urban–
rural development indicators, and the ability to explain HANPP indexes was relatively
limited when only considering urban development indicators. From the perspective of the
explanatory ability of each independent variable, the impact of urban economy (UE) on
occupied biomass was much stronger than that of urban population (UP) and urban spatial
expansion (US). On the contrary, rural population (RP) and rural agricultural technology
(RA) had more significant explanatory effects on each HANPP index than rural economy
(RE). Among all the independent variables, UP2, US1, US2, US3, and RA3 did not appear
in any of the fitting models.

Table 4. Dominant driving factors of each HANPP index.

Dependent Variables Independent Variables Model with Standardized Coefficients R

HANPP

(gC)
Urban = −0.599UE2 + 0.366UP1 0.613
Rural = 1.111RA4 + 0.348RE4 − 0.365RP1 0.823

Urban–rural = 0.650RA4 − 0.309US4 0.797

(%NPPpot)
Urban = 1.223UE3 − 0.924UE1 0.567
Rural = 1.007RA1 − 1.044RP1 − 0.384RE2 + 0.599RA2 0.849

Urban–rural = 1.007RA1 − 1.045RP1 + 0.384UE2 + 0.599RA2 0.849

(gC/m2)
Urban = 0.642UE3 0.642
Rural = 0.628RE1 − 0.401RP2 0.682

Urban–rural = 0.642UE3 0.642

HANPPharv

(gC)
Urban = −0.672UE2 + 0.543UE3 0.706
Rural = 0.897RA4 − 0.371RP1 + 0.345RA2 0.940

Urban–rural = 0.897RA4 − 0.371RP1 + 0.345RA2 0.940

(%NPPpot)
Urban = 1.245UE3 − 0.978UE1 0.566
Rural = 1.189RA1 − 0.641RP1 0.763

Urban–rural = 1.189RA1 − 0.641RP1 0.763

(gC/m2)
Urban = 1.210UE3 − 0.688UE1 0.665
Rural = 0.846RA1 − 0.315RP2 0.822

Urban–rural = 0.340RA1 + 0.771US4 − 0.480UE4 + 0.425RA2 0.897

HANPPluc

(gC)
Urban = −0.486US4 0.486
Rural = 0.356RP2 + 0.912RA4 − 0.698RA1 0.678

Urban–rural = −0.486US4 0.486

(%NPPpot)
Urban = 0.412UE2 0.412
Rural = −0.412RE2 0.412

Urban–rural = −0.412RE2 0.412

(gC/m2)
Urban = 0.458UE1 0.458
Rural = 0.513RE3 + 0.357RP1 0.568

Urban–rural = 0.458UE1 0.458

Comprehensively considering the dominant driving factors and standardized coef-
ficients of each HANPP index, it was found that UE3 had the strongest explanation for
the differentiation characteristics of HANPP (gC/m2) and that the restriction of RP and
RA indicators on HANPP (%NPPpot) was much stronger than that of urban development
indicators. The total amount of HANPP (gC) was affected by the opposite effects of RA4
and US4, and RA4 showed a stronger control of it. In addition, RP and RA indicators
showed absolute driving advantages in HANPPharv (%NPPpot) and HANPPharv (gC) and
RA indicators had a stronger positive driving effect on them. From the perspective of
comprehensive urban–rural development, urban development indicators had no signifi-
cant driving effect on the above two indexes. The influence of each independent variable
on HANPPharv (gC/m2) was relatively complicated, in consideration of RA, UE, and US
indicators, and a better-fitting model could obtain HANPPharv (gC/m2); the standardized
coefficient showed that the urban development indicators played a more important role.
Table 4 shows that the fitting equations between the independent variables and HANPPluc
were relatively simple. US4, RE2, and UE1 were the dominant driving factors for HANPPluc
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(gC), HANPPluc (%NPPpot), and HANPPluc (gC/m2), respectively, and none of the popu-
lation factors were correlated. It should be noted that the ability of selected independent
variables to interpret all HANPPluc indexes was significantly weaker than their ability to
interpret HANPP and HANPPharv, indicating that there are driving factors besides those
selected in this study. Further analysis of the positive or negative driving differences of
each independent variable showed that UE3, RA1, RA2, and RA4 had a significant positive
influence in each fitting model, which could be verified and compared with the results
in Figure 4. In summary, HANPP (%NPPpot), HANPPharv (%NPPpot), and HANPPluc
(%NPPpot) were more dependent on rural development, while urban development was
the decisive factor for all HANPP indexes per unit area, and the total amount of occupied
biomass of each province was more affected by rural development than urban.

5. Conclusions

In this study, we estimated the HANPP in China in 2015 based on multi-source
datasets and quantified the contribution characteristics of HANPP components as well as
the biomass production–consumption types in 31 provinces. The regional differentiations
of HANPP indexes among typical regionalization zones were also identified. In addition,
an evaluation framework of urban–rural development was built to investigate how HANPP
indexes respond to the regional unbalanced development and we identified the dominant
driving factors of HANPP indexes from the perspectives of economy, population, urban
expansion, and agricultural technology. The results showed that the total amount of
HANPP was 2.68 PgC and gradually decreased from the southeast to the northwest of
China, which represented 60.33% of the NPPpot. The grain-producing provinces had high
HANPP (%NPPpot) values, while the southwestern provinces with complex terrain had
low HANPP (%NPPpot) values. HANPP (gC/m2), HANPPharv (gC/m2), and HANPPluc
(gC/m2) were significantly different (p < 0.05) between the Huanyong Hu Line and the
western–eastern part of China, while HANPPharv did not show significant differentiations
in the coastal land and inland areas.

From the perspective of HANPP components, in China, the total amount and the
average value of HANPPluc and HANPPharv were found to be 1.63 PgC and 216.97 gC/m2

and 1.05 PgC and 126.53 gC/m2, respectively, and the harvest through cropland, livestock
grazing, and forestry contributed 29.86%, 8.53%, and 0.91% to the total HANPP, respectively.
Land use change had a bidirectional influence on HANPPluc (gC/m2); the negative values
were mostly concentrated in a small number of cultivated land patches in northwest
China, which indicated that the biomass production under intensive artificial management
could be higher than the potential production. Moreover, the North China Plain and
northeast provinces had relatively high HANPPharv (gC/m2) values, mainly provided
by cultivated land. Different urban functions resulted in various ecological occupation
structures. HANPPluc played the dominant role among 21 provinces (over 50% of HANPP),
especially in the cities with rapid urban expansion and some coastal ones. With the
production–consumption ratio of biomass based on HANPP, 17 provinces in the middle
and southeastern coastal areas in China were defined as the consumption type. Specifically,
the ratios in Shanghai (0.06) and Beijing (0.09) were under the fifth percentiles, and a great
number of ecological resources were needed from surrounding regions. In addition, a
universal positive correlation (p < 0.05) was found between the production–consumption
ratio and the HANPPharv (% of HANPP) through agriculture, forestry, and grazing in
31 provinces in China.

In different dimensions of urban–rural development, each HANPP index was more
likely to be affected by urban economy (UE) than rural economy (RE); the impact of rural
population (RP) was much stronger than that of urban population (UP); and rural agri-
cultural technology (RA) had more significant explanatory effects on each HANPP index
than urban spatial expansion (US). Specifically, in the dimension of economic develop-
ment, the added value of transportation, warehousing, and postal services (UE3) had a
significant influence on most HANPP indexes. From the demographic perspective, rural
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population (RP1) had significant and higher positive correlations with all the HANPPharv
indexes than UP1 but no statistical correlation with HANPPluc. Meanwhile, agricultural
technology indicators showed significant positive effects (p < 0.01) on and high correla-
tions with HANPPharv. The higher regional average nighttime light intensity (US1), the
proportion of the built-up area (US2), and the proportion of urban road area (US4) always
corresponded with large HANPPluc values. Conversely, most HANPP indexes decreased as
the proportion of urban green spaces increased (US3). Furthermore, the regional ecological
pressure characterized by HANPP (%NPPpot) and HANPP (gC/m2) mostly depended on
the rural development index (f (r)) and HANPPluc and HANPPharv were mainly controlled
by f (u) and f (r), respectively. A higher degree of urban–rural coordination (D) obviously
improved HANPP (gC/m2) and HANPPharv (gC/m2) but had a relatively weaker effect on
the variation in HANPPluc (gC/m2).
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Abstract: Cultivated-land multi-functionality has become an important way to achieve sustainable
cultivated-land protection, and it has become a hot spot in the field of land-management policy.
Taking the cultivated black soils in the grain-producing area of Jilin Province, Northeast China, as
a case study, this paper assessed the multi-functions of cultivated land over the past 30 years by
applying the improved TOPSIS model. Furthermore, the key limiting factors and influencing factors
of the multi-functions of cultivated land were identified through the obstacle-degree model and the
Geo-detector. The results show that the level of multi-functionality rose from 1990 to 2020, but an
increase in both economic and social functions hindered improvements in the ecological function
of cultivated land. There were obvious spatial differences in the functions of cultivated land in
different counties, with ecological functions showing the highest degree of differentiation, followed
by social and economic functions. The per capita agricultural output, the degree of agricultural
mechanization, the average output from cultivated land, and the agricultural-labor productivity had
the most restrictive effects on the functions of cultivated land, with barrier-degree values of 15.90,
13.90, 11.76, and 10.30, respectively. Coupling–coordination in the multi-functions and sub-functions
of cultivated land showed an upward trend, from “low coupling coordination–antagonistic coupling
coordination” to “high coupling coordination-optimal coupling coordination”. The government
should include the level of multi-functional utilization in future policies for the management and
utilization of cultivated land and take measures to reduce the differences in the functions of cultivated
land among regions. Quantifying the multi-functional value of cultivated land and subsidizing land
cultivation should encourage farmers to protect the land and help to strengthen multi-functional
planning and functional design, improve ecological utilization, and promote the sustainable use of
cultivated land.

Keywords: multi-functionality of cultivated land; breadbasket; spatiotemporal variation;
coupling–coordination degree; influencing factors

1. Introduction

As a scarce and non-renewable resource, cultivated land provides many essential
products and services for human society [1–3]. With the development of more urbanized
societies and economies, cultivated land is not just limited to the traditional function
of supplying food products but also carries many other non-productive functions, such
as an economic-return function, a social-security function, an ecological function, and a
landscape function [4–6]. However, the different functions of cultivated land have not
been paid enough attention to in the utilization and management of cultivated land, which
makes the contradiction between the supply and demand of cultivated-land functions
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and eventually leads to the occurrence of unsustainable conditions such as cultivated-
land degradation, non-grain cultivation, and abandonment [7–9]. The future expansion
of cultivated-land production is likely to encounter a complex situation of competing
demands and trade-offs [10]. Effective measures must be taken to balance the supply and
demand of multi-functional cultivated land [11,12]. This requires in-depth knowledge
of the level and changing characteristics of cultivated-land functionality and the factors
influencing them to provide scientific support for the sustainable utilization and protection
of cultivated land.

Multi-functional research originates from studies of agricultural multi-functionality [13],
referring to the fact that, in addition to food production, agriculture also has a role in eco-
logical services, landscape maintenance, employment security, and cultural heritage [14,15].
However, because of the differences in the types of crops grown and the responsibilities
between cultivated land and agriculture, the multi-functionality of cultivated land expands
the implications of economic, social, and ecological functions based on agricultural multi-
functionality [16]. Particularly in the context of family-based agricultural production in
China (a household-responsibility system), cultivated land has many participants who
need to produce food to ensure food security, and the connotations of multi-functional
cultivated land are rich and complex [17,18].

Quantitative evaluation is key to the study of multi-functional cultivated land and
has been applied since the implementation of the Land Use and Land Cover Change
(LUCC) program [19]. Currently, research is centered on two main aspects: evaluating
a single function of cultivated land and a more comprehensive evaluation of the multi-
functionality of cultivated land. The former includes the social value of cultivated land [20],
and ecological [21] and monetary compensation [22]. The latter includes spatiotemporal
analyses and understanding the driving factors behind the multiple functions of cultivated
land [23–26]. However, the emphasis is often on the imbalance of a single function or a
specific time point, and it is difficult to effectively trace temporal and spatial variations in
the characteristics of cultivated land and its functions. As a result, our understanding of
the multi-functionality of cultivated land is still poor. Long-term studies can be used to
examine the rates of change over time and test the effectiveness of policies [27], yet there
is a lack of long-term research on the multi-functionality of cultivated land. Equally, in
terms of research application, the majority of studies focus on analyzing and evaluating the
results, and rarely propose measures and policies to improve the function of cultivated land.
Currently, the research outputs do not provide any guidance on the actual management
of cultivated land, and the focus is usually on developed urbanized areas, where the
conflict with cultivated land is more pronounced. Less attention has been paid to the
multi-functionality of cultivated land in important grain-producing areas. To improve
the shortcomings of existing research, a clear understanding of the historical change in
cultivated-land functionality in major grain-producing regions is needed, and the obstacles
and driving factors behind the changes in cultivated-land functions need to be identified,
so that effective policies can be adopted for the future. The multi-functional utilization of
cultivated land should, therefore, become the focus for the protection of cultivated land
and the goal of sustainable utilization.

One of the world’s major black-soil regions is found in northeast China. This fertile
soil represents a key grain-producing area in China, and northeast China is an important
exporter of commercial grains. The agricultural functional areas identified in “National
Main Functional Area Plan” are also important in maintaining China’s food security [28].
However, this region faces serious cropland degradation, including soil-nutrient loss [29],
the thinning of the cultivated layer [30], and the loss of soil physicochemical properties.
Simultaneously, unfavorable conditions for land cultivation, such as population outflow,
low food prices, and reduced agricultural production efficiency, have begun to emerge [25],
directly threatening the future sustainable use of cultivated land and the development
of the region’s economy and society. While these problems have existed across China
for some time, they are particularly prominent in the main grain-producing areas. Cul-
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tivated land has various functions, but no one is investing in them. The government
has not prioritized the issue of multi-functionality and currently lacks effective control
measures, which is eroding farmers’ rights and interests and reducing their enthusiasm for
cultivated-land protection.

Counties represent the smallest unit with complete administrative power in China
and are the basic unit for policy formulation and implementation. Carrying out research
at the county level could yield direct and targeted suggestions for formulating practical
and effective cultivated-land-use policies. Breadbaskets are the core unit for grain pro-
duction in China’s major grain-producing areas and are also important county-level units
for cultivated-land management, making the black-soil region ideal for multi-functional
research. Considering the research gaps highlighted above, this study used the breadbas-
kets in Jilin Province, in the hinterland of Northeast China, as a research area to evaluate
the multi-functionality of cultivated land, analyze the obstacles to and driving factors
behind the multi-functionality, and ultimately put forward suggestions for improving the
multi-functionality of cultivated land. An improved Technique for Order Preference by
Similarity to Ideal Solution (TOPSIS) model was used to evaluate the multi-functionality
of cultivated land in the breadbaskets in 1990, 2000, 2010, and 2020. An obstacle-degree
model was then used to determine the key obstacles limiting the functionality of the
cultivated land. Geographic detectors were used to analyze the main factors changing
cultivated-land functions. Finally, based on the analyses, effective measures to improve the
multi-functional utilization of cultivated land in this area are proposed as a reference point
for future developments.

2. Materials and Methods
2.1. Study Area

The study area was located in the geographic geometric center of Northeast Asia, span-
ning from 121◦38′ to 131◦19 ′ E and from 40◦50′ to 46◦19 ′ N, and is known as “Hometown
of Black Soil”, representing one of the world’s three major black-soil belts. The soil in this
region is fertile, with a high organic matter content (the average organic matter content
being > 27 g/kg) and abundant cultivated-land resources.

The breadbaskets of China are the top-ranked counties based on the proportion of
commercial grain output, overall grain production, and area sown for grain, accounting
for 50%, 25%, and 25% by weight of all grain produced. In 2009, China’s State Council
promulgated “National Plan for Newly Increased Grain Production Capacity of 100 Billion
catties (2009–2020)”, and a total of 800 breadbaskets were identified as the core areas for
grain production across the country. The breadbaskets chosen for this study were located in
Jilin Province, northeast China (Figure 1); in total, 28 research units were represented and
nine prefecture-level cities, including Changchun, Jilin, and Siping, for a total land area of
118,259.42 km2. Together, the breadbaskets account for 78.25% of the cultivated land in Jilin
Province and contribute 89.7% of the province’s grain output. However, while this area
has made significant contributions to national and regional food security, its economic and
social development faces serious challenges. It is the most important grain-production base
in China, but over the last 10 years the population of the study area fell by an astonishing
25.08%, twice the overall rate for Jilin Province. Over the last 10 years, the gross domestic
product (GDP) decreased by 10.54%, and the per capita income decreased by 3%. In
contrast, over the same time period China’s GDP and per capita income considerably grew,
by 146.53% and 133.05%, respectively. The problems highlighted in this region are prevalent
in many major grain-producing regions in the country; this study, therefore, can provide a
reference point for similar regions.

283



Land 2022, 11, 1101
Land 2022, 11, x FOR PEER REVIEW 4 of 19 
 

 
Figure 1. The location and main land types in the black-soil breadbaskets in Jilin Province, Northeast 
China（The map of China in the figure is produced under the supervision of the Ministry of Natural 
Resources of the People's Republic of China, drawing number: GS (2019) No. 1673）. 

2.2. Data Collection and Pre-Processing 
The details of the data used for the study are presented in Table 1. The Gauss–Kruger 

projection and 2000 National Geodetic Coordinate System (CGCS2000) were used, and 
the scale was unified to counties. 

Table 1. Descriptions of the data sources. 

Data Type Data Source Time Series Resolution 

Land use/land cover 
Resource and Environment Science Data Center, Chinese 

Academy of Sciences 
1990, 2000, 2010, 2020 30 m × 30 m 

River and road data 
Extracted from land-use and -cover data from Data Center 
for Resources and Environmental Sciences, Chinese Acad-

emy of Sciences 
1990, 2000, 2010, 2020 

Same as land-
use/land-cover 

data 
Digital elevation model 

(DEM) 
Geospatial Data Cloud (http://www.gscloud.cn/, accessed 

on 21 December 2021) 
2009 30 m × 30 m 

Slope Calculated from DEM data 2009 30 m × 30 m 

Meteorological 
Meteorological Data Center, China Meteorological Admin-

istration 
1990, 2000, 2010, 2020 Site 

Socioeconomic Jilin and counties (cities) statistical yearbooks 1990, 2000, 2010, 2020 County level 
Agricultural Jilin rural statistical yearbooks 1990, 2000, 2010, 2020 County level 

Cultivated-land quality Agricultural-land grading and projections 2009, 2019 1:100,000 

2.3. Methods 
2.3.1. Classification and Quantification of the Multi-Functional Value of Cultivated Land 

The varied classification criteria used for cultivated-land functions can be grouped 
into three main categories: economic, social, and ecological (Figure 2). 

Figure 1. The location and main land types in the black-soil breadbaskets in Jilin Province, Northeast
China (The map of China in the figure is produced under the supervision of the Ministry of Natural
Resources of the People’s Republic of China, drawing number: GS (2019) No. 1673).

2.2. Data Collection and Pre-Processing

The details of the data used for the study are presented in Table 1. The Gauss–Kruger
projection and 2000 National Geodetic Coordinate System (CGCS2000) were used, and the
scale was unified to counties.

Table 1. Descriptions of the data sources.

Data Type Data Source Time Series Resolution

Land use/land cover
Resource and Environment

Science Data Center, Chinese
Academy of Sciences

1990, 2000, 2010, 2020 30 m × 30 m

River and road data

Extracted from land-use and
-cover data from Data Center for

Resources and Environmental
Sciences, Chinese Academy

of Sciences

1990, 2000, 2010, 2020 Same as land-use/land-cover data

Digital elevation model
(DEM)

Geospatial Data Cloud
(http://www.gscloud.cn/,

accessed on 21 December 2021)
2009 30 m × 30 m

Slope Calculated from DEM data 2009 30 m × 30 m

Meteorological
Meteorological Data Center,

China Meteorological
Administration

1990, 2000, 2010, 2020 Site

Socioeconomic Jilin and counties (cities)
statistical yearbooks 1990, 2000, 2010, 2020 County level

Agricultural Jilin rural statistical yearbooks 1990, 2000, 2010, 2020 County level

Cultivated-land quality Agricultural-land grading
and projections 2009, 2019 1:100,000
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2.3. Methods
2.3.1. Classification and Quantification of the Multi-Functional Value of Cultivated Land

The varied classification criteria used for cultivated-land functions can be grouped
into three main categories: economic, social, and ecological (Figure 2).
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Figure 2. A classification framework for the functions of cultivated land.

However, because of the differential development of human societies and different
research areas, the functions of cultivated land and the strength of each function vary
significantly, and the selection of indicators for a particular project must adhere to the
principles of correlation and availability [31]. Table 2 presents a summary of the indicators
chosen for this study.

Table 2. Indices for assessing cultivated-land functions. The overall per capita grain demand was
determined as 400 kg per person per year [32]; the safety standard for chemical-fertilizer application
followed the international chemical fertilizer application safety standard of 225 kg per hectare [33]; the
degree of fragmentation of cultivated land was represented by the ratio of the number of cultivated-
land patches to defined area, which was calculated based on an ArcGIS platform; the ecological value
of cultivated land was calculated by referring to the ecological service value coefficient table compiled
by Xie et al. [34].

Function Indicator Calculation Method Unit Trend Weight

Economic

Average grain output Grain production/Cultivated-land area kg/hm2 Positive 0.0422

Average output of cultivated land Output value of primary
industry/Cultivated-land area

Ten thousand
CNY/hm2 Positive 0.1034

Percentage of cultivated-land value Gross plantation output/Gross
regional product Dimensionless Positive 0.0701

Agricultural-labor productivity Output value of primary
industry/Employees of primary industry CNY/person Positive 0.1003

Per capita agricultural output Gross agricultural
output/Total population CNY/person Positive 0.1208
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Table 2. Cont.

Function Indicator Calculation Method Unit Trend Weight

Social

Per capita cultivated land Cultivated-land area/Total population hm2/person Positive 0.0394

Grain commodification index Grain production/(Per capita grain
demand × Population) Dimensionless Positive 0.078

Per capita grain production Total grain production/Total population kg/person Positive 0.078
Degree of agricultural

mechanization
Total power of agricultural

machinery/Cultivated-land area kW/hm2 Negative 0.0976

Labor-transfer index Non-agricultural
population/Total population Dimensionless Positive 0.0284

Ecological

Fertilizer-use-intensity index The total amount of fertilizer applied on the
ground/Safety standard for fertilizer use Dimensionless Negative 0.013

Production-value energy
consumption

Agricultural electricity
consumption/Gross agricultural

output value
kW/CNY 10,000 Negative 0.007

Effective-irrigation index Effective irrigated cultivated-land
area/Cultivated-land area Dimensionless Positive 0.0689

Fragmentation of cultivated land Parameter calculation Dimensionless Negative 0.0306

Proportional ecological value of
cultivated land

Ecological service value of cultivated-land
area/Ecological service value of total

land area
Dimensionless Positive 0.0737

Land-reclamation coefficient Cultivated-land area/Total land area Dimensionless Positive 0.0486

The grain output of an area of land represents the traditional grain yield of cultivated
land. As well as this, the economic function should also consider the increase in output
value generated by cultivating the land, based on the average rate of rural-labor output and
the value of the per capita agricultural output. The social function includes employment
security for the local farmers and food security. The function of food security can be further
divided into two types: intra-regional and extra-regional guarantees, which are expressed
as per capita grain output and the grain-commercialization index, respectively. The per
capita cultivated-land area, the degree of agricultural mechanization, and the labor-transfer
index represent the employment-security function of cultivated land.

Cultivated land is also a part of an ecosystem and has an ecological function. Cul-
tivated land has a positive effect on the ecological needs of human beings and supports
biodiversity but can also have a negative impact on the environment if used unsympatheti-
cally. Positive effects can be quantified by the proportional ecological value of cultivated
land, the effective-irrigation index, and the coefficient of land reclamation. The proportional
land ecological value is calculated from the ecological-service-value coefficient [34], which
reflects the ecological contribution of cultivated-land systems in all ecosystems and is an
important indicator reflecting the basic ecological attributes of cultivated land. Negative
effects mainly include the overuse of pesticides, an increase in agricultural energy consump-
tion, and the fragmentation of cultivated land as a result of overuse. These are quantified
using the fertilizer-use-intensity index, energy consumption per CNY ten thousand of
output value, and the degree of fragmentation of cultivated land, respectively. The specific
calculations used for each index are shown in Table 2.

2.3.2. Calculating the Multi-Functional Utilization of Cultivated Land and Determining
any Obstacles

An improved TOPSIS (“the distance method between superior and inferior solution”)
model was used to evaluate the functional value of cultivated land [35]. The TOPSIS
model is a commonly used multi-objective decision-making method that considers the
advantages and disadvantages of a scheme by determining the distance between the index,
and the “positive ideal solution” and “negative ideal solution”. If the scheme is close to
the “positive ideal solution” and far from the “negative ideal solution”, it is superior; the
converse means it is inferior. This method not only overcomes the lack of objectivity of, for
example, the AHP and Delphi methods, but also the information-loss problem in factor
analyses and mutation analyses [36]. TOPSIS models are widely used for decision analyses,
environmental assessments, and land evaluations. However, the traditional TOPSIS model
does not consider the weights of the indicators, as the weight of each indicator is the same
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by default. This is inconsistent with real-life situations and widens the difference between
the model results and empirical data. In this study, the weight determined with information
entropy was used to modify the decision matrix, making the TOPSIS calculations more
objective [35]. The specific steps applied were as detailed below.

Step 1: Build a decision matrix. First, the data were normalized, and indicator weights
calculated. The range-standardization method was used to eliminate the differences be-
tween the dimensions and data levels for each indicator, and the entropy-weight method
was used to determine the weight of each indicator (see Table 2 for the calculated weights).
Both the range-standardization method and the entropy-weight method are objective and
are widely used in statistics, geography, and elsewhere [26,36,37]. When applying the
range-standardization method, data translation must be performed to eliminate the inter-
ference of extreme values and make the results as accurate as possible. The value of each
item of standardized matrix P is then multiplied by its weight vector matrix W to obtain
improved decision matrix G:

G = P×W =




p11 p12 · · · p1j
p21 p22 · · · p2j

...
...

. . .
...

pi1 pi2 · · · pij


×




w1
w2
...

wi


 =




p11 × w1 p12 × w1 · · · p1j × w1
p21 × w2 p22 × w2 · · · p2j × w2

...
...

. . .
...

pi1 × wi pi2 × wi · · · pij × wi


 =




g11 g12 · · · g1j
g21 g22 · · · g2j

...
...

. . .
...

gi1 gi2 · · · gij


 (1)

where pij refers to the standardized value of index i in research unit j; wi refers to the
weight of index i; and gij refers to the improved value of index i in research unit j.

Step 2: Calculate the ideal solution and the ideal value distance. The “positive ideal
solution”, V+

i , and “negative ideal solution”, V−i , of index i in the improved decision
matrix were determined, and distances D+

j and D−j from research unit j to V+
i and V−i

were measured. The closeness of the ideal solution to research unit j, Degree Tj, was
calculated as:

V+
i =

{
maxgij

∣∣i = 1, 2, · · ·m
}
=
{

g+1 , g+2 , · · · g+m
}

V−i =
{

mingij
∣∣i = 1, 2, · · ·m

}
=
{

g−1 , g−2 , · · · g−m
} (2)

D+
j =

√
m
∑

i=1

(
gij − g+i

)2
(i = 1, 2, · · ·m)

D−j =

√
m
∑

i=1

(
gij − g−i

)2
(i = 1, 2, · · ·m)

(3)

Tj =
D−

D−+D+ (1 ≤ j ≤ n) (4)

where Tj is the closeness of index j. With 0 ≤ Tj ≤ 1, the larger the value for Tj is, the
better the overall effect of the multi-functional evaluation of cultivated land in the region
is; conversely, the smaller the value is, the worse the effect is. When Tj is closer to 1, the
index is closer to the “positive ideal solution”, indicating that the multi-functionality of the
cultivated land is optimal, and the multi-functional use of the cultivated land has reached
the expected goal. When Tj is closer to 0, the index is closer to the “negative ideal solution”,
indicating that the multi-functionality of the cultivated land is poor, and the full potential
multi-functionality of the cultivated land has not been reached.

Step 3: Determine any obstacles. Based on the multi-functional evaluation, an obstacle-
degree model was used to identify any obstacles affecting the multi-functionality of the
cultivated land. This can be used as a baseline for the scientific and practical utilization
of cultivated land and can improve the feasibility and effectiveness of cultivated-land
protection policies and utilization. The obstacle degree was calculated as:

Oj = Rijwj/
(

m
∑

i=1
Rijwj

)
, Rij = 1− bj (5)

where Oj is the obstacle degree of cultivated-land function i and index j.
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2.3.3. Analysis of the Coupling and Coordination Relationships among Various
Sub-Functions of Cultivated Land

A coupling–coordination-degree model was introduced to quantitatively analyze the
interactions among various functions of cultivated land and the degree of coupling and
coordination among them. Coupling is a physical concept that can describe the strength of
an interaction between two or more systems or motions, but it cannot characterize the level
of cooperation among systems. The coordination degree makes up for this deficiency by
measuring the level of coordinated development among the systems. It is widely used in
studies of system relationships among land, economy, and society [37]. The specific steps
used were as detailed below.

