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Sustainable Land Use and Management
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With the rapid development of urbanization and social economy, the utilization
and protection of land have become one of the great social problems globally. Excessive
urbanization has not only brought significant challenges to the sustainable utilization
of urban land [1], but also imposed far-reaching, negative implications on farmland as
well as ecological environment protection [2,3], as both urban and rural land are faced
with overexploitation, and the harmony of the human–land system has yielded to discord.
Unreasonable land-use planning and allocation are gradually reducing the efficiency and
sustainability of urban land use, and also branching out the conversion scale of farmland
to construction land. However, farmland reduction and urbanization not only give rise
to ecological environmental issues, such as land degradation, environmental pollution,
carbon emission increases, and so on, but also induce many social problems around land
interests [4–6].

The implementation of Protection policies for cultivated land, as an important type
of land use, is an essential element of sustainable land use and management. Meanwhile,
cultivated land conservation is a recognized worldwide topic and is central to ensuring
food security and maintaining social stability [7]. The first paper in this Special Issue first
summarizes the current dilemmas of China’s cultivated land protection at the theoretical
level, and preliminarily depicts the external foundation of CLPP in view of China’s topog-
raphy and spatial distribution of cultivated land (Contribution 1). This paper uses CLPP
texts as research samples based on grounded theory to construct an analytical framework.

From a practical point of view, land transfer, as an important means of farmland policy,
is an important channel in sustainable land use and management. And optimizing land
management is a promising approach to mitigating climate change [8]. Based on inter-
provincial panel data from 2005 to 2020, the study examined the influence of land transfer
on agricultural green transformation and its underlying mechanism by using a two-way
fixed effect model and an intermediary effect model. The study found that land transfer
substantially promotes agricultural green transformation and encourages the progress of
agricultural technology (Contribution 2). On the basis of exploring the mechanism and
effect of agricultural land transfer on agricultural carbon emissions, the correlation between
agricultural land transfer and agricultural carbon emissions was tested so as to clarify the
mechanism of agricultural land transfer affecting agricultural carbon emissions and its
future trends (Contribution 3). Meanwhile, under the background of ecological civilization
construction and the overall planning of land and space, the paper, taking Chayu County, a
typical alpine valley area of southeast Tibet as an example and based on the remote sensing
interpretation data of three periods in 2000, 2010 and 2020, employed the three-level spatial
scale from the village level to analyze and calculate the regional ecosystem service value
and their dynamic changes (Contribution 4). It is also important to examine theoretically
and empirically whether and how Digital financial inclusion (DFI) can reinforce cultivated
land green utilization efficiency (CLGUE) through the mediator of cultivated land transfer
(CLT) under the background of food security, social stability and environmental protection
(Contribution 5). The study explored the mediating mechanism between DFI and CLGUE
from the perspective of CLT, and the results showed that there is regional heterogeneity in
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DFI in terms of promoting and improving CLGUE, with a more positive relationship in the
main grain marketing areas.

In addition to agricultural land, rapid and excessive urbanization has also brought sig-
nificant challenges for the sustainable use and management of urban land. The metropolitan
area of Istanbul, with its rapid urbanization rate, has faced intense pressure regarding the
sustainability of urban habitats. This paper provides an understanding of how urbaniza-
tion changed the function of the spatial distribution of the urban mosaic by combining
medium-resolution data with high-resolution satellite imagery, evaluating the overall land-
scape structure and elucidating the landscape functions in an urban environment based on
the landscape structure (Contribution 6). Moreover, there is also a study on urban green
development efficiency (GDE) adopting a three-stage DEA model for Yangtze River Delta
cities (Contribution 7). The results showed that the GDE level showed heterogeneity in
different cities. And the GDE was enhanced by increasing the proportion of the tertiary
industry and the green area of built districts but weakened when the area of built districts
(ABD) reflecting urban construction was expanded.

The following papers of this Special Issue examined the efficiency of sustainable green
development from the perspective of urban–rural integration and explored policies and
strategies for the sustainable land use and management in the context of natural geological
disasters and social issues surrounding land interests. Under the constraints of scarce
land resources and the need for high-quality economic and social development, one paper
measured the efficiency of URID from the input–output perspective, taking into account
the impact of carbon emissions; it also calculated the efficiency of URID and described the
spatio-temporal characteristics in 73 cities within three major city clusters in the Yangtze
River Economic Belt (YREB) from 2010 to 2019, and analyzed the input–output optimization
strategies for URID within each of these major urban systems (Contribution 8). As a typical
geological disaster, landslides also bring a great challenge to sustainable land use and
management. The GRA–MIC fusion correlation calculation method was used to select the
factors influencing landslide displacement, and the CNN–BiLSTM model was used for
prediction. The experimental prediction results showed that the model proposed in this
paper can be popularized and applied in areas with frequent landslides and provide strong
support for disaster prevention and reduction and land use management (Contribution
9). The ecological impacts of land use change are also reflected on the quality of bird
habitats. Habitat loss and degradation due to land use change and loss is a major threat
to biodiversity worldwide (Contribution 10). Studies have shown an inverted U-shaped
relationship between the intensity of LUC and the PGSH. This study could provide a
reference for measuring the impacts of LUCC on bird species, enabling the protection of
bird species and habitats that need it most.

In relation to land interests, one study assessed the extent to which Land Tenure
Institutional Factors (LTIFs) influence on-farm Sustainable Land Management (SLM) in-
vestment in the highlands of Ethiopia through unbundling tenure security across a bundle
of rights. The study strengthened the notion that security of tenure may be a necessary
condition. And an in-depth analysis of the security of tenure categories across a bundle
of rights is necessary to help formulate context-specific SLM policy and strategy incen-
tivizing smallholders’ on-farm SLM investment (Contribution 11). Land management
issues are also embedded in displacement and resettlement-associated poverty caused
by water conservancy projects (WCP). The study found that rural re-settlers were more
resilient to forced majeure because land guarantees employment and food supply, allowing
households avoidance of secondary livelihood destruction (Contribution 12).

Sustainable development is currently a hot topic that has attracted global concern, and
the process of land use and management profoundly affects the realization of sustainable
development goals [9,10]. This Special Issue gathered studies regarding sustainable land
use and management from different research perspectives, aiming to contribute to the global
challenges of the sustainable urban and rural development in the rapidly urbanizing world.
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What Is the Operation Logic of Cultivated Land Protection
Policies in China? A Grounded Theory Analysis
Shandong Niu, Xiao Lyu * and Guozheng Gu

School of Humanities and Law, Northeastern University, Shenyang 110169, China; 2010005@stu.neu.edu.cn (S.N.);
2010006@stu.neu.edu.cn (G.G.)
* Correspondence: lvxiao@mail.neu.edu.cn; Tel.: +86-187-6931-9508

Abstract: Cultivated land protection policies (CLPP) are essential for maintaining social stability,
guaranteeing food security, and ensuring sustainable development. However, a mismatch exists
between policy performance and the objectives that influence the implementation of CLPP, and the
system mechanisms of CLPP must be revealed and explored. Based on the literature review, this
paper summarizes the current dilemmas of China’s cultivated land protection at the theoretical level,
and preliminarily depicts the external foundation of CLPP in view of China’s topography and spatial
distribution of cultivated land. This paper uses CLPP texts as research samples based on grounded
theory to construct an analytical framework. The results show that the operation logic of the CLPP is
founded on situation–structure–motivation–action–space–outcome. Accordingly, systematic analysis
and in-depth understanding of the operation logic of CLPP will help to re-examine the profound
relationship between policy text and implementation effect from such perspectives as transnational,
trans-regional, and multi-scale. It also helps to reveal the hidden scientific value of spatiotemporal
pattern for cultivated land protection, and serve the formulation and implementation of relevant
policies in the future. Under the background of the new era of ecological civilization, it is urgent to
enhance the operational effectiveness of the CLPP, identifying the focus of policy implementation,
and scientifically formulating the CLPP is of great significance to its success.

Keywords: cultivated land protection policies; operation logic; current dilemmas; grounded theory

1. Introduction

Cultivated land is a critical subject, and its protection is central to ensuring food
security and maintaining social stability [1]. The projections show that feeding a world
population of 9.1 billion people in 2050 would require raising overall food production by
70% between 2005 and 2050 [2]. Since 1960, the amount of cultivated land per capita in
the world has decreased from 0.41 ha to 0.21 ha [3]. Furthermore, it is estimated that 5 to
10 million ha of cultivated land is abandoned every year as a result of soil degradation and
the construction of buildings and infrastructure (Food and Agriculture Organization of
the United Nations, FAO, 2009). In 2019, the Intergovernmental Panel on Climate Change
(IPCC) noted in its report entitled “Risk Management and Decision-making in Relation
to Sustainable Development” that climate and land changes result in compound risks to
food systems, human and ecosystem health, and livelihoods. Control of land degeneration
and the sustainable use of cultivated land plays an important role in reducing soil erosion,
eliminating hunger, and coping with climate change [4,5]. In particular, the 2030 Agenda
(Transforming our World: The 2030 Agenda for Sustainable Development) also established
the “land degradation neutral world” to reset or reduce the level of soil degradation. This
is a significant challenge for scientists and policymakers worldwide who seek to protect
cultivated land [6] and achieve sustainable development of agricultural and socio-economic
production while ensuring food security [7,8].

Sustainability 2022, 14, 8887. https://doi.org/10.3390/su14148887 https://www.mdpi.com/journal/sustainability
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Protecting cultivated land is a recognized worldwide topic. Internationally, cultivated
land protection forms and priorities have their own characteristics, but they have cer-
tain commonalities in scientific planning, legal protection, government regulation, and
market operation. The cultivated land protection policy of the United States is mainly
macro-control oriented. First, it is to formulate a complete legal system for cultivated
land protection, that is, to plan and protect cultivated land from the aspects of planning,
taxation, requisition, etc.; then it is to implement the land use control system and the land
development right system [9,10]. Canada mainly guides cultivated land protection through
the planning system, including laws and regulations, land use planning, and restrictions
on the right to agricultural land development [11]. In the face of high urbanization, Britain
still retains a large number of cultivated land thanks to its focus on the implementation
of the land development right system [12,13]. After the 1960s, many laws have been
issued to strengthen the planning and management of land resources in Britain. Compara-
tively speaking, in France, the cultivated land protection policy puts more emphasis on
centralization, and the central government exercises the land legislative power. Private
cultivated land must be used for agricultural management, and it is not allowed to abandon
cultivation, inferior cultivation, or to build houses on cultivated land [14]. In Germany,
the ecological compensation policy and the ecological index trading mode ensure land
use and ecological balance, which is a policy worthy of reference [15]. Given its limited
land resources, Japan has not only established a sound legal system for the protection of
cultivated land, but also paid special attention to the creation of new urban agriculture [16].
In addition, South Korea also formulated a series of laws to reasonably protect and develop
agricultural land resources [17]. In general, compared with the above-mentioned countries,
the particularity of China’s cultivated land protection policy lies in basic national conditions
and the complex relationship between the multiple subjects of cultivated land protection.

Food security in China faces many challenges [18,19]. China is a developing country
with a large population, less cultivated land per capita, less high-quality cultivated land,
and less cultivated land reserve resources than developed countries [20,21]. Cultivated
land protection in China began in the 1980s and is the most stringent cultivated protection
system in the world [22,23]. However, in reality, cultivated land protection has not achieved
the expected effect of the policy [24,25]. According to the monitoring data of the Ministry of
Natural Resources [26], cultivated land decreased by 354,700 ha, 388,000 ha, and 336,500 ha
in 2013, 2014, and 2015, respectively. By 2015, China’s per capita cultivated land area was
only one-third of the world average. In 2015, the national high-quality cultivated land area
was 3.9738 million ha, accounting for only 2.9% of the total national cultivated land area.
The quality of cultivated land in some areas has continued to deteriorate [27]. In particular,
the performance of cultivated land in terms of quality and ecological protection is relatively
low [21,28,29] because rapid urban expansion has led to cultivated land degradation [30,31],
cultivated land conversion [32,33], cultivated land abandonment, and the decline of culti-
vated land fertility [34]. In addition, excessive intensive use of cultivated land has caused
various problems, such as overloaded agricultural ecosystem operations and increasing
environmental pressure [35,36], which has seriously undermined the sustainable develop-
ment of agriculture in China [37]. Because of this, based on the development situation of
cultivated land use and protection, the Chinese government formally put forward a series
of policy objectives and measures to strengthen cultivated land protection from the three
dimensions of quantity, quality, and ecology in 2012 [38,39].

Is the effect of the CLPP consistent with the expected goal of three-dimensional protec-
tion [40]? The evolution of the CLPP has been systematically analyzed [41,42], including
the policy performance [43]. A literary analysis of the CLPP literature reveals two main
points. First, relevant scholars carried out a performance evaluation of CLPP based on the
macro and meso scale and found that the implementation of a land use control system
and basic cultivated land protection policy yielded positive results for cultivated land
protection [44,45]. At the same time, the CLPP plays an important role in promoting food
production [46], maintaining the quantity, and reducing illegal activities. Second, some
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scholarly research shows that the performance of the CLPP is disappointing, and the
cultivated land control system does not effectively constrain the demand and supply of
cultivated land conversion [47,48]. Additionally, the land policy to control the growth of
construction land and prevent the loss of cultivated land has proven a two-fold failure [49].
These arguments provide a basis for optimizing the path of cultivated land protection in
China. As public policy, the historical logic and comprehensive attribution of the CLPP
and the complexity of the policy’s external environment cannot fully explain the cause
and effect whereby cultivated land protection is not consistent with the goal. Whether the
system mechanism of the policy is clarified is a key factor affecting the policy effect. In
the context of China’s land and space governance in the new era, what are the practical
problems faced by the cultivated land protection policy? How do the elements of policy
system interact? Is there any inherent logic law for induction? Therefore, a clear policy can
explain the operation logic and help construct the theoretical framework of the CLPP.

This paper focuses on these issues to explore the operational logic and construct the
theoretical framework of CLPP. It also supports current discussions of the systematic law
of policy operation and goes on to identify the focus of policy implementation. This paper
is organized as follows: In Section 2, we briefly review the relevant literature regarding
cultivated land protection to introduce the current dilemma. In Section 3, we describe
the research methods and data sources. In Section 4, using 62 texts of cultivated land
protection policies as research samples, we perform coding analysis and construct an
analytical framework based on grounded theory to explore the operational logic of CLPP.
In Section 5, we discuss the operational logic of cultivated land protection and analyze the
results. In the last section, we provide both conclusions and policy implications.

2. Literature Review
2.1. Mismatch between Cultivated Land Resource Value and Cultivated Land Protection Path

The comprehensive value of cultivated land resources includes economic, production,
ecological, and social value. The root cause of cultivated land loss is that the total value
of cultivated land resources and their reasonable distribution are ignored [50]. The non-
market value of cultivated land such as ecosystem service function, ensuring national
food security, maintaining social stability, and providing basic living security for farmers
attracts much attention [51]. Researchers found that the excessive loss of cultivated land
conversion accounted for 44.73% of the total cultivated land conversion area because the
non-market value of cultivated land from 1989 to 2006 was ignored [52]. According to
studies [53], the ratio of economic value, ecological value, and social value of cultivated
land is approximately 1:2:3, indicating that the current market value of cultivated land
resources is far from fully reflective of the value of cultivated land resources. However, the
value of cultivated land has not been widely studied by the community. On the one hand,
as the first behavior subject of cultivated land protection, farmers’ one-sided cognition of
cultivated land value, low comparative benefits of cultivated land’s social and economic
value [54], and obvious externality of cultivated land protection affect farmers’ enthusiasm
for protecting cultivated land [55]. However, these factors also bring a series of problems,
such as a deteriorating cultivated ecological land environment due to the excessive pursuit
of economic benefits of cultivated land. The lack of comprehensive value cognition of
cultivated land results in a disparity between requirements and the supply of cultivated
land multi-functions [56]. In reality, China’s topography are three ladder distributions.
According to the spatial distribution of cultivated land in 2017, the cultivated land quantity
in eastern area is more than that in Western area, and the cultivated land quantity in areas
with “light–temperature–water–soil” suitable conditions such as southeast coastal area
are gradually decreasing (Figure 1a). The economic, production, ecological, and social
value of cultivated land in different regions are spatiotemporal heterogeneity. Additionally,
insufficient attention to the ecological attributes of cultivated land with a large amount of
chemical investment in cultivated land use weakens the cultivated land ecological function.
Therefore, some scholars have proposed focusing on the non-market value and ecological
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value of cultivated land [57], the value of social responsibility [58], and the value of social
welfare [59] to squeeze the benefit space of cultivated land conversion. Overall, the value
of cultivated land has experienced a development process that has grown in scope. The
cognition of cultivated land comprehensive value is still in the connotation deepening
and standard quantification stages. A scientific and comprehensive evaluation system of
cultivated land value is yet to be developed; the benefit distribution is unbalanced, which
leads to a deviation in the path to cultivated land protection.
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2.2. Imbalance between Cultivated Land Protection Policy Objectives and Stakeholders

Cultivated land protection is a spatial allocation process in which multiple stake-
holders participate in responsibility rights [60], and its stakeholders include the central
government, local governments, and farmers [61,62]. However, the ambiguity of land
property rights is the root of the interest game among multiple stakeholders involved in
cultivated land protection in China [63]. The spatial allocation of cultivated land protection
is both a complex process and an unbalanced relationship, which leads to a mismatch
between the goals and achievements of central and local governments [64]. The central
government assumes ensuring all social welfare as the basic goal, local governments focus
on regional economic development, and farmers pay more attention to the production
efficiency of cultivated land. The interest game among multiple stakeholders is a key reason
for the failure of the cultivated land protection policy [65]. A principal–agent relationship
is formed between central and local governments in the process of responsibility and rights
distribution [66]. However, the rights and obligations of each subject are not clear, which
can easily lead to responsibility shifting. The central government (the client) is the policy-
maker and must coordinate social, economic, and ecological development holistically. Local
government (the agent) follows the logic of maximizing the benefits of local economy and
political achievements, and its responsibilities as an intermediate principal are far greater
than its rights. However, local governments are not all compensated accordingly, which
easily leads to abuse of power by local governments and land violations. Farmers often
fail to realize their rights and interests due to insufficient participation in public decision
making. Finally, these actions have made a profound influence upon the replacement of
policy objectives because of an imbalance of power, responsibilities, and interests.
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2.3. Structural Contradiction between Restraint Mechanism and Incentive Mechanism of
Cultivated Land Protection

Many scholars believe that a problem to be solved is establishing restrictive and
incentive mechanisms to stimulate the enthusiasm of multiple stakeholders in cultivated
land protection [31]. At present, cultivated land occupation and destruction frequently
occur, the law enforcement mechanism is not perfect, protection responsibility is not
clearly defined [67], and the cultivated land protection legal framework has not achieved
legislative goals. In particular, China’s cultivated land resources are mainly distributed
in the eastern monsoon area, and the high-quality cultivated land concentration areas
are highly overlapped with the economically developed regions. Simultaneously, China’s
cultivated land quantity gravity center is gradually migrated northward (Figures 1b and 2),
combined with agricultural non-point source pollution, planting structure adjustment,
natural disaster and ecological conversion, which will bring new challenges to China’s
cultivated land protection in the new era. For example, due to the rapid urbanization
occupying a large number of high-quality cultivated land, the existing cultivated land
protection restrictive and incentive mechanisms are difficult to adapt to the practical
needs of the development of ecological civilization in the new era, which may further
aggravate the resource mismatch pattern of “South-to-North Water Transfer Project” and
“North-to-South Grain Transport Project”, thus forming the endogenous contradiction of
establishing restrictive and incentive mechanisms. In addition, governments at all levels
bear responsibility for protecting cultivated land. The current administrative restrictive
mechanisms fail to adjust the interest game of governments at all levels and cannot meet
the actual needs of cultivated land protection [60,68].
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2.4. There Are Deficiencies in the Compensation Mechanism for Cultivated Land Protection

In recent years, the government and theory fields have explored the transformation
of reliance on restrictive systems to an emphasis on both incentives and restraints, and
the compensation mechanism of cultivated land protection is considered an important
component [69]. The multi-functional spillover of cultivated land and the low cost of non-
agricultural conversion are the main reasons for the loss of cultivated land [67]. Moreover,
the profit losses in the process of cultivated land and non-grain conversion greatly reduce
the enthusiasm of relevant stakeholders in cultivated land protection. Therefore, the
construction of an economic compensation mechanism to compensate for the interests of
multiple stakeholders in the process of cultivated land conversion could play a role in
balancing the interests of relevant stakeholders in cultivated land protection [68]. However,
the compensation mechanisms of cultivated land protection remain in the theoretical
analysis and method exploration stages [70]. Currently, there is a lack of systematic research
on many aspects, including the compensation subject, object, and compensation standards
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and modes [55]. There are still some problems in the operation path and specific links of the
regional compensation mechanism. In particular, regarding compensation for cultivated
land protection, factors such as economic production conditions, resource endowment,
and ecological environment are ignored. Additionally, the compensation mechanism for
cultivated land protection needs to be improved in terms of complementing cultivated land
from other areas and ecological compensation.

As a whole, the institutional system and policy context of cultivated land protection
have basically taken shape, but the awareness of active protection at the farmer level has not
been formed in society as a whole. Construction occupation continues to promote extensive
use of cultivated land through a series of forms of transformation. Land comprehensive
consolidation tends to increase land use indicators and there is not enough to prioritize
improving the quality of cultivated land. At the economic and social level, the enthusiasm
and initiative of various stakeholders for cultivated land protection are still in a passive
state, that is, “no push, no go,” and soil pollution in different regions has not been effectively
curbed. Although there are many research perspectives, content, and related concepts, the
logic is the same. The CLPP must answer a key question: how can we effectively implement
the trinity protection mode?

3. Research and Data Source
3.1. Research Method

Grounded theory is a qualitative research method, and its core idea is to first collect
data and then encode the data level by level, refine the concepts, and compare them repeat-
edly without hypothesis by classifying and coding the original text materials (information
fragments) [71,72]. Multiple concepts (concise definitions) reflecting real data are formed
by repeatedly summarizing and comparing the key information points to gradually break
through the stereotypes formed by the existing research. Thus, subjective path dependence
among researchers is avoided (eliminating bias).

Therefore, what follows is the content with common characteristics (common conver-
gence). However, the reliability and validity of coding should be ensured while mining the
core categories of text data (theoretical saturation). Figure 3 shows the basic research steps
needed for this paper based on grounded theory methodology.
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3.2. Data Sources

The data in this paper mainly include two forms of policy text and statements by
President Xi Jinping on cultivated land protection. This paper considers the CLPP from
the founding of new China to today as the research object through the direct retrieval of
the official websites of the CPC (the Communist Party of China) Central Committee and
relevant state ministries and commissions. The relevant content of the research literature
and the existing policy texts are retrieved retrospectively to obtain published policy texts
related to cultivated land protection. To ensure that the information content of the policy
is consistent with the theme, and that the texts are accurate, the following principles are
followed: (1) the main content or part of the policy is directly related to cultivated land
protection; (2) the nature of this policy is legislative documents within the scope of the law
or other normative documents, such as binding opinions, measures, and notices formulated
by the Party Central Committee, the State Council, and other state organizations.

4. Data analysis
4.1. Open Coding

Open coding is a process of cutting and giving concepts to words, sentences, para-
graphs, and the whole text in the original materials. This process requires that the original
materials be systematically classified, but the hidden concepts behind the materials be
deeply excavated and combined with the research situation for an in-depth analysis of
research problems (Figure 3). This method explores the key concepts hidden behind the
original materials in the context of this research. For the open coding, the 71 data texts are
read word by word followed by the principles of coding independence, openness, tem-
porality, and revisability, which are constantly compared and summarized, and 94 initial
concepts are condensed. According to the connotation and extension of each initial concept
in the research context, 45 categories are formed, as shown in Table 1.

Table 1. Open coding and categorization.

Original Data Labeling Conceptualization Categorization

In November 2013, when President Xi Jinping
visited Shandong province, he said, “we should

add wings to science and technology in
agriculture and lay emphasis on increasing

production and efficiency, combining good seed
and good law, combining agricultural machinery

with agronomy, and coordinating production
ecology. We should promote the integration of
agricultural technology, mechanization of labor

processes, production and operation
informatization, legalization of safety and
environmental protection, and speed up

construction of the technical systems required by
the development of safe agriculture with high

yields, high quality, high efficiency, and ecology.”

p1 We should speed up
the construction of

technology systems to
meet the requirements of
high yield, high quality,

high efficiency, ecological,
and safe

agricultural development.

P1 High yield, high
quality, high

efficiency, ecological,
and safe

PP1 Technical systems

In December 2013, President Xi Jinping delivered
a speech at the central rural work conference,

“The fundamental guarantee for national food
security is cultivated land, and it is the lifeblood

of grain production.” Farmers can be
non-agricultural, but cultivated land cannot be
non-agricultural. If the cultivated land is not

farmed, we will have no land to live on.

p2 Farmers can be
non-agricultural, but

cultivated land cannot
be non-agricultural.

P2 Cultivated land
cannot be

non-agricultural.
PP2 Lifeblood
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Table 1. Cont.

Original Data Labeling Conceptualization Categorization

Circular on strengthening land management and
stopping unauthorized occupation of cultivated
land (the CPC Central Committee and the State

Council,1986) suggested initiatives to
“strengthen land management and resolutely

stop the illegal occupation and abuse of
cultivated land,” urgent circular on forbidding

development zones and urban construction from
occupying cultivated land and abandoning it

(General Office of the State Council, 1992);
circular on strengthening the management of
various development zones (General Office of

the State Council, 2003); urgent circular on
suspending examination and approval of

various development zones. The General Office
of the State Council,2003, put forward “strictly
control the loss of cultivated land”; circular on

“no building houses in rural areas” (Ministry of
Natural Resources, Ministry of Agriculture and

Rural Areas, 2020)

a6 Strengthen land
management and

resolutely stop the illegal
occupation and abuse of

cultivated land.

A6 Unauthorized
occupation of

cultivated land
is banned

AA3 Management
control (A6, A10, A21,

A72, A73)

Circular on resolutely stopping the “non
agriculturalization” of cultivated land The

General Office of the State Council proposed that
the permanent basic cultivated land that has
been included in the core reserve of nature

reserves should be included in the ecological
conversion and be withdrawn in an

orderly manner.

a82 Ecological returning of
cultivated land

A82 Ecological
returning of

cultivated land

AA37 Balance
and coordination

4.2. Axial Coding

The principal axial coding aims to analyze each category in the context of research
and socio-cultural background. It not only eliminates the gap between theory and practice,
but also improves the explanatory power of theory to social phenomena or behaviors.
The connotations of the relationship between the main category and primary category are
shown in Table 2.

Based on the qualitative analysis of NVivo12.0 software, this paper adapts human–
computer cooperation to manage and code the data texts of CLPP, which will guarantee
the reliability and consistency of the coding reach the qualified level. There are four basic
problems that have been refined during literature review and study of policy texts, but the
systematic research framework has not been set up before the coding process. The problems
are as follow: What is the social foundation of CLPP? What is the institutional environment
of its development? What kind of governance structure has been formed by CLPP? How
does the policy system affect the allocation of cultivated land resources? On the basis of
theoretical analysis and comparison of policy text materials, the coding analysis of the
original data has been completed. For the principal axial coding process (Figure 3), this
paper forms 22 main categories, including external environment, governance philosophy,
internal conditions, stakeholders participation, rice bowl theory, red-line consciousness,
bottom-line thinking, institutional rules, system construction, propaganda and guidance,
support systems, internal core, external concurrence, composite space, new strategy, ca-
pacity increase, peasants’ subject positions, sustainability, pattern optimization, reform
and innovation, improve the system, and ecological efficiency. Based on the dimension
situation–structure–motivation–action–space–outcome, we define the logical relationship
between primary categories in Table 2.
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Table 2. Open coding and categorization.

Dimension Main Category Primary Category Connotation

Situation

External environment

AA1 Consciousness awakening Farmers have their own land; there is clear ownership
of rural land property rights.

AA2 Clear concept
We should establish the basic national policy of
cultivated land protection and pay attention to the
protection and rational use of cultivated land.

Governance philosophy PP3 Panda theory Cultivated land is the most valuable resource in China,
and as vital as the protection of the giant panda.

Internal conditions

AA20 Production environment It is necessary to classify soil organic matter and
improve soil quality.

AA22 Factor input

New agricultural inputs, such as new fertilizers, low
toxicity and high efficiency pesticides, multi-functional
agricultural machinery, and degradable agricultural
film should be developed.

Structure Stakeholders participate AA34 Multiple
stakeholders participate

Encourage government and social capital cooperation
(PPP) mode, guide rural collective economic
organizations, farmers, and new agricultural operators.

Motivation

Rice bowl theory PP4 Keeps the rice bowl Chinese people need to put their rice bowls in their
own hands and hold their own food.

Red-line consciousness PP5 Keep red line Keep the red line of cultivated land protection firm.

Bottom-line thinking

PP2 Lifeblood Cultivated land is the lifeblood of food production.

AA27 Bottom line thinking

We should stick to the four bottom lines: no change in
the nature of public ownership of land, no breaching
the red line of cultivated land, no reduction in grain
production capacity, and no damage to farmers’
interests.

Action

Institutional rules

AA3 Management control

Using mandatory policy tools to strengthen land
management, stop unauthorized occupation of
cultivated land, stop “non-agricultural” cultivated
land use.

AA4 Constraint incentive Permanent basic cultivated land protection, spatial
planning, three-line delineation.

AA6 Command control Strictly control incremental and classified management,
economical and intensive utilization of land use.

AA8 Technology

Topsoil stripping, national cultivated land reserve
resources survey and evaluation, land and resources
remote sensing monitoring “one map”, conservation
tillage.

AA10 Supervision and inspection Supervision and assessment, local government
responsibility, and natural resources supervision.

AA11 Land use regulation Land use regulation institution.

AA12 Law responsibility The crime of destroying cultivated land should be
established.

AA13 Index control Cultivated land index, construction land index,
agricultural land conversion index.

AA18 Economic measure Land reclamation fees, cultivated land occupation tax

System construction

AA14 Broaden channels and control
total amount

Quality improvement, combination of compensation
and improvement, and improvement from drought to
water; attract social capital and financial capital to
participate in land consolidation and high standard
cultivated land construction.

AA16 Capacity reserve A reserve of cultivated land quantity, paddy field, and
production capacity should be established.

AA25 Land consolidation+

Relying on the cultivated land protection mechanism
driven by land consolidation technology innovation, a
land consolidation mechanism dominated by the
government, dominated by farmers and participated
by the society will be formed.
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Table 2. Cont.

Dimension Main Category Primary Category Connotation

Propaganda and guidance AA5 Propaganda and guidance Strengthen the propaganda of cultivated land
protection.

Supporting system

AA7 Balance of occupation and
compensation Land requisition and compensation.

AA17 Joint responsibility system Responsibility system of cultivated land protection,
off-office auditing of cadres.

AA24 Economic
compensation incentive

Compensation mechanism of cultivated
land protection.

AA29 Ecological compensation Ecological compensation system for forest, grassland,
wetland, and soil and water conservation.

Space

Internal core

AA9 Quantity security Cultivated land reserved.

AA23 Ecological elasticity Ecosystem protection of cultivated land.

AA26 Quality tapping potential
High standard construction of basic cultivated land,
prevention, control, and remediation of heavy metal
contaminated cultivated land.

External concurrence

AA30 Rotation fallow Rotation and fallow of cultivated land.

AA32 Game competition Construction occupation and agricultural structure
adjustment.

AA37 Trade-off coordination Ecological deterioration, disaster-damaged area,
contaminated zone.

Composite space AA35 Key protected areas Grain production function zone and important
agricultural product production protection zone.

New strategy

AA19 Rural revitalization strategy
All the income from adjustment is used to consolidate
the achievements of poverty alleviation and support
rural revitalization.

AA21 International trade adjustment
Make use of the international agricultural product
market and agricultural resources to effectively adjust
and supplement the domestic food supply.

AA28 Urban-rural integration Break the institutional barriers that hinder the free flow
and equal exchange of urban and rural elements.

Outcome

Capacity increase AA15 Comprehensive production
capacity

Steadily improve the comprehensive grain
production capacity.

Peasants’ subject positions AA31 Peasantry’s inclination Respect peasantry’s inclination and implement them in
a safe and orderly manner.

AA33 Farmers’ interests Farmers’ interests will not be damaged.

Sustainability AA36 Continue
increasing productivity

Comprehensively enhance the capacity of sustainable
yield increase of cultivated land.

Pattern optimization AA38 Quantity-ecological- quality all
in one

New pattern of special protection of permanent basic
cultivated land with strong protection, intensive and
efficient management, and strict supervision.

Reform and innovation AA39 Improve means Improve the balance in the management of cultivated
land occupation and compensation.

Improve the system AA40 Policy system
The permanent basic cultivated land management and
control system, cultivated land protection system, and
balance policy system need to be further improved.

Ecological efficiency PP1 Technical system

Accelerate the construction of the technology system to
meet the requirements of high yield, high quality, high
efficiency, ecological, and safe agricultural
development.

4.3. Selective Coding

After continuous comparison of the main categories (Figure 3), it is clear that the core
category of this paper is “the operational logic of CLPP”. Around this core category, we
derive six dimensions of situation, structure, motivation, action, space, and outcome. This
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paper defines theory as the theoretical model of cultivated land protection operation logic,
as shown in Figure 4.
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Figure 4 shows that “Situation” refers to all types of environment in the CLPP process,
including natural, social, economic, and other institutional environments; “Structure” refers
to the allocation of resources by different actors in the process of cultivated land protection,
and the structural relationship between different actors will also affect the process of policy
operation; “Motivation” refers to the goal tendency or internal driving force of cultivated
land protection policymaking; “Action” refers to the selection and use of relevant policy
tools by relevant stakeholders in the process of cultivated land protection; “Space” refers to
the spatial division of CLPP implementation; and “Outcome” refers to the specific efficiency
or result of CLPP implementation.

4.4. Theoretical Saturation Test

Theory saturation means that the newly collected data cannot make a new contribution
to the theoretical construction, which is used to identify the decision to stop sampling
(Figure 3). We recoded and classified the remaining 20 CLPP texts and found no new
concepts and categories and no new changes in the relationship between concepts and cate-
gories. This shows that the theoretical model shown in Figure 4 has passed the theoretical
saturation test and has strong practical explanatory power.
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5. Discussion

The cultivated land protection system has been implemented for more than 40 years
in China. While it has achieved positive results, there are also some new contradictions
and problems. To further promote the theoretical and practical innovation of cultivated
land protection systems, problem awareness and goal orientation should be intensified,
and there should be increased efforts to solve the challenges and difficulties of the new
era. A breakthrough in theoretical innovation and the research on the essential stipulation
of objectives and directions, thinking and ideas, elements and structures, mechanisms,
and paths is required. Relying on regional cultivated land resource endowments inte-
grates sustainable development, green development, and other elements in ideas, concepts,
and implications. We emphasize the need to change “two-dimensional protection” into
“three-dimensional protection”, “passive protection” into “active protection”, and “external
push-pull” into an “endogenous driving force”. The mechanisms and path of cultivated
land protection aim to achieve sustainable development and food security at the macro
level, coordinated regional development and flexible space of cultivated land protection at
the meso level, and innovation of cultivated land use and stimulation of endogenous power
at the micro level. From a practice-deepening perspective, simplistic, representational, and
sportive policy implementation should be avoided in favor of building a dynamic and bal-
anced virtuous circle mechanism using “government and market” and “responsibility and
incentives”. The combination of “macro–meso–micro” common direction, which contains
the characteristics green, sustainability, initiative, prevention, and control, will span the
whole process of cultivated land protection and be cast in the work of coordinating the
spatial connection between the quantity structure and quality toughness of cultivated land.
Tunneling through the environmental Kuznets curve should guide the conceptualization of
the essential provisions for constructing long-term mechanisms for cultivated land resource
use and protection. The following is mainly based on the subject–action–space dimension
that explains the operation logic of cultivated land protection in China.

5.1. Stakeholders Logic

Under the complex institutional change environment from agricultural civilization
to industrial civilization and then to ecological civilization, and from a planned economy
to a market economy, the main structure of cultivated land protection is formed with
government leadership. Farmers compose the main body, and there is social participa-
tion motivated by red-line consciousness and bottom-line thinking (Figure 4). All parties
follow the inclusive interest theory logic of Olsen’s collective action in the profit-seeking
game. The central government should comprehensively coordinate social, economic, and
ecological aspects and formulate relevant norms at the macro level. Local governments
face the contradiction between non-agricultural economic benefits and protection against
economic costs, which leads to weak implementation. However, farmers are selective when
protecting cultivated land based on farming benefits. From the perspective of the logic
mechanism of CLPP, the long-term existence of weak actionability and limited thinking and
cognition are mutually superimposed, which creates a strong incentive for multiple stake-
holders to fall into Olsen’s collective action. That is, limited livelihood capital is constrained
by the ability to take action, which is difficult to effectively transform in the operations
of the socio-economic system but also shows a decreasing trend due to continuous loss.
Accordingly, it will also inhibit the enthusiasm of the main protectors and accelerate the
reverse cycle between cultivated land protection and actionability. First, the cultivated land
protection system has the regulatory dimension of national compulsion and implementa-
tion guaranteed by national compulsion. Its highly differentiated organizational structure
provides a stable organizational and institutional environment for the implementation of
CLPP. The pressure of local financial and political promotion, high-pressure accountability
performance appraisal mechanisms, and inefficient policy supervision mechanisms under
fiscal and tax decentralization provide an institutional driving force for the local govern-
ment to block the implementation of CLPP. Second, the weak values in the normative
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dimension inhibit the public’s constraint on the implementation of CLPP, which provides
a favorable social normative environment for the generation of a policy implementation
block. Moreover, since the reform and opening up of China, the cognitive framework with
economic development as the main task prevents local government policy executors from
correctly recognizing the importance of cultivated land protection but provides a suitable
cognitive environment for the formation of policy implementation blocks.

5.2. Action Logic

The action logic of cultivated land protection is to reasonably intervene in the system
operation of cultivated land protection by means of economic and technical tools, laws and
regulations, administrative supervision, and other means, on the premise of adhering to
the red line of cultivated land and ensuring food security to achieve Pareto optimization
of resource elements (Figure 4). This optimizes natural resources, market elements, and
social levels and then builds a transaction system oriented by the functional integration of
cultivated land use systems if required. Similarly, by focusing on optimizing the spatial
patterns of cultivated land protection, a solid foundation could be laid to improve the
sustainable production capacity of grain and promote the sustainable and intensive devel-
opment of cultivated land use. For example, for disaster prevention and control, coupling
the motivation to seek advantages and avoid the disadvantages of cultivated land use with
agricultural-induced production substitution behaviors and narrowing the income gap
between urban and rural areas will reduce the pressure of cultivated land to promote na-
tional economic growth. These steps are critical to promoting the components of cultivated
land ecosystems from damage to recovery. It is also critical to improve the technical level
and efficiency of integrated prevention and control of biological disasters by increasing
crop diversification [68]. Specifically, on the one hand, in terms of green development, it
is possible to create, construct, and improve green initiatives and conditions of market
operations in poor areas by promoting the allocation of production and service resources,
such as the biological seed industry, heavy agricultural machinery, smart agriculture, and
green inputs. On the other hand, operational mechanisms should be constructed, such as
land use regulation, balance of occupation and compensation, constraints and incentives,
and economic compensation as a guarantee based on greater visibility of high-quality
green development. There should be guidance, encouragement, and support for new
agricultural operators who integrate modern agricultural production holistically creating
rural collective economic organizations. Farmers and new agricultural business entities
should be more active in protecting cultivated land. Furthermore, through these actions,
a joint force to protect cultivated land and promote the use and protection of cultivated
land resources with high-quality economic and social benefits should be formed.

5.3. Space Logic

Space is the carrier of the subject and action. According to the standard of spatial
scale, cultivated land use systems can be divided into internal core, external concurrence,
composite space, and new strategy. From quantity protection to both quantity and quality,
and then to adhere to the trinity pattern of quantity control, quality management, and
ecological management and protection, cultivated land protection in China has gradually
formed an internal core space. That core space is composed of a stable quantity safety zone,
a quality potential tapping zone, and a sustainable ecological elastic zone. In particular,
external competition and cooperation space is composed of a game competition to resolve
use conflicts and balance. Coordination emphasizes complementary integration, rotation,
and fallow space to emphasize recuperation. The new strategic space is composed of rural
revitalization to coordinate the development, an urban–rural integration space emphasizes
organic interaction, and a key development space relies on the composite ecosystem
(Figure 5). With the continuous progress of ecological civil construction, the space and
function of cultivated land face a contradiction of imbalance and insufficiency, which is
mainly reflected in the spatial conflict between the pollution and damage of cultivated
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land and the conflict between the production function and ecological service function of
cultivated land. For instance, the excessive application of chemical fertilizers and pesticides
leads to three-dimensional pollution of soil and water biogenesis, the mismatch between
single-crop cultivation and multi-dimensional ecological water resources efficient use
mode, and the excessive neglect of the role of cultivated land forest network construction.
In the future, under the requirements of ecological civilization construction, there will
be 25.13 million ha of cultivated land, accounting for 18.5% of the total cultivated land
in China [41]. This land must be managed by adjusting to local conditions and using
fallow rotation to reconcile regional ecological risks. Therefore, we should internalize
the positive externality of the internal core space through intensive management and
ecological production; shape the external competition and cooperation space of population,
resources, environment, economy, ecology, and policy; and expand the new strategic space
of resource-saving, environment-friendly, and ecological conservation efforts.
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5.4. Systematic Integration Logic of Stakeholders–Action–Space

From the perspective of the occurrence mechanism, the three dimensions of subject,
action, and space are interwoven, embedded, and coupled in each link of the input–
conversion–output–feedback in CLPP operation. In the internal core space, external compe-
tition, cooperation space, and new strategic space are the ultimate goals of cultivated land
protection. The logical starting point is the relationship between the types and structures of
cultivated land use in different spaces, which sometimes evolve into mutually restraining
variables (Figure 4). For example, having more organic carbon and nitrogen in the internal
core space can usually increase food production and help achieve the goals of food security
and climate change mitigation [2]. However, nitrogen management of cultivated land
in the external competition and cooperation space and the new strategic space becomes
particularly complex because the natural endowment of regions is geographically different,
and various types of soil will convert part of the input nitrogen into N2O, thus increasing
the burden of greenhouse gases [4]. The main body of cultivated land use in different
spaces chooses the corresponding management behavior based on their cognition, and the
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cultivated land protection action formed in this process is not unified but is closer to the
trade-off synergy of spatio-temporal differentiation. Therefore, the Chinese government
has begun to implement a series of measures to promote the transformation of China’s
grain production. With these measures, the objectives of cultivated land protection are
expanded. One measure is to ensure the safety of agricultural product supply and the
other is to protect agricultural resources and the ecological environment. Therefore, the
integrated logic of subject–action–space of cultivated land protection is not the cultivated
land resource itself but that the external environment is composed of the social system,
economic development, and cultural consciousness. It is particularly obvious that the use
and protection of cultivated land contains a huge opportunity cost, and responsibility and
incentives are an indispensable regulatory measure to guide and regulate the behavior of
new agricultural operators. At the same time, ecological governance and comprehensive
compensation mechanisms play a substantial role in balancing the relationship between
market supply and demand, the scarcity of agricultural products, and the benefits of eco-
logical restoration [21]. We should explore the third-party governance model represented
by social capital, particularly agricultural machinery services for small farmers and the
organization and management of agricultural enterprises.

In short, there is a complex relationship between the multiple stakeholders of culti-
vated land use and protection (Figure 6). Their actions are mainly affected by the external
factors of cultivated land protection. The conflict and bridging of different spaces have
become an inexhaustible driving force for the development of a cultivated land protec-
tion system. In the future, the spatial distribution of cultivated land should be optimized
according to the light and heat suitability of soil and water to agricultural production to
highlight the targeted effect of green management of cultivated land. Based on the mutual
coupling of various spatial types, ecological management measures should be implemented
accurately to achieve the status of a basically stable layout, no reduction in quantity, no
degradation of ecology, and improvements in quality to accelerate the spatial layout of
cultivated land quantity, quality, and ecology in a coordinated and sustainable develop-
ment direction. Meanwhile, the green power of multiple stakeholders, the adjustment of
actions, spatial resilience, and multi-functional integration should be strengthened. The
main responsibility of cultivated land protection is overall protection, system restoration,
and comprehensive management. In addition, it is essential to integrate big data, artificial
intelligence, and other modern technologies with operation processes to provide technical
support for the information supply of sustainable use of cultivated land and reshape the
cultivated land protection system in the new era.
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6. Conclusions

This paper takes the policy texts of CLPP as the research object by grounded theory
and analyzes the major dilemmas and operation logic of CLPP. We show that the logic oper-
ation of the CLPP is based on situation–structure–motivation–action–space–outcome. More
attention should be paid to the logical operation of the CLPP in China, which we explain in
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detail by analyzing the relationship among stakeholders, action, and space. The research
conclusions help to identify the mechanisms of CLPP and to clarify the factors affecting
the implementation of protection behavior. The research conclusion also sheds light on the
obstacles faced by cultivated land protection in the process of ecological transformation
and can guide improvements in protective measures. The key findings are as follows:

(1) The basic logic of the CLPP operation is to take the ultimate goal of cultivated land
protection as the logical starting point and red-line consciousness and bottom-line
thinking as the motivation. Based on a structure of government leadership with
farmers as the main body and with social participation, this policy takes Pareto
optimization of resource elements as the main direction. Multiple measures, such
as the economy, technology, laws and regulations, and administrative supervision
stimulate the functional integration of cultivated land use system. Then, relying on the
internal core space, external competition and cooperation space, composite space, and
new strategic space, the spatial pattern of cultivated land protection is optimized. The
three dimensions of subject, action, and space are intertwined, embedded, and coupled
in the input–conversion–output–feedback, and the conflict and bridging of different
spaces become the inexhaustible driving force for the development of a cultivated land
protection system. Therefore, we believe that the key to guaranteeing the effectiveness
of CLPP in the future lies in solving the contradiction between theoretical abstraction
and practical execution. Accordingly, we should distinguish the policy types and
implementation methods of command control, economic incentive, and publicity
guidance. In different stages of economic and social development, the optimization
and combination of multiple policy tools should be reasonably used to ensure the effect
of cultivated land protection. Moreover, in order to reduce the negative externality
of cultivated land occupation, we should appropriately increase the comprehensive
cost of converting cultivated land into construction land, and improve the efficiency
of optimal allocation of land resources through land marketization measures. At the
same time, land marketization measures should also be taken to improve the efficiency
of optimal allocation of land resources.

(2) CLPP is a comprehensive system of human development and natural protection
information, which integrates administration, the economy, technology, and culture.
In the practice of national agricultural regionalization protection, the theory of cul-
tivated land use and protection is consolidated. The CLPP continues to maintain
continuity, stability, and sustainability, and plays a supporting role in China’s socialist
modernization. The value and importance of CLPP in this era are reflected in the
practice of the new development stage, new development concepts, and new develop-
ment patterns of cultivated land protection. The completion of the goals and tasks of
cultivated land protection does not mean the end of the system, but that China will
continue to implement the world’s most stringent cultivated land protection system.
The evolution process of CLPP is the result of the game of multiple stakeholders,
which shows significant path dependence characteristics. Therefore, how to use pol-
icy implementation to effectively improve the self-enthusiasm of stakeholders has
become the key to the innovation of cultivated land protection system in the future.
In particular, we should find a safety coefficient interval to balance the cultivated
land protection and construction needs of CLPP, and coordinate the interest demands
and bureaucratic structure of different subjects. Some pension policies, low interest
loan policies, preferential taxes, and other policy compensation should be explored
in the institutional framework of cultivated land protection. In addition, we should
strengthen agricultural production technology, agricultural product marketing, and
other supporting measures to improve the enthusiasm of agricultural managers.

(3) CLPP should be based on the connotation of cultivated land and its protection objec-
tives, and then implement adaptive governance for different forms of cultivated land
use. Some factors such as the allocation of land use indicators and their marketiza-
tion should also be fully considered to ensure the authority and applicability of the
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policy. Simultaneously, we should promote the legislation of cultivated land protec-
tion from the aspects of legal concept, control methods, compensation means, target
responsibility, which will be beneficial to improve the systematization and integrity
of the legal system related to cultivated land protection. Furthermore, the cultivated
land protection system needs to cope with the transformation of cultivated land use
brought about by climate change, smart agriculture, and food system transformation,
and it must become more inclusive and sustainable in the process of ecological gover-
nance. The system can support the higher productivity levels of economic growth,
such as sustainable intensification of cultivated land use. Scientific and technological
innovation and technology integration play various roles in the implementation of
cultivated land protection systems, which can create extensive efficiency. In addition,
accurate assessment of human needs, seed quality, cultivated soil, and agricultural
product trading will be the basis for effective protection of cultivated land.
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Abstract: As an important means of farmland policy, whether land transfer can promote agricultural
green transformation is worthy of further study; however, related research is relatively rare. Based
on the inter-provincial panel data from 2005 to 2020, this paper examines the influence of land
transfer on agricultural green transformation and its underlying mechanism by using a two-way
fixed effect model and an intermediary effect model. This study reveals significant findings as follows:
(1) Land transfer substantially promotes agricultural green transformation. (2) Energy consumption
is a major contributor to the growth of agricultural carbon emissions; however, land transfer can
mitigate this by reducing energy consumption. (3) Land transfer can promote agricultural green
transformation by fostering agricultural technology progress. (4) Further analysis reveals that land
transfer in economically developed areas and the southeastern side of the “Hu-Huanyong Line”
significantly enhances agricultural green transformation. Based on these findings, this paper suggests
promoting land transfer while considering regional differences. Additionally, attention should be
directed towards reducing energy consumption and encouraging agricultural technology’s progress.

Keywords: land transfer; energy consumption; carbon emissions; agricultural technology’s progress

1. Introduction

Global warming poses a significant threat to sustainable economic development, be-
coming a shared challenge for all nations [1]. Consequently, reducing carbon emissions
has garnered substantial attention worldwide [2]. Among the contributors to global carbon
emissions, the agricultural sector alone accounts for 14% [3]. To reduce the negative im-
pact of greenhouse gases, it is necessary to reduce carbon emissions from the agricultural
sector. In countries such as China, agricultural carbon emission reduction has witnessed
heightened attention due to the detrimental impacts of the traditional extensive production
model, characterized by high investment and pollution emissions, on the agricultural envi-
ronment [4]. Since 2005, the Chinese government has introduced land transfer policies and
measures, the main purpose of which is to promote large-scale and intensive agricultural
production, optimize the allocation of agricultural factors, and improve the agricultural
production environment. In addition, land transfers have also been highly valued by other
countries. For example, the governments of France and Vietnam use land transfers to
improve agricultural management and the utilization efficiency of elements [5,6]. Based
on the “Opinions on Innovating Institutional Mechanisms to Promote the Green Develop-
ment of Agriculture”, the “National Strategic Plan for Quality Agriculture (2018-2022)”,
the “14th Five-Year National Agricultural Green Development Plan”, and other relevant
documents, it can be believed that the core of agricultural green transformation lies in
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energy conservation and emission reduction; therefore, the specific performance can be
investigated from two dimensions: the agricultural energy consumption and the agricul-
tural carbon emissions. Theoretically, land transfer can reduce the fragmentation of the
land and improve the efficiency of mechanical utilization and the use of fossil energy [7],
thereby promoting agricultural green transformation. The average annual growth rate
of the ratio of land transfer area to total cultivated land area in China from 2005 to 2021
is 13.7% (data sources: National Rural Economic Situation Statistics, China’s Rural Man-
agement Statistical Annual Report and 2019 Statistical Annual Report on China’s Rural
Policies and Reforms), while energy consumption and carbon emissions decreased by
7.06% and 7.00%, respectively (data sources: China Energy Statistical Yearbook and China
Rural Statistical Yearbook). By reducing agricultural carbon emissions and enhancing the
agricultural production environment [8], land transfer becomes a critical driver for China’s
agricultural green transformation [9].

Land transfer can enhance farmers’ work efficiency and factory utilization through
moderate-scale operations, thereby promoting agricultural green transformation [10]. How-
ever, it is important to note that land transfer does not necessarily guarantee the agricultural
green transformation [11]. This is due to the increasing opportunity cost of agricultural
production compared to the benefits of farming, leading agricultural producers to pursue
non-agricultural industries with higher returns for their own or household income [12].
In situations where labor is insufficient, some agricultural households with unproductive
land may choose to abandon their farmland [13], while others may compensate for the
lower workforce by increasing chemical inputs and utilizing agricultural machinery and
equipment [14]. These practices, although ensuring farmland productivity, can hinder
agricultural green transformation [15]. Therefore, it is essential to examine the impact of
China’s land transfer policy, which the government has implemented and intends to con-
tinue implementing for an extended period, on the requirements of the era of agricultural
green transformation.

Existing literature primarily focuses on the influence of agricultural production ag-
glomeration [16] and agricultural insurance [17] on agricultural green transformation.
Surprisingly, there is limited investigation into the impact of land transfer on agricultural
green transformation. Some scholars have pointed out that an imperfect land transfer
system and an underdeveloped market contribute to the shift of land from a “carbon
sink” to a “carbon source”, leading to high carbonization in agricultural development [18].
Additionally, an increased scale of land transfer may hinder the carbon reduction effect
associated with expanding land operation scale [19]. Conversely, other scholars argue that
land transfer promotes moderate land scales and facilitates agricultural green transforma-
tion through scale production and knowledge spillover effects [20]. For example, Hu et al.
(2023) and Wang et al. (2023) found that land transfer can significantly inhibit agricultural
carbon emissions [5,21]. Gao et al. (2023) analyzed the data of 46 prefectures in Japan based
on a structural equation model and found that land transfer could effectively improve
the efficiency of land resource allocation, inhibit land abandonment, and contribute to
sustainable land development [22]. In fact, land transfer is not only a focal point in agricul-
tural green transformation but also a key driver for agricultural technology progress [23].
Some scholars pointed out that land transfer can promote agricultural technology progress
through agricultural organization reform and management mode transformation [24]. For
example, Rada et al. (2018) found that land transfer facilitates the adjustment of regional
industrial structures and enables efficient land management, thereby promoting agricul-
tural technology progress [25]. Some scholars found that agricultural technology progress
can improve energy efficiency [26] and resource utilization rate, which can significantly
promote agricultural green transformation [27,28] For example, Yang and Li (2017) found
that agricultural technology progress influences the marginal replacement rate between
different factors, leading to improvements in mechanized operations, work efficiency, and
energy factor utilization, ultimately impacting agricultural green transformation [29]. In
addition, there will be regional heterogeneity in the impact of land transfer on agricultural
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green transformation. For example, Luo et al. (2020) found that the establishment of major
grain-producing areas was conducive to reducing agricultural carbon emissions [30]. Using
the data of G7 countries, Ibrahim et al. (2023) found that economic growth would intensify
carbon emissions [31].

Based on previous studies, it was found that the existing literature mainly has the
following shortcomings: (1) Fail to consider the effect of land transfer on agricultural
green transformation; (2) Fail to consider the mediating effects of energy consumption and
agricultural technology progress; (3) Regional heterogeneity is not taken into account. The-
oretically, the agricultural technology progress resulting from land transfer holds several
positive externalities that contribute to the agricultural green transformation [32]. There-
fore, incorporating land transfer, agricultural technology progress, and agricultural green
transformation into the same theoretical framework is essential for further exploring the
internal mechanisms by which land transfer impacts agricultural green transformation. In
light of this, the primary focus of this paper is on the relationship between land transfer
and agricultural green transformation. The paper aims to achieve the following: (1) From
the perspective of land transfer, using a two-way fixed effect model to explore its impact on
agricultural green transformation; (2) Using the mediation effect model to explore the inter-
nal mechanism of land transfer affecting agricultural green transformation; (3) Discussing
the Heterogeneity of the impact of land transfer on the agricultural green transformation
on both sides of the “Hu-Huanyong line” and economically differentiated regions.

The rest of this paper is structured as follows: Section 2 introduces the Theoretical
analysis and research hypothesis; Section 3 presents the Empirical strategy and variable
selection; Section 4 reports the Empirical results; Section 5 presents the Discussion and
Section 6 presents the Conclusions and policy recommendations.

2. Theoretical Analysis and Research Hypothesis

Land transfer plays a crucial role in transitioning from a small-scale peasant econ-
omy to large-scale and intensive modern agriculture, directly impacting agricultural green
transformation [21]. Firstly, land transfer reduces land fragmentation, leading to improved
efficiency by reducing work loss on small plots [33]. This also facilitates mechanization
and increases the adoption and energy utilization rates of agricultural machinery [34], re-
ducing energy consumption. Additionally, it enhances factor utilization efficiency through
knowledge spillover effects [5] thereby boosting the potential for land carbon sequestration
and reducing agricultural carbon emissions. Secondly, land transfer promotes the large-
scale management of cultivated land [7], optimizing resource allocation. Specifically, it
encourages some farmers to transition away from the agriculture sector, enabling land
consolidation and agglomeration management [35]. This enhances the bargaining power
and economic efficiency of land operators, leading to decreased pesticide and fertilizer
applications and the efficient use of machinery [36].

Finally, land transfer plays a role in lowering the threshold for adopting green produc-
tion methods [37] It enhances the utilization efficiency of chemical factors and encourages
agricultural producers to embrace green production practices, promoting the agricultural
green transformation [38]. One reason for this is that continuous planting, resulting from
land transfer, reduces the average cost and increases the economic efficiency of farmers
adopting green production methods [8]. Moreover, the land market directs land toward
larger agricultural workers with comparative advantages in capital, technology, or labor
force [39] This, in turn, promotes their medium- and long-term investments in the agricul-
tural sector [40], facilitating the purchase of new agricultural machinery and equipment,
which can reduce energy consumption [41]. Furthermore, continuous improvement in
land transfer accelerates the development of agricultural infrastructure and boosts farm-
ers’ enthusiasm for participating in agricultural technology training [41]. This, in turn,
enhances farmers’ environmental awareness and encourages the adoption of low-energy
and low-emission input elements, further promoting agricultural green transformation.
Based on these points, we propose Hypothesis 1:
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Hypothesis 1. Land transfer can improve machinery utilization efficiency and factory utilization
efficiency through large-scale production, thus promoting agricultural green transformation.

Land transfer plays a crucial role in reducing carbon emissions by directly decreasing
energy consumption through large-scale agricultural production and the adoption of green
production technology [24]. Specifically, land transfer changes the fragmented produc-
tion and management mode to a large-scale production mode, which is conducive to the
efficient utilization of fossil energy. Mechanized production on contiguous plots, for in-
stance, reduces energy consumption per unit of land, which can reduce agricultural carbon
emissions [42]. Furthermore, land transfer encourages the adoption of green technology
among large-scale farmers [43]. This enables them to utilize new agricultural machinery
and equipment with high energy efficiency, thereby lowering energy consumption [44]. The
application of green production technology and agricultural green production modes serves
as a demonstration effect, further encouraging other farmers to adopt this high-efficiency,
high-profit production approach [43], leading to the reduction of carbon emissions [12].
Based on these points, we propose Hypothesis 2:

Hypothesis 2. Land transfers will reduce agricultural carbon emissions by reducing energy
consumption.

Land transfer can also have an impact on agricultural transformation through agricul-
tural technology progress [45]. When farmers transition to non-agricultural industries and
transfer their land, the issue of farmland fragmentation is addressed, which can facilitate
large-scale land management [46]. As a result, efficient agricultural mechanized operations
and land management become achievable, subsequently promoting agricultural technology
progress. Moreover, as land gradually shifts to large-scale agricultural operators, they are
more likely to access agricultural loans and government support [47]. This, in turn, reduces
financing constraints and loan difficulties for these operators, encouraging them to adopt
new production technology and further promoting agricultural technology progress [48].

Agricultural technology progress will promote agricultural green transformation
through ecological production methods [49]. Firstly, agricultural technology progress
can improve the efficiency of land management and resource utilization, which help
farmers reduce energy consumption while maintaining their original output, thereby
reducing carbon emissions [50]. Secondly, agricultural technology progress can improve
the allocation of elements in the agricultural industry, increasing the marginal productivity
of pesticides, fertilizers, and agricultural film, thereby reducing carbon emissions [51].
Finally, agricultural technology progress can also promote the accumulation of farmers’
experience and knowledge, which is conducive to reducing agricultural production costs
and ultimately realizing the “green transformation“ [52]. Thus, we propose Hypothesis 3:

Hypothesis 3. Land transfer can lower the barriers to using new technology, promote the applica-
tion of green technology, and promote agricultural green transformation through this agricultural
technology progress.

3. Empirical Strategy and Variable Selection

Considering that the Chinese government issued the Administrative Measures for the
Transfer of Contractual Rural Land Management Rights in 2005, it clearly stipulated the
basic principles and methods of land transfer. Therefore, this paper uses the panel data of
30 provincial regions in China from 2005 to 2020 and uses a two-way fixed effect model
to verify the above three research assumptions: First, test Hypothesis 1, whether the land
transfer can promote the agricultural green transformation; second, test Hypothesis 2, that
is, whether the land transfer can affect the agricultural carbon emission through energy
consumption; and finally, test Hypothesis 3, that is, whether the agricultural technology
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progress acts as the intermediary variable that the land transfer affects the agricultural
green transformation.

3.1. Measurement Model Construction

In order to explore the possible impact of land transfer on the agricultural green
transformation, this paper takes agricultural energy consumption and agricultural carbon
emission as explained variables and adopts the two-way fixed effect model for analysis.
The measurement model is constructed as follows:

eiit = α0 + α1 f tit + α2Xit + µi + vt + εit (1)

acit = α0 + α1 f tit + α2Xit + µi + vt + εit (2)

where I stands for province, t represents year; eiit represents agricultural energy consump-
tion; acit represents agricultural carbon emissions; ei and ac are explained variables in this
paper; f tit represents land transfer and is the core explanatory variable, Xit indicates a
series of control variables, µi indicates regional fixed effect, vt indicates time fixed effect,
and εit indicates random error items. Considering that the use of fossil energy will also
produce agricultural carbon emissions, model (3) is constructed to test the carbon emission
effect of energy consumption, as follows:

acit = β0 + β1eiit + β2 f tit + β3Xit + µi + vt + εit (3)

where, βi (i = 1, 2 . . . 3) is the parameter to be estimated, and the other variables are the
same as above. Theoretical analysis also shows that agricultural technology progress has
a significant intermediary effect in the process of land transfer to promote agricultural
green transformation; therefore, this paper builds model (4), model (5), and model (6) to
investigate the intermediary role of agricultural technology progress:

tcit = γ0 + θ1 f tit + θ2Xit + µi + vt + εit (4)

eiit = γ0 + θ1tcit + θ2 f tit + θ3Xit + µi + vt + εit (5)

acit = γ0 + θ1tcit + θ2 f tit + θ3Xit + µi + vt + εit (6)

Among them, tcit represents the progress of agricultural technology and is the mediat-
ing variable, and the other variables are the same as above.

3.2. Variable Definitions
3.2.1. Explained Variable

Agricultural green transformation: The key to green transformation lies in energy
conservation and emission reduction. Therefore, this paper takes two indicators of agri-
cultural energy consumption and agricultural carbon emissions as alternative variables of
agricultural green transformation. The specific calculation method is described as follows:

Agricultural energy consumption (ei): This paper, in accordance with the classification
of the China energy statistical yearbook (http://www.zgtjnj.org/navibooklist-n3022013
309-1.html, accessed on 1 June 2023), selects the annual report of 17 kinds of fossil energy
and, using the standard coal conversion coefficient (Table 1), sums the agricultural energy
consumption [52]. At the same time, the measured agricultural energy consumption index
is reciprocal; the greater the value, the lower the agricultural energy consumption is.
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Table 1. Energy type and standard coal conversion coefficient.

Energy Type Conversion
Coefficient Energy Type Conversion

Coefficient Energy Type Conversion
Coefficient

Raw coal 0.7143 Other gas 3.5701 Other coking products 1.3000
Cleaned coal 0.9000 Fuel oil 1.4286 Liquefied petroleum gas 1.7143

Briquettes 0.6000 Crude oil 1.4286 Other washed coal 0.2850
Refinery gas 1.5714 Gasoline 1.4714 Other petroleum products 1.2000

Coke 0.9714 Kerosene 1.4714 Natural gas 13.3000
Coke oven gas 6.1430 Diesel oil 1.4571

Agricultural carbon emissions (ac): Agricultural carbon emissions are mainly carbon
emissions caused by agricultural production and operation activities, including the use of
chemical factors, as well as carbon emissions caused by production behaviors [53]. These
data are extracted from the “China Rural Statistical Yearbook” (China Rural Statistical
Yearbook: https://www.yearbookchina.com/naviBooklist-YMCTJ-0.html, accessed on
1 June 2023) from 2006 to 2021. This paper uses the carbon emission coefficient method
(Table 2) to calculate agricultural carbon emissions. In order to facilitate the follow-up
analysis, the measured agricultural carbon emission index is counted down; the larger the
value, the lower the agricultural carbon emission.

Table 2. Types of carbon sources and carbon emission coefficient.

Carbon Source Carbon Emission
Coefficient Reference Source

Chemical fertilizer 0.8956 kg C·kg−1 Oak Ridge National Laboratory
Pesticide 4.9341 kg C·kg−1 Oak Ridge National Laboratory

Agricultural film 5.1800 kg C·kg−1 Institute of Resource, Ecosystem, and Environment of Agriculture
Diesel 0.5927 kg C·kg−1 Intergovernmental Panel on Climate Change

Land tilling 312.60 kg C·hm−2 College of Agronomy and Biotechnology, China Agricultural University
Irrigation 266.48 kg C·hm−2 He et al. (2022) [54]

3.2.2. Core Explanatory Variable

Land transfer (ft): the ratio of the total area of household contracted land transfer to
the area of household contracted land is measured [55]. Land transfer can promote the
continuous production of fragmented land and moderate-scale operations, which shows
the green transformation reduction effect on agricultural production.

3.2.3. Mediating Variable

Agricultural technology progress (tc): the capital-labor ratio was used to measure
agricultural technology progress. According to the above theoretical analysis, agricultural
technology progress is an important variable affecting land transfer and agricultural green
transformation. Referring to the practice of Xu et al. (2023), this paper adopts the degree of
agricultural capital deepening to measure agricultural technology progress [56] and the
perpetual inventory method to estimate the capital stock, whose depreciation rate is 5.42%.

3.2.4. Control Variable

According to the existing research [57–59], this paper selects the following control
variables. 1© Urbanization (urb): Measured by the proportion of urban population to total
population. 2© Trade dependency (tra): Characterized as the proportion of total imports
and exports of agricultural products in the total agricultural product of the region. 3© Edu-
cational attainment (edu): Measured by the average years of schooling of the agricultural
labor force. 4© Industrial structure adjustment (ins): Measured by the proportion of the
sown area of food crops to the total sown area of crops. Descriptive statistics for each
variable are shown in Table 3.
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Table 3. Descriptive statistics of variables.

Variable Type Variable Name Code N Mean Sd Min Max

Explained variable Agricultural energy consumption ei 480 0.028 0.049 0.003 0.380
Agricultural carbon emission ac 480 0.008 0.012 0.001 0.070

Core explanatory variable Land transfer ft 480 0.236 0.179 0.014 0.911
Mediating variable Agricultural technology progress tc 480 3.938 6.676 0.036 78.068

Control variable

Urbanization urb 480 0.549 0.141 0.195 0.896
Trade dependency tra 480 0.300 0.360 0.016 1.696

Educational attainment edu 480 7.678 0.652 5.459 9.838
Industrial structure adjustment ins 480 0.654 0.132 0.328 0.971

Simultaneously, to ensure more robust estimation results, the paper addresses the
endogeneity among variables, and the findings are presented in Table 4. The correla-
tion coefficient’s maximum value among the variables is 0.836, indicating the absence of
multicollinearity issues among them.

Table 4. Coefficient of correlation between variables.

ei ac ft tc urb tra edu ins

ei 1.000
ac 0.836 1.000
ft 0.039 0.213 1.000
tc 0.349 0.452 0.433 1.000

urb 0.142 0.393 0.693 0.500 1.000
tra 0.096 0.357 0.364 0.080 0.673 1.000
edu −0.110 0.068 0.506 0.429 0.668 0.375 1.000
ins −0.231 −0.261 −0.050 0.099 −0.044 −0.276 0.073 1.000

3.3. Data Sources

This paper examines data from 30 provinces in China (excluding Tibet, Hong Kong,
Macao, and Taiwan) spanning from 2005 to 2020. The variables considered in the research
include agricultural energy consumption, agricultural carbon emissions, and agricultural
technology progress, which were primarily calculated by the author. Data on land transfer is
sourced from “National Rural Economic Situation Statistics” spanning from 2006 to 2021, as
well as “China’s Rural Management Statistical Annual Report” and “2019 Statistical Annual
Report on China’s Rural Policies and Reforms in 2006.”Data on urbanization is obtained
from the “China Statistical Yearbook” (China Statistical Yearbook: http://www.stats.gov.
cn/sj/ndsj/, accessed on 1 June 2023) from 2006 to 2021. Data on trade dependency is
sourced from the “China Agricultural Yearbook” (http://www.zgtjnj.org/navibooklist-n3
022050503-1.html, accessed on 1 June 2023) and the “China Agricultural Trade Development
Report” from 2006 to 2021. Data on educational attainment is extracted from the “China
Population and Employment Statistical Yearbook” (China Population and Employment
Statistical Yearbook: https://www.yearbookchina.com/navibooklist-n3022013208-1.html,
accessed on 1 June 2023) from 2006 to 2021. Data on industrial structure adjustment is
extracted from the “China Rural Statistical Yearbook” (China Rural Statistical Yearbook:
https://www.yearbookchina.com/naviBooklist-YMCTJ-0.html, accessed on 1 June 2023)
from 2006 to 2021.

4. Empirical Results
4.1. Investigating the Impact of Land Transfer on the Agricultural Green Transformation:
An Empirical Test of Hypothesis 1

This paper employs Stata 15 to perform regressions for (1) and (2). Additionally,
the Hausman test results show 41.520 (p = 0.000) and 87.200 (p = 0.000), significantly
rejecting the null hypothesis. As a result, it is feasible to use a two-way fixed effect model
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to examine the impact of land transfer on agricultural green transformation, with the
outcomes presented in Table 5. The estimated coefficients of land transfer on agricultural
green transformation are all significantly positive, confirming the validity of Hypothesis 1.
Specifically, the impact coefficient of land transfer on energy consumption is 0.106, which is
significantly positive at the 1% level, indicating that every 1% increase in land transfer rate
can save energy by 0.106%. This is because land transfer promotes contiguous and large-
scale land operations, improves agricultural machinery utilization and energy efficiency,
and thus reduces energy consumption per unit of land. Additionally, the continuous
implementation of the land transfer policy encourages agricultural entities to adopt clean
production technology and advanced machinery, further reducing energy consumption.
Likewise, the estimated coefficient of land transfer on agricultural carbon emissions is
0.013, suggesting that every 1% increase in land transfer rate will reduce carbon emissions
by 0.103%. Land transfer transfers arable land from low-productivity farmers to high-
productivity farmers or agricultural organizations, reducing the cost of production per
unit area of land. This prompts agricultural entities to allocate saved costs towards the
purchase and application of green production technology, curbing agricultural carbon
emissions. Furthermore, this shift enables the transformation from fragmented to large-
scale cultivation modes, thereby increasing the adoption rate of agricultural machinery
and enhancing land resource allocation efficiency through economies of scale, leading to
reduced agricultural carbon emissions.

Table 5. The effect of land transfer on agricultural green transformation.

ei ac

Coef. Std. Err. Coef. Std. Err.

ft 0.106 *** 0.022 0.013 *** 0.002
urb −0.026 0.036 −0.009 ** 0.004
tra −0.049 *** 0.012 −0.012 *** 0.001
edu −0.002 0.008 0.001 * 0.001
ins 0.106 *** 0.066 0.015 ** 0.007

_cons 0.193 *** 0.022 0.013 *** 0.002
Time effect YES YES

Regional effect YES YES
N 480 480

R-sq 0.182 0.385
Note: * p < 0.1, ** p < 0.05, *** p < 0.01.

4.2. Investigating the Role of Energy Consumption in the Impact of Land Transfer on Agricultural
Carbon Emissions: An Empirical Test of Hypothesis 2

Theoretical analysis suggests that land transfer can reduce agricultural carbon emis-
sions by curbing agricultural energy consumption. This section aims to empirically test
this mechanism. The testing process consists of two steps: first, examining the effect of
land transfer on agricultural energy consumption with the regression results presented in
Table 5; and second, investigating the combined effect of land transfer and agricultural
energy consumption on agricultural carbon emissions. If the coefficient estimates for energy
consumption are statistically significant, it indicates that energy consumption acts as an
intermediary variable in the relationship between land transfer and agricultural carbon
emissions. The results of this test are displayed in Table 6. The estimated impact coefficient
of energy consumption on agricultural carbon emissions is 0.005, which is significantly
positive at the 1% level. This indicates that energy consumption acts as an intermediary
variable in the relationship between land transfer and agricultural carbon emissions. Thus,
land transfer can effectively reduce agricultural carbon emissions by suppressing energy
consumption, thereby confirming Hypothesis 2.
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Table 6. The role of energy consumption in land transfer affecting agricultural carbon emissions.

Coef. Std. Err.

ft 0.005 *** 0.001
ei 0.082 *** 0.003

urb −0.007 *** 0.002
tra −0.008 *** 0.001
edu 0.002 *** 0.000
ins 0.003 * 0.002

_cons −0.001 0.004
Time effect YES

Regional effect YES
N 480

R-sq 0.806
Note: * p < 0.1, *** p < 0.01.

4.3. Mechanism Test of Agricultural Technology Progress in Land Transfer Affecting Agricultural
Green Transformation: An Empirical Test of Hypothesis 3

To explore the role of agricultural technology progress in the impact of land transfer
on agricultural green transformation, this paper considers agricultural technology progress
as an intermediary variable. The specific testing process involves two steps: first, examine
the effect of land transfer on agricultural technology progress. The significance of the land
transfer coefficient indicates its influence on the intermediary variable. Second, assess
the joint effect of land transfer and agricultural technology progress on agricultural green
transformation. If the estimated coefficients of land transfer and technology progress are
significant, it suggests that technological progress acts as an intermediary in the process of
agricultural green transformation. The results are presented in Table 7.

Table 7. An examination of the mechanism of agricultural technology progress in the process of land
transfer affecting agricultural green transformation.

Regression1 Regression2 Regression3

tc ei ac

Coef. Std. Err. Coef. Std. Err. Coef. Std. Err.

ft 7.234 ** 3.444 0.092 *** 0.021 0.011 *** 0.002
tc 0.002 *** 0.000 0.003 *** 0.000

urb −7.913 5.515 −0.011 0.034 −0.006 ** 0.003
tra −12.869 *** 1.906 −0.025 ** 0.012 −0.008 *** 0.001
edu 0.769 1.242 −0.003 0.008 0.001 * 0.001
ins 7.911 * 4.781 −0.203 *** 0.030 −0.015 *** 0.003

_cons −2.079 10.189 0.197 *** 0.063 0.015 *** 0.006
Time effect YES YES YES

Regional effect YES YES YES
N 480 480 480

R-sq 0.553 0.250 0.545
Note: * p < 0.1, ** p < 0.05, *** p < 0.01.