Step 1: Measure the coupling degree. After standardizing the data, the coupling–
coordination degree was measured as:

Ct =
n

√
n
∏
i=1

Ym/
(

n
∑

i=1
Ym

)n
(6)

where Ct is the coupling degree in year t. With 0 ≤ Ct ≤ 1, the closer the value is to 1, the
stronger the interaction between systems is, while the converse is true. Ym is the comprehen-
sive score of system m, and n is the number of subsystems. When the relationship among
three systems is measured, n = 3, and when the relationship between two subsystems is
measured, n = 2.

Step 2: Measure the coordination index:

T =
n
∑

i=1
αiYm,

n
∑

i=1
αi = 1 (7)

where T is the coordination index and αi is the weight of subsystem i. When measuring the
coupling–coordination degree of each subsystem, the entropy-weight method was used to
calculate the weight of each index, and the weight was then calculated [36].

Step 3: Measure the coupling–coordination degree:

D =
√

C× T (8)

where D is the coupling–coordination degree. The higher the coupling–coordination score
is, the better the coupling–coordination relationship between the two systems is.

2.3.4. Analysis of the Key Drivers of Multi-Functionality of Cultivated Land

A change in the functionality of cultivated land represents a part of a large, complex
system, and the factors influencing cultivated-land evolution during different develop-
mental stages and different regions vary. Development processes, urban construction, and
policies are jointly affected, and each factor has a variable degree of influence. To examine
the breadbasket regions in Jilin Province, 18 influencing factors were chosen, as shown in
Table 3.

Based on the multi-functional evaluation of cultivated land, the key factors affecting
change in multi-functionality were identified using Geodetector, a statistical method that
detects spatial heterogeneity and reveals the drivers behind it [38]. The strengths of the
driving factors were determined following the method by Wang and Xu [39].
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Table 3. Definition of factors influencing the multi-functionality of cultivated land. The per capita
construction-land standard in rural areas was 150 m2/person, and the urban per capita construction-
land standard was 120 m2/person. The average weighting method was used to measure the overall
pressure; the management and control levels of permanent basic farmland, prohibited construction
areas, restricted construction areas, conditional construction areas, and permitted construction areas
in the agricultural-policy zoning decreased in order, and were assigned values of 5, 4, 3, 2, and
1, respectively, in the calculations. Because of data limitations in 1990 and 2000, Jilin Province
did not produced agricultural-land-grading data; the average grain yield was used to correct the
cultivated-land utilization to obtain graded data for the corresponding years.

Factor Indicator Abbreviation Calculation

Physical geography

Elevation Elevation Elevation values from DEM
Slope slope The actual slope of the cultivated land

Annual precipitation annual precipitation Regional averages from
weather-station data

Distance from major rivers DFMR Euclidean distance based on the
distribution of the water system

Cultivated-land quality cultivated-land quality Agricultural-land grading

Distance from provincial capital DFPC Distance from the main city of
Changchun

Distance from central city DFCC Distance from the main city of the
prefecture-level city

Economic development

Per capita GDP GDP per capita Total GDP/Total population
Per capita agricultural output

of farmers PCAOVF Output value of primary
industry/Rural population

Proportion of secondary and
tertiary industries PSTI Output value of secondary and

tertiary industries/Total GDP

Fixed asset investment per land FAIPL Total fixed asset investment/Regional
land area

Urban construction

Urbanization rate urbanization rate Urban population/Total population
Population density Population density Total population/Regional land area

Percentage of built-up area PBA Built-up area/Total land area

Road-network density road network density Proportion of road-network length to
total area

Policy

Agricultural policy division APD

Permanent basic farmland, prohibited
construction areas, restricted

construction areas, conditional
construction areas, permitted

construction areas

Construction-land-index pressure CLIP

Rural per capita construction
land/Rural construction land
standard + Urban per capita

construction land/Urban per capita
land standard

Proportion of financial support
to agriculture PFFSA

Proportion of expenditure on
agriculture, forestry, and water affairs

in public finance

3. Results
3.1. Spatiotemporal Variation in and Main Obstacles to the Multi-Functionality of Cultivated Land
3.1.1. Temporal Variation in the Multi-Functionality of Cultivated Land

The evaluation, degree of change, and coefficient of variation of each function of
cultivated land during different periods in the breadbasket regions are shown in Table 4.
The average multi-functional scores for cultivated land for the four research time nodes
were 0.222 (1990), 0.227 (2000), 0.361 (2010), and 0.451 (2020), representing an increase of
102.92% during the 30 years from 1990 to 2020. Although the overall multi-functional level
of cultivated land was not high, the increase was large with clearly differentiated phases,
showing a trend from basically unchanged to rapid improvement to steady increase. The
economic sub-function increased the most, from 0.148 in 1990 to 0.484 in 2020, an increase
of 227.51%. The social function was second, with an increase of 152.69%, from 0.159 in
1990 to 0.401 in 2020. The ecological function was almost stagnant, with current levels
comparable to those of 30 years ago, only rising from 0.441 in 1990 to 0.456 in 2020. The rapid
improvement in the economic and social functions of cultivated land in the breadbaskets
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led to an increase in the level of multi-functionality, to which the ecological function did
not contribute.

Table 4. Trends in multi-functional changes in cultivated land in the black-soil breadbaskets of Jilin
Province, Northeast China, from 1990 to 2020.

Function Score Change (%) CV
1990 2000 2010 2020 1990–2000 2000–2010 2010–2020 1990–2020 1990 2000 2010 2020

Economic 0.148 0.148 0.359 0.484 0.24% 142.51% 34.73% 227.51% 0.267 0.265 0.310 0.252
Social 0.159 0.165 0.289 0.401 3.75% 75.27% 38.96% 152.69% 0.338 0.309 0.343 0.332

Ecological 0.441 0.451 0.459 0.456 2.16% 1.76% −0.52% 3.41% 0.368 0.393 0.430 0.450
Multi 0.222 0.227 0.361 0.451 1.97% 59.08% 24.97% 102.72% 0.300 0.212 0.290 0.283

3.1.2. Spatial Variation and Differentiation in the Multi-Functionality of Cultivated Land

There were obvious and significant spatial differences in the multi-functionality and
sub-functions of cultivated land in the 28 breadbaskets. The coefficient of variation of the
ecological functions was the largest, showing a continuous increase over the past 30 years,
from 0.368 in 1990 to 0.450 in 2020 (Table 4), indicating that the ecological functions of
cultivated land varied among different breadbaskets. the differences in time-progressed
ecological functions were more pronounced than those in other functions.

The spatial differences in the social function of cultivated land were also obvious but
to a lesser extent than the ecological function. The coefficient of variation dropped from
0.338 in 1990 to 0.332 in 2020, indicating little overall change, although there were some
differences. The differences in the economic function of cultivated land were the smallest
compared with the other functions, with the average coefficient of variation decreasing
from 0.267 in 1990 to 0.252 in 2020, indicating that the economic attributes of cultivated
land were well balanced among the breadbaskets.

Based on the current multi-functionality of cultivated land and the changes recorded
over the last 30 years, although the multi-functionality increased, it showed an unbalanced
development of the Matthew effect, i.e., higher levels of multi-functionality led to higher
levels, while lower levels led to yet lower levels. The range of the multi-functionality and
sub-functions of cultivated land among the breadbaskets significantly increased, showing
an overall increase of 220%, with the range in economic and social functions increasing
by more than 300%. Even the much weaker ecological function also expanded by 12%.
Overall, the use of cultivated land over the last 30 years increased the spatial differences in
multi-functional utilization to an exaggerated degree. This directly reflects the lack of the
consideration of cultivated-land functions in cultivated-land protection (Figures 3 and 4).
In addition, the changes in the ecological functions of cultivated land were polarized
(Figure 3c) between the east and the west (Figure 4c). On average, the former (with a sum
score of about 9.108) had a value about three times that of the latter (sum score of about
3.674) (Figure 3c).

3.1.3. The Main Obstacles to Multi-Functionality of Cultivated Land

The obstacle degree was calculated with the evaluation index for the four time nodes
for each breadbasket to determine what factors were limiting the functions of cultivated
land. Over the last 30 years, the economic function of cultivated land restricted the multi-
functionality of cultivated land the most, followed by the social function and then the
ecological function (Table 5). However, the dominant restrictive effect of the economic
function weakened (from 13.46 in 1990 to 11.56 in 2020), while the restrictive effect of the
ecological function increased (from 4.78 in 1990 to 6.56 in 2020, a rise of 37.24%). This
suggests that how the ecological function is managed in the future could be the key to
improving the functions of cultivated land. After sorting the index obstacle scores for the
breadbaskets, the per capita agricultural output, the degree of agricultural mechanization,
the average output of cultivated land, and the agricultural-labor productivity had the
strongest restrictive effects on the functions of cultivated land. However, based on the
changes in the index values, the per capita agricultural output showed a decreasing trend
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(from 4.29 in 1990 to 3.63 in 2020), and the degree of agricultural mechanization may soon
become the biggest obstacle. Barriers to national contribution and effective irrigation are
rising, highlighting the fact that attention must be paid to the multi-functional utilization
of cultivated land in the future.
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Table 5. Calculated obstacle degrees for factors influencing cultivated-land functions in the black-soil
breadbaskets of Jilin Province, Northeast China, from 1990 to 2020.

Year Item
Function Order Index Order

1 2 3 1 2 3 4 5

1990 Barrier
indicator

Economic
function

Social
function

Ecological
function PCAO AOV ALP DAM FCI

Handicap 13.46 9.76 4.78 4.29 3.64 3.55 3.42 2.36

2000 Barrier
indicator

Economic
function

Social
function

Ecological
function PCAO AOV DAM ALP FCI

Handicap 13.51 9.75 4.74 4.11 3.22 3.21 3.00 2.53

2010 Barrier
indicator

Economic
function

Social
function

Ecological
function PCAO DAM PCLV AOV FCI

Handicap 12.31 10.09 5.60 3.87 3.67 2.77 2.60 2.29

2020 Barrier
indicator

Economic
function

Social
function

Ecological
function PCAO DAM PCLV EII AOV

Handicap 11.56 9.88 6.56 3.63 3.60 3.02 2.50 2.30
Whole
period

Barrier
indicator

Economic
function

Social
function

Ecological
function PCAO DAM AOV ALP FCI

Handicap 50.84 39.49 21.68 15.90 13.90 11.76 10.30 9.35

3.2. Coupling and Coordination Relationships among Various Sub-Functions of Cultivated Land

A coupling–coordination degree model was used to compare the sub-functions of
cultivated land in the breadbaskets from 1990 to 2020 and was divided into 10 levels
(Figure 5). The degree of coupling–coordination among various functions of cultivated
land showed an overall upward trend, from “low coupling coordination–antagonistic
coupling coordination” to “high coupling coordination–optimal coupling coordination”.
Nine breadbaskets in eastern Jilin with low levels of coupling–coordination all improved
over time, reaching antagonistic coupling–coordination or even high coupling–coordination.
Nineteen breadbaskets in central and western Jilin Province all attained a high degree and
optimal level of coupling and coordination. Among them, Lishu County and Zhenlai
County achieved good coupling–coordination, but no breadbasket reached high-quality
coupling–coordination. From 1990 to 2000, overall, the coupling–coordination degree of the
multi-functional value of cultivated land remained at a low level, and in fact, the coupling–
coordination degree for Gongzhuling City, Yongji County, Qian’an County, Changling
County, and Da’an City all declined. During the 20-year period between 2000 and 2020,
the coupling and coordination degree of the multi-functional value of cultivated land
did improve, although the increase was generally faster in the western region than the
eastern region.

3.3. Key Factors Influencing the Multi-Functionality of Cultivated Land

Figure 6 and Table 6 rank the driving factors affecting the multi-functionality of
cultivated land in the 28 breadbaskets at the four time nodes. In general, physical and
geographical factors were the main factors influencing the multi-functional changes in
cultivated land, while the influence of economic factors showed a sharp downward trend
over the 30 years (the total q-value decreased from 1.55 in 1990 to 0.92 in 2020). However,
urban construction and policy factors had very limited effects on the changes in multi-
functionality. The factors that had a greater impact in 1990 were the quality of cultivated
land and the proportion of secondary and tertiary industries. In 2000, the pressure of
construction land, annual precipitation, and proportion of built-up area began to have a
greater impact on the multi-functionality of cultivated land. From 2010, the quality of culti-
vated land and proportion of secondary and tertiary industries once again dominated the
changes in multi-functionality. Annual precipitation and elevation in 2020 were particularly
important for cultivated-land multi-functionality.
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Table 6. Indicator values for factors influencing the multi-functionality of cultivated land in the
black-soil breadbaskets of Jilin Province, Northeast China, from 1990 to 2020.

Factor Indicator 1990 2000 2010 2020 Average

Physical
geography

Elevation 0.54 0.62 0.56 0.65 0.59
Slope 0.01 0.01 0.01 0.00 0.01

Annual precipitation 0.55 0.75 0.48 0.66 0.61
Distance from major rivers 0.11 0.11 0.06 0.03 0.08

Cultivated-land quality 0.76 0.31 0.78 0.54 0.59
Distance from provincial capital 0.54 0.57 0.47 0.26 0.46

Distance from central city 0.38 0.37 0.47 0.28 0.37
Subtotal 2.88 2.73 2.81 2.42 2.71

Economic
development

Per capita GDP 0.34 0.31 0.37 0.24 0.32
Per capita agricultural output of farmers 0.50 0.43 0.43 0.27 0.41

Proportion of secondary and tertiary industries 0.71 0.50 0.63 0.30 0.53
Subtotal 1.55 1.23 1.44 0.81 1.26

Urban
construction

Fixed asset investment per land 0.31 0.64 0.48 0.59 0.50
Urbanization rate 0.64 0.63 0.37 0.41 0.51

Population density 0.65 0.60 0.41 0.29 0.49
Subtotal 1.60 1.86 1.26 1.29 1.50

Policy

Percentage of built-up area 0.27 0.65 0.43 0.30 0.41
Road-network density 0.14 0.10 0.22 0.17 0.16

Agricultural-policy division 0.04 0.05 0.03 0.02 0.03
Construction-land-pressure index 0.40 0.79 0.51 0.31 0.50

Proportion of financial support to agriculture 0.26 0.48 0.20 0.20 0.28
Subtotal 1.11 2.07 1.39 1.00 1.39

4. Discussion
4.1. Policy Suggestions for Multi-Functional Management of Cultivated Land

For the mismatch between the supply and demand of multi-functional cultivated
land, proper interference and regulation are needed [41]. Implementing smaller-scale
land-use management or land-use planning is often more efficient in solving the problem
and at a low cost [42]. This research study deepened our understanding of the function
of cultivated land and can inform policies for the long-term protection of cultivated land.
The results of this study are applicable not only to Northeast China but also to other major
grain-producing areas that are under pressure to protect cultivated land.

Incorporating multi-functional utilization into policy considerations for cultivated-
land management can help balance differences in cultivated-land functions among regions.
Research on cultivated-land protection has a long history and has received special attention
in recent years [43], especially in the context of prominent global land-use contradictions
and serious threats to food security [44]. However, the protection of cultivated-land
quantity, quality, productivity, etc., has perhaps been overemphasized [45], while the
sustainability of cultivated-land use has received less attention, although it has started to
come into focus [46,47], and the relatively hidden multi-functional attributes of cultivated
land have rarely been considered. Differences in the use of cultivated land often lead to
differences in management policies, which ultimately affect the future sustainability of land
use. The multi-functional imbalance of cultivated land in the 28 breadbaskets studied here
highlights the need to address this issue. A regional imbalance results in a lack of drive for
cultivated-land protection. The direction and perception of cultivated-land protection need
to change towards using the sustainable protection and utilization of cultivated land as a
starting point for cultivated-land management, and to integrate multi-functionality into
the formulation of cultivated-land-management policies and planning.

The multi-functional value of cultivated land needs to be demonstrated, and sufficient
compensation offered, to encourage cultivated-land protection. The economic benefits
of growing grain on cultivated land are relatively low, and the comparative benefits of
growing grain are likely to continue to decrease with the development of economy and
society. When the income of agricultural production is unbalanced, the government can
improve and protect farmers through subsidy programs [48]. However, without reasonable
compensation for multi-functional land use, there is no incentive for farmers to protect
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the land [49]. Obstacles to multi-functionality compound the problem. Among the four
main obstacles to multi-functionality of cultivated land in the studied breadbaskets, the per
capita agricultural output and the average output of cultivated land were directly related
to the income level generated by cultivating land, while the other two barriers, agricultural-
labor productivity and agricultural mechanization, were highly correlated with the level of
economic income from cultivated land. These indicators can only improve if income levels
are high enough. Currently, farmers are presented with a stark choice between protecting
the land and remaining on lower incomes or giving up the land and moving to cities to
achieve higher incomes. The government needs to take effective measures to recalibrate
the value of cultivated-land resources, highlighting the multi-functional value of cultivated
land, and give farmers proper compensation for land protection.

The ecological utilization of cultivated land in breadbaskets needs to be improved and
the long-term sustainable utilization of cultivated land needs to be promoted. Ecological
issues with cultivated land are closely related to the presence of people, compared with
other natural resources, because of the long history of human settlement around areas of
cultivation [50]. People benefit directly from the positive effects of cultivation, such as
environmental improvement and biodiversity, but there are also negative effects, such as
water pollution and straw-burning pollution [51]. The ecological function of breadbaskets
has not been improved for many years, and this has increasingly restricted the multi-
functionality of cultivated land. At a time when global ecological security is under threat,
effective measures should be taken to curb negative trends, and the future ecological
utilization of cultivated land is necessary. When considering the cultivated-land output,
recycling and reducing the use of pesticides, fertilizers, herbicides, etc., should be promoted
to save production costs and improve agro-ecological benefits.

4.2. Limitations and Future Research

Based on long-term research, we analyzed the unbalanced state of the multi-functionality
of cultivated land and gave a feasible solution to balance the multi-functionality of cul-
tivated land. However, with the continuous emergence of global ecological threats and
the rapid urbanization of agricultural areas, the multi-functional utilization of cultivated
land still requires further attention and more in-depth research, and our study still has two
important limitations that need to be addressed [52].

The evaluation criteria used to assess the multi-functionality of cultivated land at
different research scales are different, and policy formulation needs to be adjusted accord-
ingly. The multi-functional mismatch of cultivated land is multi-scaled, and the analysis of
different scales is an important method to determine the reasons for this mismatch between
supply and demand [53]. Based on the scales being considered, relevant indicators for
evaluation need to be selected [31]. As a county-level study, this research study addresses
problems in county-level farmland protection policies, and can suggest countermeasures,
but it is difficult to extrapolate the results to larger or smaller study areas. For exam-
ple, understanding the imbalance of cultivated-land functions among regions and taking
corresponding measures require the evaluation of the functions of cultivated land at a
national level. Conversely, engineering and utilization measures to improve the function
of cultivated land need to be considered at a plot scale. Evaluation forms the basis for
policy-making, and the choice of indicators forms the basis for evaluation [54]. Therefore,
in future research at different scales, different evaluation-index systems should be selected
according to local conditions, to make the results more robust.

The functions of cultivated land represent a large, complex system, and it is difficult
to describe all the relevant aspects of cultivated land with the existing macro data. The
functions of cultivated land are intertwined with economic, social, and ecological systems,
and macro-statistical data and geographic data can only reflect the overall functions of
cultivated land to a certain extent. The different scales and standards of the statistical data
used are also likely to cause discrepancies between evaluation results and empirical data.
To eliminate such errors, data encompassing as many perspectives as possible need to be
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collated [55]. For example, regarding the ecological function of cultivated land, the level
of farmland pollution may be affected by factors such as straw burning, agricultural non-
point source pollution, and plastic pollution [56]. These indicators may require additional
investigation and research at a micro level. Equally, extrapolating policy recommendations
from cultivated-land utilization through research on multi-functionality and facilitating
farmers in recognizing the multi-functionality of cultivated land are topics worthy of
long-term research.

5. Conclusions

Multi-functionality is an objective attribute of cultivated land that influences the sus-
tainability of cultivated-land utilization and the long-term protection of cultivated land.
To date, the importance of black-soil cultivation and protection has not received sufficient
attention because of an overemphasis on grain output. An effective way of addressing
this situation is to understand the changes in the multi-functionality of cultivated land
and identify the key driving and limiting factors behind any changes. We used an im-
proved TOPSIS model to measure the temporal and spatial variation in the cultivated-land
functions over 30 years, from 1990 to 2020, in 28 breadbaskets in Jilin Province, Northeast
China. The key driving factors behind and major obstacles to cultivated-land functions
were determined using an obstacle degree model and a geographic detector model. The
coupling and coordination relationships among the various functions of cultivated land
were also analyzed. Suggestions are made to help improve future land-management poli-
cies. This study provides a baseline for the multi-functional utilization of cultivated land
and the long-term protection of cultivated land in China and even in the world’s major
grain-producing regions and expands the perspective of cultivated-land protection.

The multi-functionality of cultivated land in the breadbaskets increased significantly in
the 30 years from 1990 to 2020 (by 102.92%). Whether a function is used to its full potential
is an important limiting factor for cultivated-land utilization, and the ecological function of
cultivated land is likely to be more important in the future. There was an obvious spatial
differentiation in cultivated-land functions across the breadbaskets; this difference was the
largest for the ecological function, followed by the social function, and was the smallest for
the economic function. The coupling–coordination degree for each sub-function generally
showed an upward trend, but there was again an obvious spatial differentiation. The
multi-functionality of cultivated land in the breadbaskets presented an unbalanced growth
trend. In addition, the sub-functions of cultivated land were not well coordinated, leading
to an imbalance in promoting cultivated-land protection. Cultivated-land protection in
this region over the last 30 years also exacerbated social inequality. The government must
intervene with effective measures, especially in the processes of cultivated-land utilization
and management, and the multi-functionality of cultivated land should be taken as a
starting point for formulating policies. The multi-functional value of cultivated land needs
to be evaluated, and farmers should be offered reasonable compensation to reduce the
imbalance and differences in cultivated-land functions among regions and improve farmers’
enthusiasm for cultivated-land protection. The ecological utilization of cultivated land in
breadbaskets should be improved and sustainable utilization should be promoted.
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Abstract: With the rapid population growth and accelerating urbanization process, people compete
for the scarce land resources to pursue their incompatible interests. Thus, a series of land-use
conflicts (LUCs) problems are caused. Scientifically identifying the intensity of LUCs is the basis for
coordinating the man-land relations. We selected the urban center of Chongqing (UCC) as the study
area and chose the landscape ecological risk assessment to estimate the level of LUCs by using the
hot-spot analysis and neighborhood analysis to analyze the spatiotemporal evolution characteristics
and potential risk of LUCs in the UCC over the past 20 years. The results show that the conversion
between the living–production space (LPS) and other spaces was most frequent. The assessment
model based on the theoretical framework of landscape ecological risk assessment could effectively
measure LUCs. The average conflict level of UCC has increased from 0.62 to 0.69. The area of the
out-of-control zone has increased, forming hot spots in the concentrated areas of social and economic
activities. In contrast, the area of the controllable zone has decreased, forming cold spots in the
high-altitude forest areas. The entire area faces the potential risk of the LUCs, but not seriously. The
area of the high and extreme potential conflict zones has increased and is concentrated in the northern
region of the study area. Targeted management strategies and policy recommendations for regional
development should be adopted for different LUCs zones in UCC at international and national levels.
Our research can be extended to other areas under rapid urbanization to assess and better manage
their land resources for sustainable use, and further to promote the harmonious development of
regional man-land relations.

Keywords: land-use conflicts; “production–living–ecological space”; landscape ecological risk; man-land
relations

1. Introduction

The land is an indispensable and scarce resource to meet human production and life.
Land-use conflicts (LUCs) describe the incoordination of land-use structure when meeting
the diverse human demands under the deterioration of the natural environment, which
is a sensitive indicator of human–environment interaction [1]. Its essence is the process
of game and competition between the human system and natural system in time and
space in the same area [2]. It is a manifestation of the uncoordinated development of the
human–environment system, which will have many negative effects. LUCs are common
in different regions of the world. Due to the rapid population growth and accelerating
urbanization process, the demand for different land-use types is increasing [3]. The kinds
of LUCs are also more and more diverse. Similar to the conflict between construction
land expansion and essential farmland protection, there is a conflict between ecological
land protection and production land expansion. The conflict between the increase in land
demand and the degradation of land quality is becoming more and more prominent [4].
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The drastic spatial change in land use is one of the most critical manifestations of LUCs.
The disorderly spatial pattern of PLES in the same region will place tremendous pressure
on limited land resources and cause waste of spatial resources [5]. The LUCs pose severe
challenges to the sustainability of the land system and regional coordinated development,
which raises excellent concerns about LUCs.

It is widely believed that the multifunctional of land-use, land resource scarcity, and
diversity of human needs are the fundamental causes of LUCs [1,6–9]. It occurs when
different land users pursue their incompatible interests, they will compete for the scarce
land resources. With the competition of spatial resources by humans, a series of LUC
problems are caused, such as the land spatial pressure increasing, the landscape ecological
stability weakening, spatial interference strengthening, etc. [10]. These problems were
widespread in the world, especially in the rapid urbanization area. Therefore, how to
identify the spatial–temporal evolution characteristics and the potential risk of LUCs
scientifically is the essential work and the core focus of LUCs research [11]. It was of great
significant to alleviate the negative influence of conflict on land sustainability, promote the
optimal allocation of regional land resources, and coordinate man-land relations [12].

“Production–living–ecological space” (PLES) is a theory proposed by the Chinese
government in the strategy of ecological civilization construction, aiming at realizing
sustainable utilization and focusing on the perspective of land multifunctional utiliza-
tion [13]. The report of the 18th National Congress of the Communist Party of China
(CPC) and the 14th 5–Year Plan of the CPC Central Committee on National Economic and
Social Development both proposed the goal of developing the nation’s PLES. According
to the muti-functional attributes of the land, the urban center of Chongqing (UCC)’s land
was divided into ecological–production space (EPS), production–ecological space (PES),
living–production space (LPS), and ecological space (ES). The EPS is the space with ecolog-
ical and production function, and the main function is ecological. The PES is the space that
is used primarily for agricultural production function and has an ecological function at
the same time. The LPS is the space that meets the needs of human life and entertainment,
and contains the highest economic value. The ES is the space that has ecological functions
such as regulating the atmosphere, conserving water source, water and soil conservation,
etc., but does not have a production function. Therefore, understanding LUCs and their
evolution characteristics can provide a scientific guide for the optimization of the PLES.
Although the importance and necessity are acknowledged, there is still a lack of effective
analysis of LUCs for UCC.

Compared with existing studies that focus on regional land use, and land-cover change,
analyzing regional land-use conflicts can better reflect the interaction and relations between
human and land resources [14]. As early as the 1970s, the study of LUCs began to attract
wide attention over the world. It mainly studies the contradiction between human needs
and economic development [15]. “Land management, land-use relations and conflicts”
was one of the five main topics of the Urban Fringe Symposium organized by the English
Countryside Association in 1977 [16]. With the ongoing concern for ecological civilization
construction, the study of LUCs has gradually became the focus of scholars [17–19]. The
number of studies on LUCs from different perspectives is gradually increasing [20,21].
The recent decade of research on LUCs has reached a new height. The research topics
of LUCs are mainly as follows: (1) the LUCs patterns [22,23]; (2) the LUCs identification
and intensity diagnosis [24,25]; and (3) the LUCs evolution and driving mechanism [1,26].
Based on the existing research, the LUCs identification methods mainly include game
theory [27], participatory mapping [28], stress state response (PSR) model, multiobjective
comprehensive assessment [2,29,30], and landscape ecological risk (LER) assessment [21,31].
These studies have provided many references for the identification of LUCs in this study,
but there are few related studies on the central city area and from the PLES perspective.

Chongqing plays a vital role in the construction of ecological civilization in China. It
plays a supporting position in the development of the western region in the new era, an
exemplary role in the green development of the Yangtze River Economic Belt, and a key
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role in driving the development of the Belt and Road. Furthermore, Chongqing is also
the youngest municipality with rapid urbanization in China. Due to the intensification of
urbanization and rapid economic development, the dramatic changes in land-use structure
have caused an imbalance of production, living, and ecological spaces [1]. The degree
of LUCs in the UCC has further deteriorated. The man-land relations are becoming
increasingly tense. Therefore, we selected the urban center of Chongqing (UCC) as a study
area, because this area is the economic and cultural center of the whole of Chongqing.
We analyzed the spatial evolution characteristics of LUCs and potential risk in the past
20 years in the UCC from the perspective of the PLES. Our study expanded the research
perspective of LUCs identification, and provided a reference for those regions in the world
whose development orientation is “ecological priority and green development”, so that
urban managers and policymakers may be better informed when developing pertinent
land-use policies and strategies at different levels. It is helpful to relieve the level of LUCs
in the rapid urbanization area, promote optimized land spatial patterns, the rational use of
land resources, and the coordinated development of man-land relations in the world [11].
Our aim includes the following three objectives.

(1) Based on the LER assessment method, to construct the evaluation model of LUCs
from the PLES perspective;

(2) To identify the LUCs zones and diagnosis the conflict intensity;
(3) To construct a land-use conflicts risk index to explore the potential LUCs.

2. Materials and Methods
2.1. The Study Area

Chongqing is the youngest municipality in China and is located inland in the south-
west of China. Chongqing is an essential strategic fulcrum of China’s western development.
It is geographically located at the connection point of the “Belt and Road Initiative” and the
Yangtze River Economic Belt. It has a unique and vital development navigation orientation
in the pattern of national regional economic development, and opening to the outside
world. The UCC is the political, economic, and cultural center of Chongqing, and this
area is essential for the development of the city and surrounding areas. The UCC includes
nine districts: Yuzhong District, Shapingba District, Beibei District, Yubei District, Jiangbei
District, Nan’an District, Banan District, Dadukou District, and Jiulongpo District, with a
total area of 5466 km2 (Figure 1). The topography of the study area is complex and diverse,
with hills and low mountains as the main ones and few flat dams. The principal rivers
are mainly the Yangtze River and the Jialing River. According to the Seventh National
Population census, Chongqing has a population of 32.0542 million, with a GDP of CNY
2500.279 billion. The UCC has a considerable population and a solid economic foundation.
Its population and GDP accounted for 32.27% and 39.5% of the total urban population,
respectively [32]. With the rapid growth of the economy and people, the LUCs of the
PLES and the tension of man-land relations in the UCC are evident, and need to be paid
more attention.

2.2. Data

The data of administrative districts of the study area were derived from the Remote
Sensing Monitoring Institute of Chongqing Planning and Natural Resources Survey and
Monitoring Institute. The land-use data used for three phases from 2000 to 2020 were
obtained from the Data Center for Resources and Environment Science and Data Center,
Chinese Academy of Sciences (http://www.resdc.cn/ (accessed on 9 July 2022)). The
resolution of the land-use data is 30 m × 30 m. The types of land-use include six types
of the first order: cultivated land, woodland, grassland, water area, residential land, and
unused land, and 25 types of the second order. The social–economic data mainly come
from the Chongqing Statistical Yearbook (2021).
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2.3. Methods
2.3.1. Construction of the PLES Classification System

The PLES has the characteristics of complex spatial functions, differences in spatial
scales, and the heterogeneity of spatial land use [33]. Its classification is exceptionally
complicated. Land resources are the lifeblood of promoting economic development, the
source of all productive activities, and the interrelated and unified complex of the PLES.
Land-use type has multiple functions, e.g., the construction land has two functions of pro-
duction and living, and the cultivated land has two functions of ecological and production.
Combined with the theory of the PLES and the previous research results [34–36], each
land-use category was linked with the leading function of the PLES. Referring to relevant
studies [37,38], the PLES classification system was constructed according to the study area’s
actual situation, as shown in Table 1.

2.3.2. Dynamic of Land–Use Change

The conversion between land-use types is mainly realized by the land-use transfer
matrix, and the dynamic change process of land-use types is mainly expressed by single
land-use dynamic and bidirectional land-use dynamic [38].
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Table 1. The PLES classification system.

The PLES Types Meaning Land–Use Type Classification Basis

Living–production
space (LPS)

Meets the needs of human life
and entertainment, and

contains the highest
economic value.

Urban,
other construction lands,

rural residential land.

Mainly refers to cities and towns and other places where
human beings live, which are important places to live

and rest.

Production–
ecological

space (PES)

It is mainly used for
agricultural production

functions and has ecological
functions at the same time.

Cultivated land, orchard.

Other gardens and orchards are important garden land
with ecological functions. Drylands and paddy fields are

important agricultural lands, both of which have dual
functions of ecological and production.

Ecological–
production
space (EPS)

Has ecological and
production functions, and the

main function is ecological.

Forest,
shrub forest,

sparse woodland,
other woodlands,
reservoir pond.

Shrub forest, other forest land, and forested land play an
essential role in regulating climate and environment, their
ecological functions are beyond doubt, and they can also

provide wood. Reservoir pits and ponds have the function
of maintaining water source, and also have production

functions such as aquaculture.

Ecological space (ES)

Most of them have ecological
functions such as regulating
the atmosphere, conserving
water source, water and soil
conservation, etc., but do not
have a production function.

High–coverage grassland,
medium–coverage

grassland,
low–coverage grassland,

river, lakes, bare land,
bottomland.

Grasslands with low, medium, and high coverage have
ecological values such as regulating climate, conserving
water and soil, and conserving water resources. Rivers,
lakes, beaches, and swamps have the functions of water
conservation and climate regulation, and belong to the
ecological land. Bare land has high vegetation coverage

and ecological landscape effect, which belongs to
ecological function.

The single land-use dynamic (LCDIi) refers to the ratio of the area change of land-use
types in the region to the study period, which mainly reflect the rate of change of a single
land-use type in a certain period. The bidirectional land-use dynamic (BLCDIi) is a further
supplement to LCDIi [38]. It can better describe the change process and the direction of
a certain kind of land use, which mainly reflects the transfer intensity between land-use
types. The formulas are below:

LCDIi =
(Sib − Sia)

Sia
× 1

T
× 100% (1)

BLCDIi =

(
∑ Sij + ∑ Sji

)

Si
× 1

T
× 100% (2)

where LCDIi is the single land-use dynamic of i–th PLES type; Sia is the area of i–th PLES
type at the beginning; Sib is the area of i–th PLES type at the end; T is the study time interval;
BLCDIi is the bidirectional land-use dynamic of i–th PLES type; ∑ Sij is the sum of the area
of i–th PLES type changing into other PLES types; ∑ Sji is the sum of the area of other PLES
types changing into i–th PLES type; Si is the area of i–th PLES type at the beginning.

2.3.3. Construction of LUCs Assessment Model

Land-use systems are dynamic, fragile, and complex [39]. To avoid the fragmentation
of regional spatial units, we consider the research scope, scale, spatial resolution, spatial
patch status, and data types. The maximum horizontal distance of the study area between
east and west is about 74 km, and the maximum vertical distance between north and south
is about 112 km. To ensure that there are multiple spatial types in an assessment unit, this
paper choose a 4 km × 4 km grid as the evaluation unit. The study area was divided into
a total of 397 assessment units. We chose the method of the LER assessment to measure
the intensity of LUCs because we consider that the LUCs and landscape ecological risk
assessment are highly related (Figure 2).

The spatial complexity index (CI), spatial vulnerability index (FI), and spatial stability
index (SI) were chosen to construct the LUCs assessment model to measure the conflict
level of spatial units in a region from the ecological point of view. Referring to previous
studies [37,40,41], the LUCs assessment model can be expressed as:

SCCI = CI + FI − SI (3)
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where SCCI is the LUCs level; CI is the landscape complexity index; FI is the landscape
vulnerability index; SI is the landscape stability index.
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(1) Landscape complexity index (CI)
CI is mainly due to the low efficiency of land use caused by rapid urbanization, which

leads to the negative effects of system fragmentation and complexity [40]. AWMPFD index
is called the area–weighted average patch fractal dimension in landscape ecology. The
higher its value, the greater the degree of human disturbance, and vice versa. In this paper,
the AWMPFD index is used to express CI. The formula is below:

AWMPFD =
m

∑
i=1

n

∑
j=1

[
2ln(0.25Pij)

ln(aij)

( aij

A

)]
(4)

where Pij is the perimeter of the patch; aij is the area of the patch; A is the total area of
spatial units in the landscape; m is the total number of evaluation units in the study area; n
is the number of three spatial types.

(2) Landscape vulnerability index (FI)
FI is mainly due to the vulnerability of a land-use system under the interference

of external pressure, which will cause significant damage to the system. With time and
space changes in land use, there are significant differences in maintaining ecosystem
stability, protecting biodiversity, and improving system functions; that is to say, the various
landscape elements have different responses to spatial conflicts, which are related to the
stages in the natural succession process. In different locations, the ability of land-use types
to resist external disturbance is other. FI is used to express it. The formula is below:

FI =
n

∑
i=1

Fi ×
ai
S
(n = 4) (5)

where FI is the landscape vulnerability index; ai is the area of various landscapes in the unit;
S is the total area of units. Referring to the existing research [42], the order of landscape
fragility of FI from strong to weak is LPS = 4; PES = 3; EPS = 2; ES = 1.

(3) Landscape stability index (SI)
SI refers to the phenomenon that landscape patches are fragmented under the inter-

ference of external pressure. The more fragmented the spatial form of the land-use unit,
the stronger the dynamic, the worse the stability, and the stronger the conflict effect. The
formula is below:

PD =
ni
A

, SI = 1 − PD (6)
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where ni represents the number of i–th PLES in the spatial unit; A is the space unit area; PD
is the density of plaque. The larger the PD value, the higher the fragmentation degree, the
worse the stability, and the worse the anti-interference ability of the unit. For the conve-
nience of calculation, the numerical values in Formulas (3)–(6) are linearly standardized to
(0, 1) by using Formula (7) to calculate the conflict in the later period. The standardized
formula is below:

S =
X − Xmin

Xmax − Xmin
(7)

where X is the value in (3), (4), (5), and (6), Xmin is the minimum value, and Xmax is the
maximum value according to the existing research [43], based on the inverted “U” model.
The LUCs of the study area were divided into four stages [9,23,44]: the stable control stage
[0.0, 0.35), the basic control stage [0.35, 0.7), the basic out-of-control stage [0.7, 0.9), and
the serious out-of-control stage [0.9, 1). In the stable control stage, the conflict has not
yet formed or is in the potential stage, and will have no negative impact on the regional
land use. In the basic control stage, conflict begins to form and gradually emerge, but
is mostly constructive rather than destructive [45,46]. Appropriate measures should be
taken to regulate and avoid or minimize the negative effects of conflict. In the basic out-of-
control stage, the conflict broke out gradually, and the direction of land-use transformation
gradually lost control. Effective measures must be taken to curb the conflict. Otherwise,
the regional land use will gradually be unbalanced. In the serious out-of-control stage, the
conflict completely breaks out, which requires the intervention of various administrative,
economic, and legal measures. Otherwise, it may evolve from LUCs to a conflict of a social
nature [47].

2.3.4. Spatial Relationship of LUCs

The land-use patches are often significantly affected by the land-use patterns around
them, which is manifested in two aspects, including spatial agglomeration and spatial
adjacency. On one side, the cold spots and hot spots are statistically significant spatial
clusters of high values and low values, respectively [48], reflecting the spatial agglomeration
relationship and the active degree of the LUCs zones. On another, if there is a more
significant conflict difference between adjacent units, the interference of land-use patterns
in its adjacent units will be stronger, and the possibility of causing LUCs will be higher [23].
Thus, the methods of cold- and hot-spot analysis and neighborhood analysis were used
to reflect the spatial agglomeration relationship and potential risk of LUCs in the UCC.
Taking the “3 × 3” rectangular component as the range, the standard deviation of the
central element can be obtained through the neighborhood analysis function, to judge the
influence degree of the surrounding units on the main unit [23,47]. The potential land-use
conflicts risk index (PLUCRI) was constructed to analyze the potential LUCs. The specific
formula is below:

Li =
∑
∣∣∣Gnbrij

− Gscri

∣∣∣
Nnbri

(8)

where Li is the PLUCRI of the i-th evaluation unit, and the larger the value is, the greater
the possibility of conflict in the evaluation unit would be. Gscri denotes the conflict intensity
of the i-th evaluation unit, and it is represented by eight LUCs zones (for quantitative
calculation, I–VIII is represented by 1, 2, . . . 8, respectively). Gnbrij

is the conflict intensity
of the j-th neighborhood unit’s i-th evaluation unit. Nnbri

is the number of neighborhood
units of the i-th evaluation unit [23].

3. Results
3.1. Spatiotemporal Evolution Characteristic of the PLES

According to the classification system of the PLES, the land-use types in the UCC were
divided into four spatial types. Spatiotemporal evolution characteristic of the PLES in the
study area is shown in Figure 3. The spatial distribution of PES was the most extensive. ES

305



Land 2022, 11, 1415

was mainly distributed in the areas where the Yangtze River and Jialing River flow through.
EPS was strip-shaped from north to south. The concentration of LPS was the highest in
Yuzhong District and its vicinity.
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As Table 2 shows, from 2000 to 2020, the LPS expanded significantly by 673.68 km2

(+254.22%), while the PES was compressed by LPS and reduced by 671.35 km2 (−17.12%).
Due to the ecological protection policy, the proportion of ES increased sustainably in the
past 20 years. It shows that rapid urbanization mainly eroded the PES and EPS in the UCC.

Table 2. The area ratio of the PLES in the UCC from 2000 to 2020.

Year
PES EPS LPS ES

Area
(km2) Ratio Area

(km2) Ratio Area
(km2) Ratio Area

(km2) Ratio

2000 3921.63 71.77% 1091.72 19.98% 265.00 4.85% 186.07 3.41%
2010 3653.07 66.85% 1089.26 19.93% 533.16 9.76% 189.10 3.46%
2020 3250.28 59.48% 1084.91 19.85% 938.68 17.18% 190.71 3.49%

To analyze the transformation of the PLES, the land transfer matrix was used. From
2000 to 2010, the LPS in the UCC increased by 268.15 km2, while the PES decreased by
268.66 km2. The percentage difference between the transfer-in and transfer–out ratio of PES
was −6.82%, the LPS was 49.76%, the ES was −1.86%, and the EPS was −2.47%. The LCDIi
of the LPS was the largest. It showed that the rate of change in the LPS was the greatest
in this decade. In the process of rapid urbanization, it mainly aimed to meet the regional
expansion of LPS. The BLCDIi of the LPS was 10.33%, and was the largest during this
period. It showed that the transformation between LPS and other spaces was the strongest.
The conversion of PES to LPS was the primary source of the increase in the LPS area. It
showed that urban expansion was mainly based on the interconversion of LPS, ES, and PES,
and the transfer area of LPS was more significant than the other two (Table 3, Figure 4).

In the transfer of the PLES in the UCC from 2010 to 2020, the area of the LPS and the
ES still increased, while the area of the PES and the EPS still decreased. The percentage
difference between the transfer-in and transfer-out ratio of PES was −10.84%, the LPS was
42.08%, the ES was 0.81%, and the EPS was −0.38%. The LCDI of the LPS was the largest,
which showed that the growth of construction land was the primary trend in the process of
urbanization in this period. The BLCDIi of the LPS was 8.12% and the largest during this
period. It showed that the conversion between LPS and other spaces was the strongest and
most frequent, although the LCDIi of the EPS is −0.04%, the LCDIi of the ES is 0.09%, the
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BLCDIi of the EPS is 1.12%, and the BLCDIi of the ES is 0.99%. It shows that although the
rate of change of the ES is faster than the rate of change of the EPS over these ten years;
however, between the EPS and other spaces is stronger than the transfer intensity between
the ES and other spaces (Table 4, Figure 4).

Table 3. Spatial transfer matrix of the PLES in the study area from 2000 to 2010 (unit: km2).

2000–2010 PES LPS ES EPS Transfer-Out Variation

PES 0.00 253.70 8.82 24.92 7.33% −268.66
LPS 2.02 0.00 0.37 0.41 1.06% 268.15
ES 1.04 0.34 0.00 5.56 3.73% 3.02

EPS 15.72 16.91 0.77 0.00 3.06% −2.51
Transfer-in 0.51% 50.82% 1.87% 2.84% — —

LCDIi −0.68% 10.12% 0.16% −0.02% — —
BLCDIi 0.78% 10.33% 0.91% 0.59% — —
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Table 4. Spatial transfer matrix of the PLES in the study area from 2010 to 2020 (unit: km2).

2010–2020 PES LPS ES EPS Transfer-Out Variation

PES 0.00 396.37 5.33 55.25 12.51% −402.78
LPS 9.76 0.00 1.80 2.22 2.58% 405.51
ES 4.84 2.48 0.00 1.23 4.52% 1.62

EPS 39.57 20.44 3.04 0.00 5.79% −4.35
Transfer-in 1.67% 44.67% 5.33% 5.41% — —

LCDIi −1.10% 7.61% 0.09% −0.04% — —
BLCDIi 1.40% 8.12% 0.99% 1.12% — —

3.2. Spatiotemporal Distribution Characteristics of the LUCs

According to Formulas (3)–(7), the LUCs in the UCC were calculated and visually
expressed (Figure 5). We derived spatial patterns of the UCC’s land-use conflicts from 2000
to 2020. The distribution pattern was “high in the south and low in the north” in 2000. The
LUCs was higher on the southern side of the UCC, especially in the center area of the UCC
and the northeastern of Banan District. The relatively high LUCs in the south of regions
were dominated by the basic out-of-control zone and the serious out-of-control zone. From
2000 to 2010, the basic out-of-control zone had spread around. It is worth noting that by
2010, the level of the LUCs in the Yuzhong District changed from the basic out-of-control to
the basic control. From 2010 to 2020, the basic out-of-control zone was widely distributed
in the UCC gradually. The serious out-of-control zone was distributed on the northern
side of the UCC, especially in the Yubei District and Beibei District. Therefore, the spatial
distribution pattern was “high in the north and low in the south” in 2020. The relatively
high LUCs in the northern regions were also dominated by the serious out-of-control zone,
and the basic out-of-control zone. The main gathering areas of the basic out-of-control zone
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and the serious out-of-control zone gradually expanded from Dadukou District, Jiulongpo
District, and Yuzhong District to Shapingba District, Beibei District, Yubei District, Nan’an
District, and Banan District. From 2000 to 2020, Chongqing’s economy developed rapidly,
the urban traffic network changed from simple to complex, the medical facilities changed
from few to many, and the construction land changed from scattered to concentrated.
The rapid urbanization process caused serious conflict between the PLES. The area of
controllable decreased, while the area of out-of-control increased in the UCC from 2000
to 2020.
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According to the result presented in Table 5, the average conflict level in Chongqing
urban center from 2000 to 2020 increased from 0.62 to 0.69. In the process of rapid urbaniza-
tion, the characteristics of “two decreases and two increases” appeared. The characteristic
of “two decreases” means the area of the stable control zone and area of the basic control
zone declined. The characteristic of “two increases” means the area of the basic out-of-
control zone and the area of the serious out-of-control zone increased. From 2000 to 2020,
the area of stable control zone was maintained at 6–7%. The area of basic control zone was
reduced by 18.48%, while the area of out-of-control zone increased by 19.24%. The area
of basic and serious out-of-control zone occupied almost 56% of the study area. It posed
a serious threat to the ecological environment of Chongqing. Compared with the conflict
change over the three periods, it showed that the out-of-control level was mainly clustered
in the LPS and PES area. It is due to the conflicting living–ecological, production–ecological
functions. The area far away from the LPS and PES was mainly the controllable level, and
this type of area was dominated by ecological function land.

Table 5. Land-use conflicts level in the study area from 2000 to 2020.

Conflict Level Conflict Value
Number of Spatial Units Percentage of Space Units (%)

2000 2010 2020 2000 2010 2020

Stable control 0.0–0.35 27 24 24 6.80 6.05 6.03
Basic control 0.35–0.7 226 203 152 56.93 51.13 38.44

Basic out-of-control 0.7–0.9 135 159 187 34.01 40.05 46.98
Serious out-of-control 0.9–1.0 9 11 34 2.27 2.77 8.54

The average conflict value 0.62 0.64 0.69 —— —— ——

The spatial distribution characteristics of the PLES in the LUCs zones in the UCC
(Figure 6) and the corresponding area ratio changes (Table 6) were analyzed by spatial
superposition analysis.
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Table 6. The area ratio statistics of LUCs zones from 2000 to 2020.

Conflict Zone
Area Ratio (%)

PLES
Area Ratio (%)

Variation2000 2010 2020 2000 2010 2020

Stable controllable Zone 1.23 0.97 0.89

EPS 47.55 48.22 50.99 3.44
ES 4.67 5.97 6.48 1.81

LPS 0.75 1.87 2.62 1.87
PES 47.03 43.93 39.90 −7.13

Basic controllable Zone 57.54 50.17 35.85

EPS 16.79 16.64 16.90 0.11
ES 3.22 3.76 4.52 1.3

LPS 1.34 6.08 12.09 10.75
PES 78.65 73.51 66.49 −12.16

Basic out-of-control zone 38.61 45.65 53.31

EPS 23.45 23.36 21.85 −1.6
ES 3.78 3.23 3.04 −0.74

LPS 9.99 12.69 19.02 9.03
PES 62.78 60.71 56.09 −6.69

Serious out-of-control zone 2.62 3.22 9.95

EPS 26.12 14.49 17.24 −8.88
ES 1.34 1.25 1.87 0.53

LPS 7.88 27.54 26.78 8.90
PES 64.66 56.72 54.11 −10.55
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In the stable controllable zone, EPS occupied the absolute number, accounting for
50.99% in 2020. The land-use type of EPS was mainly forest, which has strong ecological
functions. From 2000 to 2020, due to the decrease of PES and the increase of LPS, the range
of the basic controllable areas was also shrinking.

From 2000 to 2020, in the basic out-of-control zone and the serious out-of-control
zone, LPS increased by 27.93% in total, while the other three types decreased. Among
them, PES decreased by 17.24%, EPS decreased by 10.48%, and ES decreased by 0.21%.
The out-of-control zone was mainly distributed in the core and peripheral areas of urban
economic development, which were the critical area of Chongqing’s future production and
living development.

In the past 20 years, Chongqing has been in rapid development of the economy
and society. With the level of industrialization and urbanization further improved, the
demand for the land for production and living increased. In the continuous improvement of
transportation facilities and growing construction land, the ecological land and agriculture
land were eroded heavily by urban land. The ES, EPS, and PES were gradually fragmented.
The proportion of the out-of-control level in the study area was becoming heavier and
heavier. The mutual occupation between the production, living, and ecological land made
the LUCs more intense. It resulted in more prominent contradictions between humans and
land. The man-land relations were becoming increasingly tense in the UCC.

3.3. Spatial Agglomeration Relationship of LUCs Zones

The spatial agglomeration relationships of LUCs zones were analyzed by using the
methods of cold- and hot-spot analysis [49–51]. The location of high value and low value of
LUCs clustering was obtained by cold- and hot-spot analysis. The results showed that the
hot and cold spots of LUCs in the UCC showed an agglomerate spatial distribution pattern.
The distribution pattern of hot spots, between 2000 and 2010, was mainly concentrated
in Yuzhong and Dadukou, eastern Jiulongpo, southeastern Shapingba, southern Yubei,
western Jiangbei, and eastern Banan. By 2020, it especially gathered at the intersection be-
tween Yubei and Beibei and the east part of Banan. Complex social and economic activities
and convenient transportation facilities diversified the land-use function in these areas.
This may be the main reason for the high-value aggregation of LUCs. The confrontation
between various land-use functions was particularly fierce, and the conflicts became more
and more frequent from 2000 to 2020. The cold spots represent stable and controllable.
From the distribution pattern, they were mainly distributed in the boundary edge areas
of the urban areas of Chongqing in the past 20 years, such as the south of Banan and the
northeast of Yubei. These areas have higher elevations, and the land-use type is dominated
by forests. Typical hilly and mountain cover characteristics and the remote geographical
location may be the main reasons for the low-value aggregation of LUCs (Figure 7).

3.4. Potential Risk of LUCs

The potential land-use conflicts risk index (PLUCRI) was accessed by using the method
of neighborhood analysis [23]. The results showed that the entire area faced the risk of the
LUCs, but not seriously. In Figure 8, the areas of the low and general potential conflict
area decreased in the last 20 years, while the areas of high and extreme potential conflict
increased and concentrated in the north of the study area, especially in the north of Yubei
District and Beibei District, and the junction of Shapingba District and Beibei District.
The zones of low potential conflict, general potential conflict, high potential conflict, and
extreme potential conflict account for 43.43%, 32.27%, 17.37%, and 6.93% in 2000, and
41.5%, 33.2%, 16.22%, and 9.08% in 2020. The cold- and hot-spot analysis of the PLUCRI
showed that the hot spots of PLUCRI were also concentrated in the north of Yubei District
and the junction of Shapingba District and Beibei District in Figure 9. These areas are not
only land-use out-of-control areas, but also areas with the higher potential risk of LUCs,
indicating that strict spatial boundary control measures need to be implemented in these
areas as soon as possible. Therefore, the future regional land use needs to strictly implement
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the border control of spatial planning to reduce the influence of neighborhood units so that
the intensification of conflict will not arise [47].
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Figure 9. The cold- and hot-spot analysis of PLUCRI in the study area.
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4. Discussion
4.1. Contributions and Limitations

Compared with previous studies, our paper has the following advantages. First, the
theoretical basis is sufficient. In our study, we found that the multifunctional land use, land
resource scarcity, and diversity of human needs are the fundamental causes of LUCs in
the process of rapid urbanization. Rapid urbanization and unreasonable land use will also
lead to the complexity and fragmentation of the spatial landscape and damage the stability
of the system. Therefore, we believe that LUCs are highly correlated with LER. Based on
this, we constructed a conceptual framework for LUCs assessment. Second, the LUCs
evaluation framework we constructed can identify the intensity of LUCs at grid scale and
regional scale. We find that the conflict zones are gathered in concentrated areas of social
and economic activities, which is consistent with the previous findings [29]. This provides
more accurate location information for land-use decisions and land management. Third,
the identification of potential hotbeds of LUCs is easily overlooked in previous studies. In
our study, we try to use domain analysis method to explore the potential LUCs areas. We
find that the rural-urban border areas are particularly vulnerable to the potential risk of
LUCs, because of high population movements and lack of government supervision. This is
an interesting finding and is different from previous studies [47].

In this paper, the complexity, fragility, and stability of spatial patterns were taken as
the basis for calculating conflict. However, it should be pointed out that methods and ideas
of this study need to be improved:

(1) The method of LUCs we used was based on the LER assessment, so that the factor
chosen in the calculation of conflict relied too much on the present situation of land-use
function. However, the manifestation, formation mechanism, and influencing factors of
spatial conflict are highly complex, involving resources, environment, society, and economy.

(2) The LUCs in our study are caused by the disorderly spatial pattern of PLES, which
only reflects the incoordination of the land-use structure, but as per the discussions in the
literature [52–57], the types of LUCs are various, such as regional conflicts, socioenviron-
mental conflicts, structure and function conflicts of an urban system, land system conflicts,
and cultural conflicts. We will explore these types in the future.

(3) Our research carried the foundation analysis of the evolution and the potential risk
of LUCs in the UCC from the view of the PLES. We did not simulate and predict the future
development trend of land-use conflicts in the study area, so it is difficult to analyze and
solve the conflict problem comprehensively. Therefore, this will be our future direction for
further research.

4.2. Policy Recommendations of LUCs Optimization

The LUCs reflect the competition of stakeholders for scarce land resources and the
land-use contradiction produced for the realization of their respective interests [58]. The
ultimate goal of land-use conflict research is for contradiction reconciliation and relieving
man-land relations. These are intended to develop reasonable reconciliation programs to
promote sustainable development in the study area [59]. The key is to identify the distribu-
tion, manifestation, and degrees of conflicts, and take them as a basis to set up targeted
governance strategies. In our paper, we hope to have provided targeted management
strategies for different LUCs zones by combining different governance strategies for LUCs
at international and national levels, to promote the harmonious development of regional
man-land relations. In particular:

(1) In the stable controllable zone
The stable controllable zone in the UCC is mainly concentrated on the edge of

Chongqing, where the economy is relatively backward, and the land-use type is dom-
inated by forest. The degree and potential risk of LUCs are weak. These areas should be
designated as ecological nature reserves, and production and construction activities should
be strictly prohibited. The government should increase ecological subsidies and encourage
inefficient farmland to restore forest in these areas. Thus, the self-evolution and regulatory
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function of regional ecosystem can be enhanced. In addition, the rural residential land
in these areas should be gradually moved out according to the policy of increasing and
decreasing balance, so as to reduce the interference of human activities to the environment.

(2) In the basic controllable zone
The area of basic controllable zone was reduced heavily by 18.48% in the last 20 years

due to the decrease in PES and the increase in LPS. This zone is located in the transition
area between human production–life and ecological protection, and does not pose a threat
to the regional sustainable land use, but has the potential risk and possibility of LUCs.
Therefore, in these regions, the government should adopt a slightly stronger management
strategy and more diversified management means. On the premise of not destroying the
regional natural ecosystem and farmland ecosystem, land should be properly utilized
under the support and drive of policies to maximize the function of land. For example,
the government can increase agricultural input, promote the planting and reprocessing
of ecological agricultural products, and improve the development level of the primary
industry. In addition, the government can also plan and build nature protection resorts to
stimulate the living and production functions of land, and develop the tertiary industry
while protecting the regional ecological environment.