Regression 1 reveals that the estimated impact coefficient of land transfer on agricul-
tural technology progress is 7.234, which is significantly positive at the 5% level, indicating
that every 1% increase in land transfer rate will increase agricultural technology progress by
7.234%. This is because land transfer facilitates contiguous and large-scale agricultural land
operations, which, in turn, enhance farmers’ adoption of mechanized operation methods
and new green technologies, thereby driving agricultural technology progress. Further-
more, the findings from Regression 2 and Regression 3 show that the estimated impact
coefficients of agricultural technology progress on energy consumption and agricultural
carbon emissions are 0.092 and 0.011, respectively. This implies that agricultural technology
progress serves as an intermediary variable in the relationship between land transfer and
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agricultural green transformation, verifying Hypothesis 3. The reason behind this is that
agricultural technology plays a pivotal role in agricultural transformation. On the one hand,
improved agricultural technology directly boosts agricultural output, effectively promoting
agricultural green transformation per unit of land. On the other hand, the knowledge
spillover effect resulting from advancements in agricultural technology enhances energy
use efficiency, promoting agricultural green transformation.

4.4. Robustness Test

To ensure the robustness of the empirical findings regarding the significant role of
land transfer in promoting agricultural green transformation, this study employs three
methods for robustness testing. Firstly, a shrinking treatment (0.05 tail shrinkage level)
approach is applied to mitigate the impact of outliers on the research results by trimming
the tails of continuous variables. Secondly, to account for the significant impact of the
“Administrative Measures for the Transfer of Rural Land Contractual Management Rights”
implemented in 2005, the No. 1 Central document in 2010 requiring the promotion of the
land transfer contracts, and the reform of the “separation of three rights” of rural land in
2014, which has greatly accelerated the land transfer and promoted the agricultural green
transformation, Sample data from 2005, 2010, and 2014 are eliminated to test the robustness
of the previous regression. Additionally, to address any potential endogeneity issues arising
from causality problems, where changes in agricultural green transformation may affect
the promulgation and implementation of land transfer policies, the explanatory variables
are lagged by one period. The results are presented in Table 8. It is evident that, except
for some differences in coefficient size, the significance and sign of the core explanatory
variables remain consistent with the regression model’s results in Table 5. This rigorous
confirmation reinforces the previous empirical conclusions that land transfer significantly
promotes agricultural green transformation.

Table 8. Robustness test of land transfer affecting agricultural green transformation.

Winsorize Treatment Partial Sample
Rejection

The Independent
Variable Lags One

Stage

ei ac ei ac ei ac

ft 0.106 *** 0.013 *** 0.098 *** 0.012 *** 0.112 *** 0.013 ***
(0.022) (0.002) (0.025) (0.002) (0.022) (0.002)

urb −0.026 −0.009 ** −0.317 *** −0.057 *** −0.031 −0.007 **
(0.036) (0.004) (0.075) (0.007) (0.035) (0.003)

tra −0.049 *** −0.012 *** −0.012 −0.007 *** −0.060 *** −0.013 ***
(0.012) (0.001) (0.016) (0.001) (0.012) (0.001)

edu −0.002 0.001 * 0.001 0.002 * 0.002 0.002 **
(0.008) (0.001) (0.009) (0.001) (0.008) (0.001)

ins −0.188 *** −0.012 *** −0.198 *** −0.013 *** −0.213 *** −0.012 ***
(0.031) (0.003) (0.033) (0.003) (0.031) (0.003)

_cons 0.193 *** 0.015 ** 0.311 *** 0.035 *** 0.184 *** 0.013 **
(0.066) (0.007) (0.080) (0.007) (0.064) (0.006)

Time effect YES YES YES YES YES YES
Regional effect YES YES YES YES YES YES

N 480 480 390 390 450 450
R-sq 0.182 0.385 0.232 0.495 0.230 0.417

Note: * p < 0.1, ** p < 0.05, *** p < 0.01.

4.5. Regional Heterogeneity Test

The preceding analysis demonstrates that land transfer significantly promotes agricul-
tural green transformation. However, notable disparities exist in land resource endowments
and economic development levels in China’s rural regions. To delve into this heterogeneity,
this paper further divides the research samples into groups based on resource endow-
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ments and economic development gaps to explore the varying impact of land transfer on
agricultural green transformation.

4.5.1. Effect of Land Transfer on Both Sides of the “Hu-Huanyong Line” on Agricultural
Green Transformation

In 1935, geographer Hu Huanyong established an oblique line at a 45-degree angle
from Tengchong, Yunnan, to Heihe, Heilongjiang, as a dividing line for population density.
This division created two regions: the densely populated southeast, which comprises 43%
of the country’s land but accommodates 94% of its population, and the sparsely populated
northwest. The “Hu-Huanyong line” not only highlights the uneven distribution of China’s
population but also serves as a significant demarcation for land resource disparities between
the southeast and northwest. In the southeast, overpopulation and limited land result in
serious land fragmentation, making it an area with relatively strong implementation of land
transfer policies. On the other hand, the complex terrain and landforms in the northwest
hinder the effective implementation of land transfer policies. Thus, the energy-saving and
emission-reduction effects of land transfer may vary across regions.

We employ the “Hu-Huanyong line” as the basis for dividing the research samples
and conducting regression analysis. The results are presented in Table 9. In the southeast,
the estimated coefficients of land transfer on energy consumption and agricultural carbon
emissions are 0.132 and 0.015, respectively. This implies that every 1% increase in the land
transfer rate will save energy and reduce emissions by 0.132% and 0.015%, respectively.
The high land fragmentation in these areas benefits from an increased land transfer rate,
which promotes contiguous and centralized production, thereby improving the utilization
efficiency of chemical elements and mechanical equipment, reducing energy consumption
and carbon emissions in agricultural production, and ultimately promoting agricultural
green transformation. Conversely, the sparsely populated northwest region experiences
restrictions in implementing land transfer policies due to its large land area. Additionally,
the complex terrain and landforms in this region impede the use of machinery and equip-
ment, limiting the adoption of new green technology. Thus, the impact of land transfer on
agricultural green transformation in this region is insignificant.

Table 9. The difference in the effect of land transfer on agricultural green transformation on both
sides of the Hu-Huanyong Line.

Southeast Northwest

ei ac ei ac

ft 0.132 *** 0.015 *** −0.057 −0.003
(0.025) (0.003) (0.054) (0.004)

urb −0.039 −0.011 *** 0.022 0.003
(0.039) (0.004) (0.084) (0.007)

tra −0.041 *** −0.011 *** 0.076 0.006
(0.012) (0.001) (0.079) (0.006)

edu 0.002 0.002 * −0.022 −0.001
(0.009) (0.001) (0.016) (0.001)

ins −0.257 *** −0.017 *** 0.084 0.010 *
(0.035) (0.004) (0.065) (0.005)

_cons 0.200 ** 0.016 * 0.136 0.009
(0.080) (0.009) (0.120) (0.010)

Time effect YES YES YES YES
Regional effect YES YES YES YES

N 320 320 160 160
R-sq 0.276 0.463 0.204 0.331

Note: * p < 0.1, ** p < 0.05, *** p < 0.01.
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4.5.2. The Impact of Land Transfer on Agricultural Green Transformation in Economically
Differentiated Regions

The imbalance of economic structure will aggravate the change in the regional environ-
ment [60]. In addition, in more economically developed areas, more capable farmers carry
out large-scale land [61] transfers. Therefore, regional economic development differences
may have an impact on the effect of land transfer on agricultural green transformation.
To explore these differences, this paper divides the research samples into three categories
based on economic development: economically developed regions, economically less-
developed areas, and economically underdeveloped regions. The goal is to investigate how
land transfer impacts agricultural green transformation in regions with varying economic
development levels. The results are presented in Table 10. In economically developed
areas, the estimated coefficients of land transfer on energy consumption and agricultural
carbon emissions are 0.136 and 0.018, respectively. In these regions, fragmented land
is prevalent, and land subcontracting, leasing, and swapping with high turnover rates
facilitate contiguous and large-scale land planting. This leads to improved utilization
efficiency of fossil energy and mechanical equipment, ultimately promoting agricultural
“green transformation.” Additionally, the high level of economic development in these
areas encourages the adoption of new green technology by farmers, further supporting
agricultural green transformation.

Table 10. The difference of the effect of land circulation on agricultural green transformation in
economic differentiation area.

Economically
Developed Areas

Economically
Less-Developed Areas

Economically
Underdeveloped Areas

ei ac ei ac ei ac

ft 0.136 ** 0.018 *** 0.005 0.001 *** −0.007 0.002
(0.058) (0.006) (0.010) (0.000) (0.060) (0.005)

urb −0.065 −0.023 ** 0.033 0.001 −0.002 −0.001
(0.095) (0.010) (0.022) (0.001) (0.059) (0.005)

tra −0.000 −0.011 *** −0.009 −0.000 0.057 0.003
(0.034) (0.004) (0.009) (0.000) (0.093) (0.007)

edu 0.004 0.004 0.001 0.000 −0.012 0.000
(0.024) (0.003) (0.004) (0.000) (0.016) (0.001)

ins −0.483 *** −0.026 *** −0.006 0.001 *** −0.010 0.002
(0.082) (0.009) (0.015) (0.000) (0.069) (0.005)

_cons 0.291 0.025 0.001 0.002 ** 0.150 0.009
(0.208) (0.023) (0.030) (0.001) (0.122) (0.010)

Time effect YES YES YES YES YES YES
Regional effect YES YES YES YES YES YES

N 112 112 208 208 160 160
R-sq 0.443 0.585 0.057 0.583 0.192 0.384

Note: ** p < 0.05, *** p < 0.01.

Conversely, in economically less developed areas, the estimated coefficient of land
transfer on energy consumption is not significant, and the estimated coefficient on agricul-
tural carbon emissions is 0.001. It primarily demonstrates emission reduction effects with
limited energy-saving effects. As large producing provinces with extensive land areas, these
regions witness improved agricultural production scale through land transfer, promoting
mechanized production, and increasing the efficiency of mechanical equipment usage,
thereby reducing agricultural carbon emissions. However, overall fossil energy consump-
tion increases due to the expanded production. Economically underdeveloped areas also
face challenges in implementing land transfer policies, leading to low land transfer rates.
This situation fails to address issues related to fragmented cultivated land and excessive
use of chemical elements. Moreover, many of these areas, primarily located in economically
backward western regions, employ traditional production methods with limited use of
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mechanical equipment and new technology. Consequently, the estimated coefficient of land
transfer on agricultural green transformation is not significant in these areas.

5. Discussion

Existing studies have focused on the impact of other factors on agricultural green
transformation. For instance, Zhang et al. (2022) discovered a nonlinear relationship
between agricultural production agglomeration and agricultural green transformation [62].
Wong et al. (2020) found that agricultural insurance significantly inhibits agricultural green
transformation [63]. Similarly, Li et al. (2023) identified a nonlinear relationship between
urbanization and agricultural green transformation [3]. However, there is a lack of literature
investigating the influence of land transfer on agricultural green transformation. In fact,
land transfer, as a crucial tool for facilitating large-scale land management [8] is conducive to
improving the economic efficiency of land utilization [64] and promoting agricultural green
transformation. One of the key contributions of this paper is examining the relationship
between land transfer and agricultural green transformation. This further expands the
research of Hu et al. (2023) and Wang et al. (2021) [21,36]. This paper not only focuses
on the impact of land transfer on agricultural carbon emissions but also comprehensively
considers the energy-saving and emission-reduction effects of land transfer. Consequently,
it provides a valuable reference for the advancement of agricultural green transformation.

Subsequent studies have demonstrated the close relationship between agricultural
energy consumption and agricultural carbon emissions. For instance, Sun et al. (2022)
identified fossil energy as a crucial input in large-scale and mechanized agricultural pro-
duction, directly contributing to carbon emissions [65]. However, limited literature exists
on whether land transfer can mitigate agricultural carbon emissions through the reduction
of agricultural energy consumption. Thus, the second contribution of this paper is to assess
the role of agricultural energy consumption as a mediating variable in the connection be-
tween land transfer and agricultural carbon emissions. This finding holds significant value
for the government in formulating environmental goals such as “green transformation.”
The results of this paper show that land transfer can reduce agricultural carbon emissions
by reducing agricultural energy consumption, which builds on the research results of
Sun et al. (2022) [65].

Additionally, agricultural technology progress is intricately linked to land transfer and
agricultural green transformation [66]. The third contribution of this paper is to explore the
influence of agricultural technology progress on the relationship between land transfer and
agricultural green transformation. This enhances our understanding of the mechanisms
underlying land transfer for agricultural green transformation, expanding the study of
Hu et al. (2023) and Wang et al. (2021) [21,36]. The results of this paper show that land
transfer can promote agricultural green transformation by promoting agricultural technol-
ogy progress, which expands the research conclusion of Ge et al. (2017) [67]. Moreover,
this paper further explores the regional heterogeneity of land transfer in agricultural green
transformation. This further expanded the studies of Luo Xuan (2020) [30], Geng, and
Luo (2022) [68]; however, they mainly focused on the heterogeneity of land transfer on
agricultural carbon emissions in different regions of food function. This paper further
expands on this by grouping the study samples according to resource endowment and
economic development gap. This segmentation provides vital insights for the government
to deepen rural land system reforms and facilitate agricultural green transformation.

Exploring the relationship between land transfer and agricultural green transition is
of great significance for agricultural green development, and it is important to consider
certain limitations when exploring similar topics. Firstly, this paper solely analyzes land
transfers at the provincial level. Enhancing the credibility of research conclusions can
be achieved by utilizing county-level data to examine the impact of land transfer on
agricultural green transformation. Unfortunately, there is a significant lack of available
county-level data currently. Therefore, conducting an analysis with panel data at the
prefecture level would be meaningful. Secondly, this study focuses on capital deepening as a
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measure of agricultural technology progress. However, it is important to acknowledge that
mechanical and biological technological progress may also play a role in the relationship
between land transfer and agricultural green transformation. Therefore, exploring the
effects of other types of technological progress in the land transfer process can yield
valuable insights.

6. Conclusions and Policy Recommendations

Based on China’s inter-provincial panel data from 2005 to 2020, this paper employs
the fixed effect model and the mediation effect model to investigate the impact of land
transfer on agricultural green transformation and its internal mechanisms. The findings of
the research are as follows: Firstly, land transfer demonstrates an energy-saving effect by
reducing energy consumption and an emission reduction effect by lowering agricultural
carbon emissions. That is, land transfer plays a significant role in promoting agricultural
green transformation. Secondly, land transfer can suppress carbon emissions through the
reduction of agricultural energy consumption. Thirdly, agricultural technology progress
resulting from land transfer also plays a role in promoting agricultural green transforma-
tion. Furthermore, there is heterogeneity in the effect of land transfer on agricultural green
transformation. Specifically, land transfer significantly promotes agricultural green trans-
formation on the southeast side of the Hu-Huanyong Line and in economically developed
areas. However, on the northwest side of the Hu-Huanyong Line and in economically
underdeveloped areas, land transfers do not have a significant impact.

The research conclusions above hold significant policy implications for achieving
agricultural green transformation. Firstly, it is essential to optimize the land transfer market.
By promoting land transfer, we can achieve intensive and contiguous land operations,
thereby boosting the agricultural sector’s contribution to China’s green transformation
efforts. Secondly, when formulating environmental goals, the government should prioritize
policy measures aimed at reducing agricultural energy consumption. Thirdly, expediting
the agricultural technology’s progress is crucial. This can be achieved through the adop-
tion of green production technology, thereby improving energy efficiency and reducing
pollution emissions. Lastly, it is imperative to recognize the differentiated layout of land
transfers. In economically developed regions, it is essential to encourage farmers to focus on
operating efficiency, leading to intensified and conservation-oriented practices to accelerate
the agricultural green transformation. On the other hand, in economically underdeveloped
areas, it is essential to increase the implementation of land transfers, encouraging farmers
to adopt moderate-scale approaches to promote agricultural green transformation.
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Abstract: In order to identify the mechanism and effect of agricultural land transfer on agricultural
carbon emissions, a study was conducted by analyzing the panel data of 30 provincial-level adminis-
trative regions from 2005 to 2019. Both the intermediary effect model and panel threshold regression
model are applied to test the correlation between agricultural land transfer and agricultural carbon
emissions, which provides some clarity on the mechanism of agricultural land transfer affecting
agricultural carbon emissions and its future trends. The research results are as follows. Firstly, agricul-
tural land transfer has a positive effect on agricultural carbon emissions, and agricultural factor input
plays a mediating role between agricultural land transfer and agricultural carbon emissions. More
specifically, the input of agricultural chemical elements has a positive impact on agricultural carbon
emissions, while the input of agricultural machinery elements has a negative impact on agricultural
carbon emissions. Secondly, under the threshold constraint of the urbanization level, the relationship
between agricultural land transfer and agricultural carbon emissions is characterized by an inverted
“U” shape, with a threshold value of 0.73. In view of these findings, more attention should be directed
to addressing the negative impact of agricultural land transfer on the ecological environment. Further-
more, various targeted measures should be taken to reduce the ecological risk carried by agricultural
land transfer, to increase the effort made on achieving the goals of agricultural carbon emission
reduction, and to promote the green and sustainable development of the agricultural industry.

Keywords: land use; carbon emissions; intermediary effect model; panel threshold model

1. Introduction

When it comes to global climate warming, a significant influencing factor for it is the
increase in carbon dioxide concentration in the atmosphere due to the social and economic
activities of humans [1]. It is a consensus reached among the international community that
various measures must be taken possibly soon to reduce carbon emissions in response to
the ongoing global climate change. As the world’s largest emitter of greenhouse gases,
China has committed itself at the 75th United Nations General Assembly to increasing
the effort made to cut down on carbon emissions, with effective policies and measures
adopted to achieve the “double carbon” goal of carbon peak by 2030 and carbon neutrality
by 2060. To achieve this objective, what needs to happen first is to fully understand the
overall situation of carbon emissions across China. According to the relevant data, the
carbon emissions from agricultural production and land use change account for nearly one
fourth of the total [2]. As a large agricultural production country, China contributes about
29% to the total agricultural carbon emissions in Asia and roughly 12% to the total carbon
emissions worldwide [3]. Furthermore, it continues to increase at an annual rate of 5% on
average [4]. It is estimated that China’s agricultural carbon emissions will increase by 30%
by 2050 if there are no effective emission reduction measures taken. Obviously, agricultural
production contributes significantly to the total carbon emissions in China. Therefore, in
order to achieve the “double carbon” objective, it is essential to impose stringent control on
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the carbon emissions arising from agricultural productions and other relevant activities.
At the same time, it is necessary to promote the eco-friendly development of agricultural
productions according to the national agricultural green development scheme as part of
the 14th five-year plan, which requires the reduction in agricultural carbon emissions.
Under this context, there have been many studies conducted by academics on agricultural
carbon emissions.

In this respect, the focus of discussion is placed on the factors that affect the scale of
carbon emissions. It can be calculated by using the IPCC coefficient method [5], Kaya Porter
identity (KPI) method [6], carbon footprint method [7] or others. Having an incremental
effect on carbon emission changes, economic scale is the main contributor to increasing
carbon emissions [8,9]. Specifically, carbon emissions can be significantly affected by the
increase in manufacturing output value and international trade output value in macroeco-
nomic indicators [10]. Furthermore, population size and energy structure are another two
important factors in the increase in carbon emissions [11]. The slight changes in the soil
carbon cycle may also have a significant impact on the concentration of carbon monoxide
in the atmosphere. However, the current technical capacity is insufficient to quantitatively
allocate carbon use [12]. The increase in carbon emissions has detrimental effects on the
terrestrial climate, as manifested mainly by temperature rise [13]. The utilization inten-
sity of fossil fuels such as coal should be restricted [14], and the carbon emissions from
economic activities should be reduced progressively through the popularization of clean
energy and technologies, such as solar cells, biomass, hydropower and thermoelectric con-
version [15,16]. Apart from that, the scale of carbon emissions should be limited in the form
of trading licenses [17]. In China, agricultural carbon emissions are usually characterized
by a three-stage change of “up—down—up”, and there is a difference between the west
and the east [18]. The areas with high total emissions concentrate in those provinces heavily
reliant on the agricultural industry [19]. The total carbon emissions are jointly affected
by the development of world economy and society and policy intensity [20]. There is an
inverted “U” relationship existing between agricultural carbon emissions and economic
growth [21], and a “U” relationship existing between environmental regulation and carbon
emission efficiency [22]. In addition, the LMDI model [23], Kaya identity [24], STIRPAT
model [25], geographical weighted regression model [26] and other methods can be used
to conduct quantitative analysis on the influencing factors in agricultural carbon emissions.
The results show that agricultural carbon emissions can be significantly reduced by agricul-
tural production efficiency, agricultural structure, agricultural population size, agricultural
technology progress and other factors [27,28].

As a market-oriented means to improve the efficiency of rural land resource allocation,
rural land transfer relates to society, economy, ecology and more. However, at present, the
academic research of agricultural land transfer focuses mainly on its social and economic
effects [29–31], and there is little research on the ecological effects of agricultural land
transfer. At the same time, to meet the “double carbon” goal and to promote agricultural
green development, more attention should be paid to exploring how agricultural land
transfer affects agricultural carbon emissions. With the development of agricultural land
transfer market and the increase in agricultural land transfer, agricultural land circulation
has made significant impact on agricultural ecology [32]. Therefore, it is of much practical
significance to analyze how to reduce the ecological risk posed by agricultural land circula-
tion while promoting the moderate-scale practice of agricultural land circulation. Based
on the panel data of 30 Chinese provinces from 2005 to 2019, an intermediary effect model
and a threshold model are constructed in this study based on theoretical analysis, so as to
test the impact path and mechanism of agricultural land transfer on agricultural carbon
emissions. Furthermore, the hypothesis is verified, which provides a theoretical reference
for effectively promoting agricultural land transfer and reducing agricultural emissions.

The contributions of this study are as follows. Firstly, an intermediary effect model
is adopted to test the impact mechanism of agricultural land transfer on agricultural
carbon emission in China. Secondly, an analysis is conducted as to the constraints on the
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relationship between agricultural land transfer and agricultural carbon emissions. Lastly,
policy implications are indicated based on the empirical results for the better coordination
between agricultural land transfer and agricultural carbon emission.

2. Agricultural Land Transfer and Agricultural Carbon Emission
2.1. Agricultural Land Transfer and Agricultural Production Input

In practice, the specific input mode of production as adopted by the agricultural pro-
duction subject is affected by the resource endowment of factors, market price and product
demand, which leads to a technology selection bias based on labor-saving technology
(such as agricultural machinery) or land-saving technology (agricultural chemicals) [33,34].
Under the traditional urban–rural dual registered residence system and the policy that
prohibits the circulation of agricultural land, the abundance of rural labor and the scarcity
of agricultural land have jointly contributed to the resource endowment characteristics
in China. Given a huge national population, land saving technology plays a vital role in
improving agricultural production efficiency to make up for the defects of agricultural
land resource endowment, which makes China’s input of agricultural chemicals far higher
than the world average. In recent years, the central government of China has issued a
series of policies to promote the orderly circulation of agricultural land, effectively keep
the appropriate scale of land resources, and promote the efficiency of agricultural section
and increase income of farmers. Under the guidance of the national macro policies, the
transfer of agricultural land has developed rapidly. According to the statistics from the
Ministry of agriculture and rural sector, there was 35.9 million hm2 of agricultural land
in China at the end of 2018. Agricultural land is transferred among different subjects,
accounting for 48.56% of the total. With the development of agricultural land transfer and
the breaking of the urban-rural separation pattern in China, the magnitude of rural labor
migration and non-agriculturalization continues to improve, which has a significant impact
on the factor endowment structure of agricultural production in China [35,36]. For the
main body of agricultural land transfer, the increase in agricultural land stock reduces the
scarcity and relative price of agricultural land resources, while the continuous outflow of
rural populations leads to the relative increase in labor costs. Under this context, the main
body of production will adopt labor saving technologies, that is, to increase the input of
agricultural machinery and reduce the input of land saving elements. As for the subject
who transfers out of agricultural land, agricultural land resources will become scarcer.
Therefore, the production subject will adopt land saving technology, that is, to increase the
use of agricultural chemicals for the improved output level of agricultural land.

Under the agricultural land transfer policy, the agricultural land transfer in the land
market has become increasingly active, thus leading to the optimization and reorganization
of agricultural land resources. Through the marginal output equilibrium effect of land
market [37], agricultural land will be transferred from the farmers with low production
efficiency to major grain growers, professional agricultural enterprises and other modern
agricultural production organizations with high production efficiency. In this way, the
efficiency of agricultural land utilization can be improved. For the entities who transfer in
agricultural land, the expansion of their business may increase the demand for agricultural
labor. However, due to the insufficient elasticity of labor supply due to the transfer of
agricultural land, it is difficult to meet the demand for agricultural labor after production
scale expansion, which will motivate the production entity to invest more in agricultural
machinery and equipment for productions, thus further reducing the input of agricultural
chemicals [38]. In addition, the transferred entity will concentrate to connect the scattered
agricultural land, which is effective in reducing the land fragmentation caused by the
decentralized management of farmers. This is conducive to reducing agricultural chemicals
input. In addition, since the transferred entity is advantageous in agricultural production
capacity and experience, it is easier to reduce the use of traditional agricultural chemicals
by applying green and low-risk production technologies [39]. On the contrary, for the
entities who transfer out agricultural land, the transfer of agricultural land has reduced
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the management scale of agricultural land for each entity, which moves the labor force
from agricultural production to non-agricultural activities [40]. Therefore, agricultural
production has the typical characteristics of concurrent operation. For these farmers, the
loss of labor makes it easier to invest more agricultural chemicals for maximum profits. In
addition, the stability and duration of agricultural land property rights will have a more
significant impact on the investment behavior of farmers, according to the property rights
theory. Due to the unstable and short-term agricultural real estate rights, farmers tend to
show shortsightedness in their investments. That is to say, farmers, as “economic people”,
will reject the long-term investment in agricultural land, such as building irrigation and
drainage facilities, improving soil quality, etc. Instead, they choose to invest a large amount
of agricultural chemicals and make other short-term investments for quick profits [41]. By
improving agricultural land circulation policies, the stability of agricultural land property
rights can be enhanced, which will motivate farmers to abandon short-term investment for
long-term investment [42,43].

2.2. Agricultural Production Input and Agricultural Carbon Emission

Depending on the exact form and function of agricultural input elements, the agricul-
tural element input in agricultural land use activities can be divided into two categories:
agricultural chemical element input and agricultural machinery element input. For a long
time, the use of chemical fertilizers, pesticides and other agricultural chemical elements in
agricultural production activities has played a major role in improving the nutrient content
in agricultural soil, reducing the yield loss of crops caused by diseases, insect pests and
weeds, improving grain yield and promoting the growth of agricultural economy [44,45].
Given the expanding scale of agricultural land management and the shortage of labor force,
the input of agricultural chemistry such as chemical fertilizer provides an effective solution
to ensuring grain output [46]. At the same time, the continuous use of agricultural chemi-
cals has also resulted in various issues including excessive carbon dioxide emissions [47],
which is more detrimental to the ecological environment. Among them, the contribution of
agricultural inputs to agricultural carbon emissions is most significant [48]. The production
and utilization of chemical fertilizers are the main factors affecting agricultural carbon
emissions [49,50]. Such agricultural chemicals such as chemical fertilizers, pesticides and
agricultural film account for about half of the total agricultural carbon emissions [51]. As for
the input of agricultural machinery, agricultural machinery technology has a substitution
effect on agricultural labor force, which improves the degree of specialization for agricul-
tural productions [52,53]. With the improvement of agricultural mechanization, large-scale
agricultural machinery gradually replaces the small, energy-intensive agricultural ma-
chinery in the traditional small-scale production, which to some extent curbs agricultural
carbon emissions. Meanwhile, the improved level of agricultural machinery utilization
significantly promotes the optimization and upgrading of industrial structure and enhances
the efficiency of agricultural production, thus reducing agricultural carbon emissions.

Based on the above analysis, the following hypothesis is proposed:
Agricultural land transfer can affect agricultural carbon emissions, with the input of

agricultural production materials as an intermediate variable in the impact of agricultural
land transfer on agricultural carbon emissions. Among the intermediate variables of agri-
cultural materials input, agricultural chemical factor has a promoting effect on agricultural
carbon emissions, while agricultural machinery factor input has an inhibitory effect on
agricultural carbon emissions.

3. Materials and Methods
3.1. Analytical Methods

(1) Mediating effect test. In order to verify the research hypothesis proposed in this study,
that is, agricultural land transfer affects agricultural carbon emissions by affecting the
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input of agricultural chemical elements, the stepwise regression equation is applied
to perform a mediating effect test. The design is expressed as follows [54,55]:

ln TCit= θ1+c ln Fit+controlit+εit (1)

ln cpit= θ2+a1 ln Fit+controlit+εit (2)

amit= θ2+a2 ln Fit+controlit+εit (3)

ln TCit= θ3+c′ ln Fit+b1 ln cpit + b2amit + controlit+εit (4)

where ln TCit represents the interpreted variable of agricultural carbon emissions;
ln Fit indicates the explanatory variable of agricultural land transfer; agricultural
chemical factor input (ln cp) and agricultural machinery input (am) are intermediate
variable; controlit refers to the control variable, including agricultural financial level
(fsa), agricultural land resource endowment (area), agricultural population scale
(popu), agricultural output value structure (pvs), and agricultural planting structure
(ps); i,t represent different provinces and time, respectively; ε indicates a random
error term.

At the same time, it is considered by some scholars that this method has certain flaws,
who suggest using more accurate methods to conduct tests. For example, the bootstrap
program developed by Preacher and Hayes [56] not only shows higher test efficiency
for mediation effects, but also provides a variety of test program plug-ins for complex
models. For researchers, appropriate model plug-ins can be selected to suit their needs.
The reported results include the stepwise regression results and the confidence interval
of unbiased correction at the 95% significance level. If the confidence interval does not
contain 0, it indicates that the intermediary effect exists; otherwise, this effect is non-existent.
Therefore, the method as mentioned above is adopted in this study to further verify the
robustness of the results about mediating effect.

(2) Panel threshold model. There may be no linearity whether in the relationship between
agricultural land transfer and agricultural carbon emissions, or in the relationship
between other social and economic factors and agricultural carbon emissions. There-
fore, it is necessary to introduce a nonlinear adjustment mechanism to further explore
the relationship between agricultural land transfer and agricultural carbon emissions.
Herein, the panel threshold regression model proposed by Hansen [57] is adopted to
carry out the regression analysis of agricultural land transfer and agricultural carbon
emissions, with the urbanization level (the proportion of urban population in the
total population) as the threshold dependent variable. The panel threshold model is
expressed as follows:

ln TCit= β0+α ln TCit+β1 ln Fit × I(urbanit ≤ η) + β2 ln Fit × I(urbanit > η) + controlit+εit (5)

where urban represents a threshold dependent variable; η indicates the threshold
value; I denotes the indicator function. In two scenarios, one being that the urbaniza-
tion level falls below the threshold value (urbanit ≤ η) and the other being that the
urbanization level exceeds the threshold value (urbanit > η), the impact of agricultural
land transfer on agricultural carbon emissions is β1 and β2, respectively. The thresh-
old model can simultaneously estimate the threshold value of the urbanization level
and the slope value. The significance of the threshold effect was tested, that is, the
original hypothesis H0; β1 = β2. If the original hypothesis is rejected, the alternative
hypothesis is accepted, that is, under different urbanization levels, the impact of
agricultural land transfer on agricultural carbon emissions varies significantly.

3.2. Variable Definition and Data Source

(1) Explanatory variable: the explanatory variable used in this study is agricultural land
transfer, which refers to the transfer of land management rights to other farmers or
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organizations by the farmers with land contract management rights in rural areas.
According to the existing research results, agricultural land transfer is mostly replaced
by cultivated land transfer indicators [58]. Therefore, the transfer area of household
contracted farmland in each province is used to represent the transfer of agricultural
land in each province as the explanatory variable of this study.

(2) Explained variable: the explained variable used in this study is agricultural carbon
emissions, with the narrow sense of agricultural (planting) carbon emissions as the
research object. It is defined as the carbon emissions generated during the use of
agricultural land, mainly including the carbon emissions generated during the use of
chemical fertilizers, pesticides, agricultural films and agricultural diesel, as well as the
carbon emissions generated during the irrigation and tillage of agricultural land [59].
The carbon emission accounting formula is expressed as:

TC = ∑n
i=1 Oi= ∑n

i=1 qi × ρi (6)

where TC represents the total agricultural carbon emission, Oi indicates the car-
bon emission of each carbon emission form, qi denotes the quantity of each carbon
emission form, and ρi refers to the carbon emission coefficient of each form of car-
bon emissions. The coefficient values of this study are detailed in the research of
Ding (2019).

(3) Intermediate variable: agricultural materials input. The input of agricultural ma-
terials includes the input of agricultural chemical material and that of agricultural
machinery. Among them, the input of agricultural chemical elements includes various
agricultural chemicals, such as chemical fertilizers, pesticides and agricultural films,
all of which are inputted by the agricultural production entities in the process of crop
production. Considering the difficulty in measuring the total input of agricultural
chemical material, it can be found out that chemical fertilizer is one of the most impor-
tant input factors in agricultural production in China, which plays a significant role in
promoting grain production [60]. In the meantime, it also contributes significantly to
the total agricultural carbon emissions. Therefore, the ratio of fertilizer application
to crop planting area in each province is adopted to represent the input of agricul-
tural chemical elements. Referred to as the agricultural machinery and equipment
invested by farmers and other production entities in the process of crop production,
agricultural machinery input can be used to indicate the level of mechanization in the
process of agricultural production. In the existing research results, the total power
of agricultural machinery is mostly used to represent the input of agricultural ma-
chinery. However, this index is not applicable to accurately indicate the input level
of agricultural machinery. This is due to the difficulty in collecting the data on the
total power of agricultural machinery at the level of farmers and the fact that the cross
regional service of agricultural machinery and the socialized service of agricultural
machinery are common in China. Therefore, the total power of regional agricultural
machinery is unfit to fully reflect the input of agricultural machinery. Therefore, the
comprehensive agricultural machine utilization rate of crop cultivation and harvest
as used by the Ministry of Agriculture is adopted in this study to measure the level
of agricultural mechanization. This index is the weighted average value of machine
cultivation rate, machine sowing rate and machine yield.

(4) Other variables: considering that agricultural carbon emissions may be affected by
other factors, other control variables are also introduced into this study, including:
1© Agricultural fiscal level: Agricultural finance refers to the government’s expendi-

ture on agricultural production activities. The higher the level of expenditure, the
more conducive it will be to improving agricultural technology. Furthermore, it has
a significant impact on agricultural carbon emissions. In the existing studies, the
proportion of fiscal expenditure spent on supporting agriculture to the total agricul-
tural production value is often used to indicate the agricultural financial level. Since
the definition of agricultural carbon emissions in this study is specific to planting
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carbon emissions, the ration of the total output value of the planting industry to fiscal
expenditure on supporting agriculture is used in this study to indicate the agricultural
financial level of each province. 2© Agricultural land resource endowment: Due to
the differences in the amount of agricultural land resources in various regions, there
are variations in the status and scale of agricultural production between different
regions. Consequently, there are significant differences in agricultural carbon emis-
sions between various regions. Therefore, the per capita cultivated land area of the
planting industry in each province is used in this study to indicate the endowment
of agricultural land resources in each province. 3© Agricultural population scale:
The scale of agricultural population tends to have immediate effects on the regional
structure and scale of agricultural production, thus affecting the amount of regional
agricultural carbon emissions. Therefore, the number of employees in the planting
industry in each province is used in this study to indicate the size of agricultural
population. 4© Structure of agricultural output value: It is expressed as the ratio of
the output value of planting industry to the total output value of agriculture, forestry,
animal husbandry and fishery. 5© Agricultural planting structure: It is indicated by
the ratio of the sown area of grain crops to the total sown area of crops.

The provincial panel data from 2005 to 2019 are selected for use in this study. Due
to the serious lack of data in Tibet, it is excluded from the sample. Finally, 30 provincial
administrative regions in mainland China are selected as the research objects. The sample
data are sourced from the “China Statistical Yearbook”, “China Rural Statistical Yearbook”,
“China rural operation and management statistical annual report”, and “China Agricultural
Machinery Industry Yearbook” of the corresponding years. In order to eliminate the impact
of variable dimensions and ensure the stability of the data, logarithmic processing is carried
out for agricultural land transfer, agricultural carbon emission and agricultural chemical
element input. Table 1 lists the descriptive statistics of variables.

Table 1. The descriptive statistics of variables.

Variable Name Mean Std. Dev. Min Max

Agricultural land transfer (lnF) 12.63 1.38 8.70 15.34
Agricultural carbon emissions (lnTC) 5.27 1.01 2.44 6.77

Agricultural chemical element input (lnCP) 5.82 0.36 4.72 6.68
Agricultural machinery input (am) 0.50 0.24 0.02 1.14
Financial level of agriculture (fsa) 0.39 0.56 5.72 1.74

Agricultural land resource endowment (area) 1.09 0.77 0.30 4.79
Agricultural population size (population) 4.92 3.59 0.15 16.98
Agricultural output value structure (pvs) 0.52 0.09 0.34 0.75

Agricultural planting structure (ps) 0.65 0.13 0.33 0.97

4. Results and Discussion
4.1. Regression Analysis

(1) Benchmark regression. Table 2 shows the baseline regression results obtained for the
impact of agricultural land transfer on agricultural carbon emissions. In the absence
of control variables, the simple regression of agricultural carbon emissions is per-
formed only on the transfer of agricultural land, with the estimation coefficient being
significantly positive at the 1% statistical level. When control variables are introduced
and fixed effects are considered for regression estimation, the estimated coefficient of
agricultural land transfer remains significantly positive at the 1% statistical level. It is
indicated that agricultural land transfer has a significant positive effect on agricultural
carbon emissions, as does the endowment of agricultural land resources and the size of
agricultural population. Conversely, the level of agricultural finance and agricultural
planting structure has a significant negative effect on agricultural carbon emissions.
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Table 2. Results of baseline regression.

lnF Fsa Area Popu Pvs Ps Constant R2

Without control
variables

0.08 ***
(0.01)

4.84 ***
(0.13) 0.23

Add control
variables

0.10 ***
(0.01)

−0.17 ***
(0.01)

0.16 ***
(0.03)

0.06 ***
(0.01)

0.13
(0.20)

−0.79 ***
(0.13)

4.77 ***
(0.15) 0.51

Note: *** is significant at the level of 1%, and Se values are in brackets.