(3) Basic out-of-control zone
The area of the basic out-of-control zone increased by nearly 13% from 2000 to 2020,

occupying almost 47% of the study area in 2020. It posed a serious threat to the ecological
environment of Chongqing. This zone was mainly distributed in the core and the periph-
eral regions of urban economic development, which were human production and living
intensive activity areas. The LUCs between production, living, and ecological were very
intense and basic out-of-control, and were the focus of governance areas. The government
must take into account the fact that Chongqing is an ecologically fragile area. It is urgent
to give priority to its ecological protection function and formulate a strong ecological
protection policy. Therefore, the basic farmland protection line, ecological protection line,
and urban expansion boundary line should be delimited from the macro level. The city
scale should be reasonably controlled, and the construction land extraction mechanism
should be formulated. There is also a need to strengthen the construction of ecological
civilization in this area and enhance the awareness of ecological culture of local people to
avoid further deterioration of the ecological environment and to prevent the reform area
from further evolving into a serious out of control area.

(4) Serious out-of-control zone
The proportion of this region in 2020 is 8.54%, a 6.27% increase from 2000. Compared

with the basic out-of-control zone, the LUCs in this zone reached a stage that is challenging
to recover from human intervention. This is a very dangerous area that is constantly
threatening the ecological stability and balance of the whole region. In these regions, the
production, living, and ecological functions of land have been extensively developed and
utilized, resulting in particularly intense land-use conflicts. In the process of governance,
the definition of the status of PLES function is followed, in which the production function is
the basis, the living function is the purpose, and the ecological function is the guarantee [46].
The strictest control policies and the most powerful protective measures must be adopted
to reshape the regional ecological protection barrier and curb its impact on the surrounding
land. Occupation and destruction of the ecological environment and illegal occupation
of basic farmland are strictly prohibited. No new construction land is allowed within
the ecological protection red line. On the premise of ensuring ecological security, the
government will rationally arrange ecological communities and green enterprises according
to the territorial space planning.

5. Conclusions

This paper selected the UCC as a new study area from the view of the PLES, based
on the leading function of land use and the situation of the study area. The PLESs were
divided into four types: EPS, PES, LPS, and ES. Based on the LER assessment method,
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we established the LUCs model to analyze the spatial relationship and potential risk of
LUCs in the past 20 years. The LUCs in the study area were divided into four degrees:
stable controllable, basic controllable, basic out-of-control, and serious out-of-control. The
conclusions are as follows:

(1) The land-use types in the UCC were divided into four spatial types. From 2000 to
2020, the PES was in the dominant position in the study area, followed by EPS, LPS, and
ES. The rate and transfer intensity of LPS was highest among the spaces. It showed that
during the process of rapid urbanization, the LPS mainly eroded the PES and EPS.

(2) The average conflict level of the UCC increased over the past 20 years. It poses a
serious threat to the ecological environment of Chongqing. In the process of rapid urbaniza-
tion, the area of basic and serious out-of-control zones increased and occupied almost 56%,
while the area of stable and basic controllable decreased. The mutual occupation between
the production, living, and ecological land made the LUCs and the man-land relations
become increasingly tense.

(3) LUCs typically occur in specific areas. The population agglomeration and regional
economic development positioning will cause conflicts to become out of control. The out-of-
control conflict zones are gathered in concentrated areas of social and economic activities,
due to the complex social and economic activities and convenient transportation facilities.
The controllable conflict zones were gathered in high-altitude forest areas. These areas
were typically hilly and mountains with remote geographical location, and the economy
was relatively backward.

(4) The UCC faced the potential risk of the LUCs, but not seriously. The zones of low
potential conflict, general potential conflict, high potential conflict, and extreme potential
conflict account for 43.43%, 32.27%, 17.37%, and 6.93% in 2000, and 41.5%, 33.2%, 16.22%,
and 9.08% in 2020. The areas of high and extreme potential conflicts were increased. The hot
spots for LUCs’ potential distribution were concentrated in the western and northern areas
of the study area, especially in the north of Yubei District and the junction of Shapingba
District and Beibei District.
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Abstract: The trade-off and coordinated development of the “production-living-ecological” functions
(PLEFs) of an area is an important basis for the optimization of the spatial pattern of the land, and
helps to promote the harmonious symbiotic relationship between human beings and nature. This
paper combines ecological niche theory, a coupling coordination model, and a trade-off synergy
model to construct an evaluation index system for Chinese county PLEFs. Quantitative methods were
used to measure spatiotemporal evolution characteristics, trade-off synergy of PLEFs in 38 counties
in Chongqing, China, and the coupling coordination degree between PLEFs. The results showed
that the ecological niche width of the “production-ecological” function revealed an overall growth
trend. However, there was a mismatch in regional development of the “production-ecological”
function, showing dislocation characteristics of “high in the west and low in the east” and “high in
the east and low in the west.” The niche width of the life function is similar to the comprehensive
niche width of PLEFs, showing the characteristics of fluctuation and partition change. PLEFs and
both the aforementioned functions showed distribution characteristics of “high in the west and
low in the east,” with the whole moving towards the stage of coordinated coupling, of which the
“production-living” function has the highest coupling level. The functional coupling coordination
degree of “production-living-ecological” is generally manifested as “high in the west and low in
the east,” and changing from the primary stage of imbalance to well-coordinated development. The
“production-ecological” and “living-ecological” functions are in low-level imbalance in the primary
and moderate coordination stages. Additionally, the evolution trend of the “production-ecological”
and the “living-ecological” functions are similar, showing alternating and fluctuating development
characteristics. Overall, in the past 20 years, Chongqing’s “living-production” function has changed
from a trade-off model to a collaborative development relationship, and the “living-ecological”
function is generally based on a collaborative development relationship. The “ecological function” is
manifested as a trade-off constraint relationship. Moreover, the coordinated development level of
“living-production,” “living-ecological,” and “production-ecological” functions in the central urban
area has been greatly improved, while counties have gradually shown different degrees of trade-offs.

Keywords: PLEFs; spatiotemporal evolution; ecological niche theory; coupling coordination; Chongqing City

1. Introduction

Land space is the environmental place for national survival and the primary carrier
of all economic and social activities. According to the use of land space, it can be divided
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into three types: production-living-ecological space (PLES), which represent production
functions, living functions, and ecological functions, respectively. Additionally, PLEFs are
a coupling coordination outcome of the economy–society–nature system. With the accel-
eration of global economic and social development, industrialization, and urbanization,
changes in land use patterns have led to a decline in global ecosystem services [1] coupled
with increasing global climate change, population growth, resource scarcity, environmental
pollution, ecological degradation, and land-use imbalance [2,3], with rising competition
and conflict of the PLES [4,5]. The functional problems and contradictions of “production-
living-ecological” are becoming increasingly prominent [6]. There is a serious impact on
regional and even global sustainable development. Additionally, this may lead to the
degradation of ecological well-being provided by the earth to humans [7,8]. A reasonable
territorial and spatial development pattern is essential in estimating long-term sustainable
development, harmony between human beings and nature, and coordination of economic
and social activities in regions [9–11]. Therefore, strengthening the research on the effective
trade-off and synergy between the PLEFs in a county and accurately grasping the syner-
gistic relationship between PLEFs is crucial for carrying out territorial spatial planning.
Promoting the coordinated and sustainable development of PLEFs is an important goal to
optimize the country’s spatial patterns. The multilateral cooperation mechanism of PLEFs
is a significant path to a better future of harmonious coexistence between human beings
and nature.

As research on this progresses, people realize that PLEFs are in a nonequilibrium state
and have a synergistic or trade-off relationship [12]. Synergy refers to the two functions
cooperating and gaining together under the control of key factors so that the PLEFs develop
in an orderly way and have a spatial fusion effect [13]. The trade-off refers to the situation
where the two functions are a trade-off, which easily causes the overall dysfunction of the
“production-living-ecological” and have a spatial conflict or competition [14]. Due to the
complexity of ecosystems and the diversity of human use and interference with ecosys-
tems, there are complex and diverse dynamic interactions of different PLEFs [15]. This is
usually manifested as mutually reinforcing synergies and trade-offs [16,17]. As the leading
spatial carrier of regional development, land complements the high-quality development
of the region and is scientifically reasonable [18]. The territorial spatial planning system is
necessary for sustainable regional development [19]. Due to spatial functions’ complex and
overlapping nature, it is challenging to define spatial types [20], so more attention is paid
to the discussion of functions [21]. The multifunctionality of land use can be divided into
production function land, living function land, and ecological function land [22]. Scholars’
research on PLEFs mainly focuses on the theoretical connotation [23,24]. Classification
system construction [25,26], coordination [27,28], functional measurement [29], pattern
evolution [30], and other aspects are studied. Some scholars have constructed “production-
living” from the aspects of material space for land use production, social space for life
security, and natural space for ecological supply—an “ecological” three-dimensional index
system exploring the relationship between land use change and ecological and environ-
mental benefits [31]. Many believe that any single type of land use is a superposition of
multiple functions, and the choice between different land use types should be a game and
conflict between different functions and goals [32,33].

Current research on the interaction of PLEFs mainly focuses on the quantity and
spatial structure of PLEFs [34,35]. The spatiotemporal evolution law of PLEFs is mostly
based on a qualitative perspective of the functional interaction relationship of PLEFs. A
few scholars quantitatively express it with the help of the coupled coordination model.
However, mathematical statistical methods ignore the spatial pattern process, and pay
more attention to the quantitative association characteristics and insufficient expression of
the spatial interaction relationship. Considering the difference and complexity of PLEFs in
the same space, the interrelationship between PLEFs is subject to the stage of socioeconomic
development and the law of geographical differentiation. The trade-offs and synergistic
relationships are also significantly different [36]. Therefore, based on the perspective of
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synergy theory, this paper discusses the functional coupling and coordination relationship
between PLEFs and analyzes its pattern evolution characteristics. There is a basis for
promoting the integrated and coordinated development of regional PLEFs and optimizing
the spatial layout of the national territory. The research on the coupling and coordination
of PLEFs is to diagnose the utilization status and efficiency between production functions,
living functions, and ecological functions, evaluate the implementation effect of spatial
planning in a particular area, and improve the deficiencies of spatial planning to promote
the harmonious integration between economy, society and ecology and ensure the green
and healthy development of the region [37,38]. Land use is explored by applying coupled
coordination models [39–43]. The study area involves countries and urban agglomerations
at the macro level [44], provinces and municipalities at the medium level [45,46], and
counties and townships at the micro level. The typical research areas of the coupling
and coordination analysis of the PLES mainly include the Yellow River Basin [47] and the
Yangtze River Economic Belt [48]. From the research status of scholars at home and abroad,
most scholars focus on the static pattern evaluation of PLEFs, and need to reveal more
about the dynamic evolution rule. It is challenging to portray the continuity and dynamics
of PLEFs and the state of a particular moment and predict the development trend [49,50].

Based on the above discussion and review, this paper selects 38 districts (counties)
of Chongqing as the research targets and collects data for 2000, 2010, and 2020. Based on
the socioeconomic data, ecological environment data, and land use data, the coupling and
coordination degree between PLEFs and the two functions was measured to analyze the
spatiotemporal pattern characteristics of PLEFs and the interaction relationship between
PLEFs in Chongqing, and combined with ecological niche theory and spatial autocorrela-
tion analysis, explore its pattern evolution characteristics, reveal its temporal and spatial
evolution law, and discuss the “production-living-ecological” from the spatial and quan-
titative levels The functional synergy/balance relationship provides a new perspective
for clarifying the functional interaction relationship of “production-living-ecological,” to
provide practical reference and reference for the optimization of land space layout.

2. Materials and Methods
2.1. Study Area

Chongqing (28◦10′–32◦13′ N, 105◦11′–110◦11′ E) is located in southwest China, the
fourth city under central government jurisdiction, a comprehensive transportation hub
in southwest China, and an economic center in the upper reaches of the Yangtze River.
Chongqing’s terrain is dominated by mountains and hills, with a total area of 82,400 square
kilometers. There are 38 districts and counties under Chongqing’s jurisdiction. These
38 counties can be geographically divided into “one district and two groups,” namely, the
main urban area of Chongqing (UC), the urban agglomeration of Wulingshan District in
southeast Chongqing (SE), and the urban agglomeration of the Three Gorges Reservoir
Area in northeast Chongqing (NE) (Figure 1). Chongqing is an important area for the
implementation of the strategy of large-scale development of the western region, a nec-
essary strategic node for the construction of the national “Belt and Road” initiative, and
an important modern manufacturing base with unique location advantages and resource
advantages, rapid industrial development and obvious industrial process [51]. However,
due to problems such as single production mode, disorderly spatial expansion, exten-
sive land use, industrial homogenization, and unreasonable resource allocation, the dual
structure of urban and rural areas is prominent, the ecological environment is severely
damaged, and the development of the region is unbalanced and uncoordinated, so the level
of sustainable economic, social and ecological development needs to be improved [52,53].
In recent years, Chongqing has adopted rural measures of large cities and large rural areas,
which has enabled the towns and villages under the jurisdiction of Chongqing to achieve
sound development. As of 2020, in Chongqing municipal towns, the chemical rate reached
69.46%. However, land degradation is severe due to its location in the mountainous area
of southwest China, high ecological fragility, unreasonable development, and excessive
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use of pesticides. In 2020, the area of soil erosion in the city reached 25,142.46 km2, which
also caused a contradiction between production status, lifestyle, and ecological benefits
in urban and rural development. Coordinating the interrelationship between the spatial
PLEFs in urban and rural development is crucial, so Chongqing needs to use the PLES
to clarify the spatial functions of the national territory. The spatiotemporal characteris-
tics of development are replanned, the urban and rural ecological pattern is coordinated,
and the relationship between the PLES in the county is reconstructed to enhance PLEFs
effective synergy.
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2.2. Research Methods
2.2.1. Construction of PLEFs Evaluation Index System

The county land space is a complex community involving multiple factors such as
society, economy, and geographical environment. Based on the connotation and classifica-
tion criteria of the PLEF function [54,55], it is crucial to consider the interaction of PLEFs.
Furthermore, the study explores the combined relationship between dominant functions
and multiple functions [56], drawing on synergy theory and niche situation theory [57–59],
combined with Chongqing’s unique geographical location, land use characteristics, and
socioeconomic development status, based on the principles of comprehensiveness, regional,
scientific, and innovative, from the aspects of material space for land use production, social
space for living security, and natural space for ecological supply. Aiming at intensive
and efficient production space, moderate livable living space, and beautiful ecological
space, reference is made to the research experience of relevant scholars [60–64]. This article
combined with the science, representativeness, comprehensiveness, and data availability of
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indicators covering agricultural production, economic development, living security, social
services, ecological pressure, and ecological bearing, the land space functions of the county
were identified as PLEFs, and we selected 17 PLEFs indicators. After standardizing by the
extreme value method, the preliminary weight of each index is calculated by the entropy
method. Then, the index weight is corrected by the analytic hierarchy method (AHP). The
final weighted sum yields the combined weights of each indicator (Table 1).

Table 1. Evaluation index system of PLEFs in counties in China.

Target Layer Guidelines
Layer Metrics Layer Indicator Interpretation and

Calculation Method Attribute
Entropy
Method
Weights

AHP
Weight

Synthesis
Weight

produce
function

agriculture
produce

Grain yield Grain production/arable land area,
t/km2 + 0.0186 0.0606 0.0396

Land reclamation
rate

Arable land area/total area of
regional land, % + 0.0194 0.0606 0.0400

Food availability
per capita

Total food production/population,
t/10,000 people + 0.0256 0.0909 0.0583

economy
develop

Average gross
industrial

production value

Gross Industrial Production/Total
Land Area of the Region, 100

million yuan/km2
+ 0.2026 0.2121 0.2074

Financial
contribution rate

Local general budget
revenue/total regional land area,

billion yuan/km2
+ 0.3641 0.2727 0.3184

Economic density
Gross regional product/total land

area of the region, 100 million
yuan/km2

+ 0.3697 0.3030 0.3364

living
function

living
guarantee

Proportion of
housing area

Total area of land used in
settlements/area, %. + 0.3873 0.2652 0.3262

Density of land
used for

transportation

Highway mileage/total area of
land in the area, km/km2 + 0.0620 0.1189 0.0905

population density Total population/land area,
people/km2 − 0.0066 0.0324 0.0195

There are hospitals
per 10,000 people
Number of beds

Number of hospital beds/total
population, sheets/10,000 + 0.1455 0.1621 0.1538

society
serve

Total retail sales of
consumer goods

per capita

Total retail sales of consumer
goods/total population
100 million yuan/10,000

+ 0.1763 0.1945 0.1854

Number of books
in public libraries

per capita

Number of books in public
libraries/total population

Book/person
+ 0.2224 0.2269 0.2246

ecological
function

ecological
pressure

Agricultural
fertilizer input

intensity

Agricultural fertilizer application
rate/cultivated land area, kg/km2 − 0.0525 0.1154 0.0840

Land degradation
index

Degraded land area/total regional
land area, % − 0.0514 0.1154 0.0834

ecological
conservation

Water per capita Total water resources/total
population, m3/person + 0.5852 0.3847 0.4850

Forest cover Forest land area/total area of
regional land, % + 0.1694 0.2308 0.2001

Habitat abundance
index Status of biodiversity in the region + 0.1414 0.1538 0.1476

Note: “+” is a positive indicator, and “−” is a negative indicator.

(1) Production function refers to the ability of the county land space to provide products
for human beings and increase social wealth. Therefore, this paper characterizes the
production function from the two criteria of agricultural production and economic
development and selects grain yield, land reclamation rate, per capita grain ownership,
average industrial production value, financial contribution rate, economic density,
and other indicators to characterize the production function, all of which are positive
indicators, and the larger the value, the stronger the production function of the county
land space.

(2) Living function refers to the ability of the county land space to provide a living
environment for human beings, which can reflect the income, consumption structure,
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and welfare of residents. Therefore, this paper characterizes the living function from
the two standard layers of life security and social services and selects indicators such
as the proportion of housing area, the density of transportation land, the population
density, the number of hospitals per 10,000 people, the number of beds, the total retail
sales of social consumer goods per capita, and the number of books in the per capita
public library collection. Population density is a negative indicator, and the larger the
value, the weaker the living function of the county. The rest are positive indicators,
and the larger the value, the stronger the county living function.

(3) Ecological function refers to the ability of the county land space to provide ecological
products and services for residents, as well as to respond to external interference,
realize self-repair, maintain ecosystem stability, conserve water sources, and maintain
ecological security. Therefore, this paper characterizes the strength of county ecologi-
cal functions from the aspects of ecological pressure and ecological supply. The two
indicators of agricultural fertilizer input intensity and land degradation index were
selected to characterize the ecological stress function of the county, both of which
were negative indicators. The larger the value, the weaker the ecological function
of the county. The three indicators of per capita water resources, forest coverage,
and habitat abundance index were selected to characterize the capacity of county
ecological supply, all of which were positive indicators. The larger the value, the
stronger the rural ecological function.

2.2.2. Functional Niche Width Evaluation Model of PLEFs

Niche situation theory is one of the critical theories of ecology, in which the width
of the ecological niche indicates the degree of resource utilization by a species. It has
been widely used in urban geography, urban economy, and other fields, mainly including
urban competition research [65–67] and sustainable use of arable land [68], and less used in
the field of “sunshine” space research. Referring to the methods of [69], a functional [70]
“production-living-ecological” model was constructed. In this way, the competitiveness
of PLEFs in the research area was explored, and the larger the niche width, the higher the
dominant position and the more assertive the competitiveness.

Ni =
(Si + AiPi)

∑n
j=1
(
Sj + AjPj

) ×W (1)

In the formula, i, j = 1, 2, · · · n; Ni indicates the ecological niche of the evaluation
unit indicator i; Si and Pi represent the state and potential of the research unit i; Sj and
Pj represent the state and potential of the research unit j; Ai and Aj are dimensional
conversion coefficients; Sj + AjPj is an absolute niche; W is a weight. The indicators
of PLEFs measure the state in 2000, 2010, and 2020. The potential is measured by each
indicator’s average annual growth rate from 2000 to 2020, with a study period interval of
10 years and a dimensional conversion coefficient of 0.1.

Mi =
n

∑
j=1

Nij ×Wj (2)

In the formula, Mi indicates the comprehensive ecological niche of the PLEFs of the
region i, weighted by the three dimensions of production, living, and ecological function;
j represents the dimension, Nij indicates the ecological niche of the region i in the dimension
j, Wj represents the weight of the dimension j. Considering the importance of the synergistic
development of each function, the weight of these three dimensions is set to 1/3.
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2.2.3. PLEFs Functional Coupling Coordination model

With the PLEFs coupling coordination model, the coupling coordination degree of
PLEFs was measured to reflect PLEFs in the study area and spatially the level of collabora-
tive development.

C = 3

{
Pi × Ri × Ei

(Pi + Ri + Ei)
3

}1/3

(3)

T = αPi + βRi + γEi (4)

D = (CT)1/2 (5)

where: C indicates the degree of coupling, C ∈ [−1, 1]. The higher the value of C, the
stronger the correlation between functions; the lower the value of C, the weaker the
correlation between functions. The coupling degree is divided into four stages [71] (Table 2).
Pi, Ri, and Ei represent the total scores of PLEFs, respectively. T represents the coordination
coefficient, and α, β, and γ represent the undetermined coefficients of PLEFs set to 1/3,
respectively. D refers to coupled co-scheduling, reflecting the degree of coordination
between various functions. The coupling coordination degree is divided into 7 levels
(Table 3). The higher the value of D, the better the coupling and coordination between
various functions, and the higher the overall efficiency; The lower the value of D, the poorer
the coordination between various functions, and the more obvious the conflict.

Table 2. PLEFs and the coupling degree between the production-living.

Coupling Phase Coupling Type Degree of Coupling

Coordinated coupling period Highly coupled 0.8–1.0
Run-in period II Moderately coupled 0.5–0.8

Antagonistic period III Primary coupling 0.3–0.5
Low coupling period IV low-level coupling 0.0–0.3

Table 3. PLEFs and the coupling coordination type division between the two functions.

Coordination Phase Coupling Coordination Type Degree of Coordination

Coordinated period Highly coordinated 0.8–1.0
II Well coordinated 0.6–0.8

III moderate coordination 0.5–0.6
IV Essential coordination 0.4–0.5

Periods of misalignment V Primary dysregulation 0.3–0.4
VI moderate outrage 0.2–0.3

VII Severe dysregulation 0.0–0.2

Upon further analysis of the coupling coordination degree between the two pairs of
PLEFs, the coupling coordination model of PLEFs is refined into C1, C2, and C3:

C1 = 2

{
Pi × Ri

(Pi + Ri)
2

}1/2

C2 = 2

{
Pi × Ei

(Pi + Ei)
2

}1/2

C3 = 2

{
Ri × Ei

(Ri + Ei)
2

}1/2

(6)

T1 = αPi + βRi, T2 = αPi + γEi, T3 = βRi + γEi (7)

D = (CT)1/2 (8)

Referring to existing research [72]. the “production-living” coupling coordination
model T1: α = β = 0.5; In the “production-ecological” coupling coordination model
T2: α =0.55, γ = 0.45; In the “living-ecological” coupling coordination model T3: β =0.55,
γ = 0.45.
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2.2.4. The PLEFs Weigh the Degree of Synergy

Estimating the synergy/trade-off relationship between production, living, and ecology
further clarifies the spatial heterogeneity and correlation between PLEFs in Chongqing and
the synergistic/trade-off development relationship between them from the quantitative
and spatial perspectives. Ecosystem services trade-off degree (ESTD) is based on linear
data fitting and is a method for reflecting the interrelationships between ecosystem services.
The calculation method is:

ESCIi =
(ESia − ESib)

ESib
(9)

ESTDij =

(
ESCIi
ESCIj

− ESCIj
ESCIi

)

2
(10)

In the formula, ESia and ESib represent the values of the i type ES at moments a
and b, respectively; ESCIi is the index of change for the i type ES; ESCIj is the index
of change for the j type ES; ESTDij represents the trade-off synergy between ES types i
and j, ESTD negative value indicates that the ES between categories i and j is a trade-off
relationship, ESTD positive value indicates that the ES between categories i and j is a
synergistic relationship; The magnitude of the absolute value of ESTD reflects the level of
trade-off and synergy.

2.3. Data Sources and Preprocessing
2.3.1. Data Sources

Socioeconomic data are mainly from the Chongqing Statistical Yearbook (Website:
http://tjj.cq.gov.cn/, accessed on 6 June 2022); The data on total water resources and
forest coverage are from the Chongqing Bulletin of Water Resources (Website: http://
slj.cq.gov.cn/, http://tjj.cq.gov.cn/, accessed on 6 June 2022) and the Chongqing Forest
Resources Bulletin Website: http://lyj.cq.gov.cn/, http://tjj.cq.gov.cn/, accessed on 6 June
2022); land degradation index, habitat abundance index [8,69]) and other statistics are
provided by the Geospatial Data Cloud of the Chinese Academy of Sciences (Website:
http://www.gscloud.cn/, accessed on 6 June 2022). For land areas of 30 m × 30 m,
data extraction calculations are performed. Due to the difference in statistical caliber, the
data of Wansheng District and Shuangqiao District in 2000 and 2010 were classified as
Qijiang District and Dazu District, respectively, based on the existing administrative district
planning. For individual missing data, SPSS software was used.

2.3.2. Data Preprocessing

PLEFs index system involves 17 indicators, such as grain yield, land reclamation
rate, and average industrial output value. Based on different efficacy, the extreme value
method was used to eliminate the influence of dimensionality to normalize the positive
and negative indicators and their average annual growth so that the processed value range
was [−1,1]. The closer the value is to 1, the higher its power.

X′ij =
Xij −Minj

Maxj −Minj
(Positive indicator) (11)

X′ij =
Maxj − Xij

Maxj −Minj
(Negative indicator) (12)

Formula: X′ij indicates i the normalized value of j the regional indicator; Xij indicates
the actual value of i the regional j indicator; and Maxj indicates Minj the j maximum and
minimum values of the first indicator.

324



Land 2023, 12, 1010

2.4. Technical Route

This paper adheres to the problem-oriented and goal-oriented and adopts the technical
route of “problem-raising—previous preparation—problem analysis—problem-solving”
(Figure 2). The problem-raising stage mainly explains the research background, status,
objectives, method, and value. The previous preparation stage mainly includes literature
review, data collection and preprocessing, research framework, and constructing the index
system of PLEFs. The problem analysis stage mainly analyzed the spatiotemporal evolution
characteristics, evenness and coordination degree, and trade-off synergy of PLEFs in the
study area. The contributions and shortcomings of the research are analyzed to optimize the
spatial pattern of the county land effectively. The problem-solving stage mainly includes
research contributions and research conclusions. The solution measures that effectively
weigh the functional relationship of PLEFs in the coordinated county are proposed. The
contributions and shortcomings of the research are analyzed to optimize the spatial pattern
of the county land effectively.
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3. Results and Analysis
3.1. Characteristics of the Spatiotemporal Bureau of PLEFs in Chongqing City
3.1.1. Ecological Niche Evolution

The ecological niche width of PLEFs in 38 counties in Chongqing in 2000, 2010 and
2020 was measured by data visualization mapping analysis (Figure 3). To better present the
mapping effect, the calculated values of a production function, living function, and total
niche width of Yuzhong District are much higher than those of other counties, so the data
of Yuzhong District are not added to the chart.
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1. Production function niche width

From 2000 to 2020, the ecological niche width of production functions in Chongqing
generally showed a growth trend, and the high-value areas were mainly located in the main
urban areas, of which Yuzhong District (0.5437–0.4104) consistently ranked first, as the
only area in Chongqing that did not have agricultural production and achieved complete
urbanization, with the financial industry, commerce and trade as the leading industries, the
financial contribution rate, The economic density advantage is obvious. Dadukou District
(0.0703–0.0480) production function niche width downward trend is significant, as the
former bearing place of Chongqing iron and steel industry, due to the overall relocation of
heavy steel, the industrial output value and fiscal revenue have a lot of impact, is trying
to explore a new path for the transformation and development of the old industrial base
in the urban area, and the rest of the areas show stable growth with slight fluctuations.
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The low-value area is mainly located in the northeast, among which the well-developed
and representative ones are Wanzhou (0.0060–0.0073), Matjiang (0.0062–0.0080), Liangping
(0.0053–0.0073), as well as the southeast of Yu, of which Xiushan (0.0048–0.0059) is relatively
prominent, but also limited by topography, traffic factors, although most of the production
function ecological niche width continues to expand, in agricultural production is relatively
good, and industrial development. In the future, the urban agglomeration of the Three
Gorges Reservoir Area in the NE and the urban agglomeration in the Wuling Mountain
Area in the SE and the main urban area will be further promoted, forming an industrial
pattern of differentiated development and coordinated development.