(2) Intermediary effect test: SPSS 25.0 software and process 4.0 macro program plug-in
are applied to conduct regression analysis on the sample data. The results are detailed
as follows which are showed in Table 3. In regression equation 1, the impact coefficient
of agricultural land transfer on agricultural carbon emissions is 0.29, which passes the
test at a significance level of 1%. That is to say, agricultural land transfer has a signifi-
cant positive impact on agricultural carbon emissions. In the regression equation 2,
the influence coefficient of agricultural land transfer on agricultural chemical element
input is 0.03, which passes the test at the 5% significance level as well. That is to say,
agricultural land transfer has a significant positive impact on agricultural chemical
element input. In regression equation 3, the influence coefficient of agricultural land
transfer on agricultural machinery factor input is 0.063, which also passes the test at
the 1% significance level. That is to say, agricultural land transfer also has a significant
positive impact on agricultural machinery factor input. In regression equation 4,
the influence coefficient of agricultural land transfer, agricultural chemical element
input and agricultural machinery element input on agricultural carbon emissions is
0.30, 0.79 and −0.49, respectively, all of which pass the test at the 1% significance
level. That is to say, both agricultural land transfer and agricultural chemical element
input have a significant positive impact on agricultural carbon emissions. By contrast,
agricultural machinery element input has a significant negative impact on agricultural
carbon emissions.

Table 3. Intermediary effect test results of agricultural land transfer on agricultural carbon emissions.

Regression Equation (1) Regression Equation (2) Regression Equation (3) Regression Equation (4)
Variables lnTC lnap Am lnTC

β t β t β t β t

lnF 0.29 (0.020) 15.24 *** 0.03 (0.01) 2.17 ** 0.06
(0.01) 8.60 *** 0.30

(0.02) 17.08 ***

lnap 0.79
(0.06) 13.50 ***

am −0.49 (0.11) −4.30 ***

fsa −0.70
(0.04) −16.681 *** −0.02

(0.03) −0.78 −0.05
(0.02) −3.21 *** −0.66

(0.04) −18.25 ***

area 0.15
(0.04) 3.880 *** −0.17

(0.03) −5.91 *** 0.11
(0.02) 7.62 *** 0.34

(0.04) 8.99 ***

popu 0.13 (0.01) 15.655 *** −0.01
(0.01) −1.96 ** −0.01

(0.00) −3.01 *** 0.14
(0.01) 19.07 ***

pvs −0.66
(0.26) −2.550 ** −0.84

(0.19) −4.37 *** 0.27
(0.10) 2.67 *** −0.13

(0.23) 0.58

ps −0.53
(0.21) −2.590 *** −0.16

(0.15) −1.04 0.28
(0.08) 3.56 *** −0.27

(0.18) −1.53

R 0.90 0.40 0.69 0.93
R2 0.81 0.16 0.48 0.86
F 308.59 *** 13.96 *** 67.63 *** 349.05 ***

Note: **, and *** are significant at the level of 5%, and 1%, respectively, and Se values are in brackets.

From the above results, it can be concluded that agricultural land transfer exerts a
partial intermediary effect on agricultural carbon emissions by affecting agricultural ma-
terial input. Therefore, the first part of the research hypothesis proposed in this study is
supported. Moreover, agricultural chemical factor input exerts a positive effect on agri-
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cultural carbon emissions, while agricultural machinery factor input has a negative effect
on agricultural carbon emissions. Therefore, the second part of the research hypothesis
proposed in this study is also supported. In terms of control variables, the impact of
agricultural land resource endowment and agricultural population size on agricultural
carbon emissions passes the test at the significance level of 1%. Furthermore, the impact
coefficient is positive, indicating the promoting effect of agricultural land resource endow-
ment and agricultural population size on agricultural carbon emissions. As for the impact
of agricultural financial level on agricultural carbon emissions, it also passes the test at the
significance level of 1%. Furthermore, the impact coefficient is negative, which indicates
that to a certain extent the target of agricultural carbon emission reduction can be achieved
if the local government increases its support for agriculture and promotes the progress in
agricultural production technology.

In order to further verify the robustness of the intermediary effect, bootstrap is used to
repeatedly extract the sample data for 5000 times and the default 95% unbiased correction
interval is used to test the intermediary effect. The results are shown in Table 4. The confi-
dence interval is [0.25, 0.33] and [0.26, 0.33] for the total effect and direct effect, respectively.
The confidence interval is [0.01, 0.05] for the intermediary path of “agricultural land transfer
→ agricultural chemical element input→ agricultural carbon emission”. The confidence
interval is [−0.05, −0.01] for the intermediate path of “agricultural land transfer→ input of
agricultural machinery factors→ agricultural carbon emissions”. The confidence interval
does not contain 0, which confirms the significance effect propagation paths.

Table 4. Bootstrap test results.

Effect Propagation Path Coefficient SE BootLLCI BootULCI

Total effect 0.29 0.02 0.25 0.33
Direct effect 0.30 0.02 0.26 0.33

agricultural land transfer→ agricultural chemical
element input→ agricultural carbon emission 0.02 0.01 0.01 0.05

agricultural land transfer→ input of agricultural
machinery factors→ agricultural carbon emissions −0.03 0.01 −0.05 −0.01

4.2. Threshold Effect Test

Despite agricultural factor input verified as an important medium in the impact
of agricultural land transfer on agricultural carbon emissions, the mechanism of this
impact may also be affected by other social and economic factors, which leads to a non-
linear relationship between them. Therefore, it is necessary to introduce a non-linear
mechanism into the model. There are plenty of research results showing an inverted
“U” type relationship between urbanization level and environmental pollution [61,62],
and agricultural land transfer has a significant impact on urbanization. Therefore, the
urbanization level is taken as a threshold dependent variable in this section to analyze the
impact of agricultural land transfer on agricultural carbon emissions under the context of
different urbanization levels.

(1) Threshold estimate: In this study, Stata 17.0 is applied to repeatedly sample 500 times
with the Bootstrap method to test the threshold effect of explanatory variables. The
results are shown in Table 5. The urbanization level passes the single threshold test,
but the double threshold fails the significance test. At the same time, Figure 1 shows
the model likelihood ratio function diagram of the panel threshold model drawn
under a single threshold to verify the threshold estimate. The critical value of the LR
statistic is 7.35 at the significance level of 5%, and the LR value corresponding to the
threshold value of 0.73 falls below 7.35, which is consistent with the reality.
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Table 5. Threshold estimation test.

Number of
Thresholds F p 10% 5% 1% Threshold 95% Confidence

Interval

single 44.85 * 0.082 42.03 50.27 70.61 0.73 [0.72, 0.75]
double 16.23 0.642 42.28 67.54 89.65 0.83 [0.63, 0.85]

Note: * is significant at the level of 10%.
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(2) Threshold regression results. The panel threshold model is applied to analyze the
sample data, with the regression results listed in Table 6. According to the results of
panel threshold regression, the impact of agricultural land transfer on agricultural
carbon emissions is constrained by the threshold of urbanization level. When urban
≤ 0.73, the impact coefficient of agricultural land transfer on agricultural carbon
emissions is 0.06. Agricultural land transfer exerts a positive effect on agricultural
carbon emissions. Given the rapid development of rural land transfer, rural labor
will concentrate in cities and towns, which improves the urbanization level. At
the early stage of urbanization, rural surplus labor definitely increases agricultural
capital investment to offset the loss of economic benefits caused by the outflow
of agricultural labor, thus increasing agricultural carbon emissions. When urban
> 0.73, the impact coefficient of agricultural land transfer on agricultural carbon
emissions is −0.06. This is suspected to be due to the fact that the development of
urbanization to a certain stage prompts the emergence of “anti-urbanization”, as
manifested in the flow of labor, capital and other factors back to the countryside,
thus improving the conditions of agricultural production and driving the progress in
agricultural production technology. In order to mitigate the negative external effects
of agricultural production on the ecological environment, the government will also
introduce the relevant environmental protection policies and regulations, which can
motivate agricultural workers to improve their awareness of green production and
increase the use of green and clean energy, thus comprehensively promoting the
shift from traditional agricultural production to the green and efficient production
characterized by “low input, high output and low pollution”. Ultimately, agricultural
carbon emissions are reduced. Based on the above research results, the impact of
agricultural land transfer on agricultural carbon emissions shows an inverted “U”
relationship under the constraint of urbanization level, which rises first and then falls.
When the urbanization level exceeds a certain threshold, agricultural land transfer
exerts an inhibitory effect on agricultural carbon emissions.
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Table 6. Threshold regression results.

Variables lnTC Variables lnTC

lnF(urban ≤ η)
0.06 *** pvs −0.24 **
−0.01 −0.12

lnF(urban > η)
−0.06 *** ps −0.06
−0.02 −0.12

fsa
−0.14 ***

constant
0.69 **

−0.01 −0.31

area 0.11 ***
R2-within

0.69
−0.02

lnpopu 0.05 ***
F

89.97
−0.01

Note: **, and *** are significant at the level of 5%, and 1%.

5. Conclusions and Policy Recommendations
5.1. Conclusions

Based on China’s provincial panel data of agricultural land transfer and agricultural
carbon emissions from 2005 to 2019, the intermediary effect model is applied in this
study to test the impact path and transmission mechanism of agricultural land transfer on
agricultural carbon emissions. Furthermore, the panel threshold regression model is used
to empirically test the threshold effect of agricultural land transfer on agricultural carbon
emissions. On this basis, the following conclusions are drawn:

(1) Agricultural land transfer can affect agricultural carbon emissions through agricul-
tural materials input. Specifically, agricultural chemical factor input has a positive
impact on agricultural carbon emissions (0.79), while agricultural machinery factor
input has a negative impact on agricultural carbon emissions (−0.49).

(2) The urbanization level exerts a significant single threshold effect on the impact of
agricultural land transfer on agricultural carbon emissions. Under the threshold
constraint of urbanization level, the relationship between agricultural land transfer
and agricultural carbon emissions shows an inverted “U” shape. When the urban-
ization level falls below 0.73, agricultural land transfer exerts a promoting effect on
agricultural carbon emissions. When the urbanization level exceeds 0.73, the transfer
of agricultural land has an inhibitory effect on agricultural carbon emissions.

5.2. Policy Recommendations

(1) It is recommended to change the input structure of agricultural elements and reduce
the intensity of chemical elements utilization. According to the above research results,
the input of agricultural chemical elements can have a promoting effect on agricultural
carbon emissions, while the input of agricultural machinery elements can exert an
inhibiting effect on agricultural carbon emissions. Different management methods
will have an impact on the carbon emissions from agricultural land [63]. Imposing a
reasonable control on the input of agricultural chemical elements and improving the
level of agricultural mechanization can reduce agricultural carbon emissions. From
the perspective of the government, first, it is necessary to effectively regulate the use of
agricultural chemicals at the institutional level for ensuring the agricultural ecological
safety with institutional strength, including the formulation of relevant laws and
regulations to agricultural carbon emissions, the establishment of a monitoring mech-
anism for the quality of agricultural land ecological environment, the collection of
agricultural environmental taxes [64], and the increase in agricultural carbon pollution
penalties. Second, the government is supposed to increase the purchase subsidies
offered to farmers for using green agricultural chemicals and agricultural machinery
as well as include green chemical subsidies and agricultural machinery subsidies in
the ecological compensation system. This would encourage farmers to purchase green
agricultural chemicals and advanced agricultural machinery [65,66]. Finally, efforts
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should be made to improve the awareness of environmental protection among agricul-
tural practitioners. This is essential for environment protection [67,68]. By publicizing
the knowledge about ecological and environmental protection through mass media,
the internet and other means, agricultural practitioners can better understand that
the excessive input of agricultural chemicals is one of the contributors to agricultural
carbon emissions. This is conducive to improving the ecological and environmental
awareness of agricultural practitioners, which prompts them to reduce agricultural
carbon emissions by adopting environmentally friendly technologies. From the per-
spective of farmers, improving the utilization efficiency of agricultural chemicals is a
potential solution to reducing agricultural carbon emission. According to the survey
conducted by the Ministry of Agriculture and Rural Affairs of China, the utilization
rate of chemical fertilizer for grain crops in China was only 37.8% in 2017, while that
of major European countries was about 65% in the same period, which indicates a sig-
nificant gap. Therefore, it is worth considering the popularization of various efficient
fertilization technologies such as soil testing, formulated fertilization, mechanical
fertilization, planting and fertilizing, so as to reduce the amount of chemical fertilizer
applied while improving the efficiency of chemical fertilizer utilization.

(2) It is suggested that the pace of urbanization can be accelerated to give full play to the
inhibitory effect of high urbanization on agricultural carbon emissions. According
to the above research, the impact of agricultural land transfer on agricultural carbon
emissions is constrained by the threshold of urbanization level. Given the high ur-
banization level, agricultural land transfer exerts an inhibitory effect on agricultural
carbon emissions. As for the potential negative effects of population mobility caused
by agricultural land transfer, they include economic and cultural aspects [69]. There-
fore, some measures may be suitable for promoting the high-quality improvement of
urbanization level through agricultural land transfer. First, the government is sup-
posed to play its role in organization and coordination, with various channels involved
in the prompt delivery of employment information to farmers. Meanwhile, it is crucial
to increase vocational training for farmers and improve their labor skills and overall
quality. This is significant to ensuring that farmers have the ability to perform non-
agricultural work and that non-agricultural labor meets market demand. Second, it is
necessary to deepen the reform of the registered residence system, accelerate the uni-
fied registration and management of urban and rural household registration, promote
the synchronous transformation of occupation and identity for non-agricultural em-
ployment farmers, reinforce the long-term guarantee mechanism for the citizenization
of migrant workers, fully recognize the citizenship of non-agricultural employment
farmers, and genuinely integrate non-agricultural employment farmers into the city.
Third, the government should put in place the corresponding social security system to
reduce potential risks for non-agricultural farmers [70], so as to resolve the problems
encountered by the urban farmers in medical care, housing and education received
by their children. In the meantime, as a basis for the survival of farmers, agricultural
land resources are exposed to certain survival risks for the main body of agricultural
land transfer. Therefore, it is essential to improve the effectiveness of rural social
security progressively to replace the social security function of rural land, establish
the employment security system for those farmers losing their land, help them to find
new jobs, and solve their concerns.
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Abstract: Under the background of ecological civilization construction and the overall planning of
land and space, it is particularly important to explore the land use ecosystem service value and its
zoning control. This paper, taking Chayu County, a typical alpine valley area of southeast Tibet as an
example and based on the remote sensing interpretation data of three periods in 2000, 2010 and 2020,
employs the three-level spatial scale from the village level, the township level to the county level to
converge step by step, and uses a series of model algorithms to analyze and calculate the regional
ecosystem service value and their dynamic changes, as well as spatial agglomeration and regional
type division. The research shows that the land use types mainly consist of forest land, grassland and
unused land, whose overall change range is small during the study period. The conversion of land
use types is mainly between forest land, grassland and unused land and the land use index generally
presents a spatial pattern of “high in the southwest and low in the northeast”, showing a decreasing
trend to some degree. ESVI generally presents a differentiation pattern of “high in the west and low
in the east”, with obvious spatial differentiation characteristics of kernel density, significant clustering
and distribution characteristics and stable variation range, displaying an overall spatial pattern with
characteristics of “dense in the west and sparse in the east, high in the north and low in the south”.
Based on the administrative village scale, the study area is divided into three different types of land
use ecological function areas: habitat maintenance function area, biological protection function area
and production support function area. Differentiated approaches to appropriate development and
construction and the corresponding optimization paths of ecological protection will be put forward.

Keywords: land use; ecological service value; spatial-temporal evolution; spatial agglomeration;
Southeast Tibet

1. Introduction

As a non-renewable resource, land is the most basic material for human production, life
and ecology. Land use refers to the management and application of land in a certain period
based on the attributes of land itself and the needs of economic and social development [1].
After the modern industrial civilization, the land use structure is out of balance, the
environmental quality is deteriorating, and the resource reserves are drying up. Many
pollutants caused by this have a serious impact on the balance of the ecological service
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system, resulting in the continuous decline of its service value. It is necessary to re-examine
the balance between land use change and ecological service value so as to provide a scientific
basis for the sustainable use of resources [2]. In particular, the rapid progress of urbanization
and industrialization has revealed many negative effects related to ecology, climate and
human settlements. Land use affects various types, areas and spatial distribution patterns
of ecosystems, and also changes the structure, functions and processes of ecosystems, thus
affecting the rational allocation of land resources [3]. Therefore, the quantitative research on
the impact of land use change on the value of ecological services has become the research
frontier and hot topic of many interdisciplinary subjects in the past century.

Ecosystem service function refers to the natural environmental conditions and func-
tions formed and maintained by ecosystems and processes [4]. Ecological service value
(ESV), as the core index to measure ecological security, is of great significance to the sci-
entific management of ecosystems and the realization of sustainable development [5,6].
Humans began to study the ecosystem service system in the 1960s, however, due to the
limitations of the research environment and technical means, only some research meth-
ods were provided, and their value was not quantitatively evaluated [7]. In the 1990s,
Costanza et al. defined the research method of ecological service value for the first time,
thus laying the research foundation of ESV [8,9]. After the 21st century, many researchers
such as Xie Gaodi et al. [10,11] conducted in-depth research on the basis of Costanza’s
study and formulated the “table of equivalent value of ecological services per unit area of
China’s terrestrial ecosystem”. Since then, they have revised it to varying degrees according
to China’s land use conditions [12] and ESV has been widely used in the assessment of
grassland [13,14], forest [15], farmland [16], cities [17,18], and coastal zones [19]. At present,
the methods for estimating ecosystem service value mainly include the functional value
method [20,21] and the equivalent factor method [22], but the former involves many pa-
rameters and is highly subjective, and the equivalent factor method is widely used [23].
The existing documentary achievements are substantial, which can provide technical ideas,
model algorithms and other references for this study.

Throughout the current research, many scholars selected typical representative areas,
and took the measurement of land use ecosystem service value as the main body to further
explore the laws of space-time evolution and influencing factors. The spatial scale employed
by the study is mainly macro and meso, and the micro scale level is scarcely used. It is even
more rare to propose zoning differentiation management and control measures from the
perspective of spatial zoning [24]. In order to further divide land use ecological function
areas and put forward differentiated pattern optimization control measures, this paper,
taking Chayu County, a typical alpine valley area in Southeast Tibet as an example and
based on the remote sensing interpretation of three periods in 2000, 2010 and 2020 and
the formation of 30 m × 30 m grid data, employs the three-level spatial scale from the
village level, the township level to the county level to converge step by step, analyze the
changes in the quantity and degree of regional land use, calculate the ecosystem service
value and analyze the spatial-temporal evolution characteristics. The research results
are expected to provide theoretical basis and technical support for deepening land use
ecosystem service value.

2. Overview of the Study Area

Chayu county is a typical area of Southeast Tibet with high mountains and valleys
in the western section of Hengduan Mountains (Figure 1). The terrain is high in the
northwest and low in the southeast, with a wide vertical height difference. Affected by
the Indian Ocean warm current in the south and clamped by derma snow mountain in
the north, the high altitude and undisturbed natural environment jointly determine the
high sensitivity of the ecosystem. The county covers an area of 31,400 km2, with forest
land taking the absolute advantage, followed by grassland and unused land. The unique
topography, climate and hydrothermal conditions make it one of the regions with richest
Mountain Biodiversity in Tibet and even China. Having a variety of ecological types
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and rich biological resources, with forests, wetlands, grasslands, lakes, deserts and other
ecosystems distributed, the ecosystem in this county is extremely fragile and has poor anti-
interference ability. Once damaged, it is difficult to recover and biodiversity is facing severe
challenges. It is extremely important to carry out the research on the value of land-use
ecosystem services in this region.
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3. Data Sources and Research Methodology
3.1. Sources of Data

Since 2000, China has increased social and economic construction and paid attention
to the improvement of the ecological environment. Considering the availability of data and
comparative differences, this study, taking 10 years as a period, selects three time spans of
the case sites in 2000, 2010 and 2020. The administrative division data of Chayu County
are provided by the State Administration of Surveying, Mapping and Geoinformation
(https://www.ngcc.cn/ngcc/, accessed on 8 January 2022). The land use data of 30m spatial
resolution in 2000, 2010 and 2020 in Chayu County are all from the land use status remote
sensing monitoring database downloaded by Globe Land30 (http://www.globallandcover.
com/, accessed on 25 December 2021), with 30 m multispectral images as the main data
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source for production, including (Landsat) TM5, ETM+ and HJ-1 multispectral images.
According to the type with the largest area occupied within 30 m, the land use type
is reclassified, so that the land use type is divided into 10 types of land cover: arable
land, forest, grassland, shrubland, wetland, water body, tundra, artificial bare land and
glacier and permanent snow. In view of the needs of this study, forests and shrublands,
artificial surfaces, bare land and glaciers and permanent snow are classified as woodland,
construction land and unused land, respectively. Data on grain prices, yields and sown
areas are from the 2020 China Agricultural Product Price Survey Yearbook and the 2020
Tibet Statistical Yearbook.

3.2. Research Methodology
3.2.1. Land Use Change

(1) Model of land use quantity change

The analysis of the total change of land use type can help to understand the overall
situation of regional land change, and the dynamic degree of land use can quantitatively
present the speed of regional land use change; the formula is as follows:

K =
Sin − Sout

Si0
× 1

T
× 100% (1)

where K is the annual change rate of land use type; Sin is the inflow area of a certain land
type; Sout refers to the outflow area of a certain land type; Si0 is the area of a certain land
type at the initial stage of the stage; T is the span of research years.

(2) Land use degree change model

The comprehensive index of land use degree (L) indicates the degree of human de-
velopment and utilization of regional land and reflects the two-way impact of land on its
natural attributes and human activities, which is an important indicator to measure the
depth and breadth of regional land use [25]. The formula is as follows:

L = 100×
i=n

∑
i=1

Ai × Bi (2)

where L is the index of land use degree; Ai is the classification index of the grade i, referring
to the existing studies [26], unused land = 1, forest land, grassland and water area = 2,
cultivated land = 3, construction land = 4; Bi is the percentage of land use type area of class
i in the total area.

3.2.2. Ecosystem Service Value Assessment

(1) Value revision assessment

Revision based on grain price: according to the research of Xie Gaodi et al. [12], 1/7 of
the economic value of the annual natural grain yield of the farmland with an average yield
of 1 hm2 is a standard ecosystem ecological service value equivalent factor. To eliminate the
impact of crop price fluctuations in different years on the total value, taking the sown area,
the yield and average price of crops of the five major crops (rice, wheat, highland barley,
soybean and corn) in Tibet in 2020 as the basic data, the economic value of food crops in
the farmland ecosystem per unit area is calculated by the formula as 297.21 yuan/km2.

En =
1
7

n

∑
i=1

qi pi
M

(3)

where En is the economic value (yuan/hm2) of providing food production services for the
farmland ecosystem within the unit area of the study area; n is the main food crops in the
study area; qi is the price of crop i (yuan/kg); pi is the total yield of crop i (kg); M is the
total area of n kinds of food crops (hm2).

62



Sustainability 2022, 14, 10057

Taking this as a benchmark and taking the spatial-temporal heterogeneity of ecosys-
tems into account, the value coefficient of ecosystem services in the study area needs to be
further revised. Referring to the biomass factor table of farmland ecosystems in each region
of the country given by Xie Gaodi et al., the biomass factor of farmland ecosystems in the
study area is determined to be 0.75, and through revising the biomass factors of various
services provided by farmland ecosystems, the value coefficient tables of ecosystem services
of different land use types will be generated. The ecosystem services value coefficients of
land use type is shown in Table 1.

Table 1. Ecosystem services value coefficients of land use types in the study area. (Unit: RMB /km2).

Ecosystem Services and Functions Cultivated Land Woodland Grassland Wetland Waters Unused Land

gas exchange 111.45 780.18 178.33 401.23 0.00 0.00
Climate regulation 198.39 601.85 200.62 3811.72 102.54 0.00
water conservation 133.74 713.30 178.33 3455.07 4542.85 6.69

Soil formation and protection 325.44 869.34 434.67 381.17 2.23 4.46
waste disposal 365.57 292.01 292.01 4052.46 4052.46 4.46

Biodiversity conservation 158.26 726.68 242.97 557.27 555.04 75.79
Food production 222.91 22.29 66.87 66.87 22.29 2.23

raw material 22.29 579.56 11.15 15.60 2.23 0.00
Entertainment and leisure 2.23 285.32 8.92 1237.14 967.42 2.23

(2) Value dynamics

The value of ecosystem services of different land use types is equal to the area of
different land types multiplied by the corresponding ecosystem service value coefficient,
and the change in the value of ecosystem services of land use types in the study area
can be expressed by EV (value dynamic degree) of the ecosystem service. The formula is
as follows:

EV =
EAVb − EVAa

EVAa
× 1

T
× 100% (4)

where EAVa and EAVb are the ecosystem service value of a certain land use type at the
initial stage and at the end of the study, respectively; T is the research years.

(3) Sensitivity index

The sensitivity index is employed to analyze the sensitivity of ecosystem services in
the study area. The calculation formula is as follows:

I =

∣∣∣∣∣∣

ESVi−ESVj
ESVj

Li−Lj
Lj

∣∣∣∣∣∣
(5)

where I is the sensitivity index of ecosystem service value; ESVi is the ecosystem service
value in year i; ESVj is the ecosystem service value in year j; Li is the index of land use
degree in year i; Lj is the index of land use degree in year j.

3.2.3. Spatial Agglomeration of Ecosystem Service Value

(1) Kernel density analysis

Kernel density estimation (KDE), as one of the density estimation methods in the
spatial analysis tools built into ArcGIS software, depends on a filter window to define
nearby objects.

fn =
1

nh

n

∑
i=1

k
(

x− xi
h

)
(6)

where fn is the estimated value of ESVI distribution kernel density; n is the number of
plots; h is the bandwidth or smoothing parameter; k is the kernel density function, and
x− xi is the distance from the measured block x to the sample block xi.
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(2) Spatial autocorrelation analysis

Spatial autocorrelation analysis is an important method and effective means to quanti-
tatively study spatial relationships and analyze spatial patterns. Ecosystem service value
is directly related to the distribution of natural geographical elements and the social and
economic development of the region. With randomness and structure in space, these
factors have geoscience characteristics. Therefore, ecosystem service value, like various
geographical entities, has a certain spatial correlation, and geoscience statistical analysis
methods such as spatial autocorrelation analysis can be employed [27,28]. The global spatial
autocorrelation (GSA) and local spatial autocorrelation (LISA) are used comprehensively to
dig into the spatial pattern and evolution characteristics of ESVI, and reveal the correlation
between the attribute values of spatial units and other attribute values in adjacent space.
The spatial autocorrelation analysis is based on Geodal.18 software to complete.

4. Results and Analysis
4.1. Analysis of Land Use Change
4.1.1. Characteristics of Changes in Land Use Quantity

According to Figure 2, from 2000 to 2020, the county forest land accounted for the
largest area, followed by grassland and unused land. The cultivated land distribution
transferred gradually from the marginal area in 2000 to the inner river valley while the
construction land was mainly distributed in the central area of each township, with the
“strip” spatial distribution mainly in the Upper Chayu Town and Lower Chayu Town, and
the increase in construction land in the past 20 years was small.
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The proportion of land use types in three different periods of 2000, 2010 and 2020 is
shown in Table 2. From the perspective of the overall characteristics of land use types, the
changes in the main land use types in the three periods except forest land, grassland and
unused land are not obvious due to their small size. The highest proportion of area is forest
land, followed by unused land, both of which account for more than 74% of the total area
of the study area. From the perspective of the characteristics of land use type change, the
area of unused land has increased by 45.44%, with a continuous increase of 3377.26 km2

in the past 20 years while the grassland area has continued to decrease by 1935.62 km2 in
20 years, a decrease of 29.29 percentage points. The area of the water area increased first
and then decreased and the wetland area remained almost unchanged.

Table 2. Changes in the proportion of different land use types in the study area from 2000 to 2020
(Unit: %).

Land Use Type 2000 2010 2020

Cultivated land 0.27 0.14 0.19
woodland 54.56 53.55 50.04
grassland 21.04 21.76 14.88
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Table 2. Cont.

Land Use Type 2000 2010 2020

Wetland 0.02 0.01 0.02
waters 0.44 0.37 0.42

land used for
building 0.01 0.01 0.03

Unused land 23.66 24.16 34.42

The transfer matrix of different land use types from 2000 to 2020 (Table 3) is obtained
by employing the analysis tool of Arc GIS. The main characteristics of land use transfer
are as follows: (1) The forest land and grassland have the largest area of transfer-in and
transfer-out, 2191.24 km2 and 2978.08 km2, respectively, in which the main source of
transfer-in is cultivated land and unused land while the main source of transfer-out is
unused land and waters; (2) Unused land, as a type of land that has not yet been utilized
or is difficult to utilize, has the largest difference between the transfer-in area and the
transfer-out area, and its main transfer-in and transfer-out source are cultivated land, forest
land and grassland; (3) The transfer-in area and the transfer-out area of cultivated land
are 21,934 km2 and 22,917 km2, respectively, and the main transfer-in and transfer-out
sources are woodland and grassland, including a certain proportion of waters. This shows
that the scale replacement between unused land, woodland and grassland in the study
area has a great impact on the land use structure. The scale increase in the secondary
land types of unused land has mainly been caused by glaciers and permanent snow,
and the change of land types has first decreased and then increased in the past 20 years,
with the increase from 507,861.61 km2 to 975,967.01 km2 in 2020. Affected by the natural
environment and geographical location, the high altitude greatly hinders the entry of warm
and humid air currents in the southern Indian Ocean, and due to the low temperature, the
snow encroaching upon grasslands and woodlands is difficult to melt, making the unused
land grow.

Table 3. Land use transfer matrix of the study area for 2000–2020. (Unit: km2).

2000

2020
Grassland Cultivated

Land
Land Used

for Building Woodland Wetland Waters Unused
Land

grassland 3629.95 3.81 1.56 660.35 0.29 5.64 2306.43
Cultivated land 35.35 31.15 3.45 14.08 0.01 0.40 0.97

land used for building 0.19 0.75 1.68 0.10 0.00 0.02 0.03
woodland 824.58 25.13 2.21 14,944.67 0.55 33.83 1304.94
Wetland 0.77 0.03 0.02 0.61 2.27 0.72 1.79
waters 7.09 0.12 0.04 13.64 1.14 81.96 32.98

Unused land 174.48 0.13 0.12 83.56 2.41 9.18 7162.68

4.1.2. Characteristics of Land Use Change

A gradually decreasing distribution pattern of “southwest- northeast” of the land use
degree index during the study period can be seen from the spatial distribution map of
the land use degree index from 2000 to 2020 (Figure 3). The variable quantity of land use
degree from 2000 to 2010 was 3.35, and 3.24 from 2010 to 2020. Since the variable quantity
of land use degree in these two periods was greater than 0, the overall study area in these
two periods was in development.
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From the specific point of view of each township, the land use degree index showed a
decreasing trend of different degrees from 2000 to 2020, of which Zhuwagen Town (23.00)
decreased the most, followed by Cibagou Nature Reserve (19.79) and Guyu Township
(12.06). The decrease is because of the increase in the scale of unused land. A considerable
part of the unused land structure is glaciers and permanent snow, the scale of which has
increased during the study period, resulting in a continuous decline in the impact of human
activities on land use.

From the specific point of view of each land type, the utilization degree of forest land
from 2000 to 2020 is the highest while the utilization degree of construction land is the
lowest. The degree of utilization of unused land tended to increase year by year between
2000 and 2020 while the utilization of woodland and grassland showed a downward trend
from 2000 to 2020. The degree of utilization of unused land showed an upward trend
between 2000 and 2020, and the actual change was more obvious, which was since unused
land accounted for a relatively large proportion of the land use structure, with an increase
of up to 45.44% during the period. The conversion of land types was mainly based on
unused land and grassland, so the variation of land use changed greatly. The actual change
in the degree of land use of cultivated land, water areas and construction land between
2000 and 2020 is not obvious mainly due to the small base of the land scale itself.

4.2. Value Analysis of Ecosystem Services
4.2.1. Temporal Change Analysis of Ecosystem Services

Overall, ESV showed a decreasing trend between 2000 and 2020, from 964.596 billion
yuan in 2000 to 866.642 billion yuan in 2020, a decrease of 16.98%. During the study period,
the value of ecosystem services in woodland decreased the most, followed by grassland,
with the smallest reduction in cultivated land, of which the reduction in woodland ac-
counted for 70.55% of the total reduction. The value of ecosystem services in unused land
increased the most while the wetlands increased the least, of which the increase in unused
land accounted for 98.05% of the total increase. During the study period, the proportion
of forest land area decreased from 54.56% in 2000 to 50.04% in 2020, but the proportion of
ecosystem service value increased from 86.52% to 88.33%, with the net reduction in ESV
of 69.108 billion yuan. The proportion of grassland area decreased from 21.04% in 2000 to
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14.88% in 2020, and the proportion of ESV decreased from 11.06% to 8.70%, with the net
reduction in ESV of 31.238 billion yuan, which shows that the contribution of woodland
and grassland to ESV and the regulation of ecological environment are of great significance.
The proportion of unused land area increased the most, from 23.66% in 2000 to 34.42% in
2020, and the proportion of ESV also showed an increasing trend, with a net increase in
ESV of 3.237 billion yuan. The ratio of EVS from cultivated land to water areas is basically
stable, and the ESV of wetlands is relatively small. The ESV changes of different types of
land use are shown in Table 4.

Table 4. Changes in ESV of various types of land use in the study area from 2000 to 2020.

Land Use Type Cultivated Land Woodland Grassland Wetland Waters Unused Land

2000
Area (km2) 85.41 17,135.91 6608.03 6.21 136.97 7432.56

ESV (RMB 100 million) 13.16 8346.09 1066.44 8.68 140.35 71.24

2010
Area (km2) 45.24 16,818.29 6833.31 3.54 114.81 7589.31

ESV (RMB 100 million) 6.97 8191.40 1102.79 4.95 117.65 72.74

2020
Area (km2) 61.12 15,717.01 4672.41 6.67 131.75 10,809.82

ESV (RMB 100 million) 9.41 7655.02 754.06 9.32 135.00 103.61

2000–2010

ESV change value −6.19 −154.70 36.36 −3.73 −22.71 1.50
ESV change rate −47.03% −1.85% 3.41% −43.00% −16.18% 2.11%

Area change value −40.17 −317.62 225.28 −2.67 −22.16 156.75
Area change rate −47.03% −1.85% 3.41% −43.00% −16.18% 2.11%

2010–2020

ESV change value 2.45 −536.38 −348.74 4.38 17.36 30.87
ESV change rate 35.10% −6.55% −31.62% 88.42% 14.75% 42.43%

Area change value 15.88 −1101.28 −2160.90 3.13 16.94 3220.51
Area change rate 35.10% −6.55% −31.62% 88.42% 14.75% 42.43%

2000–2020

ESV change value −3.74 −691.08 −312.38 0.64 −5.35 32.37
ESV change rate −28.44% −8.28% −29.29% 7.41% −3.81% 45.44%

Area change value −24.29 −1418.90 −1935.62 0.46 −5.22 3377.26
Area change rate −28.44% −8.28% −29.29% 7.41% −3.81% 45.44%

4.2.2. Spatial Change Analysis of the Value of Ecosystem Services

With the help of ArcGIS spatial analysis technology and the square grid units of
30 m×30 m, the land use data of three periods of the study area were completed. On this
basis, the ESVI in each raster cell is measured and analyzed and the spatial interpolation is
carried out by kriging. Meanwhile, the natural breakpoint used, and the real situation of
the study area fully taken into consideration, the ESVI in each raster is divided into four
levels of lower, low, higher, and high according to (1000,2200), (2200), (3400), (3400,4600)
and (4600,5800). Then, the spatial pattern distribution map of ESVI in three periods of the
study area from 2000 to 2020 is obtained.

It can be seen from Figure 4 that the overall spatial distribution pattern of the study
area is “high in the west and low in the east”. Specifically, the ESVI in the Middle East
region is low while the ESPI in the east-west marginal area is higher. The ESVI in the
western parts of the study area, such as Shangcha Town (Buzong Village, Xiba Village,
Sports Village), Xiachayu Town (Shama Village, Buba Village, Rima Village) and Cibagou
Nature Reserve, are larger while Guyu Township (Boxue Village, Bayi Village, Gujing
Village), Gula Township (Shadui Village, Shamei Village, Oyu Village) and the high-altitude
area of Ridong (Gada Village, Quwa Village) in the eastern part of Zhuwagen Town have
smaller ESVI. ESVI is mainly based on two levels, the high and the low, whose average
area accounts for 35% and 30%. The proportion of ESVI low-level area shows an increasing
trend while the proportion of area high in ESVI and the ecological service value shows a
decreasing trend, and the rate of change of area with low level of ESVI increases first and
then decreases.
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4.2.3. Analysis of Dynamic Change Degree of Ecosystem Service Value

During the study period, the dynamic change degree of the unused land ESV is all
positive while that of the other land types is positive or negative. Only the cultivated land’s
absolute value of ESV dynamic change degree in Xiachayu town is higher than the absolute
value of the whole region, and that of the remaining townships is lower than the absolute
value of the whole region, among which Zhuwagen Town, Tsavalong Township, Gula
Township and Cibagou Nature Reserve have the smallest absolute value, indicating that
the cultivated land in the above areas has decreased the most during the study period. The
villages and towns where the absolute value of ESV dynamics of forest land is greater than
the absolute values of the whole region include Zhuwagen Town, Guyu Township, Gula
Township and Cibagou Nature Reserve, indicating that the forest lands in the above areas
increased significantly during the study period. Therefore, the ecological environment
quality has significantly improved. In terms of grassland, except for Shangchayu Town,
Zhuwagen Town and Cibagou Nature Reserve, the absolute value of ESV dynamic change
degree in the remaining townships is lower than the absolute value of the whole region,
indicating that the large reduction in grassland areas in these places has an impact on the
balance of the ecosystem to a certain extent. In regard to unused land, except for Xiachayu
Town, Zhuwagen Town and Cibagou Nature Reserve, the absolute value of ESV dynamic
change degree of unused land in the other townships is lower than the absolute value of
the whole region, which can indicate that the use efficiency of unused land is gradually
improving. The ESV dynamics of different land types are shown in Table 5.