2. Ecological niche width of living functions

From 2000 to 2010, most areas generally showed an expansion trend, while the main
urban areas showed a contraction or flat trend from 2010 to 2020, and the southeast and NE
regions continued to expand as a whole. Specifically, areas with high ecological niche width
of living functions were concentrated in the main urban areas, including Yuzhong District
(0.2351–0.1722), Jiangbei District (0.0636–0.0.0611), and Shapingba District (0.0553–0.0878).
and Banan District (0.0185–0.0257) showed improved living functions significantly. The
living security and social service levels in housing, transportation, medical care, culture,
and other aspects of high-value areas are generally better, and the quality of living index
is high, so it is livable. The low-value areas were mainly located in the southeast and
northeast of Chongqing, among which the living function of Zhongxian (0.0120–0.0164)
and Xiushan (0.0124–0.0154) was significantly improved. The variation in the ecological
niche width of living functions showed two states. The main urban areas with a high
urbanization rate and more reasonable industrial structures tended to shrink or have
stable development. The living space was relatively saturated and may be squeezed by
production and ecological space. Compared with the backward urban agglomerations in
the SE and NE, the urbanization rate needs to be improved. Various living guarantees such
as medical care, housing, and transportation need to be improved and living space will be
further expanded.

3. Ecological function niche width

From 2000 to 2020, the ecological niche width of ecological functions in Chongqing
showed a steady development trend. High-value areas are primarily concentrated in the SE
and NE, represented by Chengkou County (0.0864–0.0705), Wuxi County (0.0681–0.0755),
Youyang County (0.0455–0.0567), etc., with high forest coverage and abundant water re-
sources. The ecological carrying capacity is relatively strong, and the ecological advantages
are significant, consistent with its geographical advantages and development positioning
along the mountains and rivers. They cultivate urban corridors along the river, promote
the ecological priority green development of urban agglomerations in the Three Gorges
Reservoir Area in NE, coordinate the development of characteristic resources such as ethnic
customs, history and humanities, and ecological health care, and promote Chongqing
integrated development of cultural tourism in urban groups in Wuling Mountainous Area
in southeast China. Low-value areas are primarily located in the main urban area, limited
by factors such as scarcity of land resources and industrial development positionings,
such as Yuzhong District (0.0096–0.0091), Shapingba District (0.0150–0.0122), and Dazu
District (0.0140–0.0093). Taking Dazu District as an example, it is a robust industrial area
dominated by hardware, automobile, intelligence, and other industries. Natural resources
are relatively scarce. Ecological carrying capacity is poor and ecological space is squeezed
by production space: Nanchuan District (0.0332–0.0367), Fuling District (0.0223–0.0235).
Nanchuan District is also known as the “urban back garden,” with rich ecological resources
and good ecological functions.

4. The comprehensive niche width of PLEFs

From 2000 to 2020, the total niche width of PLEFs in Chongqing showed the char-
acteristics of fluctuating changes. The high-value areas were mainly concentrated in the
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main urban area, with Yuzhong District (0.2628–0.1972), Shapingba District (0.0370–0.0547),
Jiangbei District (0.0460–0.0535) and other areas as the representative areas, mainly due
to industrial agglomeration, high level of economic development, with production and
living functions to drive the overall efficiency of the region, or create production and
lifetime value with higher ecological functions and improve the overall coordination level
of PLEFs, such as Chengkou County (0.0333–0.0293) and Wuxi County (0.0269–0.0293) and
other parts of the NE. The comprehensive ecological niche range of PLEFs in most areas is
similar. A trend of fluctuation and alternating development within a specific range shows
that PLEFs constantly compete and squeeze each other. It is necessary to optimize the
industrial structure further and promote “production-living-ecological” spatial synergy,
orderly integration, and balanced development.

3.1.2. Temporal and Spatial Correlation Analysis

Through Formula (6), the global spatial autocorrelation values of Chongqing’s PLEFs
can be calculated to test whether the study area has an overall spatial correlation. Table 4
shows that the test statistic Z score of the Global Moran’s I Index of PLEFs from 2000 to 2020
was significantly more significant than the test threshold of 1.65, and the significance test of
10% was passed. The results show that the spatial distribution of production, living, and
ecology in Chongqing from 2000 to 2020 shows significant spatial autocorrelation, showing
a significant agglomeration distribution trend. Among them, the Z score of ecological
function fluctuated slightly.

Table 4. Global Moran’s I Index of functional niche width of “production-living-ecological” in
Chongqing, 2000–2020.

Year

Global Moran’s I Z-Score

Production
Features

Living
Function

Ecological
Function

Production
Features

Living
Function

Ecological
Function

2000 0.1056 0.2845 0.5872 4.1926 5.2513 5.9643
2010 0.1717 0.4645 0.6007 5.0186 5.8778 5.8525
2020 0.2119 0.4768 0.6405 5.1811 6.0668 6.0518

From the time change trend perspective, the global Moran’s I Index of PLEFs from 2000
to 2020 was more significant than 0 and gradually increased. It shows a spatial similarity
in the adjacent counties, and the autocorrelation and spatial agglomeration distribution
phenomena are also increasing, showing a positive spatial correlation. Among them, the
global Moran’s I of ecological function increased from 0.5872 to 0.6405, which is more
spatial correlation than production and living functions; The living function is second, and
the production function is lower.

Due to the differences in the spatial autocorrelation level between different spatial
units and adjacent areas in the study area, the Local Moran’s I Index was further used to
analyze the spatial correlation between the spatial distribution of PLEFs in Chongqing and
the neighboring areas with the help of the significance LISA map.

• Production function

From 2000 to 2020, Chongqing’s spatial distribution of production functions changed
little. In 2000, the production function area had 5 hot and 12 cold spots. From 2010 to
2020, the number of cold spots increased to 14; the hot spot area remained unchanged.
The proportion of the two increased, which showed that the agglomeration characteristics
of production function space were strengthened. The low-value agglomeration areas of
production functions are mainly located in the northeast and southeast of Chongqing. The
high-value agglomeration areas are located in the main urban area.

• Living function

From 2000 to 2020, Chongqing’s spatial distribution of living functions fluctuated. In
2000, there were 5 hot spots and 12 cold spots in the living function area. From 2010 to 2020,
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cold spots increased to 13 and then decreased to 11. The living function in SE showed the
agglomeration characteristics of strengthening and weakening, and the hot spots remained
unchanged. The agglomeration characteristics of living function space show a weakening
trend. The high-value agglomeration area is located in the core area of the central city, and
the proportion of the number of the two decreases.

• Ecological function

From 2000 to 2020, Chongqing’s spatial distribution of ecological function changed
significantly (Figure 4). In 2000, there were, respectively, ecological functions of 5 hot spot
and 15 cold spot areas, and from 2010 to 2020, the number of hot spots increased from
6 to 7, and the number of cold spots decreased from 14 to 13 and added 1 sub-cold spot
area—Kaizhou District. In general, the characteristics of low-value accumulation in the
main urban area were weakened, and the ecological function improved significantly. The
clusters of high-value agglomeration areas were distributed in the NE and SE. The agglom-
eration characteristics in the NE were weakened, the agglomeration characteristics in SE
were strengthened, and the proportion of quantity strengthened the spatial agglomeration
characteristics of ecological function.
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3.2. Coupling and Coordination Analysis of PLEFs in Chongqing City

The coordinated development level of PLEFs in various districts and counties in
Chongqing is worthy of our in-depth understanding. This article calculates the PLEFs in 38
counties of Chongqing in 2000, 2010, and 2020, as well as the coupling degree and coordi-
nation scheduling between the two functions (Figures 5 and 6). Referring to the existing
research results of Chen et al. (2006) [73] and Wang and Tang (2018) [74], the frequency
statistical analysis method is used to group statistics on the coupling and coordination
degree of PLEFs and the two functions to draw the evolution curve of the coupling and
coordination degree of PLEFs in Chongqing from 2000 to 2020 (Figures 7 and 8).
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3.2.1. Coupling and Coordination Analysis of PLEFs

From the spatial point of view, the functional coupling degree of “production-living-
ecological” functions in Chongqing presents a distribution trend of “high in the west
and low in the east,” and the regional differentiation is significant. The areas with high
coupling degrees are mainly concentrated in urban areas. The areas with low coupling
degrees are concentrated in Chengkou County, Wuxi County, and Wushan County in
the NE. From the time perspective, the overall functional coupling of “production-living-
ecological” in Chongqing has improved. The highly coupled areas with the main urban
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area as the core have continuously spread to the NE. From 2000 to 2020, Chongqing’s
average coupling degree of “production-living-ecological” increased from 0.73 to 0.82. It
gradually entered the coordinated coupling from the running-in period, showing a solid
benign promotion effect. However, some counties have fluctuated, such as Kaizhou County,
which has undergone the “first increase and then decrease” of “running-in-coordinated
coupling-running-in.”

Specifically, in 2000, the overall degree of medium and high coupling was the mainstay,
the highly coupled areas were mainly concentrated in the main urban areas, and the degree
of interaction between functions was substantial. Among them, the primary coupling
area, the medium coupling area and the highly coupled area accounted for 13.16%, 44.74%,
and 42.11%, respectively. At this stage, Chongqing focused on economic development
and urban construction, which squeezed ecological functions into production and living
functions. In most regions, the coupling degree of PLEFs is in the intermediate and
advanced coupling stages. In 2010, the proportion of regions in the primary and medium
coupling stages decreased to 5.26% and 28.92%, respectively. The proportion of highly
coupled areas increased significantly to 65.79%. Dianjiang County, Liangping County, and
Kaizhou County were the main increased areas. At this stage, Chongqing gradually realized
the guaranteed role of ecological functions in production and living functions, further
improved the intensity of ecological functions, and promoted the degree of coupling. In
2020, compared with 2010, although the coupling degree in local areas decreased, the highly
coupled areas decreased to 63.16%. The moderately coupled areas increased to 31.58%,
mainly dominated by the coordinated coupling period. Chongqing advocated sustainable
development and combined economic development with ecological construction at this
stage. It promoted the peaceful development of the coupling degree of PLEFs in Chongqing
through ecological compensation policies such as “returning farmland to the forest.”

The coupling and coordination degree of PLEFs shows the spatial distribution trend
of “high in the west and low in the east” as a whole. From the primary offset to the well-
coordinated evolution trend, the average level of coupling coordination increased from 0.45
to 0.48. High-value areas are mainly developed with the main urban area as the core and
outer. Specifically, in 2000, the coupling coordination degree of Chongqing was between
[0.31, 0.72]; the highest value was in Yuzhong District and the lowest was in Yunyang
County. Yuzhong District mainly uses production and living functions to drive the overall
efficiency of the area. Including three types: primary disorder, essential coordination, and
good coordination, it accounts for 84.21%, 13.16%, and 2.63%, respectively. However, the
coordination stage accounts for a small proportion, most of which are in the primary disor-
der stage. In 2010, the coupling coordination degree of Chongqing was between [0.35, 0.67],
and the highest value was in Yuzhong District, but the degree of coordination decreased. It
is mainly related to the fact that the ecological function is lower than that of production
and ecological function, and the lowest value is in Tongnan District. It included four types:
primary disorder, essential coordination, moderate coordination, and good coordination,
accounting for 34.21%, 50.00%, 13.16%, and 2.63%, respectively. Compared with 2000,
the proportion of primary dysregulation stages has decreased significantly, and moderate
coordination phases have begun to appear. However, half of the regions are still in the
primary coordination stage. In 2020, the coupling co-scheduling in Chongqing was be-
tween [0.35, 0.67], with the highest value being Yuzhong District and the lowest value being
Dazu District. It included four types: primary disorder, essential coordination, moderate
coordination, and good coordination, accounting for 31.58%, 60.53%, 5.26%, and 2.63%,
respectively. Compared with 2010, the proportion of essential and moderate coordination
has increased slightly, and the overall coordination is still in the primary coordination stage.
Combined with the evolution curve of coupling coordination (Figures 3–6), the coupling
coordination degree of PLEFs in Chongqing presents an inverted “U” shaped evolution
trend. It shows that the gap in the degree of coupling and coordination of PLEFs will be
further widened as a whole. When it reaches a certain extent, it will change into a shrinking
trend, gradually coordinate the development, and finally, achieve spatial synergy.
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3.2.2. Coupling and Coordinated Analysis of Two Functions

• “Production-living” function

From 2000 to 2020, the average coupling degree of the “production-living” function
in Chongqing increased from 0.94 to 0.96, which has always shown a substantial mutual
promotion effect. However, it showed a fluctuating development trend, and the proportion
of moderately coupled areas changed from 18.42–5.26–13.16%, which was highly coupled.
The regional proportion changed from 81.58% to 94.74% to 86.84%. It relates to relocating
industries in Jiulongpo, Shapingba, and other areas or transforming the industrial center of
gravity in Youyang and other places to tertiary industries such as tourism, reducing the
production function, causing a decrease in the coupling degree. This decreases in coupling.
“production-living” is the essential demand function of residents’ living and economic
development. The two promote each other and continue to develop in the direction of
coordinated coupling.

The functional coupling coordination degree of “production-living” shows the de-
velopment characteristics of “high in the west and low in the east” and from moderate
imbalance to high coordination, showing a solid phenomenon of spatiotemporal differen-
tiation. The average level of coupling coordination increased from 0.31 to 0.37, and the
high-value areas mainly developed from the main urban area as the core to the outer layer.
Specifically, in 2000, the coupling coordination degree was between [0.20, 0.96]; the highest
value was Yuzhong District, and the lowest value was Wuxi County, among which there
were mainly moderate imbalances, primary imbalance and essential coordination sum.
There were four types of highly coordinated coordination, accounting for 71.05%, 13.16%,
13.16%, and 2.63%, respectively. The geographical differentiation is apparent, showing the
development of fault-type and zonal stages of “essential coordination-high coordination,”
most of which are in the moderate imbalance stage. In 2010, the coupling coordination
degree was between [0.25, 0.86]; the highest value was in Yuzhong District, but the co-
ordination degree decreased. The lowest value was in Wuxi District, which mainly had
moderate imbalance, primary imbalances, and essential coordination. There were five
types, moderate coordination and high coordination, accounting for 23.68%, 52.63%, 7.89%,
13.16%, and 2.63%, respectively. Compared with 2000, the proportion of moderate dysreg-
ulation stage decreased significantly and began There is a moderate coordination phase,
with most areas in the primary disorder stage; In 2020, the coupling coordination degree
was between [0.26, 0.86]; the highest value was in Yuzhong District, and the lowest value
was in Youyang County, among which there were mainly moderate imbalance, primary
imbalance, essential coordination, moderate coordination, There are six types of good
coordination and high coordination, accounting for 23.68%, 57.89%, 10.53%, 2.63%, 2.63%,
and 2.63%, respectively. Compared with 2010, geographical differentiation was further
intensified, and the scope of primary imbalance expanded. For example, the longevity
zone regressed from the prior coordination stage to the primary disorder stage, and the
proportion of good coordination increased. The evolution curve of coupling coordination
also shows that the level of “production-living” function coordination has a downward
trend. In general, the “production-living” function shows the difference between high
coupling and low coordination; with the continuous improvement of urbanization and
economic development levels, living conditions have been improved, and living standards
have been further improved. The two complement each other and restrict each other. It is
consistent with the conclusions obtained from the above production characteristics and
ecological niche widths. The development speed between the two is not matched, and the
living function needs to be stronger than the production function.

• “Production-ecological” function

From 2000 to 2020, the average coupling degree of the “production-ecological” function
in Chongqing increased from 0.81 to 0.83, which was in the period of coordinated coupling.
High-value areas are mainly concentrated in the main urban area and the northeast Yu
region, such as Dianjiang County, Liangping County, and Zhong County. The overall
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number included three types: primary coupling, moderate coupling, and coordinated
coupling, and the regional proportions varied from 0% to 2.63%, respectively −2.63%,
44.74–36.84–36.84%, 55.26–60.53–60.53%. 2010–2020, through environmental remediation,
pay attention to ecological function restoration, the transformation of production methods,
strict management of production pollutants, and encourage the development of green
production methods so that the production the coupling degree of “ecological” function
has been significantly improved.

The coupling coordination degree of the “production-ecological” function shows the
development characteristics of “high in the east and low in the west” and from primary
imbalance to medium coordination. The average level of coupling coordination increased
from 0.43 to 0.44, and the high-value areas were mainly distributed in SE and NE. Specifi-
cally, in 2000, the coupling coordination degree was between [0.38, 0.64]; the highest value
was Yuzhong District, and the lowest value was Beibei District, among which there were
mainly primary imbalance, essential coordination, and moderate. The three types, account-
ing for 18.42%, 78.95% and 2.63% respectively, are mainly in the primary coordination
stage. In 2010, the coupling coordination degree was between [0.38, 0.61]; the highest value
was in Yuzhong District, but the coordination degree decreased, and the lowest value was
in Tongnan District, among which there were mainly primary imbalances, essential and
moderate coordination and good coordination of four types, accounting for 7.89%, 84.21%,
5.26%, and 2.63%, respectively. Spatial synergy has been further enhanced compared to
2000. In 2020, the coupling coordination degree was between [0.35, 0.59]; the highest
value was in Yuzhong District, and the lowest value was in Dazu Region, among which
there were mainly primary imbalance, essential coordination and medium. There were
three types of degree coordination, accounting for 13.16%, 78.95%, and 7.89%, respectively.
The phenomenon of geographical differentiation intensified, and the synergy between
SE and NE was enhanced. Some areas of the main urban area show low-value synergy
and scattered distribution, and the overall “production-ecological” function shows the
characteristics of alternating changes and small fluctuations.

• “Living-ecological” function

From 2000 to 2020, the average functional coupling degree of the “living-ecological”
in Chongqing increased from 0.69 to 0.84, gradually entering the period of coordinated
coupling from the running-in period. Although there are fluctuations in local areas, such
as Qianjiang, which has experienced the “running-in-coordinated coupling-running-in”
process, it generally shows prominent growth characteristics. Among them are three
types: primary coupling, moderate coupling, and coordinated coupling, and the regional
proportion changes are 18.42–0–2.63%, 52.63–34.21–36.84%, 28.95–65.79–60.53%. With
the development of the economy, people pay more and more attention to the impact
of the ecological environment on the quality of living and then adopt measures such
as comprehensive ecological improvement and the construction of a green and livable
environment to promote harmonious coexistence between man and nature. However,
in recent years, due to the construction of a livable environment, excessive emphasis on
construction and neglect of management has weakened ecological functions and low-level
development. Therefore, the coupling degree of the “living-ecological” function has a
downward trend.

The functional coupling coordination degree of the “living-ecological” shows the over-
all development characteristics of “high in the east and low in the west” and from moderate
imbalance to well-coordinated development. The average level of coupling coordination in-
creased from 0.38 to 0.46. Compared with “production-living” and “production-Ecological”
functions, the level of coupling coordination increased significantly, and the level of coordi-
nated development of different regions in different years differed. In 2000, the coupling
coordination degree was between [0.28, 0.66]. The highest value was in Yuzhong District,
and the lowest was in Tongnan District, among which there were mainly moderate im-
balances, primary imbalance, essential coordination, and sound. There were four types
of coordination, accounting for 5.26%, 73.68%, 18.42%, and 2.63%, respectively. Mainly
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in the primary co-offset phase; In 2010, the coupling coordination degree was between
[0.36, 0.61]; the highest value was Yuzhong District, but the coordination degree decreased,
and the lowest value was Tongnan District, among which there were mainly primary
imbalances, essential coordination and moderate coordination and good coordination of
four types, accounting for 7.89%, 63.16%, 26.32%, and 2.63%, respectively. Compared with
2000, more than half of the regions have entered the primary coordination stage, and the
spatial synergy relationship has been further enhanced; In 2020, the coupling coordination
degree was between [0.34, 0.63]; the highest value was Yuzhong District, and the lowest
value was Dazu Region, among which there were mainly primary imbalance, essential
coordination and moderate There were four types of coordination and sound coordina-
tion, accounting for 15.79%, 63.16%, 18.42% and 2.63%, respectively, the phenomenon of
geographical differentiation intensified, the synergy between the SE and NE increased.
Some areas of the main urban area regressed to the primary disorder stage and showed the
characteristics of agglomeration distribution; the evolution trend of the “living-ecological”
and “production-ecological” functions are similar, showing the characteristics of alternating
and fluctuating development.

3.3. Synergy Trade-Off Analysis of PLEFs in Chongqing City and County

To deeply explore the trade-off synergy between production, living, and ecological
functions in Chongqing, 38 counties were used as the essential units to study the PLEFs
of counties in 2000, 2010, and 2020. The matrix distribution of PS, LS, and ES values can
better express the spatial interaction relationship between the two functions adjacent to the
region and the spatiotemporal evolution characteristics (Figure 9).

3.3.1. The Degree of Trade-Off Synergy of PLEFs of the County

As shown in Figure 9, from 2000 to 2010, 20 counties in Chongqing weighed off the
synergy between “living and production,” accounting for 52.63%. Among them, Jiangbei
District has the strongest trade-off (−17.71). 18 counties showed synergistic relationships,
accounting for 47.36%. The Dadukou District has the highest degree of synergy (6.96).
For the “living-ecological” functional trade-off synergy, 18 counties showed a trade-off
relationship, accounting for 47.36%. Among them, Jiangbei District still has the most robust
trade-off relationship (−17.71); 20 counties showed synergistic relationships, accounting for
52.63%. Among them, Yubei District has the highest synergy (54.11). For the “production-
ecological” functional trade-off synergy, 24 counties showed the trade-off relationship,
accounting for 63.15%. Among them, Yuzhong District had the strongest trade-off (−14.01);
14 counties showed synergistic relationships, accounting for 36.84%. Among them, Yubei
District still has the highest synergy (48.91).

Between 2010 and 2020, 18 counties in Chongqing were regarded as the “living-
production” functional trade-off synergy. The proportion was 47.36%. Among them,
Qijiang District has the strongest trade-off (−11.18). 20 counties showed synergy, ac-
counting for 52.63%. Wulong District has the highest degree of synergy (86.49). For the
“living-ecological” functional trade-off synergy, 18 counties showed a trade-off relationship,
accounting for 47.36%. Among them, Zhongxian had the strongest trade-off (−10.30);
20 counties showed synergistic relationships, accounting for 52.63%. Jiangjin District had
the highest synergy (23.42). For the “production-ecological” functional trade-off synergy,
23 counties showed a trade-off relationship, accounting for 60.52%. Wanzhou District
had the strongest trade-off (−29.42); 15 counties showed synergy, accounting for 39.47%.
Among them, Wulong District has the highest synergy (78.05).

3.3.2. The Trade-Off Synergy Relationship of PLEFs in the County from 2000 to 2020

In the first ten years, among the 38 counties in Chongqing, the trade-off between
“living-production” and “living-ecological” functions in Jiangbei District was the strongest,
and the coordination level of “living-ecological” and “production-ecological” functions
in Yubei District was the highest. The “living-production” function in Dadukou District
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has the highest degree of synergy, and the trade-off relationship between the “production-
ecological” function in Yuzhong District is the strongest. In the following decade, the
counties with the strongest trade-off between the “living-production” function, “living-
ecological” function, and “production-ecological” function were Qijiang District, Zhongx-
ian County, and Wanzhou District. Wulong District has the highest degree of “living-
production” function and “production-ecological” function synergy, and Jiangjin District
has the highest degree of “living-ecological” function. On the whole, in the past 20 years,
the “living-production” function in Chongqing has changed from a trade-off to a collab-
orative development relationship, the “living-ecological” function is generally based on
the collaborative development relationship, and the trade-off constraint relationship domi-
nates the “production-ecological” function. Moreover, the coordinated development level
of “living-production,” “living-ecological,” and “production-ecological” functions in the
central urban area has been dramatically improved. In contrast, the counties in SE and NE
have gradually shown different degrees of trade-offs.
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4. Discussion
4.1. Contributions and Deficiencies

Based on the connotation and characteristics of PLEFs, this paper constructs the index
system of PLEFs from various aspects, such as agricultural production, economic devel-
opment, livelihood security, social services, ecological pressure, and ecological carrying
capacity. Our research enriches the theoretical framework for optimal county land develop-
ment and spatial patterns in China. Based on the connotation and characteristics of PLEFs,
this paper constructs the index system of PLEFs from various aspects, such as agricultural
production, economic development, livelihood security, social services, ecological pressure,
and ecological carrying capacity. Previous studies have only emphasized the relationship
between PLEFs, focusing on the impact of space function on land space utilization. How-
ever, the degree of synergy and balance between PLEFs needs to be discussed in depth [75].
Therefore, this paper focuses more on the discussion of the impact between functions,
provides a new method for coordinating the relationship between human activity intensity
in counties from the perspective of PLEFs [45,76,77], and provides a scientific basis for
optimizing and adjusting the relationship between PLEFs according to local conditions.

(1) By introducing the ecological niche situation theory [78], the interrelationship
between PLEFs was explored based on the microscale of the county [79]. Previous studies
have explored PELFs from a single perspective, such as rural, regional, or urban ecological
functions [80,81]. However, the territorial space of a given region involves both urban and
rural areas. Therefore, this paper reveals the temporal and spatial evolution law from the
entire county and combines GIS spatial analysis and correlation analysis to help explore the
functional synergy/balance relationship of “production-living-ecological” from the spatial
and quantitative levels, clarify the interaction of PLEFs, and provide a new perspective.

(2) As with many research results, the correlation between PLEFs in typical regions
is measured. The dynamic changes and spatial differentiation patterns of the relationship
between PLEFs in the study area are systematically studied. However, in this paper,
the moderating effect model is further used to identify the driving role of several basic
urbanization factors on the evolution of the relationship between PLEFs [82]. Adopting the
composition of the interaction technology between different functions in PLEFs can help
identify environmental factors that impact the spatial pattern of land development.

(3) In this paper, an evaluation model suitable for the functional niche width of
“production-living-ecological” in the county was constructed; when measuring the width
of a single ecological niche, each subsystem in the PLEFs is regarded as an independent
unit, which effectively avoids interference and reveals the trade-off synergy between PLEFs
in the county. The paper highlights the trade-offs and synergies between the PLEFs and
supports assessing the spatial pattern of land development. Once again, the trade-offs
and synergies between PLEFs are demonstrated, and the results are consistent with the
current study [83]. This new technical framework can help provide theoretical guidance for
regional sustainable development.

However, it should be pointed out that the research methods and research ideas of
this paper still need to be improved:

(1) Due to the inconsistency of the statistical caliber of each county in the study area,
coupled with the dilemma of data acquisition and limited technology, the data sources
of some indicators have been replaced. Although explained in the text, there may also
be the problem that the evaluation of PLEFs is not accurate enough, the research scale
needs to be further refined, and measures and precise measures are implemented
according to local conditions to make a systematic and overall evaluation of the
coordinated development level of PLEFs.

(2) Dynamic changes with time accompany the functional relationship of “production-
living-ecological” in the county. The selected indicators in this paper mainly focus
on the current and past periods and the future-oriented indicators. The complex
relationship between them also needs to be further explored, so the continuity and
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dynamic transformation characteristics of the trade-off synergy of long-time series
analysis must be further studied.

(3) Many biological processes and physical and chemical mechanisms in the PLES in the
county. In the future, it is necessary to strengthen the exploration and analysis of bio-
logical, physical, and chemical processes and pay more attention to the interpretation
of biological, physical, and chemical processes to clarify the driving mechanism of
PLEFs better to improve the resilience and stability of the ecosystem and promote
sustainable development under the effective synergy of PLEFs.

4.2. Policies and Recommendations

Based on the above analysis and demonstration, combined with the spatiotemporal
pattern and evolution characteristics of PLEFs in Chongqing and the degree of coordination
between functions, corresponding optimization strategies are proposed according to the
economic level, human settlement environment, ecological pattern, and other conditions.

(1) For the main urban metropolitan areas with “production living” functional advan-
tages, each district should take economic development as the premise, ecological
protection as the foundation, and improving the quality of life as the goal, strengthen
economic ties, coordinate the development, avoid low-level, repetitive construction of
homogeneous and disorderly competition, and radiate and drive the economic devel-
opment of the NE and SE. For the NE and SE, which has the functional advantages of
“production ecology” and “living ecology,” the NE and SE regions should utilize the
advantages of the natural environment and landscape resources, encourage the devel-
opment of a “low-carbon economy,” complement and compete with the advantages
of the main urban areas, and form a sizeable industrial pattern of differentiated and
coordinated development, and explore the integrated development path of PLEFs.