Table 5. ESV dynamics of different land types in the study area from 2000 to 2020 (Unit: %).

(Township) Town Name Cultivated Land Woodland Grassland Wetland Waters Unused Land

Entire −1.42 −0.41 −1.46 0.37 −0.19 2.27
Upper Chayu Town −0.41 −0.34 −1.53 4.76 0.80 2.05

The town of Lower Chayu −1.86 −0.15 −0.85 −2.32 −1.07 2.35
The town of Bamboo Waggen 0.00 −0.79 −2.47 1.21 −3.39 3.88

Tsavarong Township 0.00 −0.38 −0.12 1.43 1.16 1.41
Ancient Jade Township 0.64 −1.29 −1.30 −5.00 1.37 1.14

Gula Township 0.00 −0.77 −0.64 0.00 −2.56 1.10
Cibagou Nature Reserve 0.00 −0.83 −3.03 0.00 −4.02 3.97

4.2.4. Sensitivity Analysis of Ecosystem Service Value

Through measuring and analyzing the ecological sensitivity index of land use change
in each township from 2000 to 2020, the range of overall ecosystem sensitivity index is
[1.4501,4.6137]. With reference to relevant data [29,30], the area of ecosystem sensitivity
index less than 1 is a non-sensitive area, and all towns and townships in the county cibagou
nature reserves are sensitive areas. According to the numerical size of the sensitivity, the
county can be divided into three types of areas: low sensitivity, moderate sensitivity, and
high sensitivity. Under this subdivision, from 2000 to 2020, the townships that belong to
the low sensitivity areas mainly include Shangchayu, Xiachayu, Zhuwagen, Gula Town-
ship and Nature Reserve, where the land use degree index is large while the increase
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in construction land is also large. However, thanks to the high EVS coefficient of forest
land and grassland, the impact on the total amount of ESV is small, indicating that the
ecological sensitivity of the above areas is in equilibrium. The moderately sensitive and
highly sensitive areas correspond to Tsavalong Township and Gula Township, respectively,
mainly located in the lower reaches of the Nu River and the Hengduan Mountains, with
an average altitude of more than 2500 m. The types of land use in the region are mainly
unused land and grassland, with strong environmental resilience, and the sensitivity index
is generally in a good state.

4.3. Spatial Agglomeration Analysis of Ecosystem Service Value
4.3.1. Kernel Density Analysis

The spatial distribution density of ESVI is calculated by using the kernel density
function, and the natural breakpoint method is employed to divide the density value into
four levels: low density area (0–89), sub-low-density region (89–127), sub-high density
(127–166) and high-density region (166–255). The spatial difference in the distribution of
ESVI density in the study area is significant (Figure 5), and the fluctuation of kernel density
in each year is small.
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Figure 5. Distribution of kernel density of ecosystem service value per unit area in the study area
from 2000 to 2020.

Specifically, in 2000, the ESVI high-density areas were mainly located in Shangchayu
Town (Buzong Village, Xiba Village, Sports Village), Lower Chayu Town (Tallinn Village,
Shama Village, Xincun), the middle of Cibagou Nature Reserve, the western part of Zhuwa-
gen Town (Baga Village, Xiongjiu Village), and the southern part of Tsavalong Township
(Songta Village, Quzhu Village). In 2010, the ESVI high-density areas and the sub-high-
density areas showed a contraction trend, with the most obvious contraction in the north
of Guyu Township (Boxue Village) and the southeast of Zhuwagen Town (Gada Village).
In 2020, the coverage of EVI high-density areas and sub-high-density areas were further
reduced, with the scope of ESVI high-density areas in the northeast of Shangchayu Town
(Buzong Village) reduced. The changes in 2010 were mainly reflected in the decrease in
the sub-high-density and sub-low-density areas of ESVI in the southwest and southeast of
the town of Zhuwagen. In summary, the spatial differentiation of ESVI kernel density in
the study area during the three study periods is obvious, and the kernel density presents a
spatial distribution pattern of “dense in the West and sparse in the East” as a whole.

4.3.2. Spatial Autocorrelation Analysis

Through analyzing the spatial autocorrelation analysis of the ESVI in each grid in the
study area, the global Moran’I value in the study area has always been greater than 0.71 in
the past 20 years and the p value in most areas has been greater than 0.001, indicating that
the ESVI in the townships and towns in the county as a whole has always shown significant
positive spatial autocorrelation, some regions displaying obvious spatial aggregation,
but the distribution in most regions is relatively random.

Moran’I scatter chart displays the spatial connection pattern between the regional
and the surrounding unit attribute. What can be seen from Figure 6 is that the scatter
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points are mainly distributed in the first quadrant (HH) and the third quadrant (LL) while
scatter points distribution in the second quadrant (LH) and the fourth quadrant (HL) is
relatively small. Combined with the global Moran’I index, the chart indicates that the
spatial distribution intensity of ESVI in different regions of the study area has a high spatial
positive correlation and the distribution law is relatively consistent. From 2000 to 2020,
the local Moran’I index increased first and then remained unchanged, combined with the
situation that the scatters distributed along the trend line increased first and then remained
unchanged, which reflected the trend of local spatial autocorrelation in the study area first
increased and then remained unchanged.
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Figure 6. Moran scatter chart of ecosystem service value per unit area in the study area from 2000
to 2020.

Spatial agglomeration and spatial differentiation of ESVI are roughly similar (Figure 7).
In 2000, the ESVI high-high agglomeration areas were mainly distributed on the southwest
side of Shangchayu Town (Xiba Village, Sports Village), the central area of Lower Chayu
Town (Kyoto Village, Tamar Village), a small part of Tsavalong Township (Songta Village,
Quzhu Village), several western parts of Zhuwagen Town (Baga Village) and the Cibagou
Nature Reserve, which were less affected by human interference and construction land
expansion in the spatial area. The low-low agglomeration of ESVI is mainly distributed in
Gula Township (Shamei Village, Shadui Village, Longri Village), Guyu Township (Boxue
Village, Bayi Village, Gujing Village) and the eastern part of Zhuwagen Town (Gada Village,
Jitai Village, Quwa Village), mainly because of the concentrated distribution of unused
land in this area and the relatively small distribution of woodland, resulting in low ESVI.
ESVI low-high agglomeration areas and high-low agglomeration areas are distributed in a
“sporadic” manner within each region. In 2010, Tsavalong Township (Deng Xu Village) and
Shangchayu Town (Baya Middle Village) were added to the ESVI high-high agglomeration
area. In 2020, the coverage of the high-high agglomeration area in Tsavalong Township
was further expanded.
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4.4. Optimization of the Pattern of Ecological Functions of Land Use

Land use ecological function zoning is used to divide the land in an area into different
ecological function zones according to the unity of environmental elements such as regional
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landforms, the similarity between land resources and land use, the current situation of land
ecological environment and the future development trend and the relative consistency of
governance measures [31]. Based on the administrative village scale and employing the
ESVI and K-value clustering method through SPSS software, this paper divides the study
area into three different types of land use ecological function types: habitat maintenance
function, biological conservation function and production support function. The result of
land use ecological function zoning is shown in Figure 8.
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4.4.1. Habitat Maintenance Functional Area

This type of area is generally located in the junction of the two towns of Upper and
Lower Chayu, the southwestern area of Tsavalong Township and the eastern edge of Gula
Township, involving 30 administrative villages. The land use type is mainly woodland
and grassland, with strong gas exchange, and regulation, soil formation and protection
ability. Therefore, ESVI in this type is at a high level in the county, which plays an important
role in improving the climate in the region, purifying the air and improving the quality of
the ecological environment. Based on this, this area is identified as habitat maintenance
functional area. The reasons are as follows. First, as an area with abundant types of
ecological land such as grassland, forest land and waters, measures such as vegetation
restoration and habitat restoration should be adopted in accordance with the territorial
spatial planning, the comprehensive land improvement and ecological restoration special
planning, etc. to strengthen the protection of existing forest land and steadily improve
the quality of primitive forest resources. Second, aiming to resolve the problems of weak
ecosystem function, disconnected ecological corridors, and fragile ecological barriers,
combined with the characteristics of the county ecosystem, the overall planning is referred
to forest and grassland resource protection, water and soil conservation, water source
conservation and other ecological protection work. The third is to coordinate various
ecological elements such as “landscapes, forests, fields, lakes, grass and sand”, build a solid
ecological security barrier, and form a natural ecological space network protection pattern,
making it a veritable “ecological barrier” in the alpine valley area of southeast Tibet.
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4.4.2. Biological Protection Functional Area

This type of regional space is distributed in the north-central part of the county in a
sheet pattern, involving the largest number of administrative units and the widest coverage,
involving 41 administrative villages. The land use types in this area are mainly woodland
and grassland. Due to this, raw materials, recreation and leisure capacity in this area is
weak, but the biodiversity capacity is strong. Therefore, ESVI in this area is at a relatively
high level in the county, especially affected by the radiation of the Cibagou National Nature
Reserve, which plays an important role in improving the level of biodiversity in the region
and even the entire county, so it is classified as a biological protection functional area.
The reasons are as follows. First, biodiversity plays an important role in maintaining and
improving regional climatic conditions, which needs to be emphasised. Mainly relying on
natural restoration and using artificial treatment as a supplement, focusing on the problems
of regional plant damage, biodiversity loss and habitat system destruction, and following
the principle of “overall protection, system restoration and comprehensive management”
strictly, remediation goals, key areas and major projects will be put forward to protect
the biodiversity. Second, to protect and restore biodiversity, more land use space will
be released by changing land use patterns and improving land use efficiency, forming a
reasonable and compact spatial layout with differentiated development.

4.4.3. Production Support Functional Area

This type of area is mainly scattered in the central river valley adjacent to the two
towns of Upper and Lower Chayu and the northeast of Tsavalong Township, besides, there
are a small number of areas in the eastern part of Gula Township, involving a total of
26 administrative villages. The land use type is mainly forest land, part of the cultivated
land and part of the construction land. With good water conservation capacity and strong
food production capacity, it is the main cultivation and production area of the plateau
animal husbandry and the plateau forest fruit industry. ESVI within this region is at a
relatively low level throughout the county, and therefore, it is classified as production
support functional areas. To protect this area, the measures are as follows. First, relying on
the unique natural environment and special geographical advantages, emphasis should be
laid on cultivating characteristic agriculture and high-efficiency agriculture. Meanwhile,
it is necessary to strengthen the prevention and control of non-point source pollution in
agriculture and animal husbandry, including the reduction in and control of chemical
fertilizers and pesticides, and the prevention and control of livestock and poultry breeding
pollution. Second, through multiple methods such as engineering measures, biological
measures and agricultural measures, soil pollution control should be strengthened, and
measures such as planting green manure and increasing organic fertilizer should be adopted
to improve the soil environmental capacity and risk resistance. Third, the strictest system
of cultivated land protection system should be implemented to ensure that the quality
and function are not reduced, the protection of permanent basic farmland should be
strengthened and the illegal occupation of cultivated land should be strictly prohibited,
which are in accordance with the basic criterion of “adapting to local conditions, benefiting
farmers, and ecological improvement” and focusing on the goal of “harmonious coexistence
between man and nature and sustainable development of human society” to strictly adhere
to the bottom line of grain production control.

5. Discussion and Conclusions
5.1. Discussion

Chayu County, as a typical high mountain and canyon area in Southeast Tibet, has
complex landform and geological structure, but with relatively single natural resource
elements, resulting in an extremely fragile ecological environment, especially in the dual
interference of natural environment and human factors, and the value of ecosystem services
is particularly noteworthy [32]. This study selects typical representative areas, further
explores the theory and application of ecosystem service value estimation, and theoretically
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deepens the scientific connotation and essential requirements, which has important strategic
significance for the construction of ecological barrier and ecological civilization in the whole
southeast of Tibet from the application of practical achievements.

The typical characteristic of land use in the study area is that the proportion of forest
land is the largest, followed by grassland and unused land while other land types of
account for a relatively small proportion. In the past 20 years, the fundamental structure
of land use has changed relatively little, which is consistent with other research results,
further showing that it is difficult for human activities to affect the transformation of land
use in this area. It is worth mentioning that the change of cultivated land and construction
land which can best represent human development and utilization can basically reflect
the degree of development and utilization of land resources and the impact of human
activities. It is concluded that the distribution of cultivated land resources in the study
area is gradually transferred from the marginal areas to the internal river valley, while
the construction land is more concentrated in the central areas of towns and townships,
which is also consistent with similar research results [33,34], and synchronized with the
population distribution in this region in recent years. It shows that in the areas dominated
by natural environment, some local areas are still greatly affected by human effects. At the
same time, from the analysis of the land use transfer matrix, the significant feature is that,
in the past 20 years, the unused land area has increased by 45.44% and the grassland area
has also decreased by nearly 30%, which is mainly affected by natural conditions and the
continuously reduced impact of human activities on land use. This is quite different from
many other research results, mainly due to the obvious particularity of the study area,
which is also the reason for which this case study is chosen.

ESV in this region has decreased by 16.98% in the past 20 years, mainly due to the
reduction in ecological service value of forest land and grassland, which leads to a large
decline in the region, indicating that the contribution of forest and grassland to regional
ESV and the regulation of ecological environment are obvious. More attention should
be paid to the protection of biological resources such as forest land and grassland, and
human activities should be concentrated as much as possible, and the impact of human
intervention should be reduced. The ESVI in the study area presents a distribution pattern
of “high in the west and low in the east”, specifically, the ESVI in the middle east is relatively
low while the ESVI in the eastern and western edge areas is relatively high, mainly in the
two levels of relatively high and low, and the area proportion of the relatively low level
shows an increasing trend, the key distribution areas of which are analyzed by grid unit
and expressed at the village level spatial scale. It will enhance the practical value of this
research result and make a breakthrough based on other research results [35,36]. Through
using ESDA spatial model to analyze the spatial agglomeration characteristics of regional
ESVI, it is concluded that the global Moran ‘I value is always greater than 0.71, and the
p value of most regions is greater than 0.001, indicating that the regional ESVI as a whole
always shows significant positive spatial autocorrelation, and the degree of local spatial
autocorrelation first increases and then remains unchanged. This further confirms the
scientific value and rationality of using the model algorithm [37]. From the perspective
of land use, spatial differentiation management and control, based on the administrative
village scale, the whole region is divided into three types of land use ecological function
areas. From the goal of how to maintain and improve the ecological service value of the
regional land use system, this paper puts forward differentiation management and control
measures from a multi-dimensional perspective, so as to improve the service capacity of
the entire regional ecosystem, and also provide an optimized path to assisting the land
space governance [38].

The alpine valley area of southeast Tibet, whose land use type mainly consists of
woodland, grassland and unused land, is regarded as the “top priority” of the ecological
civilization construction in the Tibet Autonomous Region. Its ecosystem balance directly
affects the water source in the lower reaches of the center, the world’s rare animals and
plants and the changes in the global climate. During the period from 2000 to 2020, on the
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one hand, affected by the “returning farmland to forests and grasslands” project and the
intensifying phenomenon of non-granitization and non-farming of cultivated land, the
area of cultivated land in the alpine valley area of southeast Tibet was greatly reduced.
On the other hand, due to population growth and climatic conditions, the area of unused
land increased significantly while the area of forest land and grassland decreased. The
disturbance of human activities continues to intensify, resulting in gradual changes in the
structure of land use types and a continuous decline in the value of ecosystem services.
In the past 20 years, the enhancement of land resource development in the alpine valley
areas of southeast Tibet has had a negative impact on the value of ecosystem services in
the future, while implementing farmland protection and ecological land protection, special
attention should be paid to improving land use efficiency, optimizing land use structure,
and gradually restoring and improving regional ecosystem service functions [39].

Ecosystem service value is not only affected by the adjustment of land use structure,
but also by many social and economic factors, such as climatic conditions, population
density, economic level and industrial layout and so on [40]. The calculation of ecosystem
service value in this study is based on the equivalent factor method of unit area value.
In order to reduce the disconnection between the equivalent table and the current situation
of the study area, coefficient correction is made in combination with the actual situation of
the region. Despite considering the natural conditions and socio-economic factors affecting
ESV, Chayu County, as a typical area of high mountains and valleys in Southeast Tibet, is
affected by many factors involving topography, natural disasters and special policies in
border areas, greatly different from other general areas. Therefore, it is necessary to further
explore a more accurate ESV estimation model algorithm for special areas, focusing on the
refinement and specialization of ecosystem classification [41]. With the update and release
of high-precision remote sensing data and the continuous enrichment of data collection of
positioning observation points, the follow-up will focus on the accounting of ecosystem
service value in typical regions, and further explore the basic theory and system method
of ecosystem service value accounting under different terrain types and socio-economic
models. If the relevant theories and methodologies are further developed, this study will
continue to explore in depth, constantly enrich and improve a series of research results,
in order to provide an important scientific basis and research foundation for the subsequent
study of land use evolution and ecosystem service value. In addition, when carrying out
relevant research in the future, special attention should be focused on the spatiotemporal
changes of regional ecosystem service value driven by natural factors, socio-economic
factors and policy environment, as well as the prediction and simulation research, so as to
improve the feasibility and practicality of the current research results.

5.2. Conclusions

The core research task of this study is to explore the characteristics of land use change
and the temporal and spatial evolution law of ecosystem service value, to build the zoning
pattern of land use ecological functions and put forward differentiated management and
control measures. This study, taking Chayu County, a typical alpine valley region in
Southeast Tibet, as a typical research object and based on the three periods of remote sensing
interpretation data in 2000, 2010 and 2020, employs the three-level spatial scale from the
village level, the township level to the county level to converge step by step, to further
explore the characteristics of land use evolution, ESV change and space-time response.

From the perspective of the characteristics of land use type change, the area of unused
land has increased by 45.44%, with a continuous increase of 3377.26 km2 in the past 20 years
while the grassland area has continued to decrease by 1935.62 km2 in 20 years, a decrease of
29.29 percentage points. The forest land and grassland have the largest area of transfer-in
and transfer-out, 2191.24 km2 and 2978.08 km2, respectively, in which the main source
of transfer-in is cultivated land and unused land while the main source of transfer-out is
unused land and waters. Unused land, as a type of land that has not yet been utilized
or is difficult to utilize, has the largest difference between the transfer-in area and the
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transfer-out area, and its main transfer-in and transfer-out source are cultivated land,
forest land and grassland. The transfer-in area and the transfer-out area of cultivated land
are 21,934 km2 and 22,917 km2, respectively, and the main transfer-in and transfer-out
sources are woodland and grassland, including a certain proportion of waters. The scale
increase in the secondary land types of unused land has mainly been caused by glaciers
and permanent snow, and the change of land types has first decreased and then increased
in the past 20 years, with the increase from 507,861.61 km2 to 975,967.01 km2 in 2020.

From 2000 to 2020, the land use index of the study area generally presents a spatial
pattern of “high in the southwest and low in the northeast”. The towns with high index
are mainly upper Chayu town and lower Chayu Town, and the towns with low index are
mainly Guyu Township and Gula township. During the study period, the land use index
of each township showed a decreasing trend to varying degrees. The township with the
largest decrease was Zhuwagen Town (23.00), with a decrease of 13.50%. Overall, ESVs
showed a decreasing trend between 2000 and 2020, from 964.596 billion yuan in 2000 to
866.642 billion yuan in 2020, a decrease of 16.98%. During the study period, the value of
ecosystem services in woodland decreased the most, accounting for 70.55% of the total
reduction, followed by grassland, with the smallest reduction in cultivated land. The value
of ecosystem services in unused land increased the most while the wetlands the least, of
which the increase in unused land accounted for 98.05% of the total increase. From the
perspective of the whole region, ESVI in the study area, with obvious spatial differentiation
characteristics of kernel density, significant clustering and distribution characteristics and
stable variation range, displays an overall spatial pattern with characteristics of “dense
in the west and sparse in the east, high in the north and low in the south”. Over the
past 20 years, the global Moran’I value in the study area has always been greater than
0.71 and the p value in most areas has been greater than 0.001, indicating that the ESVI
in the townships and towns in the county has always shown significantly positive spatial
autocorrelation, some regions displaying obvious spatial aggregation, but the distribution
in most regions is relatively random.

From the perspective of the whole region, the spatial differentiation characteristics
of kernel density in ESVI in the study area are obvious, the agglomeration distribution
characteristics are significant with stable variation, displaying an overall spatial pattern
with characteristics of “dense in the west and sparse in the east, high in the north and
low in the south”. From the perspective of the agglomeration characteristics of ESVI, the
southwest of the study area is dominated by most high ESVI agglomeration characteristics
while the central part is dominated by a few high ESVI agglomeration characteristics.
The agglomeration characteristics of some areas in the southeastern region are highly
concentrated but lacking in contiguity, while the central region maintains the characteristics
of low density. In the past 20 years, the ESVI of the townships in the study area has generally
shown a differentiation pattern of “high in the west and low in the east” with little change.
The high-value areas of ESVI mainly appear in parts of Upper Chayu Town, Lower Chayu
Town and Tsavalong Township, which account for a relatively large area of woodland and
grassland, and the ESVI low-value areas are mainly distributed in Guyu Township and
Gula Township with higher terrain, unused land, woodland and grassland. Specifically,
there is a significant positive correlation between ESVI in each township, with high spatial
agglomeration, primarily with the high-high aggregation mode and insignificant mode.
The high ESVI agglomeration is mainly distributed in a small part of the southwest and
southeast of the study area in a sheet pattern, while the insignificant ESVI agglomeration is
distributed in the central and eastern marginal areas in a sheet pattern.

Author Contributions: Conceptualization, P.L. and S.F.; Data curation, Q.H., J.C. and M.Z.; Formal
analysis, S.F. and P.L.; Investigation, P.L., N.W. and S.Y.; Methodology, S.F. and P.L.; Project adminis-
tration, M.Z., N.W. and S.Y.; Resources, S.Y. and S.P.; Software, P.L., Q.H. and J.C.; Validation, S.P.;
Writing—original draft, P.L.; Writing—review & editing, S.F. All authors have read and agreed to the
published version of the manuscript.

75



Sustainability 2022, 14, 10057

Funding: This research is supported by the natural science foundation of Anhui Province, grant
number 1908085QG310. Key project of Humanities and Social Sciences Research of Anhui University,
grant number SK2021a0155. General project of National Natural Science Foundation of China, grant
number 71873003, prosperity and development philosophy and social science fund project of Anhui
Agricultural University, grant number 2018zs12zd. Anhui Agricultural University introduces stable
talents project, grant number yj2018-60. Anhui College Students’ innovation and entrepreneurship
training project, grant number S202010364063. National innovation and entrepreneurship training
program for college students, grant number 202110364031. Chayu county land and space master
plan, grant number 2021–2035 support.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Informed consent was obtained from all subjects involved in the study.

Data Availability Statement: All data generated or analyzed during this study are included in this
published article.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Skole, D.L.B., II; Sanderson, S.; Fischer, G.; Leemans, R. Land use and land cover change. Earth Sci. Front. 1997, 4, 26–33.
2. Costanza, R.; D’Arge, R.; Groot, R.D.; Farber, S.; Grasso, M.; Hannon, B.; Limburg, K.; Naeem, S.; O’Neill, R.V.; Paruelo, J.; et al.

The value of the world’s ecosystem services and natural capital. Nature 1997, 387, 253–260. [CrossRef]
3. Daily, G.C.; Soederqvist, T.; Aniyar, S.; Arrow, K.; Dasgupta, P.; Ehrlich, P.R.; Folke, C.; Jansson, A.; Jansson, B.O.; Kautsky, N.; et al.

The value of nature and the nature of value. Science 2000, 289, 395–396. [CrossRef] [PubMed]
4. Etienne, C.; Jessica, P.; Yoann, L.G.; Mathieu, F. Spatial patterns of vineyard abandonment and related land use transitions in

Beaujolais (France): A multiscale approach. Sustainability 2020, 12, 4695.
5. Schneider, A.; Kucharik, L.C.J.; Christopher, J.K. Impacts of urbanization on ecosystem goods and services in the U.S. Corn Belt.

Ecosystems 2012, 15, 519–541. [CrossRef]
6. Huang, M.Y.; Yue, W.Z.; Fang, B.; Feng, S.R. Scale response characteristics and geographic exploration mechanism of spatial

differentiation of ecosystem service values in Dabie mountain area. central China from 1970 to 2015. Acta Geogr. Sin. 2019, 74,
1904–1920.

7. Daily, G.C. Natures Service: Social Dependence on Nature Ecosystems; Island Press: Washington, DC, USA, 1997.
8. Robert, C.; Ralph, D.; Rudolf, G. The value of the world’s ecosystem services and natural capital. Nat. Int. Wkly. J. Sci. 1997, 387,

253–260.
9. Liu, F.L.; Yang, R.Y. Evolution of land use patterns in national central cities and its impact on ecosystem service values: A case

study of Wuhan city. Res. Soil Water Conserv. 2021, 28, 177–183+193+2.
10. Xie, G.D.; Zhang, C.X.; Zhang, L.M.; Chen, W.H.; Li, S.M. Improvement of the evaluation method for ecosystem service value

based on per unit area. J. Nat. Resour. 2015, 30, 1243–1254.
11. Xie, G.D.; Zhen, L.; Lu, C.X.; Xiao, Y.; Chen, C. Expert knowledge-based valuation method of ecosystem services in China. J. Nat.

Resour. 2008, 23, 911–919.
12. Xie, G.D.; Zhang, C.X.; Zhang, C.S.; Xiao, Y.; Lu, C.X. The value of ecosystem services in China. Resour. Sci. 2015, 37, 1740–1746.
13. Sun, H.L.; Chen, Y.N.; Li, W.H.; Li, F.; Mubarek, A. Study on types and ecological services values of the grassland in the ili river

Basin. Xinjiang. China. J. Desert Res. 2011, 31, 1273–1277.
14. Luo, N.N.; Mao, D.H.; Wen, B.L.; Liu, X.T. Climate change affected vegetation dynamics in the Northern Xinjiang of China:

Evaluation by SPEI and NDVI. Land 2020, 9, 90. [CrossRef]
15. Xia, J.Y.; Cao, M.; Xiao, W.; Li, Y.P.; Fu, G.; Wang, W.; Li, J.S. Integrating spatial valuation of ecosystem services into protected area

management: A case study of the Cangshan Nature Reserve Dali, China. Sustainability 2020, 12, 9395. [CrossRef]
16. Liu, M.Z.; Jia, Y.G.; Zhao, J.J.; Shen, Y.J.; Pei, H.W.; Zhang, H.J.; Li, Y.L. Revegetation projects significantly improved ecosystem

service values in the agropastoral ecotone of northern China in recent 20 years. Sci. Total Environ. 2021, 788, 147756. [CrossRef]
17. Tong, S.Q.; Bao, G.; Rong, A.H.; Huang, X.J.; Bao, Y.B.; Bao, Y.H. Comparison of the spatiotemporal dynamics of land use changes

in four municipalities of China based on intensity analysis. Sustainability 2020, 12, 3687. [CrossRef]
18. Chen, J.Y.; Luo, H.X.; Hu, L.L.; Li, Q.H.; Jiang, W.J. Correlation between social economic development and ecosystem service

value: A case of Chongqing metropolitan area. Res. Soil Water Conserv. 2017, 24, 330–336.
19. Yu, L.L.; Zhang, X.X.; Li, Y.F.; Zhao, X.X.; Ma, S.Q.; Cao, H.H.; Cao, J.K. Coastal ecosystem services and their spatial-temporal

variation in Haikou. China. Acta Ecol. Sin. 2016, 36, 2431–2441.
20. Fu, J.; Liu, Y.; Lü, Y. Assessing the soil erosion control service of ecosystems change in the Loess Plateau of China. Ecol. Complex.

2011, 8, 284–293. [CrossRef]
21. Geng, Q.L.; Ren, Q.F.; Yan, H.M. Target areas for harmonizing the Grain for Green Programmed in China’s Loess Plateau. Land

Degrad. Dev. 2019, 31, 325–333. [CrossRef]

76



Sustainability 2022, 14, 10057

22. Costanza, R.; De Groot, R.; Sutton, P.; van der Ploeg, S.; Anderson Sharolyn, J.; Kubiszewski, I.; Farber, S.; Turner, R. Changes in
the global value of ecosystem services. Glob. Environ. Chang. 2014, 26, 152–158. [CrossRef]

23. Wang, Z.Y.; Cao, J.S. Assessing and predicting the impact of multi-scenario land use changes on the ecosystem service value:
A case study in the upstream of Xiong’ an New Area, China. Sustainability 2021, 13, 704. [CrossRef]

24. BAI, E.; Bing, X. A review of influences of land use and land cover change on ecosystems. Chin. J. Plant Ecol. 2020, 44, 543–552.
[CrossRef]

25. Li, H.; Zhang, X.Y.; Guo, H.L. Spatial and temporal changes of ecosystem service value in the three gorges reservoir area in the
past 30 yeas based on land use. Res. Soil Water Conserv. 2021, 28, 309–318.

26. Liu, J.Y.; Zhuang, D.F.; Zhang, Z.X.; Gao, Z.Q.; Deng, X.Z. The establishment of land use spatial temporal database and its relative
studies in China. J. Geo-Inf. Sci. 2002, 4, 3–7+4.

27. Daniela, S.; Michelangelo, C.; Annalisa, A.; Donato, M.; Sašo, D. Dealing with spatial autocorrelation when learning predictive
clustering trees. Ecol. Inform. 2013, 13, 22–39.

28. Myong, G.C.; Junko, N. Geographic spatial autocorrelation of morphological characters of the Hemerocallis middendorffii
complex (Liliaceae). Ann. Bot. Fenn. 1998, 35, 183–189.

29. Ma, Y.J.; Huang, X.J.; Xu, M.M.; Zhong, T.Y.; Du, W.X. Sensitivity analysis of ecosystem service value to coastal tideland
development in Jiangsu Province. China Land Sci. 2006, 4, 28–34.

30. Hu, Y.; Qiao, W.F.; He, T.Q. Changes of the land use pattern and ecosystem service value in Yangtze—hwai ecological economic
zone. Resour. Environ. Yangtze Basin 2020, 29, 2450–2461.

31. Sun, B.C.; Ding, Z.L.; Wang, D.Q.; Wang, H.Y. Ecological functional zone of land use of Shuangyashan based on ARCGIS method.
J. Northeast. Agric. Univ. 2011, 42, 109–113.

32. Sun, H.L.; Zheng, D.; Yao, T.D. Protection and construction of the national ecological security shelter zone on Tibetan Plateau.
Acta Geogr. Sin. 2012, 67, 3–12.

33. Alipbeki, O.; Alipbekova, C.; Sterenharz, A.; Toleubekova, Z.; Aliyev, M.; Mineyev, N.; Amangaliyev, K. A spatiotemporal
assessment of land use and land cover changes in Peri-Urban areas: A case study of arshaly district, Kazakhstan. Sustainability
2020, 12, 1556. [CrossRef]

34. Xia, S.F.; Chen, M.Q.; Liu, X.; Cai, H.S. Land resources ecosystem service value accounting of Ganzhou city based on geographic
national condition information. Trans. Chin. Soc. Agric. Mach. 2019, 50, 184–193.

35. Gao, H.J.; Han, H.Q.; Luo, X.Q.; Yu, H.Y.; Han, M.R. Spatial correlation of socioeconomic factors and ecosystem service values n
Guizhou province. Res. Soil Water Conserv. 2016, 23, 262–266.

36. Li, J.C.; Wang, W.L.; Hu, G.Y.; Wei, Z.H. Impacts of land use and cover changes on ecosystem service value in Zoige Plateau. Acta
Ecologica Sinica 2011, 31, 3451–3459.

37. Li, S.; He, F.; Zhang, X.; Zhou, T. Evaluation of global historical land use scenarios based on regional datasets on the Qinghai–Tibet
Area. Sci. Total Environ. 2019, 657, 1615–1628. [CrossRef]

38. Wang, L.Y.; Ke, X.L.; Hatab, A.A. Trade-Offs between Economic Benefits and Ecosystem Services Value under Three Cropland
Protection Scenarios for Wuhan City in China. Land 2020, 9, 117. [CrossRef]

39. Li, T.H.; Li, W.K.; Qian, Z.H. Variations in ecosystem service value in response to land use changes in Shenzhen. Ecol. Econ. 2008,
69, 1427–1435.

40. Wei, X.D.; Wang, N.; Luo, P.P.; Yang, J.; Zhang, J.; Lin, K.L. Spatiotemporal assessment of land marketization and its driving forces
for sustainable urban–rural development in Shaanxi Province in China. Sustainability 2021, 13, 7755. [CrossRef]

41. Zulpiya, M.M.T.; Hamit, Y.M.T.; Anwar, E.Z.I.Z.; Ajigul, A.B.L.M.T. Response of ecosystem services value to land use/cover
change in the Yanqi Basin of Xinjiang, China. J. Desert Res. 2014, 34, 275–283.

77





Citation: Zhou, M.; Zhang, H.;

Zhang, Z.; Sun, H. Digital Financial

Inclusion, Cultivated Land Transfer

and Cultivated Land Green

Utilization Efficiency: An Empirical

Study from China. Sustainability 2023,

15, 1569. https://doi.org/10.3390/

su15021569

Academic Editor: Eran Feitelson

Received: 23 November 2022

Revised: 1 January 2023

Accepted: 9 January 2023

Published: 13 January 2023

Copyright: © 2023 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

sustainability

Article

Digital Financial Inclusion, Cultivated Land Transfer and
Cultivated Land Green Utilization Efficiency: An Empirical
Study from China
Min Zhou 1, Hua Zhang 2,*, Zixuan Zhang 2 and Hanxiaoxue Sun 1

1 Faculty of Economics, School of Public Management, Liaoning University, Shenyang 100136, China
2 Faculty of Economics, Sunwah International Business School, Liaoning University, Shenyang 100136, China
* Correspondence: huazhang@lnu.edu.cn; Tel.: +86-187-4155-2777

Abstract: Digital financial inclusion (DFI), characterized by digitalization and inclusiveness, has
generally been recognized as a significant promoter of efficiency, effectiveness, and sustainability
of agricultural production. Simultaneously, cultivated land green utilization efficiency (CLGUE),
which is the significant guarantees of food security, social stability and environmental protection, has
attracted increasing attention in the recent decades. In practice, DFI seems to be a vital antecedent
of the improvement of CLGUE. However, in the academic field, research on whether and how DFI
can affect CLGUE is scarce. In this case, based on triple bottom line theory, this paper theoretically
and empirically investigates whether and how DFI can reinforce CLGUE through the mediator of
cultivated land transfer (CLT). Using Chinese provincial panel data from 2011 to 2020 and structural
equation modelling (SEM) analysis in STATA 16.0, this paper identified the following: (1) DFI can
directly facilitate CLGUE; (2) DFI can indirectly improve CLGUE through CLT. (3) DFI has regional
heterogeneity in the improvement of CLGUE. Compared to the central and western areas, the positive
relationship between DFI and CLGUE in the eastern areas is more obvious; (4) compared with main
grain producing and main grain producing and marketing balance areas, the positive relationship
in the main grain marketing areas is more obvious. Our research is one of the first to explore the
mediating mechanism between DFI and CLGUE from the perspective of CLT.

Keywords: cultivated land green utilization efficiency; digital financial inclusion; cultivated land transfer

1. Introduction

Cultivated land occupies 10.20% of the global land surface area, and cultivated land is
the main source of grain manufacture and plays a significant role in ensuring ecological
security and sustainable development [1,2]. With the rapid growth of the human population,
the process of urbanization and industrialization, the shortage of cultivated land and food
is steady deterioration in some regions in the world [3–6]. Since the reform and opening-up
in 1978, China has undergone rapid urbanization [7]. As the National Bureau of Statistics
of China (2021) reported, China’s urbanization rate increased from 17.92% in 1978 to
63.89% in 2020. In comparison, from only 2013 to 2015, there was an annual decrease of
354,700 hm2 of cultivated land due to the construction occupation [8]. Furthermore, one
other issue of concern for China is ecological environment issues, resulting in predatory
exploitation and irrational utilization of cultivated land. As the National Soil Pollution
survey bulletin (2014) reported, the over-standard rate of soil points in China’s cultivated
land is 19.4%, and sewage irrigation and irrational use of fertilizers, pesticides, etc., are the
leading reasons for soil pollution of cultivated land [9]. In the context of ecology civilization
construction, China’s cultivated land utilization is facing the pressures of transformation
from the “extensional” development mode of high-intensity to “connotative” development
path of high quality, high efficiency and low pollution.
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As a scientific development concept and development method, green development
was raised in the Fifth Plenary Session of the 18th CPC Central Committee. Green develop-
ment’s goal is sustainable development, and the basic condition is resource environmental
bearing capacity [10]. China’s national conditions are large population and less land [11],
the per household average cultivated area is merely 0.38 ha, which is lower than the world’s
average [12]. China’s challenge is to feed 20% global population with less than 10% world’s
cultivated land [13]. Considering both the traditional output of economy and grain, and
the positive and negative externalities brought by cultivated land utilization, the transition
of cultivated land use to green and efficient is necessary in China [14]. Consequently, the
comprehensive analysis on CLGUE and exploring its influence mechanism have some
valuable significance in theory and practice for improving the level of ecological civilization
construction, and providing more ecological welfare for the people [15,16].