(2) Overall, the development trend of PLEFs coupling coordination in Chongqing presents
a benign trend. The “production-living” function is mainly low-level imbalance, so it
is more feasible to improve the coordination of PLEFs. When formulating policy mea-
sures, we should focus on improving the people’s living standards and strengthening
infrastructure construction to improve the green living index. The main urban area
should improve the livability of living space, promote the progress of new energy
technology, upgrade and transform industrial industries, and promote supply-side
structural reform. Use benign and green industrial development to meet people’s
growing needs for a better living. In terms of “production-ecological” and “living-
ecological” functions, it is necessary to strengthen further the concept of “green water
and green mountains are golden mountains and silver mountains,” change the tra-
ditional industrial development model, adjust and optimize the economic structure,
vigorously develop the ecological economy and circular economy, and continuously
promote the normalization and institutionalization of ecological governance, to pro-
mote Chongqing’s road of “ecological priority and green development.”

5. Conclusions

Exploring the trade-off synergy between the three leading functions of production,
living, and ecology in the county is the critical link to realizing the optimization and
integration of PLES, rationalizing the order of spatial development, coordinating urban-
rural relations, improving regional competitiveness, and promoting rural revitalization.
This article combines the research methods of ecological niche situation theory, PLEF spatial
theory, coupling coordination model, and trade-off synergy to quantitatively measure
PLEFs and the coupling coordination degree between the three eight counties in Chongqing,
and analyze the evolution characteristics of their spatiotemporal patterns. The following
conclusions were reached:

(1) Significant diversity exists in Chongqing’s spatiotemporal differentiation characteris-
tics of PLEFs. During the study period, the overall growth trend of production niche
width, the high-value area was mainly located in the UC, and the downward trend in
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the Dadukou district was noticeable. The width of the living niche showed fluctuating
and zonal growth, and most areas generally showed an expansion trend from 2000 to
2010, while the main urban areas showed a contraction or flat trend from 2010 to 2020.

(2) PLEFs and the coupling degree between the two functions in Chongqing City and
county show the distribution characteristics of “high in the west and low in the east,”
and the whole is moving towards the stage of coordinated coupling. Among them,
the “production-living” function has the highest coupling level and the most robust
interaction between the two, while the “production-ecological” function and the
“living-ecological” function are the second.

(3) The spatial and temporal differences in the coupling and coordination degree of PLEFs
in Chongqing City and County are significant. Overall, it is manifested as “high in
the west and low in the east” and from the primary imbalance to a well-coordinated
development feature. It presents an inverted “U” shaped evolutionary trend. It means
that with further development, the gap in the degree of coupling and coordination of
PLEFs in each county will be further expanded and narrowed.

(4) On the whole, in the past 20 years, the “living-production” function in Chongqing
has changed from a trade-off to a collaborative development relationship, the “living-
ecological” function is generally based on the collaborative development relationship,
and the trade-off constraint relationship dominates the “production-ecological” func-
tion; Moreover, the coordinated development level of “living-production,” “living-
ecological,” and “production-ecological” functions in the central urban area has been
dramatically improved, while the county has gradually shown different degrees
of trade-offs.
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Abstract: Macau’s urban development model has many unique characteristics, including expansion
of the city through sea reclamation, increasing population mainly through immigration, and economic
development driven by the gaming industry. Based on data from the Macau Statistics and Census
Service, this study uses the Error Correction representation of the Autoregressive Distributed Lag
model (ARDL-ECM) to analyze the impact of urban development on the trends of immigration
and labor migration in Macau between 1992 and 2019. Results show that both land area and wage
level have positive effects on the number of migrant workers and negative effects on the number
of immigrants, indicating that Macau is over-dependent on short-term migrant workers. Macau’s
land and human resources are tilted towards the gaming industry, resulting in a decreasing living
environment and resident carrying capacity as the city develops. Therefore, this paper suggests
that Macau should reduce the cost of city expansion and improve economic diversity through
strengthening cooperation with neighboring mainland cities, hence sparing resources to absorb
non-local talent and ensuring sustainable urban development.

Keywords: migrant workers; immigrants; land shortage; labor shortage

1. Introduction

The measurement of city development is multidimensional, and area, population and
economic volume are often regarded as its most important indicators. Macau has shown its
uniqueness in all these aspects. Around two-thirds of Macau’s land was reclaimed from the
sea and over half of its current population consists of immigrants or migrant workers [1].
Although its immigration policies have been gradually tightened in the recent decades,
Macau’s population density still fluctuates up to around 20,000 people per square kilometer,
making it one of the most crowded regions in the world. On its 32.9 km2 land, Macau has
created an economic miracle and established the “Las Vegas of Asia”, with its gross gaming
revenue surpassing Las Vegas in 2006 and per capita GDP reaching the second place in the
world in 2019 [2,3].

Due to the extreme scarcity of land and the decline of traditional competitive indus-
tries, Macau has chosen to focus on developing its gaming–tourism industry in recent
decades [4]. The Macau government auctions off six gaming business licenses to large
companies, developing a gaming–tourism industry in which over half of the employees are
non-local workers and consumers are tourists. Such an economic model shares similari-
ties with convention and exhibition economy: low cost, high flexibility and high output
multipliers [5]. However, Macau’s booming gaming industry has significantly more nega-
tive social outcomes and has suppressed the development of other industries [4,6]. With
gaming–tourism industry as its only pillar, Macau’s economy became strongly dependent
on the external environment and lacks economic resilience [7]. The grand casino hotels
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occupying a huge area have also suppressed housing construction in Macau [8], which
makes it difficult for Macau to accommodate new immigrants.

Despite the great contribution of migrant workers to Macau’s urban development,
Macau’s migration policies have been rather controversial in view of its dependence on
temporary workers and strict regulation on status changing from non-immigrant to immi-
grant. Since the enforcement of Law 3/2005 and adjustment on temporary residence system
for investors, administrators and technicians, Macau has only approved 2084 applications
for residence of qualified technicians [9]. Therefore, the chance for 0.2 million migrant
workers in Macau to become settlers through talent programs is extremely trivial. Studies
find that Macau’s policies on recruitment of non-local talent have no details and their
implementation lacks transparency [10,11]. Moreover, the development of the gaming–
tourism industry relies heavily on migrant workers with low salary and low social security.
Consequently, Macau’s dependence on the gaming industry makes it difficult to change
current migration policies and hence reverse the problem of talent shortage [12].

Based on the statistical yearbook and census reports from the Macau Statistics and
Census Service, this paper examines the influential factors of two types of migration in
Macau and discusses how Macau’s current policies on migrant workers and immigrants
might hinder its sustainable development. The current study not only helps understand
Macau’s immigration-driven urban development process, but also provides reference for
future studies on the development trend of other cities. Immigration-driven population
growth is becoming more and more common around the world. For instance, the population
growth of San Francisco, New York, and Tokyo bay areas in the last decade has mainly
depended on immigration [13]. Macau has historically been built up and developed by
immigrants [14], hence findings on Macau’s trend of immigration and its consequences can
be applicable to many other research sites as well.

In the following section, this paper reviews the relationship between immigration and
the population, land and economic development process of Macau. Then we explain how
the Error Correction Model (ECM) is applied to analyze the main influential factors on
Macau’s number of immigrants and migrant workers between 1992 and 2019. A section
on the findings from data analyses follows. Finally, we discuss and conclude how the
case of Macau can deepen our understanding of immigration-driven urban development,
the impact of immigration on small economies, and the man–land relationship in land-
scarce cities.

2. Background
2.1. Immigrants and Migrant Workers

Migration is one of the most fundamental sources of demographic change. In the 19th
century, Ravenstein already proposed some general laws on population migration [15]. As
the scale, frequency and distance of migration continue to rise, the theoretical explanations
for the occurrence of migration also continue to evolve. Push–pull theory points out that
there are all sorts of positive and negative factors (related to the economy, environment,
population structure, etc.) in the sending and receiving regions which influence the mi-
gration decision of potential migrants, but potential migrants also need to overcome the
obstacle factors in-between [16]. Neo-classical migration theory uses economic equilibrium
to explain population mobility [17,18]. It suggests that on the one hand, the relative labor
shortage among regions is the main driving force of migration, while on the other hand,
migration will lead to more balanced labor demand between the sending and receiving re-
gions. According to new economics of labor migration, migrations in developing countries
need to be understood from the perspective of families rather than individuals, and that
individual migration is more often a way to minimize family risk than to maximize personal
benefits [19,20]. An aspiration–(cap)ability framework encourages researchers to pay atten-
tion to both individual’s willingness and capability to migrate, and suggests that migration
actually occurs when these two aspects match with each other [21–23]. The combination
of this framework on micro level migration on the one hand, and regional development
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at the macro level on the other, can further form an interaction theory of migration and
development that helps explain the scale of regional immigration and emigration [24].

Transnational migrant workers, whose settlement opportunities are severely restricted,
have proliferated in recent decades as national controls have tightened. After World War
II, due to the lack of labor, many Western European countries adopted the Guest Worker
system to import laborers in batches from other countries through national agreements,
resulting in matching problems and immigration problems [25]. In modern times, es-
pecially in the industrializing countries, the import mode of foreign low-skilled labor
has been changed to the short-term contract labor system, which is characterized by the
regulation of import methods by the state and the importing of foreign workers orga-
nized by enterprises [26]. This kind of cross-country labor migration with a clear path
is often called the “point-to-point” globalization in immigration research. Studies on
transnational corporations in Africa point out that “point-to-point” globalization allows
companies to establish relatively independent production departments away from local
societies, thus maintaining “social thinness” and smoothness of transnational capital [27].
Many East Asian countries are important exporters of migrant workers. For instance,
Indonesia exported 700,000 regulated workers in 2007 [28], China sent overseas a total of
800,000 contract workers in 2011 [29], and the cross-border workers from Vietnam to China
alone exceeded 200,000 in 2018 [30]. Research based on migrant workers in East Asia shows
that with the stricter supervision of the state and the embedding of labor intermediary
services between the sending and receiving countries, conditions of individualized labor
transplanting has been clearly improved [29,31].

In recent decades, as the attention of migration scholars has been dispersed by the
diversity of population migration, studies are shifting from inducing big-picture migration
theory to conceptualizing the lives, identities and experiences of migrants from an insider’s
perspective [32]. This change of focus caused by the complexity of research objects has
hindered the progress of migration-related theory development [33]. We believe that
Macau’s large population of immigrants and migrant workers makes it a strong candidate
site to encourage and promote the development of migration theory. Macau used to absorb
a large number of immigrants and multi-ethnic immigrants who integrated well into its
diversified business-port culture [34]. However, as we will introduce in the following two
sections, Macau has now become increasingly dependent on migrant workers due to the
limitation of land and its economic development strategy, which in turn leads to a reduced
immigration quota and a lower chance for non-local talents to settle.

2.2. Immigrant-Driven Population Growth

Historically speaking, Macau is a city built and fueled up by immigrants. The popula-
tion record of the Ming Dynasty shows that there were only 400 residents in Macau in the
year 1555 [14]. In 1563, Macau’s population grew to over 5000, among which there were
900 Portuguese merchants. By the end of the Ming Dynasty, Macau had become a center
harbor in east Asia, with mature trade routes starting from there to Japan, Mexico and
Portugal. In 1640, the population of Macau reached a peak of 40,000, but than merchants
left due to the sea ban in the early and mid-Qing Dynasty, and Macau’s population shrank
sharply to under 4000. In the late Qing Dynasty, China’s foreign trade resumed and Macau
became one of the starting points of the Chinese coolie trade. In addition, the Portuguese
government occupied the Chinese territory of Macau, and brought the original residents
under its jurisdiction. Under its comprehensive influence, the total population of Macau
reached 75,000 in 1910. In the 1940s, Macau, being a relatively safe place, had attracted a
large number of refugees from Chinese mainland, and its population temporarily surged
to 0.25 million, but most refugees moved back to their hometown after the Second Sino-
Japanese War. Due to China’s Reform and Opening-up policy, the number of immigrants
from the mainland to Macau has increased rapidly since the 1980s, boosting Macau’s total
population to 0.68 million within four decades [1].
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In the 1970s, the garment export industry became the pillar industry of Macau [35,36].
Local laborers only met 50 to 70 percent of export orders, so factories in Macau hired large
numbers of skilled textile workers from the adjacent Pearl River Delta region. During
that period, the Macau government had no legislative regulations on labor migration.
Through the two greatest amnesties in 1982 and 1990, around 60 thousand undocumented
immigrants became local residents of Macau [37]. Research shows that these relatively
young immigrants from the mainland alleviated Macau’s low fertility problems to some
extent, and postponed aging problems [38,39].

In 1988, Dispatch 12/GM/88 permitted Macau’s enterprises to hire unskilled migrant
workers legally, but for these temporary workers, the chance of becoming local residents
was insignificant. Through enforcement of Order 2/90/M, Order 55/95/M, Law 4/2003
and Law 16/2021, the Macau government gradually distinguished between different
purposes of entry and tightened up the granting of the right of abode [40]. In Macau’s
current official documents, migrant workers are recorded as non-resident workers, while
immigrants are recorded as new arrivals from mainland China with a one-way permit (i.e.,
immigrants through the family reunion program) or individuals granted the right of abode
(i.e., immigrants through other programs). Both types of immigrants are granted permanent
residency after residing in Macau for over seven years, while non-resident workers do not
have such rights. Highly skilled migrant workers can apply for immigration through the
employer sponsored category, yet this quota is extremely limited in Macau [9]. At the end
of 2019, migrant workers and immigrants who had arrived after the mid-1980s accounted
for 26% and 27% of the Macau population, respectively; thus, around half of the city’s
population consists of recent arrivals [1].

2.3. Booming Gaming Industry and Shortage of Land and Labor

Macau used to have a much higher degree of economic diversification in the 1970s
than it does today [15]. During its golden age, the gross product value of Macau’s export
processing industries increased by over 20% per year, and the most successful industries
included textiles, clothing and toy manufacturing. However, neighboring regions with
abundant human resources, such as Guangdong province and Southeast Asian countries,
joined the competition of processing trade in the 1980s, forcing Macau to shift its devel-
opment focus from manufacturing to infrastructure construction [37]. Driven by a large
influx of investment and speculators, the land and housing prices in Macau skyrocketed in
the early-1990s and the construction industry was extremely prosperous [41]. However,
since the number of newly-constructed properties far exceeded the actual market demand,
the housing prices dropped sharply from the second half of 1993. Although Macau’s
Order 14/95/M boosted the construction industry a little through attracting investment
immigrants, this industry was later struck by the 1997 Asian Financial Crisis and 2008
Global Financial Crisis and has continued to shrink ever since [42].

With neighboring countries and regions banning gambling, its legal gambling service
has become a unique advantage for Macau. The gross product value of the gambling–
tourism industry has surpassed the export processing industry and become the largest
industry in Macau since the 1980s, reaching 70 percent of the total GDP in the 2010s [4]. The
gaming–tourism industry is relatively insensitive to the global economic environment, such
that its gross product value increased by 9.6% during the 2008 Global Financial Crisis [22].
However, this industry is highly dependent on the flow of gamblers, and after the Chinese
mainland carried out an anti-corruption campaign and tightened the issue of transit visas
to Macau, Macau’s gross gaming revenue dropped by one third in 2015 [2,4].

Studies in the UK note that demands for migrant workers often rise because of certain
types of domestic labor shortage caused by welfare policies and other system effects [43].
Similarly, system effects including high welfare for local workers and unbalanced indus-
try development have resulted in the long lasting labor shortage in Macau [35]. During
one decade of rapid development, the employment population of the gaming industry
increased from 22,900 in 2004 to 83,300 in 2013 [44]. While some high payment and low skill
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requirement positions directly involved in gambling (such as the casino dealers) are pre-
served for local residents, tens of thousands of migrant workers are hired as administrative
or service staff in the grand casino hotels [45].

The mass labor migration in Macau has not been without controversy. Studies show
that the wage below market rate in Macau and the insufficient cultivation of local labor
potential have led to structural labor insufficiency [11,46]. Approval of the entry of migrant
workers met the demands and interests of employers, but suppressed the wage level of
local employees. Some studies further claim that using labor migration as the solution
to short-term labor shortage has aggravated Macau’s long-term problems including slow
industrial restructuring, lagging technological upgrading and disconnection between local
talent training and economic demand [11]. Therefore, local scholars have accused the
Macau government of adopting a “nonintervention” attitude towards migrant workers,
sacrificing the rights and interests of both local and immigrant labor for the benefit of its
short-term economic interests [47].

Macau’s gaming industry also has enormous demands on land and has been a strong
driver of sea reclamation [37]. Macau is a city built on small islands located at the mouth
of the Pearl River [4]. With numerous coastal shores, the water depth around the port is
only one to three meters, so the cost of sea reclamation is relatively low [48]. Still, the cost
of land expansion for Macau is much higher than expansion costs for non-island cities.
Through sea reclamation projects between 1863 and 2020, the land area of Macau grew from
10.37 to 32.9 km2. In the last two decades, Macau began to acquire land from neighboring
mainland cities through cooperative development, such as the cross-border industrial zone
established in Gongbei, Zhuhai, and the new University of Macau campus established in
Hengqin, Zhuhai [49]. While cross-border cooperation is gradually becoming an important
way for Macau to expand and develop, the gaming industry is still constrained within
Macau SAR due to legal restrictions.

Through examining the influence of booming sectors in small economies (i.e., the
Dutch disease), scholars have concluded that a booming sector would make other sectors
uncompetitive and unsustainable through increasing the price of non-tradable goods [50].
Such a finding is also applicable to Mediterranean and Atlanta islands, in that the domi-
nance of tourism on these islands have made these economies excessively dependent on
foreign countries and lose the motivation to improve education levels, innovation and
technology [51]. Consistent with these prior studies, studies on Macau show that the gam-
ing industry absorbs the scarce land and human resources, promoting deindustrialization
through increasing the prices of various resources and increasing the city’s dependency on
tourists [4]. Because of its economic pillar role in Macau, the gaming industry takes priority
over other industries in the allocation of land resources [44]. Even residents’ demands on
housing and living environment have been suppressed to make way for expansion of the
gaming industry. Following the current development trend, the gaming–tourism industry
will continuously drain Macau’s newly increased land and labor resources, making it
difficult for Macau to achieve economic transformation and sustainable development or to
attract non-local elites.

2.4. Research Hypotheses

The sea reclamation projects call for a large number of construction workers. With
the casino hotels and souvenir shops being built on the new land, Macau’s demand for
other types of laborers also keeps increasing [44]. Meanwhile, the abundance of low-wage
migrant workers with no social security obligations has kept Macau from training local
man power to keep up with economic development [45]. Hence, this study hypothesizes
that in the long run, Macau’s dependence on migrant workers would increase along with
the expansion of Macau’s urban scale:

Hypothesis 1. The number of migrant workers increases if the land area of Macau increases.
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The sea reclamation projects have been fueled by the gaming–tourism industry’s
hunger for land. However, sea reclamation results in destruction of the landscape and
affects the region’s degree of habitability. In addition, with a disproportion of Macau’s new
land area occupied by casino hotels, the growth of housing and amenities failed to keep
pace with the city’s economic development. Accordingly, this study assumes that when the
land scale of Macau expands, the city becomes less attractive to potential immigrants:

Hypothesis 2. The number of immigrants decreases if the land area of Macau increases.

Macau has long provided higher wages than surrounding regions, which is a key pull
factor for migrant workers. The rise in wage level in the past decade has largely resulted
from development of the gaming industry, which has a great demand for manpower [4].
Since the wage level in general reflects the demand for labor, this study puts forward the
following research hypothesis:

Hypothesis 3. The number of migrant workers increases if the median wage in Macau increases.

Different from migrant workers who pursue higher income, the driving forces of
immigrants’ arrival in Macau are more diverse. For instance, before the 2005 revision of
policies on investment immigration, a large proportion of immigrants were investors being
bullish on Macau’s real estate development. After 2005, the majority of new immigrants
are holders of one-way permits for the purpose of family reunion. Since migrant workers
and immigrants are in fact competing for quotas in Macau due to its limited natural and
social resources, the rising demand of the city for labor usually results in restrictions on
immigrants. Therefore, this study hypothesizes that as an indicator of labor demand, wage
level would have a negative effect on the number of immigrants:

Hypothesis 4. The number of immigrants decreases if the median earning of Macau increases.

As is shown in Figure 1, we hypothesize that along with the urban development of
Macau, which is featured by increasing land through sea reclamation and rising wage level,
the number of migrant workers would keep increasing, while the number of immigrants
would keep decreasing. While we do not directly examine the relationship between the
numbers of migrant workers and immigrants, we would assume that Macau’s reliance on
migrant workers is a main driving force of reducing quotas for immigrants. Employers in
Macau can now avoid high employee welfare for locals and immigrants and fulfill their
demand for laborer through hiring more obedient migrant workers [11]. However, as we
will discuss more specifically in later sections, this strategy is not a solution to Macau’s
problem of insufficient manpower, but only postpones while deteriorating its consequences.
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3. Data and Methodology
3.1. Data

This study examines the trends of immigration in Macau based on data from the
Statistical Yearbook compiled by the Macau Statistics and Census Service [1]. In addition,
this study compares population structure and educational attainment between Macau’s
local residents (accounting for 83.4% of the total population) and non-local residents
(including migrant workers who account for 13.9% of the population and non-local students
accounting for 2.8% of the population) based on Macau census report data.

Due to the lack of statistical data on Macau before the 1990s and the dramatic change in
2020 caused by Covid-19, this paper analyzes the impact of city development on the number
of migrant workers and immigrants between 1992 and 2019. There are two dependent
variables in this paper (Table 1). The first dependent variable is the number of migrant
workers, i.e., the number of non-resident workers at the end of each statistical year in
Macau. The second variable is the number of immigrants, i.e., the cumulative number
of individuals granted the right of abode either through family reunion, investment or
employer sponsored programs since 1984 (There are no official records on numbers of
foreign residents and new immigrants from Chinese mainland before 1984 nor any official
statistics on year-end numbers of new immigrants; we therefore constructed a variable to
measure the accumulated number of new immigrants in Macau since 1984. In fact, Macau’s
population consists basically of immigrants, so this dependent variable only measures
the cumulative number of new immigrants after Macau established formal immigration
policies. The other independent variable, i.e. year-end number of migrant workers, is
also to some extent accumulative, in that it measures the number of migrant workers who
arrived in the recent years and stayed until the end of a certain year). Independent variables
include the total urban land area of Macau (unit: km2) and the median annual wage (unit:
1000 MOP or Macau Pataca). Because there are a total of 28 analysis time points in the
autoregression models, the number of independent variables that can be included is rather
limited (In an ARDL model, the number of variables plus their lag terms should not exceed
half of the degrees of freedom, so only 1 to 3 independent variables can be included in our
regression model. Moreover, statistics on unit housing price, wage of migrant workers,
etc., are only available since the 2000s, so inclusion of related variables would further
reduce time points in regression analysis. Therefore, even though we examined potential
indicators such as housing price, housing space, population density and wage gap, we
finally chose land area and wage level as best reflecting Macau’s urban development and
yielding a higher R2. We do, however, plan to examine further indicators in future studies
after collecting individual data).

Table 1. Descriptive Statistics (n = 28).

Variable Name Mean S.D. Min. Max.

Dependent
Variables

Number of Migrant Workers 79,812 62,354 21,088 196,538
Number of Immigrants 94,516 51,603 24,974 179,055

Independent
Variables

Land Area (Unit: km2) 26.92 4.24 18.70 32.90
Median Annual Wage (Unit: 1000 MOP) 99.32 51.66 41.998 204.00

The number of migrant workers in Macau at the end of each year has increased from
21,088 in 1990 to 196,538 in 2019 (Figure 2). The number of migrant workers is strongly
influenced by the local economic environment. After the collapse of Macau’s real estate
industry in 1993, Macau’s demand for construction workers remained extremely low for
nearly a decade, resulting in a smaller flow of labor migration. The 2008 Global Financial
Crisis also led to a clear decline in labor migration to Macau. Before the COVID-19 outbreak,
Macau had witnessed a decade of prosperity fueled by the gaming industry, while about
half of its labor force were migrant workers. Among non-local employees, 60% were from
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the mainland, 10% from the Philippines, 10% from Vietnam, 5% from Hong Kong and 5%
from Indonesia.
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Figure 2. The Number of Non-Immigrant Workers and immigrants in Macau, 1992–2019.

Between 1992 and 2019, the number of immigrants in Macau increased quite steadily
from around 24,974 to 179,055 (Figure 2). The only sharp change is related to the enforce-
ment of Law 3/2005, which significantly raised the threshold for investment immigration.
Since then, the number of new foreign residents granted right of abode by the Macau
government each year dropped from several thousand to around one thousand [52]. Immi-
gration from the mainland to Macau with the purpose of family reunification is under the
strict regulation of the mainland government, and the cumulative number of immigrants
with a one-way permit has increased by an average of 3500 per year.

The median annual wage in Macau increased from MOP 42,000 to MOP 204,000
between 1992 and 2019, with an annual growth rate of 5.8% (Figure 3). The salary in Macau
fell sharply after the Asian Financial Crisis, and the absolute value of median wage did
not recover to the 1997 level until 2004. Wages have since risen rapidly as the gaming
industry has boomed, except for the stagnant years between 2014 and 2016 when the
gaming industry was trying to recover from the economic shock caused by the mainland’s
anti-corruption campaign [3]. Meanwhile, Macau’s land area grew relatively steadily from
18.7 km2 in 1992 to 32.9 km2 in 2019 through sea reclamation, with an average annual
growth rate of 2 percent.
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Figure 3. The Median of Annual Wage and Land Area in Macau, 1992–2019.
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3.2. Analytical Methods

This paper uses the Error Correction representation of the Autoregressive Distributed
Lag model (ARDL-ECM) to analyze the impact of Macau’s land area and wage level on the
number of migrant workers and immigrants. The EC model is a special application of the
ARDL model that separates the long-term and short-term impacts through the inclusion
of an error correction term [53]. The reason for using an autoregressive model is that the
number of migrants of either type in Macau is not only affected by the current effect of land
area and wage level, but is also affected by the number of migrants in the previous years
and the lagged effect of land area and wage level.

ECM suffers from several limitations. Specifically, the biggest one is that it requires
the variables to be cointegrated. Otherwise, the disequilibrium error term will not be a
stationary variable, because the errors in the long-run relationship become larger and larger.
Moreover, in terms of model specifications, ECM can be explained as a reparameterization
of the general ARDL or dynamic linear regression (DLR) models because it focuses on the
importance of general to specific modeling [54]. Although the ARDL-ECM imposes no
restrictions on the DLR, there are no statistical criteria to distinguish between the two model
specifications because they are observationally equivalent. Hence for these coefficients, the
interpretation of the ECM is heavily dependent on explicit theory [55].

On the other hand, ECM has much more advantages than limitations in empirical
studies. The biggest one is that it does not suffer from the problem of serial autocorrelation
since it was formulated in terms of first differences, which eliminates trends from the
variables. In this sense, it can overcome the problem of spurious regressions. In addition,
the estimated coefficients have explicit interpretation [56]. Specifically, for our study it is
able to analyze the short-term and long-term dynamics of wage and urban area changes
on migrants, producing better forecasts for migration policy analysis. Hence, since it
can measure the correction from disequilibrium of the previous period with an explicit
implication, it is a well-recognized convenient model in many applications. To conclude,
the advantages of the ECM outweigh the disadvantages, making it a suitable model for our
study.

This study applies the ARDL-ECM on the Macau data to specify the long-term influ-
ence of land area and wage level on the number of migrant workers and immigrants:

Migrant = α1 Area + α2Wage + α0 , (1)

∆Migrantt =
p−1

∑
i=1

θ1, i∆Migrantt−i +
q−1

∑
i=0

θ2, i∆Areat−i +
r−1

∑
i=0

θ3, i∆Waget−i + δ ∗ ecmt−1 + εt ,

(2)
ecmt−1 = Migrantt−1 − α1 Areat−1 − α2Waget−1 − α0 . (3)

Equation (1) demonstrates the long-run equilibrium relationship between dependent
and independent variables, where Area measures Macau’s land area, and Wage measures
median annual wage. Migrant in Equation (1) stands for the dependent variable, that is,
the number of migrant workers in the first EC model and the number of immigrants in the
second EC model. Equation (2) demonstrates the short-run relationship, where each of the
symbols with ∆ represents the first difference of the corresponding variable. A symbol with
ti subscript represents the ith lag term. The p, q and r represent the optimal lag orders of
the dependent variable and the two independent variables in each EC model. In Equation
(2), each θ indicates a short-term regression coefficient, εt indicates the residual term, and δ
indicates the coefficient of the error correction term “ecmt-1”. Equation (3) shows how the
error correction term is calculated. As is shown in Figures 1 and 2, indicators of population,
economy and city scale in Macau all share a rising trend during the last few decades.
Therefore, this study also includes the variable year in the models as a way to detrend
and to avoid spurious regression, forming two EC models with unrestricted trends and
unrestricted constants [57].

352



Land 2022, 11, 1985

All variables included in a ARDL-ECM are required to be either I(0) or I(1) vari-
ables [53]. A stationary time series, i.e., a time series without trend or seasonality, is said to
be integrated of order zero and denoted as I(0). A non-stationary time series with its first
difference being stationary is said to be integrated of order one and denoted as I(1). The
results of the Augmented Dickey–Fuller Test (ADF) in Table 2 show that the two dependent
variables and two independent variables in this study are all I(1) variable (Normally the
land area of a city over time would be a stationary series; however, the land area of Macau
increased rather fast in the recent decades due to large-scale sea reclamation projects, to
such an extent that it does have a trend and is not integrated of order zero). Each group
of variables needs to pass a cointegration test to ensure cointegration relationship, i.e., a
long-term equilibrium relationship, before being included in an ARDL-EC model [57]. The
results of the bounds test for cointegration are also shown in Table 2. The variables in
both EC models have F values and t values significant at 0.05, indicating that long-run
relationships of both groups of variables have been confirmed. Optimal lag lengths of
variables in these two EC models are selected based on the Akaike Information Criterion
(AIC).

Table 2. Results of the ADF Test and Bounds Test.

ADF Test Migrant
Workers Immigrants Land Area Median Wage

ADF Value 1.125 2.564 0.229 2.183
ADF Value of

First Difference −2.616 * −4.826 *** −6.181 *** −2.667 *

Integration
Order I(1) I(1) I(1) I(1)

Bounds Test ECM for Migrant Workers ECM for Immigrants

F 12.253*** 6.677*
t −5.680*** −4.172*

Optimal Lag
Lengths (AIC) [3,0,3] [2,2,2]

Note: Significance: *< 0.05; **< 0.01; ***< 0.001.

4. Findings
4.1. Influential Factors on the Number of Migrant Workers

Table 3 demonstrates the results of regression analysis on the number of migrant
workers in Macau using ECM. Results at the Long Run section clearly show that both land
area and median wage have long-term positive effects on the number of migrant workers,
which are significant at 0.01 and 0.001, respectively. In the long term, increasing 1 km2 of
Macau’s land area would lead to an increase in the number of migrant workers by 8050,
and each MOP 1000 increase in the median annual wage would result in the number of
migrant workers increasing by 1642. These results offer support to our research hypotheses
1 and 3, that the sea reclamation project and the rising wage level are significant driving
forces of the growth of labor migration in Macau.

The adjusted R2 is 0.854, indicating that over 80% of the variance of the number of
migrant workers in Macau can be explained by this model. Figure 4 shows the model fitting
results, where the curve of the annual variation of labor migration fitted by the model
(dashed line) is very close to the curve of the actual annual variation (solid line), further
indicating that the model fits well.

4.2. Influential Factors on the Number of Immigrants

Table 4 shows the results of regression analysis of the number of immigrants in
Macau. Both land area and median wage have long-term negative effects on the number of
immigrants, which are significant at 0.001 and 0.01, respectively. In the long run, increasing
1 km2 of Macau’s land area leads to a decrease in immigrants by 11,855, and each MOP
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1000 increase in the median annual wage reduces the number of immigrants by 527. These
results provide support to the research hypotheses 2 and 4. They also imply that Macau
has allocated so much land to the gaming–tourism industry that the growth of its living
space failed to keep pace with the city’s development: hence, the expansion of the city leads
to a higher dependency on migrant workers with small demand for land resources, and
to a reduced number of immigrants for whom long-term occupancy of land and housing
is essential.

Table 3. ECM Predicting the Number of Migrant Workers in Macau (n = 25, Adj. R2 = 0.854).

Coef. S.E. t p > t

EC Term −1.400 *** 0.247 −5.68 0
Long Run

Land Area (km2) 8050 ** 2353 3.42 0.004
Median Wage (1000 MOP) 1642 *** 122 13.46 0

Short Run
Non-Immigrant Worker

First Lag of First-Difference 0.391 * 0.183 2.13 0.05
Second Lag of First-Difference 0.346 0.225 1.54 0.145

Median Wage (1000 MOP)
First-Difference −561 348 −1.61 0.128

First Lag of First-Difference −742 * 334 −2.22 0.042
Second Lag of First-Difference 1160 ** 332 3.49 0.003

Year −9466** 2928 −3.23 0.006
Constant 18,600,000 ** 5,751,746 3.23 0.006

Note: Significance: *< 0.05; **< 0.01; ***< 0.001.
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The adjusted R2 of this model is 0.465, indicating that nearly half of the variation
in the number of immigrants in Macau has been explained. As is shown in Figure 5,
the annual variation in the model-fitted number of immigrants (dashed line) is relatively
closer to the actual annual variation (solid line) after the year 2000. The poor fit before
1999 may be caused by the great changes in the immigration situation of Macau before its
return to China.
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Table 4. ECM Predicting the Number of Immigrants in Macau (n = 25, Adj. R2 = 0.465).

Coef. S.E. t p > t

EC Term −1.555 *** 0.373 −4.17 0.001
Long Run

Land Area (km2) −11,855 *** 2578 −4.60 0
Median Wage
(1000 MOP) −527 ** 169 −3.11 0.001

Short Run
Non-Immigrant

Worker
First Lag of

First-Difference 0.452+ 0.246 1.84 0.086

Land Area (km2)
First Lag of

First-Difference 12,655 * 4927 2.57 0.021

Second Lag of
First-Difference 5361+ 2988 1.76 0.093

Median Wage
(1000 MOP)

First-Difference 712 * 289 2.46 0.026
First Lag of

First-Difference 525 * 245 2.14 0.049

Year 23,491 ** 6394 3.67 0.002
Constant −46,400,000 *** 12,600,000 −3.68 0.002

Note: Significance: +< 0.1; *< 0.05; **< 0.01; ***< 0.001.
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4.3. Structural Difference between Locals and Non-Locals

In the 2021 Macau census, the non-local population numbers a total of 113,438, and
includes 94,637 migrant workers and 18,771 non-local students who face policy restrictions
and are not allowed to become permanent residents. Immigrants, on the contrary, are
counted as part of the local population in the census. As is shown in Table 5, the labor force
population (people aged 15–64) accounted for 99.5% of the non-local population, while it
only accounted for 68.1% of the local population.
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Table 5. Age Structure of Local and Non-Local Populations in Macau.

AGE
GROUP

Local,
N

Local,
Per.

Non-Local,
N

Non-Local,
Per.

Total,
n

Total,
Per.

0–14 98,981 17.41% 30 0.03% 99,011 14.52%
15–19 23,643 4.16% 4532 4.00% 28,175 4.13%
20–24 27,878 4.90% 13,912 12.26% 41,790 6.13%
25–29 38,688 6.80% 15,587 13.74% 54,275 7.96%
30–34 51,094 8.98% 19,791 17.45% 70,885 10.39%
35–39 46,797 8.23% 17,674 15.58% 64,471 9.45%
40–44 34,400 6.05% 14,501 12.78% 48,901 7.17%
45–49 37,278 6.56% 12,010 10.59% 49,288 7.23%
50–54 37,476 6.59% 8376 7.38% 45,852 6.72%
55–59 45,309 7.97% 4850 4.28% 50,159 7.35%
60–64 44,829 7.88% 1652 1.46% 46,481 6.81%
=65 82,289 14.47% 523 0.46% 82,812 12.14%

Total 568,662 100% 113,438 100% 682,100 100%

Since those people belonging to the non-local population are not allowed to settle
down, they only work or study for a few years and are unlikely to reproduce in Macau,
and statistics excluding the non-local population can reflect the actual population situation.
The proportion of the non-local population in 2021 is extremely large in Macau, equivalent
to 24% of the local population. The non-native population had been equivalent to 14% of
the local population in the 2011 census. When non-locals are excluded from the statistics,
the labor share in Macau falls from 73.3% to 69.1%, and the proportion of the elderly (aged
65 and up) rises from 12.1% to 14.5%. The proportion of women of prime reproductive age
in Macau (20–34 years old) also falls from 27.7% to 24.4% when non-natives are excluded
from the statistics (Figure 6).
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Table 6 demonstrates the educational attainment of Macau’s local and non-local pop-
ulations aged 25 and above. The proportion of people with higher education in the local
population is 31.9%, a bit higher than that for the non-local population (27.7%). Benefiting
from funding from the rich government and local universities hiring large numbers of
non-local professors, the higher education coverage rate among local residents has more
than doubled in Macau since 1999 [6]. However, 64.4% of the non-local population has
a high school education or above, which is 8.3 percent points higher than high school
coverage rate of the local population. Given the intensifying competition for talent in the
Pearl River Delta [58], and the impact of post-pandemic deglobalization [59,60], it remains
to be seen whether Macau will be able to attract another wave of migrant workers with
similar educational attainment as a succession of the current wave. Assuming that Macau
fails in the competition for non-local laborers, it might gradually lose 16.5% of its workforce
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with higher education and 25.6% of its workforce with high school diplomas, resulting in an
enormous number of job vacancies that will not be able to be filled with the local workforce.

Table 6. Education Attainment of 25+ Local and Non-Local Populations in Macau.

Education Local, N Local, % Non-Local, N Non-Local, % Total, N Total, %

Lower than
Elementary

School
38,815 9.28% 2997 3.16% 41,812 8.15%

Elementary
School 73,246 17.52% 10,030 10.56% 83,276 16.23%

Middle School 71,364 17.07% 20,736 21.84% 92,100 17.95%
High School 101,236 24.21% 34,902 36.75% 136,138 26.53%

Higher
Education 133,499 31.93% 26,299 27.69% 159,798 31.14%

Total 418,160 100% 94,964 100% 513,124 100%

Prior studies show that localization of labor migration used to be an important ap-
proach for Macau to improve its population structure [37–39]. Results of regression analysis
and comparison of non-local to local populations in this study also imply that converting
a larger proportion of migrant workers to immigrants would still be a potential way for
Macau to ensure sustainable population and manpower development.

Our four research hypotheses are supported by results of regression analysis, which
implies that the current development strategies of Macau would only lead to higher
dependency on migrant workers and a smaller quota for new immigrants. A vicious circle
might lie within Macau’s current urban development process: (A) due to rapid economic
development and insufficient local labor accumulation, Macau must import some non-local
manpower; (B) since the economic and social cost of hiring migrant workers is much lower
than hiring immigrants, the government and employers are more in favor of non-resident
migrant workers; (C) relying on migrant workers suppresses Macau’s accumulation of
local human resources, resulting in more serious shortages of local laborers in the future;
(D) Macau has to import more non-local employers in the next round, because of the
increasing vacancies in labor market due to economic growth and aging local population.
Furthermore, once migrant labor supply declines, Macau’s economic development would
be interrupted and its population problems would deteriorate.

5. Discussion

Through applying the ARDL-ECM on population studies, this paper presents a more
accurate long-term relationship between Macau’s immigration, land and economy. Our
study shows that the number of migrant workers increases as the land area and median
wage increase. This is not a surprise, since Macau has long regarded temporary migrant
workers as an important solution to its scarcity of land and social resources. Migrant
workers are only allowed to work in Macau for a few years, so they can flexibly fill vacancies
in the labor market without causing long-term pressure on the city’s welfare and social
resources [38]. Moreover, a large number of migrant workers from the Chinese mainland
have become cross-border commuters, who work in Macau but reside in neighboring
cities such as Zhuhai or Zhongshan, sparing the scarce housing resources for residents in
Macau [61].

Our study also shows that land area and wage level are negatively correlated with the
number of immigrants in Macau. This finding implies that Macau has been suppressing
the chance for migrant workers to become residents during its urban development process.
Although a large proportion of migrant workers are young and highly educated, they are
not able to settle in Macau due to the restrictions of the immigration policy [10]. Unlike
earlier immigrants who improved the population structure of Macau and alleviated aging,
low fertility and other demographic problems [11], migrant workers’ contributions to
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Macau are relatively short-term. In fact, the findings of this study imply that under Macau’s
current migration policy, an increase in the number of migrant workers would result in a
negative impact on sustainable population development.

Consistent with prior studies [6], this study reveals a critical problem of Macau’s
current development strategy, in that after allocating most of the new land reclaimed from
the sea to the gaming–tourism industry, the city fails to reserve sufficient land resources for
increased economic diversification or improvement in the living environment. The booming
gaming–tourism industry not only affects Macau’s attractiveness to non-local talent, but
its high-salary and low-skill-requirement positions reserved for local residents also drives
local students to concentrate on majors related to gambling, resulting in extremely high
homogeneity of local manpower [45]. Macau’s GDP plunged by more than half and
gross income of the gaming industry dropped by 79.2% in 2020 due to the Covid-19
pandemic, clearly showing the vulnerability of an economic system solely based on gaming–
tourism [62]. Meanwhile, the neighboring mainland cities in the Pearl River Delta have
significantly increased the welfare for the non-local high-skilled population in recent years
in order to compete for human resources [55,63]. Macau has become relatively less attractive
to the non-local manpower that it relies on, and its strategy of rotating high-end workers
has become harder to sustain. Therefore, Macau urgently needs to improve its immigration
policies and increase opportunities for skilled migrant workers to gain residency, so as to
attract non-local talent essential for its economy.

These findings not only help deepen the understanding of the driving factors within
Macau immigration, but also allow for theoretical extension in the following aspects. First,
Macau has long been depending on a migrant population, making it a suitable site for
analyzing the long-term impact of migration on urban development. There is a rather
consistent correlation between the decline in fertility and economic growth. At present,
the total fertility rates (TFR) of most developed countries have dropped to below the
replacement level (i.e., 2.1 children per woman) [64]. Cross-country comparisons of fertility
policies show that policies supporting gender equality in the workforce are more effective
than traditional family supports for stay-at-home mothers [65,66]. The low fertility issue
in Confucian countries is even more severe, such that China’s TFR was only 1.4 in the
early-2000s, Korea’s TFR in 2005 was 1.08, Japan’s TFR in 2013 was 1.43, and Singapore’s
TFR in 2010 was 1.15 [63]. Fertility support programes in these countries have only slowed
down the decline of TFR. In fact, except for a few Northern European countries that
have achieved fertility growth through ultra-high social welfare [67], countries with low
fertility level often reverse the declining TFR through influx of immigrants with higher
fertility [68]. The TFR of Macau dropped to below 2.1 in 1970 and decreased by 22% in the
following two decades [38]. This relatively slow decline was mainly due to the absorption
of immigrants. In 1991 the fertility rate of mainland immigrants in Macau was twice that
of locals. However, with the implementation of Dispatch 12/GM/88 and Order 2/90/M,
Macau imposed restrictions on settlement of migrant workers, leading to an increase in
the average age of new immigrants and a decrease in their fertility rate. From 1991 to
1996, Macau’s TFR plummeted by 22% [38]. Macau can be regarded as a preview of future
cities, where, in common with Macau, immigration is the main driving force of population
growth [69], and offers important insights into the long-term demographic consequences
of certain migrant policies.

Second, prior studies on tourism economies primarily focus on places that developed
on the basis of comparative advantages in natural resources [51]. Macau, by contrast, makes
more use of man-made landscapes, offering tourism, entertainment and consumption
activities inside grand casino hotels. Among them, the Venetian Resort Hotel is the largest,
occupying an area of 0.975 km2, that is, 3% of Macau’s total land area [44]. The advantage
of Macau’s economic model lies in its relatively low dependence on natural landscape,
while its disadvantage is the very neglect of the natural environment. Macau’s land
reclamation has aggravated multiple environmental problems, such as inland sea pollution,
coastal ecosystem degradation, flood resistance degradation, soil salinity increase, natural
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landscape destruction, and heat island effect [8]. Therefore, in addition to the unsustainable
population growth and the unstable economic development [70,71], Macau’s economic
pattern is also environmentally unfriendly and thus conflicts with many United Nations
Sustainable Development Goals. This study presents more facets of the development
problems of tourism economies and urges the Macau government to restore the balance
between short- and long-term development.

Third, the extremely high population density of Macau makes it a good research
site to rethink the man–land relationship. Previous studies have shown that institutional
resistance to migration mainly comes from local people’s rejection of outsiders [72]. For
example, after Chinese food buffets challenged the local restaurant industry in Germany,
the German government judged that Chinese food buffets did not belong to the ethnic
restaurant category and turned down work visa applications of all their employees [73].
While the local residents’ view on immigrants also has a policy impact in Macau [11],
due to the extreme shortage of land resources, economic development and improvement
of housing conditions to some extent become mutually exclusive options, which in turn
leads to competition between migrant workers and immigrants in the resource allocation
process. The relationship between migration and land is highlighted under such conditions
of tension.

6. Conclusions

Based on the annual data from the Macau Statistics and Census Service, this study
analyzes the influencing factors in immigration trends in Macau between 1992 and 2019.
Through analysis using ARDL-ECM, our study shows that two important indicators of
Macau’s urban development, its land area and wage level, have both positive long-term
influence on the number of migrant workers, and negative long-term impact on the number
of immigrants.

Our study suggests that one possible way out of Macau’s current dilemma is to
reduce the cost of urban expansion and improve economic diversity through cross-border
cooperation with mainland cities. Macau has mainly expanded its city scale through sea
reclamation, the high cost of reclamation programs driving it to become more dependent
on the tax revenue from the gaming–tourism industry and hence to allocate yet more land
and manpower to this pillar industry. Consequently, Macau cannot fundamentally solve its
land shortage through sea reclamation, which only postpones the problem by relying on
migrant workers who make low demands on land and social resources. Facing increasing
short-term pressures, Macau is unable to address its long-term problems through recruiting
skilled immigrants or nurturing local talent. Through transferring a larger proportion
of its non-gaming sectors to cooperation zones, Macau might be able to spare land and
other resources to absorb a larger amount of non-local talent as well, which would in turn
increase the sustainability of its urban development.

Our study is not without limitations. Although Covid-19 and subsequent sudden
changes have had a significant impact on the long-term patterns of immigration in Macau,
it is not possible for us to include the pandemic period into the analysis of this paper
due to data constraints. Both the Statistical Yearbook data and Census data provided by
the Macau Statistics and Census Service have rather long intervals between survey time
points, which put a limit on their ability to capture sudden changes. Thus, further study
of the influential factors on Macau’s immigration trends during and after the pandemic is
essential. Moreover, censuses often sacrifice survey comprehensiveness for their coverage.
Surveys and interviews on immigrants and migrant workers in Macau in the future should
allow for deepened exploration of the changing mechanism. We also notice that regional
factors have yet to be taken into account in the causal analysis of migration flows in Macau.
In the future, we expect there to be studies combining data from Macau, Hong Kong and
mainland cities in the Pearl River Delta which will present a more comprehensive picture
of migration in this bay area.
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Abstract: Rural China has undergone a rapid transformation in the past few decades, especially the
poverty-stricken areas, making a historic leap from inadequate subsistence to full well-off status.
Based on rural regional system theory, this study analyzes the connotation of rural transformation
development (RTD), explores the spatio-temporal patterns of RTD in the Yanshan-Taihang Mountain-
ous, and diagnoses its influencing factors using a geographically and temporally weighted regression
model. The results show that RTD is a dynamic process of qualitative changes in rural regional sys-
tems based on the accumulation of quantitative changes of elements, and the key to its measurement
lies in analyzing the coupling coordination degree between quantitative changes of elements. From
2000 to 2020, the rapid development of urban population share, non-agricultural industry share,
construction land share and NDVI in the Yanshan-Taihang Mountains contributed to a leap in RTD
status, and the proportion of counties in a coupling coordination state increased from 24.24% to
96.97%. Spatially, the RTD level in the Taihang Mountains was significantly superior to that in the
Yanshan Mountains. Average years of schooling, road density, per capita GDP and urban–rural dual
structure were the main influencing factors of RTD, of which the first three were positive factors
and the last one presented a negative correlation. To promote RTD to a higher level, it is an urgent
matter to boost the high-quality development of county economy and rural education, improve
public transportation infrastructure and innovate the policy system.

Keywords: rural regional system; rural transformation development; poverty-stricken areas; human–
land relationship; rural revitalization; Yanshan-Taihang Mountains

1. Introduction

The countryside is a geographical complex with natural and human characteristics
and multiple functions such as production, living, ecology and culture outside the built-up
urban areas [1,2]. Since the 1950s, the continuous advancement of globalization as well
as the rapid development of industrialization and urbanization have driven rural trans-
formation from production-based to consumption-based, and then to multifunctional and
globalized-based [3]. During this process, the characteristics and functions of rural areas
have changed dramatically. Meanwhile, international research on rural transformation de-
velopment (RTD) has shown a clear divergence. One is to continue the previous framework
of political economy, that is, exploring rural areas from a political–economic perspective
and policy framework and analyzing the influences of policy adjustments on RTD [4]. The
other is to redefine the spatial composition and values of rural areas, advocating themes
such as pastoralism, post-ruralism, multifunctionality and gentrification [5,6], and to shift
the understanding of rural areas from a physical to a socially constructed theory. Essentially,
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RTD refers to the changes in rural socio-economic forms and rural spatial reconstruction
under the combined effects of internal and external forces, and the core lies in the transfor-
mation of industrial–agricultural and urban–rural relations [7,8]. Due to the mutagenicity
of RTD, it has a profound impact on national food security, farmers’ income increases and
social equality (especially poverty alleviation).

China is a developing country with a long history of farming and a large rural popula-
tion [9,10]. During the various historical periods of China’s revolution, construction and
reform, promoting RTD has been an important mainline of national economic and social
development [11]. The introduction of a series of policies to support agricultural and rural
development has enabled rural China to achieve world-renowned achievements, realizing
a historical leap from national liberation to getting rid of poverty and then to a well-off
society in an all-round way [12]. Therefore, transformation is one of the most prominent
features of China’s rural development in the past few decades, and it is also the core issue
of China’s rural development in the current and future period [7,11].

The spatial carrier of rural development is the rural regional system [13,14]. There-
fore, RTD is a complex process involving elemental changes, structural adjustment and
functional transformation of rural regional system, in which elemental changes cause the
structural adjustment of the system, and structural adjustment determines the transfor-
mation of the overall function and state of the system [2,7,13]. Meanwhile, the spatial
heterogeneity of physical geography and regional imbalance of socioeconomics determine
the complexity and diversity of RTD patterns and types [15]. Due to the important roles of
population, land and industry in rural development, most studies on China’s RTD focus on
demographic transition [16,17], industrial transition [18–21] and land use transition [22–24],
aiming to reveal the general characteristics of the evolution of rural regional system through
the analysis of elemental changes. Given the complexity of RTD, comprehensive indexes
such as rurality [25,26], rural development level [8] and rural multifunctional index [14,27]
measure the status of RTD from multiple dimensions. Additionally, analytical frameworks
such as vulnerability and resilience have also been employed to analyze the level and status
of RTD across time and space [28,29].

Since entering the 21st century, China has actively promoted the implementation of
major strategies such as the new socialist countryside construction and targeted poverty
alleviation, especially the latter, which has completely solved the long-standing problem
of absolute poverty in rural Central and Western China [12,30]. For the poverty-stricken
areas, getting rid of poverty is the biggest transformation of their development. In line
with the current shift of China’s rural development focus from poverty alleviation to rural
revitalization [31], an in-depth analysis of the regional differences and influencing factors
of RTD in typical poverty-stricken areas is of great significance in guiding China’s poverty-
stricken areas to consolidate and expand antipoverty achievements and comprehensively
promote rural revitalization. On the other hand, the global antipoverty process has suffered
a setback for the first time in over 20 years due to multiple challenges such as the COVID-19
pandemic, climate change and geopolitical conflicts [32,33]. If the current trends continue,
nearly 7% of the world’s population, or nearly 600 million people, will still be struggling
in extreme poverty by 2030 [34,35]. China is the first developing country in the world to
achieve UN Sustainable Development Goal (SDG) 1 [31]. The study of antipoverty practices
in China’s typical poverty-stricken areas will help summarize antipoverty experiences and
contribute Chinese wisdom to global poverty alleviation, thereby supporting the timely
achievement of the 2030 SDGs.

Following the introduction, Section 2 constructs a cognitive framework of RTD, selects
targeted indicators to feature RTD, and develops a model to diagnose the factors influencing
the regional divergence of RTD. Section 3 briefly introduces the study area and the data
used in this study. Section 4 presents the spatial and temporal patterns of RTD in the
Yanshan-Taihang Mountains from 2000 to 2020 and identifies the influencing factors of RTD
using the geographically and temporally weighted regression (GTWR) model. Section 5 re-
examines RTD and its influencing factors and explores key measures for rural revitalization
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in the Yanshan-Taihang Mountains and the implications of this study for global poverty
alleviation and development. Conclusions are drawn in Section 6.

2. Theory and Methodology
2.1. Theoretical Framework

Transformation refers to the process of fundamental changes in the way things oper-
ate and the form of their structures, reflecting the change of things from one qualitative
state to another. From the perspective of dialectical materialism, this transformation
is also known as qualitative change, and is one of the basic states of the movement of
things [36]. Another state of the movement of things corresponding to it is quantitative
change, which reveals the increase/decrease in the number of things, the adjustment
of places and the changes in the arrangement of various components within things. In
essence, quantitative change is a continuous, universal, inconspicuous, gradual and
objective change [37,38]. When the accumulated quantitative change does not exceed a
specific threshold, it does not change the nature of things; while when it exceeds this
threshold, it triggers a change in the nature of things. Generally, the development of
things begins with quantitative change, which is the premise of qualitative change, and
qualitative change is the result of quantitative change. Meanwhile, qualitative change
opens the way for new quantitative change, making things start new quantitative change
on the basis of qualitative change. In this way, things continue to develop from a low to
a high level, promoting the emergence of new things and the demise of old things.

The rural regional system is a spatial system with a certain structure, function,
and inter-regional connection, which is composed of human, economic, resource and
environmental elements [15]. Among them, human elements mainly refer to social
matters closely related to human development; economic elements mainly refer to
various economic activities in rural areas; resource elements mainly refer to water, land,
atmosphere, and other natural resources that can be developed and used by human
beings; and environmental elements mainly refer to the earth’s surface environment
composed of the atmosphere, hydrosphere, lithosphere, biosphere, etc. The changes
in the elements within the system constitute the initial dynamics of RTD [7]. They are
linked through material circulation, energy conversion and information transmission,
and constantly interact with external systems, allowing rural regional system to evolve
from simple to complex. In this process, the organizational structure and operational
mode of rural regional system are also constantly improved, promoting the evolution
of system function and state. Poverty is a state presented by element shortages and
structural imbalances in rural regional system, and the purpose of poverty alleviation is
to improve the function and state of rural regional system through targeted measures
to compensate for element shortages and optimize structural organization [39]. When
compensating for shortcomings in the period of quantitative change, rural areas are
still in poverty; only when the optimization and adjustment of the system makes rural
socio-economic development reach a certain level can poverty-stricken areas get rid of
poverty. With the improvement in sustainable development capability, poverty-stricken
areas can achieve the goal of eliminating absolute poverty and gradually transform to
the stage of affluence (Figure 1).

RTD reveals the dynamic process of qualitative changes based on accumulated
quantitative changes in the rural regional system. Therefore, to scientifically understand
RTD, the core is to analyze the changes in system function and state based on the changes
in system element, where the changes in elements reveal the quantitative changes of the
system, the evolution of the function and state reflects the qualitative changes of the
system, and the key to bridging the change of element and the evolution of function and
state is the optimization and adjustment of system structure.
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2.2. Research Methods
2.2.1. Measurement of RTD

According to the theoretical understanding of RTD, the development of human, eco-
nomic, resource and environmental elements in rural regional system is the quantitative
change process of RTD. Based on the availability of data and drawing on existing stud-
ies [7,8,40–42], the urban population share, non-agricultural industry ratio, construction
land share and normalized difference vegetation index (NDVI) are employed to represent
the changes of human, economic, resource and environmental elements in rural regional
system, respectively, thereby revealing the quantitative changes of rural regional system
(Table 1). In terms of the connotation of each indicator, they are all positive, i.e., the higher
their values, the more quantitative changes RTD accumulates, and the easier it is for the
function of the rural regional system to leap forward and achieve qualitative changes.

Table 1. Indexes characterizing the quantitative changes of rural regional system.

Dimension Indicator Description

Human elements Urban population share Urban resident population/total resident population
Economic elements Non-agricultural industry share Added-value of secondary and tertiary industries/GDP

Resource elements Construction land share
(Total of urban and rural residential areas,

transportation, industrial and mining and other
land)/total area of the region

Environmental elements NDVI An index reflecting the status of land vegetation cover

Systems theory suggests that the function and state of a system depend not only on
the number of elements, but also on the structural organization formed by the interaction
between elements [43]. Therefore, this study uses the coupling coordination degree between
elements to characterize the function and state of rural regional system and reveal the
qualitative changes of rural regional system, i.e., the RTD level at a certain point in time. In
general, the coupling coordination degree is calculated as follows:

Dit =
√

Tit × Cit =

√
(aHumit + bEconit + cResit + dEnvit)×

(
4×

4
√

Humit × Econit × Resit × Envit
Humit + Econit + Resit + Envit

)
(1)

where Dit is the coupling coordination degree of human (Hum), economic (Econ), resource
(Res) and environmental (Env) elements of the rural regional system i in period t; Cit and
Tit are the coupling degree and comprehensive coordination index of the four elements
in the rural regional system, respectively; and a, b, c and d are the weights of human,
economic, resource and environmental elements in the rural regional system, respectively.
The weight values obtained with the combined Delphi method [44] and entropy weight
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method [45] are 0.3259, 0.2155, 0.2447 and 0.2139, respectively. Additionally, the RTD state
characterized by the coupling coordination degree of elements can be divided into eight
levels: severe disorder (0.00~0.20), moderate disorder (0.21~0.30), mild disorder (0.31~0.40),
imminent disorder (0.41~0.50), barely coupling coordination (0.51~0.60), primary coupling
coordination (0.61~0.70), intermediate coupling coordination (0.71~0.80) and advanced
coupling coordination (0.81~1.00).