In the present literature, the scientific intension, evaluation index and methods, and the
affecting factors of CLGUE have raised attention. Regarding to the concept of CLGUE, there
is still no consensus in academia. Scholars have explained it from different perspectives. Lu
et al. [14] hold that the goal of cultivated land green utilization was to obtain the maximized
economic and social output with the minimized environmental pollution. According to
Xie et al. [17], the least costly cost of using cultivated land is combined with the largest
economic and ecological impacts by CLGUE. How do we evaluate CLGUE? The existing
studies usually measure CLGUE comprehensively; furthermore, the evaluation indexes
were selected from “input”, “desirable output”, and “undesirable outputs” [11,18,19], the
methods adopted mostly involve the super-efficient SBM model [11,18,19], non-radial
directional distance function (NDDF) approach [17], super-efficiency EBM model [20],
etc. Empirical studies have indicated that CLT, cultivated land management scale [11],
urbanization rate, GDP per capita, per capita fixed-asset investment in rural areas, the
industrial structure [18], agricultural insurance, agricultural subsidies, cultivated land
fragmentation [20], farmers’ dependence on cultivated land and agricultural added value,
farmers’ occupational differentiation, agricultural machinery density, and agricultural
disaster rate [21] are contributing factors.

Capital is a significance factor of production for farmers’ cultivated utilization [22].
The financing problems faced by farmers are crucial during land lease [23]. In order to
alleviate the financing constraints of cultivated land operators, a series of promoting DFI
policies have been enacted in China. According to the “China Inclusive Financial Indicators
Analysis Report of the PBC (2018)”, the number of mobile banking households in rural areas
reached 670 million in 2018. In addition, digitally inclusive financial products and services
in rural areas have been continuously enriched, such as “Huinong E Pay”, “Nongfa loan”,
“Yinong loan”, “Wing Long loan”, etc. The development of DFI would expand the coverage
of traditional finance, promote the financial accessibility of remote areas and vulnerable
groups effectively, make financial services more geographically penetrating, and alleviate
the difficulty and high cost of financing for farmers effectively [24].

The performance of DFI on cultivated land utilization attacked attention of the scholars.
The burgeoning trend of DFI in China renders a novel thinking for the upward trajectory
of agricultural mechanization to leap out of the foregoing vicious hoop [25]. Digital
finance is a significance path to promote agricultural mechanization [26]. Empirical study
indicated that that DFI significantly increased farmers’ willingness to adopt agricultural
technology [27]. Cheng et al. [24] tested the effects of DFI on carbon emissions from
cultivated land utilization empirically. The result showed that DFI reduced the intensity of
carbon emission [24]. In addition, the study of Zhang [28] showed that DFI could improve
the availability of financial credit for rural households, improve the speed and duration of
CLT, and accelerate the process of cultivated land utilization to large-scale and intensive.

The change of farmers’ willingness in CLT brought by DFI changes resource configura-
tion [28]; however, few studies have paid attention on how this change influences CLGUE.
Additionally, CLT can probably solve the land fragmentation problems in China, while
this legal arrangement made to prevent land fragmentation has evolved to restrict the
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use and yield of agricultural lands in some developed countries, for instance, Turkey [29].
Accordingly, whether CLT can further promote CLGUE is uncertain and controversial.
Previous studies provide some valuable ideas for the present study, but the mechanism of
the influence of DFI on CLGUE has not been revealed. In addition, there are few studies
concerning the effects of DFI on CLGUE and heterogeneity. Under the context of rapid
development of DFI and large-scale CLT in China, it is of great significance to reveal the
influence of DFI on CLGUE and its mechanism. We tried to explore the effects of the devel-
opment of DFI on CLGUE using the Peking University Digital Financial Inclusion Index
and provincial panel data from 2011 to 2020. Furthermore, we intended to demonstrate
that the DFI’s development could significantly increase CLGUE and that a high level of
CLT could significantly improve the positive influence of DFI on CLGUE. The present
study elucidates the relationship between DFI and CLGUE and provides new policy refer-
ences. The structure of this paper is as follows: in the second section, the theoretical basis
and proposed hypotheses are introduced. In the third section, methodology is discussed.
Then, we report our results and analysis in the fourth section. Finally, we demonstrate our
conclusions, contributions, and directions for future research.

2. Theoretical Background and Hypotheses Development
2.1. Triple Bottom Line Theory

This paper regards triple bottom line (TBL) as a convincing framework for integrating
distinguishing CLGUE dimensions and identifying the relationships with its antecedents
DFI and CLT. The TBL theory can be traced back to accounting and corporate responsibility
to orientate firms towards social and environmental protection issues in their operations.
The theory consists of three associated components, that is, “profit, planet, people” [30].
The specific contents involved in the theory are presented in Figure 1. The theory points out
that the influence operations have on society and the ecological impacts on the environment
deserve serious consideration when organizations self-evaluate. With the expansion of
the theory, the “sustainability” idea has gradually been introduced in agricultural produc-
tion [31]. A sustainable agricultural production creates acceptable outputs for its operators
but minimizes the environmental damage and adverse impacts on other people [32].
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Accordingly, TBL theory is a significant paradigm for studying the relationship among
DFI, CLT, and CLGUE. Specifically, on the one hand, TBL theory is valuable for scholars to
measure the expected output parts of CLGUE. Operators should focus on balance of eco-
nomic, environmental, and societal interests when managing cultivated land. On the other
hand, economic, social, and environmental benefits are closely linked [33]. The operators
of cultivated land paying attention to social and environmental benefits is conducive to the
promotion of economic outputs of cultivated land. The assumption underlying the TBL
theory is that a sustainable operation is more likely to stay successful in the long-term than
one that focuses on economic goals alone [29]. Simultaneously, economic development can
promote the achievement of social and environmental benefits. With the development of
DFI, which is the typical product of economic development, operators of cultivated land
are more likely to protect the environment and create value for society.

2.2. Hypotheses Development
2.2.1. Digital Financial Inclusion and Cultivated Land Green Utilization Efficiency

On a basis of triple bottom line theory, the rapidly expanding field of DFI, which is the
promoter and also the production of economic development, is conductive to the promotion
of environmental protection of and value creation for society. To be more specific, in the
agricultural production, DFI can efficiently facilitate CLGUE in the following aspects. First,
DFI can efficiently control the emission of pollutants (e.g., carbon contamination, pesticide
pollution etc.) and the consumption of energy through high-quality financing services,
which consequently promote CLGUE. The prior literature has proposed that impediments
to technological development caused by high financing costs probably lead to increased
energy expenditure and carbon emissions [34,35]. DFI with the lower financing constrains
and financing costs can efficiently control the energy expenditure and carbon emissions and
subsequently improve CLGUE. Compared with traditional finance, DFI is characterized
by digitalization and inclusiveness [36]. In terms of digitalization, scientific analysis of
various data generated and processed by digital technology is conducive to achieving
green detection [37,38]. For instance, digital technology can be effectively implemented
in the field of calculating pesticide and fertilizer application; thus, farmers can accurately
calculate the input number of pesticides and fertilizers, so as to avoid pollution caused by
excessive input. Consequently, carbon and pollutant emissions can be efficiently controlled
and CLGUE will be further improved. [39]. In terms of inclusiveness, convenience of
financial service is improved in rural areas, subsequently decreasing the risk and increasing
farmers’ the quality of investment and credit [40]. Additionally, the rise of green finance
from environmental conservation dramatically enhances the green characteristics of finance,
which efficiently promotes an increase in energy utilization efficiency and a reduction in
carbon emissions [41–43].

Second, DFI can improve the outputs of cultivated land, and subsequently facilitate
CLGUE. The extant literature has confirmed that financing constraints have always been
obstructive factors that restrict agricultural investments and outputs [44,45]. Thanks to
the development of digital technology, DFI provides more efficient financing channels
for agricultural production through improving the permeability and enlarging the special
scale of financial services [27]. According to the empirical results presented in Zhou et al.
(2022) [25], DFI will accelerate farmers’ willingness to adopt agricultural technology in
China. The more money farmers have at their disposal, the more they are willing to use
agricultural technologies to achieve large-scale industrialization [46]; therefore, the overall
yield of farmland and green efficiency would increase dramatically [47].

Third, efficient control of inputs is another benefit arising from DFI, which further
promotes CLGUE. Changes in factor endowments encourage farmers to choose cheap
production factors to replace expensive ones [48]. With the development of DFI, a large
number of young workers to nonagricultural sectors and subsequently the supply of rural
labor may be insufficient [49]. In this case, farmers adjust the input structure of production
factors, using cheap and relatively rich elements, for instance, agricultural machinery to
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replace labor. Consequently, the cultivated land’s green efficiency is efficiently improved
though the decrease of inputs.

According to the above analysis, the following hypothesis is proposed:

Hypothesis 1. Digital financial inclusion is positively correlated with cultivated land green
utilization efficiency.

2.2.2. Digital Financial Inclusion and Cultivated Land Transfer

DFI is a significant antecedent of CLT. First, DFI, as a carrier of information dissemi-
nation, can facilitate CLT by reducing transaction costs and information asymmetry [50].
Thanks to the development of digital technologies such as big data technology and cloud
computing technology, the speed and efficiency of information dissemination can be im-
proved [25]. Efficient information dissemination and convenient communication can
promote cultivated land transfer. Specifically, the essence of CLT is a process of reach-
ing a contract on the cultivated land utilization assets between land transferors and land
transferees [51]. There is empirical evidence indicating that low efficiency of information
dissemination in rural areas dramatically reduces farmers’ cognition of land transfer, in-
creases the transaction costs of land transfer, and consequently restricts the improvement
of the CLT system [52]. The development of DFI enables more efficient and accurate access
to farmers’ property information, land information, and credit records, which relieves the
information imbalance between the supply and demand entities of cultivated land [53].
Hence, it reduces the economic costs of land transactions and subsequently facilitates the
marketization of CLT.

Second, the development of DFI has brought more nonagricultural entrepreneurial
and employment opportunities [54], which further promotes CLT. Specifically, DFI makes it
possible to obtain online credit or loans without collateral assets and simultaneously offer
financial services with a reasonable interest rate [55]; consequently, it efficiently promotes
farmers’ entrepreneurial activities. In addition, the expansion of DFI can dramatically
accelerate economic growth, especially promoting the development of small and medium
firms; thus, small and medium firms can provide more employment opportunities [56,57].
With a large number of farmers employed in nonagricultural sectors, the transfer and
contract activities of cultivated land are promoted.

Third, DFI can facilitate CLT through enhancing agricultural mechanization. Tradi-
tional finance has great difficulties in supporting the development of agricultural mecha-
nization [58]. When borrowing funds from traditional financial institutions, farmers face
a series of challenges such as remote residence, complex terrain, backward transportation,
and a lack of collateral and guarantees. DFI greatly expands the scope of financial services,
effectively relieves the financial constraints of farmers and accurately identifies the needs of
farmers, consequently promoting the application of mechanization in cultivated land [27].
Actively using agricultural machinery to replace labor is conductive to promoting CLT.

Accordingly, we propose the following hypothesis:

Hypothesis 2. Digital financial inclusion is positively correlated with cultivated land transfer.

2.2.3. Cultivated Land Transfer and Cultivated Land Green Utilization Efficiency

CLT is related to transferring cultivated land management rights from some individ-
ual farmers to professional farmers or economic organizations. It means the transfer of
managing rights of cultivated land from low-productivity operators to high-productivity
operators, which mitigates cultivated land resource misallocation and effectively promotes
the development of CLGUE [59]. First of all, operation entities with higher productivity
usually have more technological and cultural advantages. Professional operators improve
the efficiency of fertilizer and pesticide utilization, thereby reducing the emissions of carbon
and other sources of pollution [60]. Simultaneously, the formal signing of CLT contract is

83



Sustainability 2023, 15, 1569

conducive to stabilizing long-term cultivated land management rights, thus helping CLT
households to alleviate the concerns of the instability of the cultivated land management
right and increase the belief in protecting the cultivated land [61], which contributes to the
rational use of chemical fertilizers by CLT households. Therefore, on the whole, farmland
transfer can promote CLGUE through transferring management rights to more professional
operators.

In addition, CLT policies have a certain impact on grain planting structure. The
fertilizer and pesticide usage of food crops is significantly lower than that of other cash
crops. Hence, CLT can facilitate CLGUE through adjusting grain planting structure. On the
one hand, guaranteeing grain security is an important goal of CLT [62]. It is required to
ensure the agricultural use of cultivated land and give priority to grain production, which
contributes to increasing the proportion of grain crops, realize the adjustment of planting
structure and reduce land pollution [63]. On the other hand, there are significant differences
between food crops and nonfood crops in terms of production characteristics, planting
management difficulty, and labor demand. Compared with non-food crops, agricultural
scale promoted by CLT is more suitable for the production of food crops, which adjusts the
planting structure and promotes the sustainable use of cultivated land [64].

In addition, cultivated land transfer can greatly improve cultivated land green utiliza-
tion through large-scale agricultural modernization. Chen et al. [65] pointed that CLT is
an effective path to resolve a contradiction between the farmland fragmentation and the
large-scale agricultural modernization. The adoption of agricultural green technology has
certain requirements on the scale of operation [66]. For instance, the application of soil
testing formula balanced fertilization technology is quite difficult for small-scale farmers
for the reason that the technology is time-consuming, high costs, and high technical re-
quirements. Apart from this, the government has strict requirements on the use of chemical
fertilizers and pesticides by large-scale farmers. Scale operation can facilitate government
and public welfare departments to provide training and guidance on agricultural green
technology [67], consequently improving CLGUE.

Accordingly, we assume that:

Hypothesis 3. Cultivated land transfer is positively correlated with cultivated land green utiliza-
tion efficiency.

Hypothesis 4. Cultivated land transfer mediates the relationship between digital financial inclusion
and cultivated land green utilization efficiency.

3. Materials and Methods
3.1. Model Construction
3.1.1. Measurement of CLGUE

Data envelopment analysis (DEA) is a mathematical programming method for eval-
uating the relative efficiency of decision-making units (DMUs) with multiple inputs and
multiple outputs [68]. The idea of single-input, single-output engineering efficiency was
generalized to a multiple-input, multiple-output relative efficiency evaluation [69]. Banker
et al. [70] proposed to evaluate the relative efficiency of DMUs by using the variable returns
to scale as a criterion, which is the DEA-BCC model. However, neither of the two models
could measure the full range of slack variables [71]. To improve the method and eliminate
the variation, Tone [72] developed a non-radial and non-angular slack-based measure (SBM)
model. The SBM model adds the relaxation variables of the input and output factors to the
objective function. Nevertheless, the SBM model cannot measure the efficiency of DMUs
with undesirable outputs. Tone [73] took these undesirable outputs into consideration and
proposed an SBM model. The SBM-Undesirable-VRS model is set as follows [74]:
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where s−, sδ, and sb correspond to the vectors of relaxation for the inputs, desired, and
unwanted, respectively. λ represents the weight vector, and the objective function. ρ∗ is the
index of CLGUE, which objective value ranges from (0, 1].

3.1.2. Models of Main Effects

Structural equation model (SEM) is significant statistic procedures for testing mea-
surement, functional, predictive, and causal hypotheses. It can not only deal with explicit
variables and latent variables, but can also analyze the relationship between multiple
explanatory variables, multiple explained variables, and multiple mediation variables [75].
Referring to the relationships between explanatory variable and explained variable, this
paper constructed the following path models of the main effects (Formula (2)):

clguei,t = c1d f ii,t, + εi,t (2)

In Formula (2), clguei,t represents the CLGUE of province i in year t, dfii,t represents
the DFI of province i in year t, c1 is the path coefficient of DFI influencing CLGUE, εi,t is the
error term. If the path coefficient c1 is significantly positive, H1 is verified.

3.1.3. Models of Mediating Effects

According to the relationships among the explanatory variable, mediating variable
and explained variable, this paper constructed the following path models of mediating
effects (Formula (3)): {

clti,t = a1d f ii,t + εi,t

clguei,t = b1clti,t +
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According to the relationships among the explanatory variable, mediating variable 

and explained variable, this paper constructed the following path models of mediating 
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are the path coefficients of CLT affecting CLGUE and
DFI affecting CLGUE, respectively. If the path coefficient a1 is significantly positive, H2
is verified. If the path coefficient b1 is significantly positive, H3 is supported. Further-
more, if the mediating path coefficient a1 × b1 (dfi→clt→clgue) is significantly positive, H4
is verified.

3.2. Variable Selection and Data Description

(1) Explained Variable: The index of CLGUE was measured by the super-efficient
SBM model. In concept of CLGUE and the relevant literature [17,18], twelve variables
were selected in the present study to construct the evaluation indicator system of CLGUE,
involving input indicators, and desirable and undesirable output indicators (Figure 2).
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Figure 2. The indicators for measuring CLGUE. Note: AFAHF represents the abbreviation for
agricultural, forestry, animal husbandry, and fishery practitioners; TO represents the abbreviation for
total output values of agriculture, forestry, animal husbandry, and fishery.

This paper mainly takes carbon emissions and pollution emissions into account as
undesired outputs. Total carbon emissions were calculated by multiplying the carbon
source by the appropriate carbon emission factors. Based on the literature [18], carbon
sources and coefficients include pesticides (4.394 1, kg C/kg), chemical fertilizers (0.895 6, kg
C/kg), agriculture films (5.180, kg C/kg), agricultural irrigation (5, kg/hm2), agricultural
machinery (25 kg C/hm2), total power of agricultural machinery (312.6 kg, C/kW), and
agricultural tilling (312.6, kg C/km2). The calculation formula is set as follows:

CECLUi = ∑ Ci = ∑ Ti·δi (4)

where CECLUi represents the total carbon emissions from cultivated land utilization, Ti
represents the amount of the i-th carbon source, and δi refers to the i-th carbon source’s
coefficient.

The pollution caused by cultivated land utilization refers mainly to non-point source
pollution during cultivated land use. According to previous studies [18,21], nitrogen
(phosphorus) fertilizer, pesticide, and agricultural film loss were used to represent pollution
emissions. The corresponding loss coefficient refers to the manual of agricultural pollution
source coefficient in National Pollution Source Survey. At the same time, the influence of
regional differences on the results is considered in the estimation process.

(2) Explanatory Variables: The data source of the DFI index is from the Peking Uni-
versity DFI Index of China. The measurement of DFI is based on the development of
innovative digital finance [76]. The index aggregate consists of three dimensions, cover-
age breath, usage depth, and digitalized level. Figure 3 illustrates the definitions of and
relationships between these indicators.
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(3) Mediating Variable: The mediating variable was CLT, indicated as the area propor-
tion of CLT to household contracted cultivated land under the household responsibility
system in China.

Table 1 illustrates the results of descriptive statistics. First, the average, minimum, and
maximum value of DFI is 217.2, 18.33, and 431.9, respectively. It indicates that the levels
of DFI of different provinces vary dramatically. Additionally, the levels of DFI of most
provinces are at a relatively high level. Second, the average value and standard deviation
of CLT are 0.316 and 0.163, respectively, the minimum value is 0.033, and maximum value
is 0.911. Accordingly, the ratio of CLT of different provinces varies slightly, and the ratio of
CLT of most provinces is at a lower rate. Third, the mean value of CLGUE is 0.704, closer
to the maximum value of 1, indicating that the CLGUE of most provinces keeps a higher
level. The standard deviation is 0.198, which means that the CLGUE of different provinces
varies slightly.

Table 1. Results of descriptive statistics.

Variables Number Mean Std. Dev. Minimum Maximum

dfi 300 217.2 96.97 18.33 431.9
clt 300 0.316 0.163 0.033 0.911

clgue 300 0.704 0.198 0.315 1

3.3. Research Region and Data Source

There are 34 provincial-level administrative institutions in China, and large regional
differences exist in cultivated land resources, food production, and agriculture devel-
opment [77]. Hong Kong, Macao, Taiwan, and Tibet were excluded from the empirical
research due to lack of available data. Therefore, this present research’s subjects consist
of 30 provinces or municipalities in mainland China. The CPC Central Committee on
the “National Economic and Social Development Seventh Five–Year Plan” (1985) divided
the 31 provinces into eastern, central, and western regions. This study also uses this
classification (Figure 4).
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The information that used to evaluate CLGUE and CLT was gathered from “China
Statistical Yearbook”, “China Rural Statistical Year-book”, “China Rural Management Statistical
Annual Report”, and China’s Rural Policy and Reform Statistical Annual Reports of the
resent years, as well as the National Bureau of Statistics of China’s website. To fill in
the gaps in the individual years’ missing data, the interpolation approach was used. In
addition, the data source of the DFI index is from Peking University DFI Index of China.

4. Results
4.1. Measurement and Analysis of CLGUE

In this section, Equation (1) was used in this part to compute the CLGUE in China.
China’s total CLGUE showed a trend toward progressive improvement, from 0.57 in 2011
to 0.92 in 2020, and the average annual growth rate was 5.46% (Figure 5). China has
achieved initial success in transformation of cultivated land utilization to being green and
efficient. One possible reason is that a number of policies have been formulated to advance
the transformation of agricultural production, such as zero growth in fertilizer consump-
tion [78]. In addition, it can be seen that the CLGUE of three regions are characterized
by an overall upward trend. Furthermore, large regional differences exist in the average
annual growth rates. The average annual growth rates for eastern, central, and western
regions, respectively, were 6.24%, 3.70%, and 6.32%. The reason why the annual growth
rate of CLGUE in the western region lags behind may be the main grain-producing areas
are in central China. The main grain-producing areas play a pivotal role in the process of
ensuring national food security. Because of the path dependence, the transformation of
cultivated land utilization form “high input and high output” to “green and efficient” is
more difficult in main grain-producing areas.
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According to Huang and Wang [79], the efficient, relatively high-efficient group,
relatively medium-efficient group, and relatively low-efficient groupings, respectively,
were assigned to the provinces based on their efficiency values between [1], [0.8, 1), [0.6,
0.8), and [0, 0.6). The spatial–temporal evolution of CLGUE in 30 provinces is shown in
Figure 6. In 2011, only Jilin, Heilongjiang, Shanghai, and Qinghai belonged to the efficient
group, Beijing, Chongqing, and Ningxia belonged to the relatively medium-efficient group,
the other 23 provinces belonged to the relatively low-efficient group. In 2015, Heilongjiang,
Shanghai, and Qinghai shifted from the efficient group, while Shandong was moved into
the efficient group. The spatial scope of the relatively high-efficiency and medium-efficiency
groups emerged as an expanding trend. However, Gansu, Shanxi, Anhui, Yunnan, Inner
Mongolia, Zhejiang, Hebei, Guangxi, and Jiangxi still remained in the relatively low-
efficient group. In 2020, except Gansu, Shanxi, and Anhui, which still remained in the
relatively low-efficient group, CLGUE in other provinces fell into the more efficient group
or remained in the efficient group.
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4.2. Structural Equation Model Results of the Main Effects

The structural equation model results of the main effects are presented in Figure 7 and
Table 2. According to the results of model fitting test, the X2, RMSEA, and SRMR are all
less than 0.05. This indicates good goodness of fit of the main effect model [80]. Since the
fitting indexes are not used to compare the pros and cons of the models, CFI, AIC, BIC, and
other indexes are not reported [81]. Furthermore, the path coefficient of DFI on CLGUE
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is 0.442, significant at the 1% level. This indicates that DFI can directly improve CLGUE,
and hypothesis 1 is supported. Through structural equation model analysis of the main
effects, we identified that DFI, characterized by digitalization and inclusiveness, can be
a significant promoter of CLGUE. With the development of DFI, CLGUE in China can be
dramatically improved.
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Table 2. Results of main effects.

Paths Coefficients Standard Error Z Value p Value 95% Confidence Interval (CI)

lndfi→clgue1 0.442 0.044 10.020 0.000 0.356 0.529
constant 0.059 0.415 0.140 0.886 −0.754 0.873

variance (e.clgue) 0.805 0.039 0.732 0.885

4.3. Structural Equation Model Results of the Mediating Effects

The structural equation model results of the mediating effects are illustrated in Figure 8
and Table 3. According to the results of model fitting test, the X2, RMSEA, and SRMR are
all less than 0.05. This indicates good goodness of fit of the main effect model [80]. We did
not report CFI, AIC, BIC, and other indexes as well. Furthermore, the path coefficient of
DFI on CLT is 0.183, passing the test at the 1% significant level. This indicates that DFI is
positively correlated with CLT and hypothesis 2 is supported. Then, the path coefficient of
CLT on CLGUE is 0.273, significant at the 1% level; hence, CLT is positively correlated with
CLGUE and hypothesis 3 is verified. Finally, we investigated the significance of mediating
effects. Based on the results of Table 4, the path coefficient of a1 × b1 (dfi→clt→clgue) is
0.132, significant at the 1% level. It demonstrates that CLT mediates the influencing path of
DFI on CLGUE and H4 is verified. Additionally, since the direct path coefficient of DFI on
CLGUE is 0.310, also passing the test at the 1% significant level, we identified that CLT has
partial mediating effects on the relationship between DFI and CLGUE.
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Table 3. Results of mediating effects.

Paths Coefficients Standard
Error Z Value p Value 95% CI

dfi→clt 0.483 0.042 11.630 0.000 0.402 0.565
constant −1.894 0.363 −5.220 0.000 −2.605 −1.183
clt→clgue 0.273 0.056 4.910 0.000 0.164 0.382
dfi→clgue 0.310 0.054 5.730 0.000 0.204 0.416
constant 0.576 0.424 1.360 0.174 −0.255 1.407

variance (e.clt) 0.766 0.040 0.691 0.849
variance (e.clgue) 0.748 0.042 0.670 0.834

Table 4. Tests of significance of mediating effects.

Paths Coefficients Standard Error Z Value p Value 95% CI

dfi→clt→clgue 0.132 0.029 4.470 0.000 0.074 0.190

4.4. Robustness Tests

In this section, we use the method of the substitution of the explained variable to
conduct robustness tests. SBM-Undesirable-CRS was selected to appraise the index of
CLGUE, SBM-Undesirable-CRS is constructed on the assumption of constant returns to
scale. SBM-Undesirable-VRS used in Section 4.1 is constructed on the assumption of
variable returns to scale. On a basis of the results illustrated in Table 5, the path coefficient
of DFI on CLGUE is 0.497, significant at the 1% level. This indicates that DFI is still
positively correlated with CLGUE after the substitution of the explained variable in the
main effect analysis. Then, based on the results in Table 6, DFI is positively correlated with
CLGUE (0.483, significant at the 1% level), DFI is positively correlated with CLT (0.361,
significant at the 1% level), and CLT is positively related to CLGUE (0.282, significant at
the 1% level). Meanwhile, in Table 7, the new path coefficient of a1 × b1 (dfi→clt→clgue)
is 0.136, significant at the 1% level. It indicates that CLT still mediates the influencing
path of DFI on CLGUE after the substitution of the explained variable in the mediating
effect analysis.

Table 5. Results of robustness tests of main effects.

Paths Coefficients Standard
Error Z Value p Value 95% CI

dfi→clgue (new) 0.497 0.041 12.230 0.000 0.418 0.577
constant −0.650 0.385 −1.690 0.091 −1.403 0.104

variance (e.clgue) 0.753 0.040 0.677 0.836

Table 6. Results of robustness tests of mediating effects.

Paths Coefficients Standard
Error Z Value p Value 95% CI

dfi→clt 0.483 0.042 11.630 0.000 0.402 0.565
constant −1.894 0.363 −5.220 0.000 −2.605 −1.183

clt→clgue (new) 0.282 0.053 5.280 0.000 0.177 0.386
dfi→clgue (new) 0.361 0.051 7.070 0.000 0.261 0.461

constant −0.116 0.395 −0.290 0.769 −0.890 0.659
variance (e.clt) 0.766 0.040 0.691 0.849

variance (e.clgue) 0.692 0.042 0.614 0.779
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Table 7. Robustness tests of significance of mediating effects.

Paths Coefficients Standard
Error Z Value p Value 95% CI

dfi→clt→clgue (new) 0.136 0.029 4.750 0.000 0.080 0.192

4.5. Heterogeneity Tests of Main Effects

We used the heterogeneity analysis to investigate the different influence of DFI on
CLGUE based on different geographical locations. As is illustrated in Table 8, all the
path coefficients of DFI on CLGUE in the three areas are significantly positive. The path
coefficient of DFI on CLGUE in the eastern areas (0.633) is much higher than those in the
central areas (0.228) and western areas (0.415). This indicates that the positive relationship
between DFI and CLGUE in the eastern areas is more obvious. Possible reasons for this
phenomenon are better facilities for finance and a higher level of financial development
in the eastern region [82]. DFI and traditional finance are complementary, provide better
financial services for cultivated land operators, and eventually raise CLGUE.

Table 8. Results of heterogeneity tests of main effects (dfi→clgue).

Eastern
Areas

Central
Areas

Western
Areas MGPAs MGMAs GPMBAs

Coefficients 0.633 0.228 0.415 0.408 0.586 0.360
Standard error 0.051 0.105 0.075 0.070 0.071 0.084

Z value 12.370 2.180 5.490 5.840 8.200 4.280
p value 0.000 0.029 0.000 0.000 0.000 0.000

95% CI
0.532 0.024 0.267 0.271 0.446 0.195
0.733 0.433 0.563 0.546 0.726 0.525

Additionally, heterogeneity analysis on the effects of DFI on CLGUE based on different
grain functional was carried out. Referring to Ke et al. [16], 30 provinces can be divided
into three categories of main grain-producing areas (MGPAs), main grain-marketing areas
(MGMAs), and grain-producing and marketing balance areas (GPMBAs). The results in
Table 8 indicate that all the path coefficients of DFI on CLGUE in the three grain-functional
areas are significantly positive. The path coefficient of DFI on CLGUE in the MGMAs (0.568)
is much higher than those in the MGPAs (0.408) and GPMBAs (0.360). MGMAs are located
in the southeast coastal or economically developed provinces, with strict environmental
regulation. Empirical analysis showed that environmental regulations had a prominent
positive effect on the adoption of green farming practices, such as farmers adopting high
efficiency, low toxicity, and low residue pesticides [83].

5. Discussion

This study draws on triple bottom line theory to empirical investigate whether and
how DFI can affect CLGUE through CLT. Using a sample of Chinese provincial panel
data during the period of 2011–2020 and SEM analyses, this paper draws the following
conclusions:

(1) DFI can directly enhance CLGUE. DFI has the characteristics of digitalization and
inclusiveness. Scientific analysis of various data generated and processed by digital technol-
ogy is conducive to achieving green detection. Green finance arising from environmental
conservation dramatically enhances the green features of finance, efficiently accelerating
the increase of energy utilization efficiency and a reduction in carbon emissions. Apart
from the environmental protection effects, DFI can efficiently improve the outputs and
control the inputs of cultivated land, which further facilitates cultivated land utilization
efficiency.

(2) DFI can indirectly improve CLGUE through cultivated land transfer. CLT means
transferring cultivated land management rights from individual farmers to professional
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farmers or economic organizations. DFI can facilitate CLT by reducing transaction costs and
information asymmetry, providing more nonagricultural entrepreneurial and employment
opportunities and enhancing agricultural mechanization. Furthermore, CLT can transfer of
managing rights of cultivated land from low-productivity operators to high-productivity
operators, subsequently enhancing CLGUE by improving the efficiency of the utilization
of fertilizers and pesticides, optimizing grain planting structure and driving large-scale
agricultural modernization.

(3) DFI has regional heterogeneity in the improvement of CLGUE. Compared to the
central and western areas, the positive relationship between DFI and CLGUE in the eastern
areas is more obvious. In addition, compared with major grain producing and main grain
producing and marketing balance areas, the positive relationship between DFI and CLGUE
in the major grain marketing areas is more obvious.

Our findings make great contributions to the extant literature. In order to guarantee
grain security and cultivated land utilization sustainably, the improvement of CLGUE has
been more and more widely mentioned in agricultural sustainability in recent years. The
extant literature has identified that digital financial inclusion is positively related to the
agricultural supply chain [53], the rationalization of rural products’ industrial structure
and green total factor productivity [82], agricultural production for rural households [84],
agricultural high-quality development [85], etc. Nevertheless, studies on the relation-
ship between DFI and low-carbon green utilization of farmland are scarce. In the recent
decade, finance characterized by digital and inclusive connotation is developing rapidly in
China [34], and seems to be conducive to increasing CLGUE, it is significative to empirical
study the influencing mechanism of the emerging financing form on CLGUE. The present
paper draws on triple bottom line theory and takes the CLT as the mediating mechanism,
revealing how CLT can promote CLGUE in China. Although CLT adversely affects the
use and yield of cultivated land in some developed countries [29,86], it has great effects on
facilitating CLGUE in China. In China, the ownership rights of cultivated land belong to
Chinese government and the operating and managing rights of cultivated land belong to
individual farmers. The Chinese cultivated land transfer policy supports the individual
farmers in transferring their management rights to large professional households and
groups to develop large-scale agricultural operations. The specific forms of transfer in-
clude subcontract, transfer, investment, cooperation, leasing, exchange, and other means.
Farmers can choose the most suitable way to transfer farmland according to their available
funds. The processes of CLT are voluntary, fair, open, and paid. This study theoretically
analyzes the impact and mechanism of DFI on CLGUE, constructs a framework mechanism
of CLGUE, CLT, and CLGUE, and expands the research’s scope on DFI and provides
a reference for green agricultural development and digital rural development.

Our findings also provide some practical insights. Firstly, the governments are rec-
ommended to increase investments in the research and development of digital financial
technologies and applications, so as to continuously extend digital financial inclusion ser-
vices to wider population. Governments are also suggested to simplify farmland transfer
procedures, and widely publicize the subsidy scheme for farmland transfer in order to
ensure that the activities of farmland transfer are more transparent, simple, and attractive.
With the improvement of digital finance systems and the extension of farmland transfer,
cultivated land’s green utilization efficiently can be improved. Secondly, since traditional
institutions are experience difficulty in offering adequate financial products and services
to farmers, financial institutions are recommended to continuously expand the coverage
breadth, usage depth, and digitalization level of digital financing services to satisfy farmers’
fund demands. Farmers owning sufficient funds will increase their willingness to adopt
new technology, introduce large-scale mechanization, and subsequently improve cultivated
land green utilization efficiency. Finally, on the one hand, small-scale farmers are suggested
to transfer out their land and obtain payments and compensation. They can engage in
nonagricultural industry. On the other hand, small-scale farmers are recommended to
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transfer to other farmers’ land and form large-scale a agricultural production, because they
have easier access to financial loans and insurance.

Despite these attractive contributions, our research also has limitations. First, our large
sample covers Chinese provincial data from 2011 to 2020. Thereby, the generalization of
our findings to other countries or regions should be made cautiously. Though our theory is
not specific to the China’s context, future research may collect data from other countries,
especially from developed countries with a maturely developed digital inclusive finance
system and different cultivated land transfer policies. Second, owing to time and data
constraints, we did not introduce other associated variables in the framework; for instance,
the antecedent variables that can affect explanatory variables and the moderating variables
that can affect the mechanism are not discussed. We can explore more associated variables
in future research to obtain more theoretical and practical inspiration. For instance, we
can discuss the antecedent variables of digital financial inclusion (e.g., digital technology,
government support), the consequence variables of cultivated land green utilization effi-
ciency (e.g., high-quality agricultural development, sustainably development), and other
mediating variables (e.g., level of mechanization, management scale) as well. Last but not
least, we measured the intensity of DFI according to the Peking University DFI Index of
China. However, due to the rapid development of digital technology, it is difficult for us
to cover all of the digital financing channels. In the future, a more scientific measurement
method related to DFI can be introduced to reduce measurement errors.
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Abstract: With the widespread population growth in cities, anthropogenic influences inevitably lead
to natural disturbances. The metropolitan area of Istanbul, with its rapid urbanization rate, has
faced intense pressure regarding the sustainability of urban habitats. In this context, landscapes
comprising patches affected by various disturbances and undergoing temporal changes must be
analyzed, in order to assess city-related disturbances. In this study, the main objective was to
understand how urbanization changed the function of the spatial distribution of the urban mosaic
and, more specifically, its relationship with the size, shape, and connection among land-use classes.
For this purpose, we took Besiktas, a district of Istanbul, as the study area. We evaluated the landscape
pattern of the urban environment in two stages. First, we used medium-resolution satellite imagery
to reveal the general interactions in the urbanization process. Landscape- and class-level landscape
metrics were selected to quantify the landscape connectivity, and the distances between classes (green
areas and artificial surfaces), patterns, and processes, using five satellite images representing a time
span of 51 years (1963, 1984, 1997, 2005, and 2014). The general landscape structure was examined by
looking at the temporal–spatial processes of artificial surface and green areas obtained from these
medium-resolution satellite images. The trends in selected landscape-level metrics were specified
and discussed through the use of a moving window analysis. We then used Pleiades high-resolution
satellite imagery (2015) to analyze the landscape structure in more detail. This high-resolution base
image allows us to recognize the possibility of classifying basic cultural landscape classes. The
findings regarding the spatial arrangement of each class in the areas allocated to 14 cultural landscape
classes were interpreted by associating them with the landscape functions. Finally, particulate
matter (PM10) concentration data were collected and evaluated as an ecological indicator, in order
to reveal the relationships between landscape structure and landscape function. In short, we first
evaluated the whole landscape structure using medium-resolution data, followed by the classification
of cultural landscapes using high-resolution satellite imagery, providing a time-effective—and,
therefore, essential—auxiliary method for landscape evaluation. This two-stage evaluation method
enables inferences to be made that can shed light on the landscape functions in an urban environment
based on the landscape structure.

Keywords: Pleiades satellite image; landscape pattern; cultural landscapes; landscape function;
urban ecosystem; landscape ecology; PM10 concentration

1. Introduction

Human activities disrupt the balances established in ecosystems, sometimes irre-
versibly. This deterioration can lead to serious problems, not only aesthetically but also
economically and even for human health, in the long term. As environmental problems
have reached such levels that they may have a global impact, issues such as the "Environ-
ment" and "Sustainability" have become the main topics considered by both the European
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Union and United Nations Support Programs. As in Goal 11 “Make cities and human
settlements inclusive, safe, resilient and sustainable”, described within the UN Sustainable
Development Goals (SDGs), such topics are related to our environment and quality of
life [1–3]. From this point of view, it is understood that handling the potential of the envi-
ronment, in line with sustainability principles, has become an international responsibility.

The European Green Deal, the primary goal of which is to regulate the European cli-
mate and emissions rates by 2050, has also identified "Preserving and restoring ecosystems
and biodiversity" and "Accelerating the shift to sustainable and smart mobility" as main
agenda items. The main objective of the strategy determined by the European Commission
for the protection of biological diversity until 2020 was to "prevent loss of biodiversity and
decline in ecosystem services". The Green Deal aims to improve declining ecosystems by at
least 15% by 2030 [4]. The basis of achieving this goal lies in developing an inventory of
areas that need to be protected, developed, and improved, in terms of cultural values and
biological diversity, based on natural–cultural indicators [5,6].

Human beings consider how the landscape shapes itself to be chaotic or unorganized.
As a result, they attempt to control and shape landscape evolution through deliberate and
intended actions. However, these actions do not always provide the outcomes they were
planned to, as the landscape is composed of many different components, which have their
own dynamics and orders of change. This composition can be evaluated as a system that
includes its own features and, therefore, we must look at these components in a holistic
manner [7–10].

One of the most compelling challenges that humans pose against nature is urban-
ization. Urbanization combines aspects related to population crowding, thus resulting
in denser urban areas and the spread of residents and buildings outside the urban cen-
ter [11,12]. With the influence of urbanization, the water regime of cities deteriorates, the
natural relief changes, natural soil characteristics disappear, and urban heat island effects
occur. Changes in the landscape pattern and function can lead to various consequences,
starting from the degradation of green systems at the regional scale to the disappearance of
biotopes at the local level.

Of all the problems related to urbanization, the most important one is that cities are
not sustainable. As cities coexist with human beings and surrounding systems, they are
regarded as heterogeneous and complicated, and lack the ability to quickly adapt. Thus, it
is tough to predict or monitor the course of events in cities. Nevertheless, in this situation,
planning and new designs can be helpful, according to the knowledge of city ecology and
sustainability principles [13–15].

Understanding human spatial and material relations and changes in the natural envi-
ronment is essential to ensuring sustainability. Cities, as energy and material consumption
nodes, are not sustainable per se, and they accelerate global ecological degradation. How-
ever, cities and their residents play a leading role in ensuring urban sustainability [16,17].
According to the modern understanding of landscape ecology, conceptual models and
tools are needed to help analyze and reveal the nature–society interactions at the center
of the sustainability debate [15]. With the same awareness, practical tools that refer to
protection–utilization balances should be used in planning and management decisions,
especially regarding urban landscapes with sensitive balances [18–21].

At the urban scale, habitats are the stepping stones of green network systems, and
are essential in urban areas. Urban green areas also have critical functional features for
specific purposes, such as filtering the air, balancing noise and the climate, and provid-
ing environments for recreational activities. Re-structuring degraded green networks is
extremely important for the sustainability of the urban ecosystem. For example, a quality
vegetative layer that penetrates structural surfaces has an effect that prevents the formation
of heat islands in cities [22,23]. According to Lehmann et al. (2014), urban green areas are
essential indicators for ecosystem services in urban habitats, when considered spatially and
structurally. In addition, they exhibit properties suitable for the evaluation of microclimatic
features [24,25].
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Cultural landscapes are areas whose natural features have been changed by human
activities, manifesting in the form of layered patterns that leave traces in the landscape. To-
gether with natural features, these layers give a landscape its defining, historical, aesthetic,
symbolic, and memorable character. Therefore, it is necessary to define cultural landscapes,
develop policies to protect their values, manage the spatial and social changes that occur
over time, and enable sustainable uses [26–29]. Due to these high-capacity indicative
qualities, many studies have focused on cultural landscapes in an urban environment.

The main concern of natural conservation is protecting species and their habitats.
Therefore, identifying and mapping the habitats created by the natural and cultural land-
scape is essential for the in situ conservation of biological diversity [30].

Cultural landscapes are essential components of the environment shaped by human
interventions. They mirror the past and indicate the future while hosting highly diverse
anthropogenic uses and natural–cultural heritage. Moreover, landscapes are located be-
tween ecosystems and biomes [31]; thus, their quality and diversity constitute a common
resource. Therefore, revealing cultural landscapes within urban landscapes and evaluating
the relations between them at the regional scale constitute a strong basis for a holistic
approach.

Focusing on cultural landscapes in the planning process is of great importance in
protecting and promoting biodiversity and supporting sustainable development, increasing
the quality of life and comfort of residents [18,19,32–36].

Modern technology has made satellite images with higher spatial resolution available
for various applications, such as urban mapping, spatio-temporal change detection, and
urban sprawl monitoring [20,21,37].

As manual classification techniques are difficult and time-consuming, it was deemed
appropriate to classify satellite images at two different resolutions (medium and high) with
the help of remote sensing techniques. Medium-resolution satellite images are divided into
two classes using controlled classification techniques, in order to make general evaluations.
Then, a high-resolution Pleiades satellite image was divided into 14 cultural landscape
classes using the normalized vegetation index (NDVI) (Table 1).

Table 1. Land use/land cover (LU/LC) classes obtained from medium- and high-resolution satellite
images.

Satellite LU/LC Class

Landsat 4, 5, 7 TM, ETM+ Artificial surface, green area

Pleiades (2015)

Garden, openness in garden, grove, openness in grove,
cemetery, openness in cemetery, park, openness in park,

roadside green area, openness in roadside green area,
building, water surface, firm ground, road

The mapping of LU/LC classes provides important outputs for landscape analysis
and assessment, and has been widely used in the literature. Evaluating the data obtained
as a result of classification using landscape metrics provides access to important findings
at the class and landscape level, especially regarding the landscape structure, in a short
time. Landscape metrics have been widely used in the literature as an effective tool to
reveal the structure and configuration of landscape structure [21,38–49]. In this study,
we conduct landscape pattern analysis to evaluate cultural landscapes, and support the
findings obtained from this analysis using the PM10 concentration, which is an important
ecological indicator.

PM has been shown to have a positive relationship with urbanization. Studies examin-
ing the relationships between green systems and the concentration of particulate matter
in the air have shown that PM density is closely related to the quality and quantity of the
green system [50–54]. For this reason, PM10 was used as an ecological indicator in this
research.
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Based on this view, the focal points of this research are as follows: (a) the effect of
urbanization on the spatial transformation of cultural landscapes; (b) the interactions
between cultural landscape patterns and PM10 concentrations; and (c) the relationships
between landscape structures and indicative urban habitats.

2. Materials and Methods
2.1. Material

Istanbul is a metropolitan city with an E–W extension, adjacent to the Black Sea and
the Marmara Sea, with a characteristic structure similar to the Bosporus, and is in a highly
strategic position, in terms of various components. As the research area, the Besiktas district
is in the middle of the European Bosporus Side of the city of Istanbul, between 41◦02′31′′ N.
latitudes and 29◦00′26′′ E. longitudes. Its total surface area, including the buffer zone, is
37.8 km2 (Figure 1).
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Figure 1. (a) Turkey and Istanbul city; (b) Istanbul and Besiktas district; (c) RGB Pleiades image of
Besiktas district.

Besiktas drew our attention, as it is both in the city center and possesses marine and ter-
restrial transportation opportunities. The heavy pressure of urbanization accelerates landscape
changes, bringing the risk of subjecting the green areas of Besiktas to rapid housing transfor-
mation. It is noteworthy that the population doubled from 1963 until 1985 (from 107,442 to
204,911 people), then fluctuated slightly in 2000 (190,813 people), 2007 (191,513 people), and
2014 (188,793 people), with relatively small differences (of 1000–3000 individuals) [55].

2.2. Methods

With a holistic perspective, our research aimed to evaluate the landscape pattern
and processes at different levels through the use of ecological indicators. Based on the
configuration of the landscape pattern, this evaluation revealed the main forces shaping the
landscape functions in the urban environment. The flow chart below details the methods
applied at different stages of the evaluation (Figure 2).
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First, we obtained two LU/LC classes (green area, and artificial surface) from medium-
resolution images (Landsat) using a pixel-based classification method. Then, we used the
normalized difference vegetation index (NDVI) to extract classes from high-resolution
satellite imagery. Finally, we obtained a cultural landscape map.

We subjected the classified data to low- and high-resolution landscape pattern analysis,
using landscape and class-level landscape metrics for the low-resolution evaluation. We
also spatialized landscape-level landscape metrics using the Moving window module of
the Fragstats software [44]. Finally, we used class-level landscape metrics for the high-
resolution assessment.

We took the PM10 concentration as an ecological indicator. For this purpose, we used
on-site TWA measurements as a reference and mapped them using the IDW interpolation
method. Then, we compared this map with the maps created for landscape-level metrics.
For comparison, we evaluated the relationships between PM10 concentration and landscape-
level metrics using Spearman’s coefficient and Pearson’s correlation analyses.

As a result, the findings obtained from the two-stage landscape pattern analysis were
evaluated with respect to the PM10 ecological indicator. Finally, conclusions about the
cultural landscape types in the research area could be reached.

2.2.1. Image Processing

The image processing stage was carried out at two levels: medium-resolution images
to reveal the general situation of the landscape pattern and determine the transformations
exhibited over 51 years, and high-resolution images to reveal cultural landscapes. Satellite
images with different resolutions and technical specifications were used for the research
(Table 2).

Table 2. Satellite images and features used for the research.

Satellite Spatial
Resolution (m)

Spectral
Resolution (µm)

Radiometric
Resolution

Temporal
Resolution

Landsat 4, 5, 7
TM, ETM+ (1984,
1997, 2005, 2014)

Bants 1, 2, 3, 4, 5,
and 7—30 m

Bant 6—120 m
(for ETM+ Bant
6—60 m, Bant

8—15 m)

B1: 0.441–0.514
B2: 0.519–0.601
B3: 0.631–0.692
B4: 0.772–0.898
B5: 1.547–1.749
B6: 10.31–12.36
B7: 2.064–2.345
B8: 0.515–0.896

(for ETM+)

8 bit 16 days

Pléiades (2015)
2 m multi-bant,

50 cm
panchromatic

B1: 0.430–0.550
B2: 0.450–0.620
B3: 0.590–0.710
B4: 0.740–0.940

PAN:
0.470–0.830

12 bit 26 days

LULC changes were examined using five satellite images representing 51 years. For
this purpose, Landsat TM and Landsat ETM+ (1984, 1997, 2005, and 2014) images with 30 m
× 30 m resolution were utilized. Due to the absence of a Landsat image representing the
1960s, Corona satellite imagery (1963) at 5 m× 5 m resolution was used. These images were
recorded on film with cameras, in the form of photographic prints. In addition, scanned and
digitized images were used as raster data with 5 m × 5 m spatial resolution. To compare
with the data produced from Landsat satellite images, the Corona data were re-sampled to
30 m × 30 m.

The maximum likelihood classification algorithm was used to produce thematic
classes [56]. Two different LULC classes were determined: green areas, and artificial
surfaces (Figure 3).
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Figure 3. Times series LULC. Spatio-temporal dynamics of landscape structures.

For the study, 100 pixels were selected from the classification results on Landsat (1984,
1997, 2005, and 2014) images, which we compared with old maps and aerial photographs
of the area [57]. We used the kappa statistic to test the reliability of comparative data. As
general classes were preferred, the accuracy rates were high. Consequently, we reached a
kappa accuracy rate of 90–93% (Table 3).

Table 3. Accuracy rates of classified Landsat images.

Classified
Image

Overall
Accuracy (%)

Kappa
Coefficient

Classified
Image

Overall
Accuracy (%)

Kappa
Coefficient

1984 90 0.8607 2005 93 0.8994
1997 90 0.8579 2014 92 0.8772

We obtained above-expected accuracy values for the classes and used them as input in
the analysis.

Pleiades satellite images presenting a high spatial resolution were considered appro-
priate to derive data for distinguishing cultural landscapes. For this reason, we utilized
these data for evaluation purposes at this stage [58].

It is possible to differentiate settlement, forest, and agricultural areas with limited
values by selecting them according to normalized difference vegetation index (NDVI)
values [59,60]. Therefore, we created an NDVI map to distinguish between green and
artificial areas in the Pleiades satellite imagery. While sub-classifying artificial surface and
green area classes, we used a 1/25,000-scaled base map of the area to mask some layers.
In addition, we detailed the sub-classes using the manual digitization method. In total,
we obtained 14 cultural landscape classes: garden, openness in garden, grove, openness
in grove, cemetery, openness in cemetery, park, openness in park, roadside green area,
openness in roadside green area, building, water surface, firm ground, and road.

We used previous maps of the region, satellite images, and Google Earth Pro v.7.3.6., as
well as the opinions of experts who know the region, in order to determine the classification
of areas and conduct accuracy analyses of the Pleiades satellite imagery results.

2.2.2. Pattern Analysis

As the landscape structure is an essential indicator of the landscape function, it is
crucial to obtain information regarding the spatial distribution and arrangement of the
LU/LC classes, in terms of perceiving the landscape from a holistic perspective [41,61–63].

The number of patches, the proportion of each patch type, and the spatial arrange-
ment of patches are essential components in determining landscape patterns [64,65]. The
landscape composition and configuration affect ecological processes independently and
interactively. Therefore, it is vital to understand what component of the landscape pattern is
being quantified by a particular metric [41,66]. Some landscape metrics that describe similar
landscape characteristics are correlated, but each landscape index reflects a different urban
landscape aspect [67]. Regression equations can reveal that the information expressed by
landscape metrics is usually not based on a single component, but on the complexity of
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several components of spatial patterns. Therefore, it is crucial to evaluate the landscape
structure using landscape metrics representing a combination of structure, composition,
and configuration [65,68,69].

Landscape metrics offer a wide range of options to evaluate the landscape structure,
from agricultural areas to mining/quarry sites, from wetlands to forests. The critical
issue here is that the expert who makes the evaluation prefers the metric set that will
best reveal the spatial arrangement of the landscape structure, depending on the subject
investigated [20,67,70–80].

According to several authors, spatial metrics can be used to characterize urban forms.
They represent critical determinants such as shape, configuration, and distribution in urban
landscape planning, thus providing an opportunity to evaluate the nature of the change
in the urban structure [41,46,61,81–88]. Therefore, selecting a complete set of landscape
metrics is essential when analyzing the landscape structure [89]. We investigated the
landscape composition and configuration of the research area to identify the expanding
footprints of habitats using the most appropriate landscape metric combination. In this
way, we represent patch complexity, aggregation, and diversity. We used a set of landscape
metrics for this research at the class and landscape levels, for all identified time intervals
(Table 4). We selected them among the “highly universal and consistent landscape structure
components” defined by Cushman et al. (2008) [42]. Previous research focusing on corre-
lational relationships between metrics was also considered [21,47,65,77,90,91]. Topaloğlu
et al. (2020) applied principal component analysis (PCA) to summarize the information of
a data set containing classes described by several correlated metrics. The findings from this
study also helped us to create a complementary but non-repetitive set of metrics [21].

Table 4. Landscape-level metrics used for this research [44].

Metric Name Abbrev. Description

Class area (ha) CA The total area of the class
Percentage of landscape (%) PLAND The percentage of the landscape comprised of a particular patch type

Number of patches NP The number of patches of a corresponding patch type (class)
Patch density (n/100 ha) PD The number of patches of a corresponding patch type (class) per unit area

Largest patch index (%) LPI The area (m2) of the largest patch in the landscape divided by the total
landscape area (m2)

Total edge (m) TE The sum of the lengths (m) of all edge segments in the landscape

Edge density (m/ha) ED The sum of the lengths (m) of all edge segments in the landscape, divided
by the total landscape area (m2)

Total core area (ha) TCA The sum of the core areas of each patch (m2)

Landscape shape index LSI A standardized measure of patch compactness that adjusts for the size of
the patch

Patch area (area-weighted) (ha) AREA_AM The area-weight mean patch size

Shape index (area-weighted) SHAPE_AM
The weighting patches according to their size, on contrary to the LSI in

which the total length of edge is compared to a landscape with a standard
shape (square) of the same size and without any internal edge

Euclidean nearest-neighbor dist. (A.W.) (m) ENN_AM The shortest straight-line distance (m) between a focal patch and its
nearest neighbor of the same class

Splitting index SPLIT The number of patches obtained by subdividing the landscape into
equal-sized patches based on the effective mesh size

Aggregation index (%) AI
The ratio of the observed number of like adjacencies to the maximum

possible number of like adjacencies given the proportion of the landscape
comprised of each patch type, given as a percentage

Shannon’s diversity index SHDI The SHDI equals minus the sum, across all patch types, of the
proportional abundance of each patch type multiplied by that proportion

Shannon’s evenness index SHEI
The SHEI equals minus the sum, across all patch types, of the

proportional abundance of each patch type multiplied by that proportion,
divided by the logarithm of the number of patch types

For low-resolution landscape analysis, the land-use data sets (1963, 1984, 1997, 2005,
and 2014) were first converted into grid format (pixel size: 30 m × 30 m). For the high-
resolution landscape evaluation, the obtained cultural landscape map (2015) was first
converted into grid format (pixel size: 1 m × 1 m), in order to be able to carry out synoptic
metric analyses and further analyses using the FRAGSTATS package (v.4) [44]. The 8-cell
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neighbor rule was applied for standard analyses. We concentrated first on class-level
metrics, in order to monitor local impacts and their consequences on region-level changes.

Moving window analysis provides a spatially detailed evaluation of fragmentation
indices [44]. Furthermore, moving window analysis allowed us to connect landscape-scale
resource utilization to suitability models of setting structure in Besiktas. Wiens (1989) has
stated that the moving window size relates measurable patterns to ecological processes [92].
We found that a round-shaped window with a 250 m radius was most effective in generating
continuous results with an available cell scale of 30 by 30 m. Moving window analysis
was used to output the ED, LPI, SHAPE-MN, and SIDI metrics as maps at the landscape
level. Class- and landscape-level metrics were calculated and interpreted for low- and
high-resolution data in these stages.

2.2.3. Environmental Indicator (PM10)

Particulate matter (PM) was used as an environmental indicator, in order to reveal the
effects of landscape changes on the environment. We used PM10 values as an indicator for
the analysis. Therefore, in situ, we measured PM values using a portable TSI Incorporated
DustTrak II Meter. The PM meter obtains a 90◦ light scattering sensor and a particle volume
range of 0.1–10 µm. Considering the 15-minute automatic calculation time of the time-
weighted average (TWA) value (8-hour period per day) by the device, we measured PM10
for 15 minutes. Measurements were made randomly on days with appropriate weather
conditions (no precipitation and wind intensity less than 3 m/h) every three months for
one year. The measured values were generalized to the whole area using the inverse
distance-weighted (IDW) interpolation method.

We constructed fifty random points considering the existing habitats and extracted
dependent and independent values of these points using raster data sets; in particular, we
used PM10 TWA values as dependent variables and landscape metrics of 2014 obtained
from the moving window analysis as independent variables in the Pearson and Spearman
correlation analyses. Thus, we obtained the correlation between selected landscape metrics
and particulate matter densities. Using this method, we obtained landscape metrics with
significant correlation. We tested the individual correlations between independent and
dependent variables at significance levels of 0.01 and 0.05 (i.e., p > 0.01 or p > 0.05).

3. Results and Discussion

The findings of each stage were compared with the findings of the other stages. In this
way, a holistic landscape pattern assessment was reached.

3.1. Low-Resolution Landscape Characterization

While the ratio of green areas in Besiktas municipalities was 67.6% in 1963, it decreased
to 47.4% in 1984 following the construction of the first Bosporus Bridge in the 1970s. It
further decreased to 31.9% in 1997, following the construction of the second Bosporus
Bridge in 1988. In this period, especially from the 1980s, new constructions such as hotels,
business centers, and shopping malls caused the business area center of Besiktas to develop
and rapidly build up in this direction.

Although there were increases in green areas in 2005 and 2014, there was not much
recovery (32.3% and 33.8%, respectively). Over the same period, there was a marked
increase in artificial surfaces: 32.3% in 1963, 52.6% in 1984, 67.4% in 1997, 67.5% in 2005,
and 66.1% in 2014. It is worth noting that there was a rapid acceleration in this increase
in 1984, for the abovementioned reasons. The effect of this rapid change between green
areas and artificial surfaces on habitat quality and fragmentation was studied, according to
the landscape metrics at class and landscape levels. Landscape-level metric assessments
allowed changes in the landscape structure to be interpreted and evaluated throughout
the research area (Table 5). At the same time, the class-level analyses revealed the changes
between habitats. Spatial heterogeneity results are shown at both landscape and class levels
(Figures 4 and 5).
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Table 5. Landscape-level indexes from 1963 to 2014.

Metrics Year Metrics Year

1963 1984 1997 2005 2014 1963 1984 1997 2005 2014

NP 73 118 151 148 134 SHAPE_AM 4.4 7.12 7.6 7.09 6.87
PD (n/100 ha) 4 6.48 8.28 8.11 7.35 ENN_AM (m) 64.5 64.9 64.5 64.5 67.4

LPI (%) 62.8 41.5 65.4 65.2 63.9 SPLIT 2.39 3.66 2.29 2.3 2.38
ED (m/ha) 40.8 76.5 75.5 67.7 69 AI (%) 93.8 88.6 88.7 89.8 89.8

LSI 6.05 9.68 9.64 8.94 8.82 SHDI 0.64 0.7 0.67 0.64 0.65
AREA_AM (ha) 763.2 497.2 794.9 794 764.6 SHEI 0.58 0.63 0.61 0.59 0.59
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According to Forman and Godron (1986), the edge density determines the shape of
a patch, and can further indicate the distribution of plant and animal species [93]. At the
landscape level, especially from 1963 to 1984, the increase in edge metrics indicates that
fragmentation became an increasingly dominant factor in the Besiktas landscape. After
constructing the first Bosporus Bridge in 1984 and the second Bosporus Bridge in 1997,
landscape-level ED reached approximately 76 m/ha. Although this increase was lower in
the following period, ED was still higher, compared to 1963. The border between patches is
important in forming corridors. Therefore, contrasting patches also indicate connections.
According to Ranney et al. (1981), microclimatic changes, wind, and light progression along
a high-contrast edge are more likely than on a low-contrast edge in a patch [94]. Patch
isolation is also a function of the contrast between the patch and its ecological neighbor.
Shape metrics are crucial in revealing the landscape order.

The distance to the nearest neighbor is an indicator defining the distance from a
patch to other patches with the same characteristics, which is essential for determining the
quality of a habitat. Research has shown that fewer living species in habitats suffer from
isolation due to fragmentation; in particular, many studies on birds have discussed this
aspect [95,96].

At the landscape level, SHAPE_AM and LSI showed increasing trends, indicating that
the landscape pattern became more irregular over time, indicating a disturbance effect due
to the presence of people.
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SPLIT is calculated as the number of patches obtained while splitting the entire
landscape into equal-sized patches. SPLIT rose from 2.4 to 3.7 during the period 1963–1984,
indicating the influence on the landscape and the fragmentation of the natural landscape in
this period. The decline and increase in the following period indicate that the landscape is
still not stable against this violent change observed in 1984.

From the analysis in Figure 4, it can be observed that the SPLIT value was higher in
settlements in 1963, the complication in the entire Besiktas landscape increased in 1984, and
it shifted in later periods, with the division of green surfaces being increased.

The SHDI reflects the complexity and heterogeneity in the landscape. The exchange of
SHDI in Besiktas was striking from 1963 to 1984. The 6% increase in this index over this
period indicates that the heterogeneity of the whole landscape and the number of scattered
patches were increasing. During this period, as mentioned above, the construction of the
Bosporus Bridge resulted in a rapid change, and scattered landscape patches appeared. In
the following period, this change was more stable. The results indicate that the maximum
evenness of the area’s distribution was 64% in 1963, 70% in 1984, and 65% in 2014. The fact
that the index values in the landscape are not too high indicates an irregular distribution
of different patch types in the area. Figure 4 shows the spatial variation of the SHDI. In
1963, only heterogeneous structures were observed in places open to settlement. In 1984,
all Besiktas landscapes gained heterogeneous structure, which increased until 2014. With
the increase in aggregation, patches in the settlement areas reduced in the western part of
the research area.

The SHEI value results indicate that large landscape types no longer play a dominant
role in the Besiktas district, the average patch area is similar, and the patches tend to
show a uniform distribution. Like the SHDI, the SHEI changed remarkably from 1963
to 1984. However, in the following period, it presented an improvement, showing that
large landscape types no longer play a dominant role, the average patch area has become
more similar, and the patches tend to have a uniform distribution. The indices show that
the maximum uniformity of area distribution was 58% in 1963, 63% in 1984, and 59% in
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2014. The Besiktas landscapes index values were not very high, indicating an irregular
distribution of different patch types in the landscape.

After the holistic evaluation of the landscape pattern, we used class-level landscape
metrics to reveal the reasons for the changes in more detail. As the water surfaces in the
area obtained from medium-resolution satellite images were distributed in small units
(e.g., swimming pools), we did not include them in the class-level metric evaluation. We
completed the low-resolution assessment of the research area by calculating the metrics of
the green area and artificial surface classes (Table 6).

Table 6. Class-level landscape indexes and the change between each data adapted from 1963, 1984,
1997, 2005, and 2014 classifications show the urban fragmentation process in Besiktas.

CA

Year 1963 1984 Change 1984 1997 Change 1997 2005 Change 2005 2014 Change Total Change
Green area 19 58 −39 58 102 44 102 88 −14 88 89 1 70

Artificial surface 46 53 −7 53 21 −32 21 42 21 42 37 −5 −9

PD

Year 1963 1984 Change 1984 1997 Change 1997 2005 Change 2005 2014 Change Total Change
Green area 1.04 3.18 −2.14 3.18 5.6 2.42 5.6 4.82 −0.78 4.82 4.88 0.06 3.84

Artificial surface 2.52 2.91 −0.39 2.91 1.15 −1.76 1.15 2.3 1.15 2.3 2.03 −0.27 −0.49
The results show the increasing fragmentation of green areas and a tendency to transform into small scattered patches in these habitats; however, this increase was not

regular. Besiktas district was known as a land of mulberry in the 1960s (“mulberry shake for 2.5 Lira”). When the Bosporus Bridge was on the agenda in the 1970s,
Besiktas became a focal point in terms of transportation. As the main arteries—such as Barbaros Boulevard and Buyukdere Avenue—pass through the city's centre,

the construction of the Bosporus Bridge already made the central city a knot point. The coastal road, which operated independently from this artery in the past, was
thus linked to the interior. This change was the most crucial reason for the changes observed in 1984. The change in the PD peaked in 1997, due to a similar effect in
1988, which brought the second Bosporus Bridge to the square. The ring road of the bridge neighbouring the district from the north—the Trans-European Motorway

(TEM)—entered Besiktas with the connection of Levent, serving as an element that increased the demand for new constructions. The renewal of all parks in the
Municipality of Besiktas in 2000 helped to decrease the PD in the following period. In this period, the municipality afforested streets and parks, using thousands of

tree seedlings, which can be observed as a partial improvement.

LPI

Year 1963 1984 Change 1984 1997 Change 1997 2005 Change 2005 2014 Change Total Change
Green area 62.81 30.47 32.34 30.47 4.22 −26.25 4.22 6.51 2.29 6.51 7.35 0.84 −55.46

Artificial surface 13.54 41.5 −27.96 41.5 65.44 23.94 65.44 65.19 −0.25 65.19 63.92 −1.27 50.38
The LPI is a highly representative indicator of the proportion of the largest class in the simulated landscape and, at the class level, is considered a parameter reflecting

the abundance of classes [65]. Large patches are essential for maintaining more species. In this context, the LPI is one of the most influential metrics of landscape
fragmentation. When the LPI was examined in the Besiktas landscape, it did not display a regular change. The LPI index decreased from 1963 to 1984, increased from
1984 to 2005, and then decreased again. Tragically, however, the most significant patch belonged to green areas, and artificial surfaces tended to increase regularly. The
increase in aggregation in these areas was expected to have various consequences. Figure 4 indicates that the largest patch in 1963 covered the green areas. In 1984, the
patches started to shrink. After 1997, the largest patch was formed of artificial surfaces, with the aggregation of the western settlements. This largest patch appears to

be growing in the west–east direction.

ED

Year 1963 1984 Change 1984 1997 Change 1997 2005 Change 2005 2014 Change Total Change
Green area 39.43 73.3 −33.87 73.3 69.79 −3.51 69.79 64.23 −5.56 64.23 65.71 1.48 26.28

Artificial surface 39.72 75.82 −36.1 75.82 74.89 −0.93 74.89 66.87 −8.02 66.87 67.75 0.88 28.03
Green areas and artificial surfaces showed increases in edge and contrast. In particular, the tendency to increase edge/contrast in green areas may have led to changes
in microclimatic conditions, due to the differentiation of wind and light intensity. The ED was low due to the large green surface patch, while the rapid ED increase in

1984 spread to the entire Besiktas landscape. It can be seen, from Figure 4, that it reached its highest value in 2005.

LSI

Year 1963 1984 Change 1984 1997 Change 1997 2005 Change 2005 2014 Change Total Change
Green area 6.19 11.85 −5.66 11.85 13.64 1.79 13.64 12.47 −1.17 12.47 12.43 −0.04 6.24

Artificial surface 8.82 12.71 −3.89 12.71 10.92 −1.79 10.92 10.37 −0.55 10.37 10.33 −0.04 1.51
The LSI is another important indicator that reflects the heterogeneity of landscape patches [97]. The patch shape quickly became complex in both artificial surfaces
and green areas after 1984. This transformation indicates that construction of the Bosporus Bridge formed a breaking point regarding shape irregularity. The LSI

values of these two habitats showed an initial upward trend, followed by a decline. Due to the rapid fragmentation, patches with more complicated shapes emerged
in both landscapes. As mentioned above, the decrease was related to the aggregation of artificial surfaces and the afforestation of refuges, streets, and parks. However,

the changes related to the bridges were focused on artificial surfaces in 1984 and on green areas in 1997. This change indicates that the second bridge had a stronger
effect on the geometrical degradation of green areas. According to the settlements, green areas seem to present a more complex shape characteristic due to

fragmentation. Buechner (1989) has suggested that the shape of a patch has a particular effect on the mobility of mammals in the patch [98]. In this sense, an increase
in shape irregularity in green areas may have led to a significant decrease in the number of mammals, especially in woodlands. On the other hand, the fact that there

were many formal irregularities suggests that the core area did not develop in such habitats.
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Table 6. Cont.

AREA_AM

Year 1963 1984 Change 1984 1997 Change 1997 2005 Change 2005 2014 Change Total Change
Green area 1066 375.5 690.5 375.5 44 −331.5 44 56.2 12.2 56.2 58.3 2.1 −1007.7

Artificial surface 131.5 607.4 −475.9 607.4 1159 551.9 1159 1150 −9.3 1150 1127 −23 995.5
The AREA_AM index is essential for representing the degree of aggregation or fragmentation of patches in a spatial manner. According to the simultaneous data,

AREA_AM showed the highest index value in artificial landscapes; that is, artificial landscapes had a more scattered distribution. In green areas, the indices were all
at low levels, indicating that the patches were of smaller size and presented a scattered distribution. While there was an increasing trend in artificial surfaces, green

areas showed a noticeable decline over time. From 1963 to 2014, the AREA_AM values decreased to 58.3 ha in green areas. To the contrary, artificial areas increased to
1127 ha. This change also indicates the dominance of artificial patches, signifying that the artificial landscapes separate green areas and deepen the extent of

fragmentation. Therefore, AREA metrics are also important for providing information about the core area. As it protects them from the adverse effects at the edge, the
core is an important area for plants and animals [99]. The decrease in AREA_AM at the landscape level indicates that the core area also declines. This situation is an

indication of the shrinkage, fragmentation, and even losses of large patches. Rapidly advancing settlements and scattering in settlements can be attributed to the
increased core area of artificial surfaces. Accordingly, the loss of or change in species can be hypothesized, especially in the woodland areas of the Istanbul landscape,

which has significant ecological importance.

ENN_AM

Year 1963 1984 Change 1984 1997 Change 1997 2005 Change 2005 2014 Change Total Change
Green area 61.51 67.6 −6.09 67.6 72.94 5.34 72.94 71.56 −1.38 71.56 77.73 6.17 16.22

Artificial surface 70.23 62.22 8.01 62.22 60.39 −1.83 60.39 60.79 0.4 60.79 61.77 0.98 −8.46
The difference in ENN_AM between patches was considered together with NP and LPI, providing important information about the urban pattern [76]. At the general
landscape level, ENN_AM showed that the distance between similar patches had increased. When examined at the class level, there was an increase in this metric for

green areas and a partial decreasing tendency for artificial surfaces, due aggregation.

SPLIT

Year 1963 1984 Change 1984 1997 Change 1997 2005 Change 2005 2014 Change Total Change
Green area 2.53 10.24 −7.71 10.24 129.9 119.7 129.9 100.44 −29.5 100.44 92.46 −7.98 89.93

Artificial surface 42.86 5.7 37.16 5.7 2.33 −3.37 2.33 2.35 0.02 2.35 2.45 0.1 −40.41
For artificial surfaces, SPLIT presented a steady decline; meanwhile, in green areas, it showed a rapid increase until 1997 and a partial decrease afterwards. The SPLIT

values provide further proof that the focal patch type in green areas gradually decreased and was divided into smaller patches. In artificial areas, the opposite
phenomenon was observed.

AI

Year 1963 1984 Change 1984 1997 Change 1997 2005 Change 2005 2014 Change Total Change
Green area 95.53 88.79 6.74 88.79 84.04 −4.75 84.04 85.66 1.62 85.66 85.99 0.33 −9.54

Artificial surface 90.21 88.5 1.71 88.5 91.42 2.92 91.42 91.92 0.5 91.92 91.85 −0.07 1.64
The AI is an indicator that depicts the degree of aggregation of patches in the landscape [100]. As indicated by the index values examined earlier, it tended to decrease
in green areas and increase in artificial surfaces—a sign of loss in green areas and gradual gathering and granular dispersion of artificial surfaces. As mentioned above,

these (increasing/decreasing) tendencies were not regular. The spatial variation of the AI was similar to that of the LPI (see Figure 4), as the growth of patches
increases the AI.

By evaluating the metrics at low-resolution level of selected classes within a time-series
perspective, we can conclude that the green areas have lost their holistic structure over time,
splitting into small units which move away from each other. As a result, they transformed
into a complex configuration structure with weakened habitat quality. On the other hand,
while the artificial surfaces primarily presented a dispersed and heterogeneous structure,
over time, they became closer and formed clusters. This alteration reflects the scattered
structure, increased heterogeneity, and disorganized structure of the landscape until 1984.
Later, shaping, clustering, and diversity indices reflected a recovery.

The domination of artificial surfaces over the landscape led to the fragmentation of
green areas between 1983 and 1997. The construction of Bosporus bridges (one built in 1973
and the other in 1988) and ring roads was the main reason for this disruption. Determining
similar spatial transformations with an interim of 14 years is crucial in modelling the
impacts of such constructions on the landscape. In particular, through the use of moving
window analysis, spatial evaluations were possible, providing us with the means to deter-
mine the fragile areas affected by urbanization. These findings comprise essential clues
regarding effective landscape analysis method.

3.2. Relationship between Landscape Metrics and PM10 Concentartion

Next, we calculated the individual correlations between PM10 and landscape-level
landscape metrics over the research area. As the PM10 measurements were carried out
in 2014, the variation between the metric values obtained until 2014 was considered, in
order to ensure that the data were comparable. The measured values were generalized and
mapped using the inverse distance-weighted (IDW) interpolation method (Table 7).

111



Sustainability 2022, 14, 16030

Table 7. Spearman’s coefficient analysis and Pearson correlation analysis results and TWA map
created by the IDW interpolation method.

Spearmen’s Coefficient Analysis Pearson’s Correlation Analysis
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Studies have shown that the quality (e.g., biomass, species diversity), size, and shape
of green areas affect the PM level. The penetration of vegetation into artificial surfaces in
the urban area can facilitate the absorption of particulate matter. The connectivity of the
green system also has an important effect on PM concentration [52,101,102].

The landscapes of Besiktas changed rapidly during the period 1963–2014. The associ-
ated changes degraded the quality of habitats by causing fragmentation and environmental
changes. Therefore, we performed correlation analysis between landscape-level metric
values in the relevant metric maps and PM10 concentration, measured at test points.

Aggregation significantly affected the PM10 level, mainly in residential areas. Consid-
ering that the clusters were more abundant in artificial areas, it can be stated that excess
clustering on artificial surfaces significantly affects the PM10 exposure level. This results in
an increase in clusters on artificial surfaces, which may indicate a decrease in ventilation
within the city [103]. PM10 has been positively correlated with artificial surfaces in previous
studies [104,105].

A more heterogeneous and uneven landscape distribution decreases the PM concen-
tration. SHEI—one of the general landscape metrics—presented a significant negative
relationship with the PM10. The SHEI reflects the landscape heterogeneity of patches and is
sensitive to the distribution of patches. High values of this index indicate dispersed land-
scapes. When the landscape is better distributed, the relationship between each land-use
type and the interaction between the sink and source landscapes will be closer, further
reducing PM pollution [106].

The results show that a high PD and a high ED were associated with much higher
PM10 exposure levels than in less dense and less developed areas. Based on this analysis,
we can conclude that landscape metrics are helpful in not only predicting the quality of
habitats, but also in estimating the PM10 levels and the combination of both parameters,
being indicative of urban health.

In the correlation analysis, moderate correlations were observed for the LPI, the AI,
and the PD, and near-moderate correlations with the ED, the SHEI, and the SHDI. Based
on these significant relationships, in the next step, comments are developed regarding
the relationship between the habitat quality and the PM10 of cultural landscape classes
obtained from high-resolution satellite imagery.

3.3. High-Resolution Landscape Characterization of Cultural Landscapes

Through a comprehensive literature review, we compiled species that are likely to
live in the research area under normal conditions, included in five fauna groups (birds,
small mammals, small butterflies, reptiles, and amphibians), which can indicate the effects
on urban habitats [32,33]. In the next step, indicator species of habitats were identified
among these listed species. The identified species were observed at 19 test points in
field surveys, conducted randomly over two years to obtain representative results for
all four seasons, and were associated with habitats in terms of criteria such as shelter,
nutrition, and reproduction. Based on this relationship, the green area and artificial surface
layers obtained from the high-resolution Pleiades satellite imagery were divided into
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cultural landscape classes (Figures 5 and 6). The green areas were divided into ten cultural
landscapes (garden, openness in garden, grove, openness in grove, cemetery, openness in
cemetery, park, openness in park, roadside green area, and openness in roadside green
area). These landscapes were manually classified by overlaying the green area layer with
the Pleiades satellite imagery (Figure 5).
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As a result, a cultural landscape map of the research area was obtained by combining
the layers obtained for the green areas and artificial surfaces. Furthermore, during the
classification process, the habitat requirements of indicator fauna groups were considered
(Figure 7).