2.2.2. Pre-Section of Influencing Factors and Model Construction

The dynamics of rural development has been at the core of research on issues con-
cerning agriculture, rural areas and farmers. Since the 1950s, classical rural development
theories such as exogenous rural development theory, endogenous rural development the-
ory and comprehensive rural development theory have been developed [46,47]. Exogenous
rural development theory places rural areas in the macro context of regional socioeconomic
development and argues that regional industrialization and urbanization can affect rural
development through the spillover of their polarization effects, thus realizing “top-down”
rural development [48]. Endogenous rural development theory focuses on the natural
resources and human elements of rural areas and believes that the potential of rural re-
sources can be fully explored through appropriate methods to achieve “bottom-up” rural
development [49]. Comprehensive rural development theory overcomes the deficiencies of
the previous two theories by focusing on the linkage and balance of internal and external
factors in rural areas and pointing out that rural development is the result of a combination
of local endogenous forces and external driving forces [50,51].

Essentially, RTD is the result of the interaction between the internal and external
subsystems of rural regional system. The key to the former lies in the strength of rural self-
development capabilities, while the latter mainly depends on regional industrialization and
urbanization [52,53]. Based on data availability and a review of existing studies [8,52,54,55],
four variables, namely average altitude, per capita farmland area, average years of school-
ing, and road density, were selected to feature the level of rural self-development capacity,
and four variables, namely, per capita GDP, level of agricultural mechanization, per capita
income of rural households, and urban–rural dual structure, were employed to characterize
the development of regional industrialization and urbanization (Table 2).

Table 2. Pre-selection of variables influencing RTD level.

Variables Description

Average altitude The average value of DEM
Per capita farmland area Total farmland area/Rural registered population

Average years of schooling Average years of schooling for the resident population aged 6 and above
Road density Total length of road/Total area of the region

Per capita GDP GDP/Total resident population
Level of agricultural mechanization Total power of agricultural machinery/Total sown area

Per capita income of rural households Per capita disposable income of rural households
Urban–rural dual structure Ratio of per capita disposable income of urban and rural households

Among the commonly used regression models, the ordinary least squares (OLS) model
ignores spatial effects, and the geographically weighted regression (GWR) model ignores
temporal effects although spatial effects are considered. Therefore, the estimation results
of these models are biased. Based on the GWR model, Huang et al. [56] proposed the
GTWR model, which takes both temporal and spatial effects into consideration, making the
model estimation results more accurate and providing an analytical basis for dealing with
spatio-temporal non-stationarity. Here, the GTWR model is employed to explore the factors
influencing RTD in the Yanshan-Taihang Mountains from 2000 to 2020, and its expression
is as follows:

yi = β0(µi, vi, ti) +
p

∑
k=1

βk(µi, vi, ti)xik + εi (2)
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where yi is the RTD level of county i; xik is the value of the kth independent variable of
county i; ui and vi are the longitude and latitude of the center of gravity, respectively; ti
is the time sequence; β0 (ui, vi, ti) is the regression constant, which is also the intercept of
the GTWR model; βk (ui, vi, ti) is the kth regression coefficient; p is the total number of
explanatory variables; and εi is the residual term of the model.

3. Study Area and Data Sources
3.1. Study Area

The Yanshan-Taihang Mountains are located in the hinterland of the Yanshan and
Taihang Mountains, with a total area of 93,000 km2 (Figure 2). In terms of administrative
division, it covers 33 counties in Hebei, Shanxi and Inner Mongolia, including 25 old
revolutionary counties and 5 ethnic autonomous counties. Due to the constraints such
as fragile ecology, poor infrastructure and frequent disasters, poverty has long been a
prominent problem and challenge for rural development in the Yanshan-Taihang Mountains.
If calculated at the constant price of 2300 yuan in 2010, the rural poverty-stricken population
in the Yanshan-Taihang Mountains reached 2.19 million in 2013, with a poverty incidence
of 31.58%. Generally, rural poverty in this region presents the main characteristics of
large amount, wide distribution, deep degree and difficulty in poverty alleviation [57].
Over the past decades, the Yanshan-Taihang Mountains have actively promoted poverty
alleviation and development based on rapid economic development and continuous policy
investment. In 2020, the elimination of absolute poverty in the rural Yanshan-Taihang
Mountains indicated that rural development in this region has entered a new stage of
consolidating and expanding antipoverty achievements and comprehensively promoting
rural revitalization.
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3.2. Data Sources and Processing

This study takes a county as the basic spatial analysis unit. The administrative division
data come from the National Geomatics Center of China (http://www.ngcc.cn/ngcc/)
(accessed on 15 June 2022), and the DEM, NDVI and land use data are downloaded from the
Resource and Environment Science and Data Center (https://www.resdc.cn/) (accessed on
15 June 2022). Socioeconomic data were collected from the China County Statistical Yearbook,
China Statistical Yearbook for Regional Economy, Hebei Economic Yearbook, Shanxi Statistical
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Yearbook, Inner Mongolia Statistical Yearbook, and the statistical bulletins on national economic
and social development of each county. Population data are obtained from tabulation on
the 2000 and 2010 population census of the People’s Republic of China by county, and
the main data bulletins of the seventh census of each county. In terms of the missing
data, they are replaced by the data of adjacent years or the average of prefecture-level
municipalities. Table 3 presents statistics of the indicators measuring RTD level and the
pre-selected influencing factors. To eliminate the influence of dimensional differences on
RTD level, the max–min normalization method is employed to standardize each indicator.
Additionally, all data were treated as a whole and then further analyzed by year to achieve
comparable results across years.

Table 3. Statistics of the indicators measuring RTD and the pre-selected influencing factors.

Type Indicator/Variable Unit Minimum Maximum Mean Standard
Deviation

Measurement
indicators

Urban population share % 3.86% 62.23% 29.91% 15.39%
Non-agricultural

industry share % 39.75% 94.09% 72.87% 10.94%

Construction land share % 0.17% 15.76% 3.33% 2.89%
NDVI - 0.4321 0.8541 0.6687 0.0992

Pre-selected
influencing

factors

Average altitude m 44 1500 1044 426
Per capita farmland area mu/person 0.65 11.44 3.73 2.53

Average years of schooling year 6.02 10.10 8.19 0.86
Road density km/km2 0.0782 1.7014 0.5949 0.3217

Per capita GDP yuan/person 1369 83,402 16,632 15,094
Level of

agricultural mechanization kWh/ha 0.60 17.37 4.85 3.07

Per capita income of
rural households yuan/person 958 16,543 5536 4574

Urban–rural dual structure - 1.85 5.23 3.16 0.78

4. Empirical Results
4.1. Spatio-Temporal Patterns of RTD in Yanshan-Taihang Mountains
4.1.1. Spatio-Temporal Patterns of Quantitative Changes

Using the four indicators of urban population share, non-agricultural industry share,
construction land share and NDVI, the evolution of rural human, economic, resource and
environmental elements of the Yanshan-Taihang Mountains from 2000 and 2020 is revealed
to feature the quantitative changes of RTD.

(1) Urban population share
In 2000, the urban population share in the Yanshan-Taihang Mountains was generally

at a low level, with most counties having a ratio of less than 20% and relatively high-value
counties being scattered (Figure 3a). In 2010, the urban population share increased rapidly,
with relatively high-value counties mainly located in Zhangjiakou (Figure 3e). In 2020,
only Guangling, Linqiu, Tangxian and Longhua had a ratio below 40%, and the relatively
high-value counties concentrated on the Hebei side of Taihang Mountains (Figure 3i). In
terms of changes, most counties had higher increases in 2010–2020 than in 2000–2010.
Spatially, counties with small increases were mainly distributed in the Yanshan Mountains,
and counties with large increases were mainly distributed in Hebei; the highest average
increase was in Hebei, and the lowest was in Shanxi (Figure 3m).

(2) Non-agricultural industry share
In the three selected time sections, the non-agricultural industry share in the counties

of the Taihang Mountains was generally higher than that in the Yanshan Mountains. Specif-
ically, the county non-agricultural industry share in 2000 and 2010 showed a decreasing
trend from east to west and from south to north (Figure 3e,f). In 2020, the decreasing trend
in this ratio from south to north was still obvious, but the feature of decreasing from east to
west was not obvious (Figure 3j). From 2000 to 2020, counties with negative growth in the
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non-agricultural industry share were mainly distributed in the Yanshan Mountains, espe-
cially Weichang, Pingquan and Chengde, with a decline of more than 12 percentage points;
the increase in the non-agricultural industry share in the Taihang Mountains generally
showed a gradual upward trend from south to north (Figure 3n).

1

 

Figure 3. Spatio-temporal patterns of the quantitative changes of rural regional system in Yanshan-
Taihang Mountains.

(3) Construction land share
Due to the location in mountainous areas and the positioning of national key ecological

function zone, most counties in the Yanshan-Taihang Mountains ran at a low construction
land share, and only a few counties located in the transition zone from the Taihang Moun-
tains to the North China Plain had a relatively high construction land share. Specifically,
the county construction land share showed an increasing trend from east to west and from
south to north in 2000, 2010 and 2020, and the low-value counties were concentrated in the
Yanshan Mountains and the deep Taihang Mountains (Figure 3c,g,k). The increase in the
county construction land share in the Yanshan Mountains was generally small, while the
Taihang Mountains presented a spatial characteristic of being smaller in the east than in the
west, i.e., the county increase in Hebei was generally smaller than that in Shanxi and Inner
Mongolia (Figure 3o).
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(4) NDVI
As an important ecological security barrier in the Beijing–Tianjin–Hebei region, the

NDVI of the study area has been at a relatively high level for a long time. Spatially, the
county NDVI in 2000, 2010 and 2020 showed a decreasing from east to west and from north
to south (Figure 3d,h,l). In terms of changes, the increase in NDVI in the Yanshan Mountains
was significantly greater than that in the Taihang Mountains; except for the counties in
Inner Mongolia, the increase in NDVI generally shows a divergence of increasing from
south to north (Figure 3p).

4.1.2. Spatial and Temporal Patterns of RTD

Using Equation (1), this study measures the coupling coordination degree among the
elements of rural regional system in each county, thus revealing RTD level in the Yanshan-
Taihang Mountains from 2000 to 2020 (Figure 4). In 2000, RTD in most counties was in a
disorderly state, accounting for 75.76% of the total. Therefore, rural development in the
Yanshan-Taihang Mountains generally faced problems such as insufficient endogenous
power, fragile ecological environment and prominent urban–rural dual structure, which
determined the prevalence of rural poverty. In 2010, most counties achieved a leap in RTD
status, and the ratio of counties in the state of barely and primary coupling coordination
increased from 24.24% in 2000 to 84.85%. With the victory in the decisive fight against
poverty, most counties in the Yanshan-Taihang Mountains reached a RTD state of coupling
coordination in 2020, especially in Xuanhua and Wangdu, where RTD entered a state of
advanced coupling coordination. Spatially, in 2000, the state of county RTD in the south
of the study area was significantly better than that in the north; in 2010 and 2020, the
county RTD showed a similar spatial pattern, i.e., RTD in the Taihang Mountains generally
outperformed that in the Yanshan Mountains.
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In terms of the changes in RTD level from 2000 to 2020, all counties in the Yanshan-
Taihang Mountains, except Weichang, achieved a leap in RTD level (Table 4). Specifically,
the number of counties with an RTD level upgraded from imminent disorder to primary
coupling coordination was the largest at seven, followed by six counties with an RTD level
upgraded from imminent disorder to intermediate coupling coordination. The number of
counties that upgraded from mild disorder to primary coupling coordination and from
barely coupling coordination to intermediate coupling coordination was both four, and the
number of counties with other state transitions did not exceed three.
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Table 4. State changes of RTD in Yanshan-Taihang Mountains.

2020

Imminent
Disorder

Barely Coupling
Coordination

Primary
Coupling

Coordination

Intermediate
Coupling

Coordination

Advanced
Coupling

Coordination
Total

2000

Primary coupling
coordination 1 1

Barely coupling
coordination 2 4 1 7

Imminent disorder 1 3 7 6 17
Mild disorder 1 4 5

Severe disorder 2 1 3
Total 1 4 15 11 2 33

Further, Geoda was employed to analyze the spatial characteristics of county RTD
level in the Yanshan-Taihang Mountains. In 2000, 2010 and 2020, the global Moran’s I
of county RTD level was 0.154, 0.269 and 0.489, respectively, indicating a positive spatial
correlation of RTD, and this correlation showed an increasing evolutionary trend. The
Moran scatterplot showed that the number of counties in the first quadrant (high-value
counties surrounded by high-value counties) decreased from 18 in 2000 to 13 in 2010 and
further to 11 in 2020; the number of counties in the third quadrant (low-value counties
surrounded by low-value counties) increased from 6 in 2000 to 10 in 2010 and further to 14
in 2020; the number of counties in the second quadrant (low-value counties surrounded by
high-value counties) was 4, 5 and 2 in 2000, 2010 and 2020, respectively; and the number of
counties in the fourth quadrant (high-value counties surrounded by low-value counties)
was 5 in both 2000 and 2010, increasing to 6 in 2020 (Figure 5). In general, nearly 70% of the
counties were distributed in the first and third quadrants, indicating that most counties
had similar RTD level to their neighboring counties during the study period.

Land 2023, 12, x FOR PEER REVIEW 10 of 18 
 

coupling coordination was the largest at seven, followed by six counties with an RTD level 
upgraded from imminent disorder to intermediate coupling coordination. The number of 
counties that upgraded from mild disorder to primary coupling coordination and from 
barely coupling coordination to intermediate coupling coordination was both four, and 
the number of counties with other state transitions did not exceed three. 

Table 4. State changes of RTD in Yanshan-Taihang Mountains. 

 

2020 

Imminent 
Disorder 

Barely 
Coupling 

Coordination 

Primary 
Coupling 

Coordination 

Intermediate 
Coupling 

Coordination 

Advanced 
Coupling 

Coordination 
Total 

2000 

Primary 
coupling 

coordination 

    1 1 

Barely coupling 
coordination 

  2 4 1 7 

Imminent 
disorder 

1 3 7 6  17 

Mild disorder  1 4   5 
Severe disorder   2 1  3 

Total 1 4 15 11 2 33 

Further, Geoda was employed to analyze the spatial characteristics of county RTD 
level in the Yanshan-Taihang Mountains. In 2000, 2010 and 2020, the global Moran’s I of 
county RTD level was 0.154, 0.269 and 0.489, respectively, indicating a positive spatial 
correlation of RTD, and this correlation showed an increasing evolutionary trend. The 
Moran scatterplot showed that the number of counties in the first quadrant (high-value 
counties surrounded by high-value counties) decreased from 18 in 2000 to 13 in 2010 and 
further to 11 in 2020; the number of counties in the third quadrant (low-value counties 
surrounded by low-value counties) increased from 6 in 2000 to 10 in 2010 and further to 
14 in 2020; the number of counties in the second quadrant (low-value counties surrounded 
by high-value counties) was 4, 5 and 2 in 2000, 2010 and 2020, respectively; and the num-
ber of counties in the fourth quadrant (high-value counties surrounded by low-value 
counties) was 5 in both 2000 and 2010, increasing to 6 in 2020 (Figure 5). In general, nearly 
70% of the counties were distributed in the first and third quadrants, indicating that most 
counties had similar RTD level to their neighboring counties during the study period. 

 
Figure 5. Moran scatterplot of county RTD level in Yanshan-Taihang Mountains. Figure 5. Moran scatterplot of county RTD level in Yanshan-Taihang Mountains.

4.2. Factors Influencing RTD in Yanshan-Taihang Mountains

Due to the large values of average altitude, per capita GDP and per capita income of
rural households, the logarithmic operation of the three independent variables was per-
formed to facilitate calculation. Meanwhile, the data were diagnosed for multicollinearity
using SPSS 23.0. The results showed that after excluding the variable of per capita income of
rural households, the variance inflation coefficients of the remaining independent variables
were less than 10, and the tolerance was greater than 0.10, indicating that there was no
significant collinearity among the remaining independent variables and can be used for
model fitting analysis. Additionally, the key parameters of the GTWR and OLS model
regression were given in Table 5. According to the Akaike information criterion (AIC) and
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R2, the GTWR model significantly outperforms the OLS model, i.e., the GTWR model can
better reveal the influence of the pre-selected independent variables on RTD.

Table 5. Estimated parameters of GTWR and OLS models.

Bandwidth Residual Squares Sigma AIC R2 Adjusted R2 Spatio-Temporal
Distance Ratio

GTWR 0.2859 0.7762 0.0885 −136.706 0.6814 0.6569 0.5418
OLS −140.1425 0.5035

As can be seen from Figure 6, there were significant regional differences in the effects
of the remaining seven independent variables on RTD of the Yanshan-Taihang Mountains.

(1) Average altitude (altitude). Most counties had a negative effect of average elevation
on RTD, but only a few counties passed the significance test. Especially in 2020,
all counties failed the 10% significance test. The main reason for this was that the
development of productivity made the role of natural conditions in RTD insignificant.

(2) Per capita farmland area (farm). In 2000 and 2010, the effect of per capita farmland area
on RTD was mainly negative, and the counties in the western Yanshan Mountains
and northern Taihang Mountains both passed the significance test. In 2020, the
impact of per capita farmland area was mainly positive, with few counties passing
the significance test, concentrated in eastern Yanshan Mountains. This change reflects
the diminishing role of natural factors in human activities as productivity develops.

(3) Average years of schooling (school). The effect of average years of schooling on RTD
was positive, and the counties passing the significance test in 2000 and 2010 were
mainly distributed in the central and southern Taihang Mountains, and most counties
in the Yanshan-Taihang Mountains passed the significance test in 2020. The average
years of schooling reflect the accumulation of human capital in rural areas, and its
role in RTD is becoming increasingly prominent.

(4) Road density (road). The effect of road density on RTD was mainly positive, but only
a few counties passed the significance test, mainly concentrated in the Yanshan Moun-
tains. This was mainly because there were many cross-border roads distributed in the
Taihang Mountains, which did not have a significant driving effect on RTD; while the
roads in the Yanshan Mountains better played their tandem role to promote RTD.

(5) Per capita GDP (pgdp). The effect of per capita GDP on RTD was mainly positive, and
most counties passed the significance test, indicating that the county economy was an
important support for RTD. Specifically, the impact of per capita GDP on RTD in 2000
was significantly positive in most counties except for those in the eastern Yanshan
Mountains and southern Taihang Mountains; in 2010 and 2020, the counties with
significantly positive effects were mainly located in the Taihang Mountains.

(6) Level of agricultural mechanization (mecha). The effect of the level of agricultural
mechanization on RTD was mainly negative, but the counties whose effects passed the
significance test were concentrated in 2000, and all counties failed the significance test
in 2010 and 2020. This was mainly due to the declining share of agriculture in rural
economy caused by the restructuring of rural industrial during rapid industrialization
and urbanization, which in turn led to an increasingly insignificant role of agriculture
in RTD.

(7) Urban–rural dual structure (dual). The effect of urban–rural dual structure on RTD
was negative, and most counties passed the significance test, indicating that the
more pronounced the urban–rural dual structure, the lower the RTD level. Spatially,
the counties that passed the significance test in 2000 were mainly distributed in the
Taihang Mountains, while in 2010 and 2020, they were mainly distributed in the
western Yanshan Mountains and northern Taihang Mountains.
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5. Discussion
5.1. Reexamining RTD and Its Influencing Factors in Poverty-Stricken Areas

Rural development has its own laws and follows a life cycle of germination, growth,
maturity, and decline/leap [58,59]. The first-nature geography, dominated by natural
conditions [60], plays a decisive role in the early stages of rural development. Due to the
low resource and environmental carrying capacity, conflicts between rural people and
environment often arise when the intensity of human activities increases, exacerbating
the unsustainability of rural development and rural decline. As rural development level
increases, the role of first-nature geography continues to diminish, but its fundamental sup-
porting role remains significant [61]. Correspondingly, the role of second-nature geography,
referring to human conditions [60], is increasing, i.e., rural development is shifting from a
resource orientation to a knowledge and technology orientation. During this process, many
rural populations are transformed into urban populations, the rural industrial structure
changes from predominantly agricultural to non-agricultural, and a large amount of agri-
cultural land is transformed into construction land. As a result, rural areas have changed
from small to large in both amount and scale.

Sachs [62] once stated that “geography is destiny. If a country is geographically closed,
inaccessible, environmentally vulnerable to disease and extreme weather, and has poor
soil, it will be poor”. Although this statement has been challenged for overemphasizing
the decisive role of natural conditions, it is true that poverty is spatially uneven. In China,
most of the poor are distributed in rural areas, especially those with remote location,
scarce resources, fragile ecology and poor infrastructure [57,63,64]. Meanwhile, large-scale
poverty alleviation and development have led to an increasing concentration of poor people
in areas with poor location conditions such as deep rocky mountains, alpine areas and
ecologically fragile areas, and the effectiveness of poverty reduction achieved with the
same amount of antipoverty resources has also shown a diminishing trend [57].

Escaping poverty is the greatest transformation of rural development in poverty-
stricken areas, and it is also a prerequisite for their agricultural and rural modernization.
Due to the multidimensional nature of poverty [65], comprehensive measures should be
taken to fill the shortcomings and strengthen the weaknesses to enhance the sustainable
development capacities of rural areas; on the other hand, regional industrialization and
urbanization should be promoted to consolidate the support for rural poverty alleviation
and development. Meanwhile, institutional reforms and policy innovations are needed to
avoid excluding poor individuals and regions from socio-economic development. Over the
past few decades, China’s large-scale poverty alleviation has aimed to ensure that the poor
are well fed and clothed, and that their needs for compulsory education, basic healthcare
and safe housing are guaranteed. Moreover, the development levels of industrialization
and urbanization in poverty-stricken areas are improved to increase support for the poor
to escape from poverty and promote the transformation and development of poor villages
to a higher level.

5.2. Paths for RTD in Yanshan-Taihang Mountains under the Background of Rural Revitalization

Currently, the Yanshan-Taihang Mountains have achieved the leap from inadequate
subsistence to full well-off status. However, the shortcomings of rural development remain
prominent, resulting in the persistence of relative poverty and the risk of returning to
poverty. With the transformation of China’s principal social contradictions, the rural
revitalization strategy has become the general grasp of issues concerning agriculture, rural
areas and farmers in the Yanshan-Taihang Mountains. In this context, targeted measures
are needed to enhance the sustainable development capacities of rural areas and help
modernize agriculture and rural areas and the high-quality rural development in the
Yanshan-Taihang Mountains.

First, the development level of rural education needs to be improved. The govern-
ment should strengthen investment in rural education, especially actively promote the
development of “internet + education”, accelerate the digital transformation and intelli-
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gent upgrading of rural education, and promote the sharing of high-quality educational
resources and the effective matching of educational demand and supply.

Second, the county transportation infrastructure needs to be improved. The govern-
ment should promote the construction of transportation infrastructure, build a transporta-
tion network with clear functions, reasonable layout, and moderate scale, support the
extension of industrial chains and the upgrading of value chains, improve the capacity and
level of rural roads, and support rural development in the Yanshan-Taihang Mountains.

Third, the level and quality of county economic development need to be improved.
The main function assigned by the central government determines that economic devel-
opment in this region must abandon the traditional development path and rely on its
ecological advantages to promote ecological industrialization and industrial ecologization.
Meanwhile, it is necessary to actively promote the integrated development of primary,
secondary, and tertiary industries, and build a modern industrial system through chain
extension, technology penetration and policy innovation.

Fourth, system reform is needed to promote urban–rural integrated development.
Focusing on improving the property rights system and optimizing resource allocation,
the government should deepen the reform of land and hukou systems and accelerate the
construction of mechanism for urban–rural integrated development. Meanwhile, there is
an urgent need to actively promote the development of new-type urbanization, with the
county-town as the carrier, and give full play to the important role of the county town in
connecting cities and serving rural areas.

5.3. Suggestions for Global Poverty Alleviation and Development

Poverty means the lack of livelihood capital, and its accompanying problems such
as hunger, disease and social conflict seriously hinder people’s pursuit of a better life.
Therefore, poverty eradication is not only a common aspiration of all people, but also an
important goal that governments strive to achieve [57,66]. From the Millennium Devel-
opment Goals (MDGs) in 2000 to the Sustainable Development Goals (SDGs) in 2015, a
series of programmatic documents guiding poverty alleviation and development have
greatly contributed to the development of poverty-stricken areas and the reduction in the
poverty-stricken population. Globally, the proportion of people living in extreme poverty
declined from 36% in 1990 to 10% in 2015 [67]. However, global poverty reduction is
extremely uneven due to the spatial heterogeneity of locations, with East Asia and the
Pacific achieving the most notable success in poverty reduction, especially China, which
contributes more than 70% of total global poverty reduction [68,69]. In South Asia and
sub-Saharan Africa, factors such as conflict, a lack of natural resources, being deep inland
and surrounded by hostile neighbors, and poor governance have contributed to the large
number of poverty-stricken population and the slow process of poverty reduction in these
regions [70]. Moreover, the COVID-19 pandemic has put global poverty reduction gains at
risk, and the goal of no poverty by 2030 will not be achieved without rapid and substan-
tial policies and measures [71]. In this context, China’s antipoverty experience provides
important policy implications for other countries to overcome poverty and achieve the
2030 SDGs.

First, industrialization should be actively promoted to improve the level of regional
economic development. At the same time, industrialization can also support the devel-
opment of urbanization, and gradually solve the long-standing slum problems in less
developed regions and countries through coordinated development with urbanization.
Second, investment in education should be strengthened to transform the quantitative
advantage of the population in poverty-stricken areas into a human capital advantage. On
the one hand, education improves total factor productivity through human capital accumu-
lation; on the other hand, education promotes industrial transformation and upgrading by
improving people’s knowledge and skills and cultivating workers needed for industrial
development. Further, the construction of transportation networks should be strengthened.
It is necessary to promote the integration and coordination of various transportation, such
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as railways and highways, to realize smooth passenger transportation and efficient freight
transportation, and improve comprehensive transportation efficiency. As a result, it is
conducive to the import of external factors to make up for the shortcomings of the region
and the export of superior production factors, improving the effectiveness of regional
economic development. Finally, institutional innovation is needed to realize the sharing of
development results. An important reason why the poor are poor is that they are excluded
from socio-economic development. Therefore, it is necessary to optimize regional relations
and urban–rural relations through political, economic and social system innovation, so that
the poor can equally enjoy the fruits of economic development.

6. Conclusions

RTD is a dynamic process in which a rural regional system changes from one qualita-
tive state to another on the basis of continuous quantitative changes in the elements, and
the key to understanding it lies in diagnosing the structural and functional changes of the
system on the basis of exploring element changes. Therefore, the quantitative analysis of
RTD can be characterized by measuring the coupling coordination degree of the human,
economic, resource and environmental elements of the rural regional system. From 2000 to
2020, the county urban population share, non-agricultural industry share, construction land
share and NDVI in the Yanshan-Taihang Mountains increased significantly, contributing to
the leap in RTD level, and the proportion of counties with RTD in a coupling coordination
state increased from 24.24% to 96.97%. Spatially, there was an increasing positive spatial
correlation between the county RTD levels in the Yanshan-Taihang Mountains, where the
RTD status in the Taihang Mountains was significantly better than that in the Yanshan
Mountains. The estimation results of the GTWR model showed that the average years of
schooling, road density, per-capita GDP and urban–rural dual structure were the main fac-
tors affecting RTD in the Yanshan-Taihang Mountains, and there were obvious differences
in the regression coefficients of each factor. Specifically, the urban–rural dual structure had
a negative impact on RDT, while the average years of education was positive, and road
density and per-capita GDP were mainly positive.

The experience of developed countries shows that without the modernization of
agriculture and rural areas, there is no modernization of the whole country [72]. Therefore,
developing countries should strengthen factor inputs to promote agricultural and rural
development. Focusing on areas that have been lifted out of poverty, the government
should strengthen the sustainability of antipoverty policies and measures, consolidate
antipoverty achievements, and improve the sustainable development capacity of rural
areas. Meanwhile, since most of these areas are ecologically fragile areas, actively promoting
RTD to a higher level is also of great significance for realizing regional ecological protection
and high-quality development.
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