A unique classification system which focuses on the habitats offered by the urban
landscape was chosen. The fact that this unique classification system was taken as a basis
while interpreting the unit-corridor matrix relations served as a guide in interpreting the
pattern–function relations and priorities.

3.4. Pattern Analysis and Functional Findings of Cultural Landscapes

The 14 cultural landscape classes obtained were subjected to pattern analysis through
the use of class-level metrics, and evaluated according to the main landscape functions
they reflect (Figure 8).

The PLAND values for determining cultural landscape types indicated that the water
surfaces were negligible, the green areas only covered an area of 38.3%, and the artificial
surfaces were dominant, with a proportion of 61.65%. These findings demonstrate the
impact of urbanization. Among the green areas, gardens had the most significant percent-
age, while groves had a critical portion. These indicators reveal the classes that should be
focused on in landscape planning and management processes. Roads were the class that
occupied the most space. The fact that the associated LPI value was also high indicates that
this class dominates the landscape in large part.
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The cultural landscape classes obtained by considering the indicator fauna groups on
the high-resolution satellite image were also evaluated, according to their main landscape
functions. We interpreted the findings of the high-resolution analysis regarding the land-
scape structure in detail, considering the outputs of Aksu and Küçük (2020) on the biotope
quality of the research area [19].

Building (1): In urban landscapes, buildings are spatial components that dominate
the landscape. In the research area, the spatial distribution of roof surfaces had a ratio of
21.39% (Figure 8). The fact that the NP value was very high, although they covered the
surface of the research area at a high rate, shows that small but many units were distributed
over the entire area. However, the relatively high TCA and ED values also show that this
class is concentrated with holistic structure in certain areas, despite its configuration. The
low ENN_AM value also supports this finding. The concentration of buildings which
appear as the characteristic structures of many urban landscapes and compete with green
spaces reveals the necessity of considering buildings from a different perspective. In the
research area, where artificial surfaces dominate the green areas, and in areas with a similar
urbanization process, it can be seen how essential the functions of creating habitats and
harmonizing the buildings with their environmental potential are. Depending on the floor
height, the formation of an artificial topography in the structured urban environment draws
attention as the main factor triggering this aspect.
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On the other hand, the buildings that dominate the urban ecosystem, as in the research
area, should be evaluated in terms of their functional features. For example, they could be
used for water regime regulation, eliminating problems related to urban topography, and
creating habitats for some living species (e.g., bats, swallows, seagulls, sparrows, crows,
reptiles, and so on). Therefore, we can evaluate buildings as components of the urban
ecosystem. They may benefit from their existing sustainable potentials (e.g., solar/wind
energy harvesting and passive ventilation/lighting systems). Moreover, they may either
provide or keep away structures that contribute to climate change (e.g., supporting energy
efficiency, preferring green roof-facade systems, and/or smart materials). Although build-
ings are perceived as disruptive elements of the urban ecosystem, as they create artificial
surfaces, they can constitute a shelter and breeding place for many species through simple
measures to be taken on the roof and facade surfaces. Considering all of these features,
building surfaces should be perceived as important biotopes, and their contribution to the
landscape function should be focused on.

Road (2): Road networks are considered a separate class as they constitute a barrier
due to their linear structure and have a disintegrating effect on habitats [61]. In the research
area, roads were the most dominant class, in terms of the area they covered. Their linear
structures play a dominant role in the landscape pattern of the research area. Roads with
high ED, TCA, LPI, and LSI values are expected to exhibit a near-geometric character,
considering their linear structure. On the other hand, these structures, which may move
away from geometry, show how dominant they are in the landscape structure. The low
ENN_AM value also supports this finding. Roads close to each other may intersect at many
nodules, forming an integrated and complex grid structure.

As the primary factor in the fragmentation of green areas, roads also affect many
processes in the urban ecosystem. Due to the insufficient infiltration capacity of the artificial
surfaces that dominate the research area, the precipitated water that passes to surface runoff
may follow the linear road networks. Again, due to the structure exhibiting continuity
along this line, wind flows are artificially directed, thus forming wind corridors. Heavy
metals, engine oil, fuel residues, and substances that change pH values (e.g., salting carried
out to prevent icing, especially in winter) can accumulate on roads, adversely affecting
many landscape functions. Road networks, together with other artificial surfaces, can
trigger the formation of urban heat islands. They also carry pollutants, which combine
with precipitated water that passes as the surface runoff along the line, thus negatively
affecting neighboring habitats. As road networks have a key impact on essential cycles in
the urban ecosystem, they should be handled and planned keeping such factors in mind.

Firm Ground (3): Firm ground is typically located as a transition zone between build-
ings and green areas. For this reason, their spatial and structural features are important. The
artificial topography, which is formed depending on the building density, causes the for-
mation of micro-climatic conditions such as wind shadow corridors and increased surface
runoff (due to high slope degrees), which are specific to the urban environment [19]. The
increase in impermeable firm ground, which generally affects ecological cycles in a negative
way, can prevent precipitated water from meeting with the soil, causing many problems
due to surface runoff and wasted productive water. Due to these critical properties, hard
ground was also included in the classification. It was found that this class—which ranked
third in terms of area size—was represented by many units. The fact that the LSI value was
the furthest from the geometric indicated that the hard ground presented an organic form.
However, it was the class with the highest TE and lowest LPI and TCA values, indicating
that the units belonging to the class did not exhibit a holistic character. Therefore, in order
to interpret the organic shape structure of the firm ground class areas, it is necessary to
focus on the character of the classes to which they are adjacent.

Roadside Green Area (4): In the urban ecosystem, roadside green areas are elements
accompanying roads that encourage the fragmentation process, in the form of dissection
with their linear structures [61,107]. These features connect green areas in clusters or
units. The green texture of roadside green areas differs in terms of the species it contains,
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dependent on the presence of herbaceous or woody vegetation. For this reason, openness
in these areas is considered as a different class. The main factors that negatively affect the
vitality and diversity of roadside green areas are gas emissions, wind-shadow canyons, and
the selection of wrong plant species for plantations. The woody texture in these areas is
vital for flying species such as birds, butterflies, and bats, but can be dangerous for species
belonging to other indicator groups, as they accompany the roads. Although they play
critical functional roles, when their metric values were examined, it was found that they
did not gain an integrated and dominant structure in the manner that roads did. The main
reason for this problem was that, compared to the PLAND of roads (22.95%), only 3.85% of
the total area consisted of roadside green areas. Together with relatively low TCA, ED, and
LPI values, the ENN_AM value was approximately three times that of the road class value,
indicating that roadside green areas are insufficient in this urban landscape. Considering
that they play an important role as a buffer between green areas and artificial surfaces, in
terms of landscape functions and the prevention of deterioration in many functional flows,
it is clear that they are essential in the urban ecosystem.

Openings in Roadside Green Areas (5): This biotope is especially important for small
butterflies which need openings to live. Many butterfly species could be observed, es-
pecially in the roadside green areas where flowering mixed herbaceous vegetation was
formed.

Garden (6): Building gardens are important landscapes that act as a buffer between
buildings and their environment, ameliorating the disintegrating effect of buildings. This
class includes the woody green tissue that forms the immediate surroundings of buildings.
This texture is especially suitable for small birds, such as robins and sparrows, and can
offer habitat and shelter to reptiles and small mammals. In the research area, garden was
the green area class with the highest coverage (13.28%). However, although it covered
more area than groves, it was found that this class consisted of many small units with low
LPI and TCA and high NP and TE values. In addition, the fact that the LSI value was
higher than that of the groves indicated a fragmented structure, rather than exhibiting a
more natural structure; the ENN_AM value was also higher than that of the grove units,
supporting this fragmented structure.

The plant species preferred in the building gardens determine the animal species that
can benefit from that green area. As a result of landscape design implementations, exotic
species were commonly encountered along with natural plant species in gardens. Although
this situation leads to various problems, it is effective in increasing biological diversity.

Openings in Gardens (7): Herbaceous vegetation and soil areas near buildings are
included in this class. This cultural landscape is vital as a home for reptiles such as tortoises,
mammals such as rabbits, and small butterflies [19,108].

Grove (8): Groves can host all indicator animal groups, depending on their vegetative
diversity, and have high potential for biodiversity [19,109]. They constitute the centers of
the green system in urban areas that are in an intensive spatial transformation process. Their
protection and development within the urban green system are crucial for the continuity of
the whole system. In the research area, groves presented a rate of 10.94%.

The fact that this was the class with the highest TCA value in the research area makes
the groves the only alternative for those species that distinguish between edge and core
habitats to live in the urban environment. With their qualified core and edge habitats and a
wide variety of natural and exotic woody plants, groves are home to many living things
in the urban environment. Their holistic nature also enables them to play a dominant
and essential role in the green network. The fact that the ENN_AM value was also low is
another indicator of the holistic structure of the groves within the research area. Therefore,
the development of this class is important to continue the urban ecosystem, in terms of
quality and quantity. Regulations effective with respect to the water regime and climatic
conditions, improving air quality, and protecting and developing biodiversity, should be
included in planning and management processes.
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Openings in Groves (9): Although groves generally have tree-dominated dense woody
vegetation, there are also open areas, covered with herbaceous vegetation or soil surface.
These openings constitute an ideal living environment for creatures that need more light to
live and increase the biodiversity of groves. Therefore, it is appropriate to consider them as
a separate class as they differ in these features.

Water Surface (10): Water surfaces are vital for all living things in the urban ecosystem
and indispensable for many species as a habitat. However, it was determined that the water
surfaces in the research area were very few and insufficient, in terms of quality. Although
the PLAND ratio of water surfaces was the lowest, the high NP and ENN_AM values and
low AI values indicate that the water surfaces in the study area were typically represented
as small disconnected units. According to the experience gained from field studies, most of
these small water surfaces are swimming pools that are cleaned with chemicals. Therefore,
the water surfaces, which were already insufficient in terms of area, are also weak in terms
of quality. This situation constitutes a problem that disrupts the continuity of the urban
ecosystem and, in this respect, urgently needs to be addressed.

Park (11): Park areas are the class representing woody vegetation in public areas
under the responsibility of the metropolitan municipality or district municipality. In these
areas, where intensive use is generally seen, species that have adapted to human life attract
attention. Considering the PLAND value, when the edge–core area relations (TE and TCA)
and LPI values (third place) of the parks were examined, we found that they can constitute
a stepping stone between the block units formed by groves and gardens. For this reason,
it is essential to manage the design and arrangement processes of parks in the research
area with this awareness. The connector positions of parks in the green network should be
considered both in the selection of plant species and in the design of artificial surfaces.

Openings in Parks (12): This class includes openings within park areas covered with
herbaceous vegetation or soil cover. Although these openings are not expected to serve
timid species in park areas where human utilization is intense, they are considered a
separate class, allowing specific species that have adapted to human activities and which
need openings to live.

Cemetery (13): Cemeteries are areas where physical interventions such as pesticides
and pruning are made at a minimum level. In addition, as they are not exposed to intense
human use, they constitute a quiet environment. In this respect, they are important habitats
for relatively timid species that cannot find shelter in other urban biotopes. The age of
a cemetery is essential, in terms of the vegetation quality. While old cemeteries host old
trees, the vegetation of new cemeteries consists mainly of bushes or young trees with lean
structures. As such, no species that need tree hollows to shelter in were observed in new
cemeteries.

However, ancient cemeteries may serve as a stepping stone for many species, especially
between groves and other biotopes. All the cemeteries in the research area were areas with
a certain age of tree texture. Although they are ecologically precious areas, they constitute
a small percentage in the research area (0.76%). Therefore, when examined in terms of
PLAND, NP, and ENN_AM values, cemeteries should be considered in terms of providing
shelter to different species with the integrated units they form, even though they cannot be
considered in a connective position within the landscape structure.

Openings in Cemeteries (14): Openings with herbaceous vegetation or soil-covered
surfaces in cemeteries are considered a separate class, as they have different characteristics
appealing to different species.

3.5. PM10 Concentration and Habitat Relations

The fact that the NP-dependent PD value, which is positively correlated with PM10,
was high for the building and firm ground classes indicates that hardscapes play an essential
role in controlling the particulate matter density in the urban ecosystem. The choice of
green systems or smart materials with the ability to absorb pollutants, especially as roof
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and facade materials, can significantly contribute to balancing the PM concentration in the
entire urban landscape.

Considering the negative correlation between the AI and PM10—which we interpret as
decreasing PM while clustering increases—the high AI values in groves and roadside green
areas indicate how vital these green areas are in the urban ecosystem. Preserving the holistic
structure of groves is extremely important, in terms of habitat quality and biodiversity
protection. Therefore, the high aggregation index value of this class is promising. Roadside
green areas can potentially curb the adverse effects of roads which suppress the urban
ecosystem in terms of pollutants such as noise, emissions, and PM. It is crucial for the
units belonging to these areas to be clustered and gain a continuous structure as much as
possible, in order to be linearly effective.

The results of this research informed us that the ecological indicator–landscape struc-
ture relationship, which provides inferences, contains important clues regarding the urban
ecosystem. Furthermore, we determined that PM is significantly correlated with metrics
that are indicators of landscape structure. For this reason, looking at the relationship
between PM and metric values obtained from high-resolution satellite imagery and/or de-
tailed DEM data in future research is expected to enable more detailed interpretations [110].

4. Conclusions

In metropolitan areas such as Istanbul, where the urbanization pressure is intense,
research is of vital importance to ensure the continuity of the urban ecosystem. Landscape
plans should focus on ecosystem relations and the inclusion of implementation strategies,
thus guiding development plans within the sustainability framework. In areas where
rapid transformation processes are experienced, it is necessary to produce comprehensive,
practical, and up-to-date data on the deterioration/transformation rates. In this sense, the
landscape structure, which can be evaluated at wide scale through the use of RS and GIS
technologies, provides important clues for the urban ecosystem. Furthermore, the spatial
arrangement and structure can be used as indicators, in terms of landscape functions.

In the first stage, we revealed and interpreted the change trends of green areas and
artificial surfaces over a 51-year period using freely accessible Landsat (Corona for 1963)
satellite imagery with medium-level resolution. After this general evaluation, we examined
the spatial relationships of cultural landscapes that shape the urban ecosystem in more
detail, using high-resolution Pleiades satellite images. In addition, we measured the PM10
concentration (in 2014) at 50 test points representing different cultural landscapes in the
research area. Finally, we interpreted the results by comparing them with the general
and detailed data obtained for the landscape structure. We also analyzed the correlations
between PM10 and landscape-level landscape metrics.

The most striking results achieved in this comprehensive and multi-component study
are summarized below:

• The two-stage landscape pattern evaluation method, based on the temporal–spatial
findings related to the landscape structure of the research area, enabled the interpreta-
tion of the spatial arrangement of landscape classes on a more detailed scale and the
determination of administrative priorities regarding landscape functions.

• An interpretation of the relationships between landscape structure, particulate matter
concentration, and habitat quality provided essential findings for the urban ecosystem.

• Results from the low-resolution data revealed significant correlations between particu-
late matter concentration and landscape structure indices. Examining these relation-
ships at more detailed scales can significantly contribute to the evaluation of important
components, such as habitat quality, biodiversity, and microclimatic relationships in
the urban ecosystem.

• Assessing the landscape structure through a detailed holistic approach ensures that the
habitat relationships can be evaluated more accurately and comprehensively. Different
resolution RS data (satellite images and orthophotos) available on a wide scale facilitate
such an evaluation.
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• The research was productive in creating an ecological basis within a short time, which
is extremely important for the evaluation and management of urban landscapes
experiencing a rapid transformation process.

• Associating cultural landscape types with the living environments of indicator species
enabled us to establish a bridge between landscape structure and important factors
for landscape function, such as water cycle, pollutants, and climate. In this way, the
landscape structure could be evaluated as an indicator of landscape functions.

• An alternative model was created, in order to associate species–habitat relations, by
looking at landscape structure–ecological indicator interactions.

• We revealed a holistic view of the spatial transformation processes in urban landscapes,
which have dynamic drivers at the local, regional, national, and international levels
that serve to accelerate urbanization. Such an assessment is crucial for ensuring the
sustainability of the urban ecosystem and presenting a model for similar landscapes.
Moreover, the proposed framework allows lead landscape planners and managers to
better assess cause–effect relationships.

Author Contributions: Conceptualization, G.A.A.; methodology, G.A.A., Ş.T. and N.M.; software,
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18. Aksu, G.A.; Musaoğlu, N.; Uzun, A. An auxiliary tool for landscape evaluation Ecological risk analysis based on analytic
hierarchy process. Fresenius Environ. Bull. 2017, 26, 84–92.

19. Aksu, G.A.; Küçük, N. Evaluation of urban topography–biotope–population density relations for Istanbul–Besiktas urban
landscape using AHP. Environ. Dev. Sustain. 2020, 22, 733–758. [CrossRef]
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Abstract: With the march of global urbanization, there are looming problems including environmental
degradation and remediation all over the world. In this case, urban green development is the key to
overcoming climate crisis, biodiversity loss and pollution. In this paper, a three-stage DEA model
was employed to study the urban green development efficiency (GDE), with cities in the Yangtze
River Delta (YRD) as the object. In the study, the regional economic foundation, urbanization level,
industrial structure and government planning were used as external environmental variables, and
the impact of objective external environmental factors was tested empirically, thereby eliminating the
adverse environmental impact and statistical noise to obtain more truthful GDE. According to the
results, first, the influence of external environmental factors and stochastic disturbance on GDE was
effectively removed by virtue of the three-stage DEA model, and the GDE of the YRD was measured
in a true and objective manner. The GDE of the YRD in Stage III was notably higher than that in
Stage I since the GDE in Stage I was underestimated under the influence of objective environmental
variables. Second, the GDE level showed heterogeneity in different cities, which behaved better in
coastal and southeastern regions than in central, western and northern regions. Third, regarding the
impact of external environmental variables, the GDE was enhanced by increasing the proportion of
the tertiary industry and the green area of built districts but weakened when the area of built districts
(ABD) reflecting urban construction was expanded. The index gross regional product (GRP) reflects
local economic development level, the impact of which on GDE was not determined in this paper.
As a consequence, in the process of urban development, it is suggested to focus on the innovation
and application of green technology, upgrade the industrial structure, cultivate green talents, and
formulate reasonable green transformation policies.

Keywords: urban green development efficiency; Yangtze River Delta; three-stage DEA analysis;
China

1. Introduction

As the global economy develops, the scale of cities has continued to expand and the
urban population has risen sharply, impacting the environment in many aspects. The area
of cities only accounts for 3% of the world’s land, and cities contribute 80% of the gross
world product (GWP) at the expense of 70% of the world’s resources and 75% of the global
greenhouse gas emissions [1,2]. With global urbanization, human beings consumed natural
resources and energy over the past 100 years, reaching an unprecedented level in human
history. Accordingly, resource consumption and greenhouse gas emissions have sharply
deteriorated the global ecological environment. Moreover, urban environmental problems
are no longer limited to cities, but environmental problems involving all regions and all
countries. As Anwarul K. Chowdhury, the Chairman of the Global Forum on Human
Settlements (GFHS) and former Deputy Secretary-General and High Representative of the
United Nations, said, “The world is undergoing a process of urbanization, and a new urban
age has come. It is conceivable that the global urbanization level will be as high as 70% in
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the next 40 years. Sustainable urban development is one of the most serious challenges for
human society in the 21st century. As a growing number of people settle in cities, cities will
face the greatest challenges in the world at all levels, so concerted efforts and sincere coop-
eration are required from all over the world”. On 18 November 2021, the United Nations
Environment Program (UNEP) and UN-Habitat jointly released the Global Environment
Outlook for Cities report, calling for urgent action to achieve net-zero recycling cities that
are resilient, sustainable, inclusive and equitable, thus providing feasible solutions for
the construction of environmentally friendly and green cities. Urban green development
is the key to overcoming climate crisis, biodiversity loss and pollution, and it is also an
important way to build urban ecological civilization and promote economic transformation
by improving the green development level [3]. Not only is green development an idea
describing a green environment from all aspects, but it also puts a premium on coordinated
economic, social and environmental development, which is a comprehensive model aiming
at efficiency, development and sustainability [4]. The economic vitality, innovation and
competitiveness serving high-quality urban development are closely linked to green devel-
opment. In the absence of green development, economic development will lose driving
force and vitality, and similarly, there will be a lack of foundation and support concerning
innovation and competitiveness [5].

The green development level can be measured by two main methods including the
comprehensive index system and green development efficiency (GDE). For the first method,
the regional green development status is evaluated by constructing an index system. Zhang
et al. (2021) established an index system to measure the GDE in the Yangtze River Delta
(YRD) on the strength of four dimensions: social development, economic development,
energy consumption and ecological environment. Yang et al. (2019) evaluated the green
development of resource-based cities in China and found that the green development
level in the east of China was higher than that in the west [6]. The second method is
usually realized by parametric stochastic frontier analysis (SFA) and nonparametric data
envelopment analysis (DEA)) [7]. SFA is commonly applied to a single output scenario and
requires the estimation of specific functional forms, but incorrect results may be caused
by an incorrect functional form [8,9]. As a linear programming technique, DEA is widely
used in the evaluation of the relative efficiency of homogeneous decision-making units,
especially for multiple input-output scenarios [10–12]. Hence, there are an increasing
number of scholars using DEA and its extended models to evaluate regional GDE. For
instance, Wu et al. (2020) analyzed the GDE of 30 provinces in China in 2015 using a
multi-objective DEA model from the perspective of resource allocation [13]. According to
the annual cross-sectional data of different regions, Yang et al. (2015) employed the super-
efficiency DEA model and the Malmquist index model to calculate the GDE of 31 regions
in China during 2008–2012 [14].

Notwithstanding, environmental variables and statistical noise bring about consid-
erable impacts in the traditional DEA, so the estimation of results may be biased and
inaccurate [15]. In order to solve this problem, Fried et al. proposed a three-stage DEA
model, that is, after calculating the efficiency value with the traditional DEA, the changes
in the environment, statistical noise and management efficiency were analyzed with the
help of the SFA model, the original input variables were adjusted, and then a second DEA
calculation was performed to obtain the real efficiency value [16,17]. The three-stage DEA
model has been applied by many scholars to calculate the efficiency of different subjects
in different fields, and the results obtained are superior to those obtained through the
traditional DEA model [18–20]. At present, there is still little information on GDE at the
city level in a region since GDE is calculated using the traditional DEA in most of the
existing studies.

To fill this gap, in this paper, based on the three-stage DEA model, cities in the YRD
were selected as the object of the study. In the study, the regional economic foundation,
urbanization level, industrial structure and government planning were served as external
environmental variables, and the impact of objective external environmental factors was
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tested empirically, thereby eliminating environmental factors and statistical noise to obtain
a more truthful GDE, as well as policy suggestions for improving the urban environment.
The other parts of the paper are organized as follows: The second part contains the scope
of the study, variable selection and description, and computation model description. The
GDE calculation is conducted in the third part, and further discussion on the results is
revealed in the fourth part. Finally, the conclusions are summarized, and some suggestions
and implications for the sustainable ecological development of cities in the future are
put forward.

2. Materials and Methods
2.1. Scope of Study

China is a developing country with the largest energy consumption and carbon dioxide
emissions in the world, where sustainable urban development faces severe challenges.
Benefited from the policy dividends of reform and opening up and the high attention of
the State, the YRD is one of the regions with the most active economic development, the
highest degree of openness, and the strongest innovation capability in China, which holds
a pivotal strategic position in the national modernization and all-round opening-up pattern.
According to the Outline of the Integrated Regional Development of the YRD approved
by the State Council in 2019, the YRD covers an area of 358,000 km2, including Shanghai
municipality and three provinces, i.e., Jiangsu, Zhejiang, and Anhui provinces, as shown
in Figure 1.
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2.2. Variable Selection and Description

The GDE indexes shall be selected in accordance with the connotation of GDE. Based on
previous studies, in this paper, GDE was defined as a fact that the maximum economic and
social benefits are obtained with the minimum factor input and the minimum environmental
output, so as to achieve a win–win situation of “economy–society–ecology”. Comparatively,
this definition better reflects the connotation of the social level than the previous definitions,
which is completely consistent with the concept of urban green development.

For input indexes, the general input factors mainly include capital, labor, resources and
technology [15,18]. Referring to the multilayer evaluation indexes on urban development
systems of Feng and Xu (1999), Su et al. (2019), Zhang et al. (2021) [21–23], the investment
in fixed assets (IFA) represents the capital input factor, the employment in the management
of water conservancy and environment (EMWCE) indicates the elements of labor input,
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the annual electricity consumption (AEC) of the entire society stands for the input of
energy factors, and the expenditure for education, science and technology (EEST) denotes
the technical input factors. According to relevant study results and the availability of
data, the total retail sales of consumer goods (TRSCG) were used as the desired output to
represent the economic and social levels of a city. The volume of industrial wastewater
discharged (VIWD) and volume of industry sulfur dioxide produced (VISDP) were selected
to comprehensively investigate the environmental pollution factors.

Environmental variables in this study refer to factors that can affect GDE but cannot
be controlled or changed by samples subjectively [24,25]. In this paper, the indexes gross
regional product (GRP) [26], area of built districts (ABD) [22], the tertiary industry as a
percentage of GRP (TIP) [27] and green covered area of complete area (GCA) [28] were
selected as the environmental variables to indicate the economic development, urban
construction, industrial structure and government planning, respectively.

With 41 cities in the YRD as the object of the study, the GDE there during 2009–2018
was evaluated, and corresponding data were obtained from the China Statistical Yearbook,
China City Statistical Yearbook and official websites of the Bureau of Statistics of various
cities. Table 1 presents the evaluation index system, where four inputs, three desirable
outputs and four environmental variables are listed, and descriptive statistics of the selected
data are exhibited in Table 2.

Table 1. Evaluation index system of GDE.

Variable No. Index Unit

Input Variables

I1 AEC 10,000 kwh
I2 IFA 10,000 yuan
I3 EEST 10,000 yuan
I4 EMWCE person

Output Variables
O1 VIWD 10,000 tons
O2 VISDP ton
O3 TRSCG 10,000 yuan

Environmental Variables

E1 GRP 10,000 yuan
E2 ABD sq. km
E3 TIP %
E4 GCA hectare

Source: Authors’ work.

Table 2. Descriptive statistics.

Variable Number Mean Value Standard
Deviation Min. Max.

I1 410 1,828,000 3,031,000 67,166 31,820,000
I2 410 21,730,000 18,060,000 2,352,000 112,400,000
I3 410 1,022,000 1,572,000 64,104 13,440,000
I4 410 9873 12,761 455 93,600
O1 410 11,624 13,123 486 80,468
O2 410 43,067 45,387 1407 496,377
O3 410 13,540,000 16,900,000 791,784 126,700,000
E1 410 35,780,000 44,200,000 1,331,000 326,800,000
E2 410 176.5 186.4 31 1238
E3 410 0.42 0.0825 0.234 0.793
E4 410 7925 10,934 1256 139,427

Source: Authors’ work.

For indexes of desirable output, environmental factors are always considered unde-
sirable outputs [7]. Given that the outputs of the DEA model are generally desirable, it is
unreasonable to select the three-stage DEA method when environmental pollutants are
undesirable outputs. Some scholars treat undesirable outputs as inputs [29,30], which
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only requires information on whether the data should be minimized or maximized but
cannot reflect the real production process. Therefore, the above-required indexes should
be converted accordingly. The data conversion function processing method is an ideal
efficiency evaluation method proposed by Seiford and Zhu (2002), containing negative
output, linear and nonlinear data conversion and other types. In this study, the method
was specially selected for data conversion of the environmental pollutant indexes. The
specific formula is Yi = −Yi + D, where D represents a very large vector to ensure that all
converted output data are positive. Referring to the existing study results, the C value was
set to 1.1 times the maximum value in the sample area.

Under the application conditions of the DEA model, the pollution emission index was
transformed and processed. The industrial wastewater and sulfur dioxide emissions were
reduced to a comprehensive index, and the pollution index was converted by the data
conversion function processing method. The linear data conversion method for reinforcing
the environmental pollutants after conversion can reasonably solve the problem of the
undesirable outputs in the three-stage DEA model for efficiency evaluation, effectively
maintaining the convex and linear relationship.

2.3. Computation Model Description

Leveraging the three-stage DEA model, the true GDE was calculated as per the
steps below:

Stage I: The traditional DEA model was applied. Charnes, Cooper and Rhodes
introduced a DEA method, also called the CCR model, to calculate the relative effectiveness
of decision-making units (DMUs) under constant returns to scale [12]. Later, Banker,
Charnes and Cooper decomposed the comprehensive technical efficiency in the CCR model
into PTE (pure technical efficiency) and SE (scale efficiency) which have been used to
measure the effectiveness of DMUs under variable returns to scale, also known as the BCC
model [31]. This paper employed the BCC model to estimate the initial effectiveness of
41 cities in the study area, and the calculation process is expressed as follows:

min
θ,λ

=
[
θ −

(
ets− + ets+

)]
(1)

n

∑
k=1

λiyrk − s+ = y0k (2)

n

∑
k=1

λiyrk + s− = θx0k (3)

where i = 1, 2, . . . , m and r = 1, 2, . . . , s. n indicates the number of measuring units,
m represents the number of input indexes and s denotes the number of output indexes.
xik (i = 1, 2 , . . . , m) refers to the ith input element of the kth measuring unit,
yrk (r = 1, 2 , . . . , s) stands for the rth output element of the kth measuring unit and θ
indicates the valid value of DMUs. If θ = 1 and s+ = s− = 0, the measuring unit is of
DEA efficiency; if θ = 1 and s+ 6= s− 6= 0, the measuring unit is of weak DEA efficiency;
if θ < 1, the measuring unit is of non-DEA efficiency.

Stage II: In the second stage, the input slacks in Stage I were decomposed with the
SFA model for eliminating the influence of uncontrollable effects on efficiency. It was a
regression equation with input slacks as the explained variable and environmental variables
as the explanatory variable [32]. Input slack refers to the difference between the input of the
ith measuring unit and the optimal efficiency of a certain actual input in Stage I. According
to the study by Fried et al. (2002), the input slacks in Stage I was decomposed into three
components including the influence of environmental effects, managerial inefficiencies,
and stochastic disturbance. In the case of n DMUs, every DMU contains p observable
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environmental variables Zi =
[

Z1i , . . . Zpi
]
. Input slacks can be decomposed into the

following form:
sik = f i

(
zk; βi

)
+ vik + uik (4)

where is the slack value for the ith input of the kth DMU and f i(zk ; βi) marks the envi-
ronmental effects, which is denoted as f i(zk ; βi) = zk × βi. vik + uik stands for the mixed
error term, vik is the stochastic error term, and µik refers to the managerial inefficiency.
If vik ∼ N (0 , θ2

vi), vik ∼ N+ (ui , σ2
ui), vik and uik are independent of each other.

γ = σ2
ui/(σ

2
ui + σ2

vi) is defined. When γ tends to 1, the influence of managerial factors
is dominant, and when γ tends to 0, the difference in efficiency is mainly attributed to
stochastic disturbance.

To adjust the measuring unit to the same external environment and stochastic factor
state based on the most effective measuring unit, the unknown parameters were estimated
by the maximum likelihood method, and then the original input was adjusted according to
the formula below.

∧
xik = xik +

[
maxk

{
zk

∧
βi

}
− zk

∧
βi

]
+
[
maxk

{ ∧
vik

}
− ∧

vik

]
(5)

i = 1, 2, . . . , m; k = 1, 2, . . . , n;

where x̂ik is the adjusted input variable, and xik is the original input variable. The first
square bracket indicates that the environment of DMU is adjusted to the same level, and
the second indicates that the statistical noise of DMU is adjusted to the same situation.
According to the above formula, statistical noise and managerial inefficiency shall be
separated first. The statistical noise condition was estimated as:

∧
E[vik|vik + uik ] = sik − zk

∧
βi−

∧
E[uik|vik + uik ] (6)

Fried et al. (2002) failed to provide an estimation formula for management inefficiency,
but recommended the formula proposed by Jondrow et al. (1982), i.e., Ê [uik | vik + uik], to
estimate the managerial inefficiency. However, the estimation formula by Jondrow et al.
(1982) was based on the stochastic frontier production function, and the DEA model by
Fried et al. (2002) was on the basis of the stochastic frontier cost function [33]. Some
scholars failed to notice this point and misused the formula, resulting in low credibility of
results [32,34,35]. Instead, the estimation formula of managerial inefficiency in the three-
stage DEA model should be derived according to their methods. Luo (2012) proposed an
estimation formula for the managerial inefficiency of the three-stage DEA model based
on the assumption of uniform distribution, earning a more reasonable construction of the
DEA model.

E(u|ε ) = σ∗

[
φ(λ ε

σ )

Φ( λε
σ )

+
λε

σ

]
(7)

where σ∗ = σuσv/σ, σ =
√

σ2
u + σ2

v , and λ = σu/σv, φ(.), Φ(.) refer to the density and
distribution functions of the standard normal distribution, respectively.

Stage III: The adjusted input variable and the original output variable were put into
the BCC model again, obtaining the efficiency value without the influence of environmental
effects, managerial inefficiencies, and stochastic disturbance. Comparatively, this efficiency
value was more objective and scientific than that obtained in Stage I.

See Figure 2 for the process framework of the whole model.
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3. Results
3.1. Stage I: Comprehensive Technical Efficiency from the BCC Model

The GDE of 41 cities in the YRD during 2009–2018 was obtained using the input-
oriented BCC model (Table 3). The mean comprehensive efficiency was 1 in both Wenzhou
and Jinhua cities, being the highest among the 41 cities. The mean comprehensive efficiency
was lower than 0.7 in Suqian, Wuhu and Huai’an cities, showing poor performance, which
was 0.560, 0.593 and 0.655, respectively. The mean comprehensive efficiency was higher
than 0.98 and lower than 1 in Nanjing, Quzhou, Huaibei, Lishui, Taizhou2, Huangshan and
Shanghai, showing excellent performance, which was 0.996, 0.996, 0.994, 0.992, 0.992, 0.985
and 0.980, respectively. The mean comprehensive efficiency of the other cities, Chuzhou,
Lianyungang, Anqing, Suzhou2, Lu’an, Ma’anshan, Taizhou1, Hefei, Xuzhou, Bengbu,
Zhenjiang, Ningbo, Yangzhou and Huainan, was lower than the mean of the overall mean
comprehensive efficiency of the 41 cities in the YRD (0.859), which was 0.707, 0.709, 0.722,
0.734, 0.751, 0.770, 0.788, 0.792, 0.794, 0.797, 0.833, 0.837, 0.840 and 0.845, respectively.
The mean comprehensive efficiency of Suzhou1, Yancheng, Jiaxing, Zhoushan, Shaoxing,
Nantong, Xuancheng, Hangzhou, Tongling, Changzhou, Bozhou, Wuxi, Fuyang, Huzhou
and Chizhou was higher than the mean of the overall mean comprehensive efficiency of
the 41 cities in the YRD (0.859), which was 0.861, 0.863, 0.868, 0.878, 0.881, 0.887, 0.891,
0.893, 0.909, 0.933, 0.939, 0.946, 0.95, 0.952 and 0.956, respectively. From 2009 to 2018, the
GDE of some of the 41 cities in the YRD fluctuated greatly. For example, the GDE of
Chizhou was 0.647 in 2016 and above 0.9 in the other years; the GDE of Wuxi was 0.740
in 2015 and above 0.9 in the other years; the GDE of Xuancheng was all above 0.9 from
2009 to 2015 and dropped to 0.646, 0.668 and 0.691 respectively in 2016–2018; the GDE of
Yancheng was all above 0.9 from 2009 to 2014 and dropped to 0.631, 0.792, 0.682 and 0.634
respectively in 2015–2018. The above results showed that the changing trend of GDE is
unstable, presenting big fluctuations in this area. In consequence, more measures should
be taken to improve GDE steadily.
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Table 3. GDE of 41 cities (2009–2018) in Stage I.

City 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 Mean Ranking

Shanghai 0.898 0.934 1.000 1.000 1.000 1.000 1.000 0.968 1.000 1.000 0.980 I
Nanjing 1.000 1.000 1.000 1.000 1.000 1.000 0.956 1.000 1.000 1.000 0.996 I

Wuxi 0.973 0.926 1.000 0.968 0.953 0.903 0.740 1.000 1.000 1.000 0.946 II
Xuzhou 0.783 0.721 0.615 1.000 0.622 0.741 0.666 1.000 0.824 0.965 0.794 III

Changzhou 1.000 0.956 0.889 0.938 0.925 0.923 0.695 1.000 1.000 1.000 0.933 II
Suzhou 1 0.838 0.819 0.766 0.759 0.762 0.808 0.860 1.000 1.000 1.000 0.861 III
Nantong 1.000 0.951 0.841 1.000 0.785 0.778 0.739 0.935 0.902 0.943 0.887 II

Lian Yungang 0.839 0.766 0.681 0.636 0.654 0.580 0.549 1.000 0.660 0.721 0.709 IV
Huaian 0.694 0.632 0.587 0.581 0.614 0.636 0.547 0.736 0.689 0.832 0.655 IV

Yancheng 0.970 0.952 0.984 0.987 1.000 1.000 0.631 0.792 0.682 0.634 0.863 III
Yangzhou 0.966 0.958 0.888 0.884 0.867 0.853 0.585 0.801 0.765 0.832 0.840 III
Zhenjiang 0.859 0.857 0.854 0.806 0.804 0.900 0.664 0.920 0.833 0.830 0.833 III
Taizhou 1 0.846 0.819 0.889 0.811 0.783 0.868 0.601 0.764 0.730 0.764 0.788 IV

Suqian 0.547 0.498 0.546 0.522 0.509 0.782 0.505 0.570 0.559 0.561 0.560 IV
Hangzhou 0.816 0.788 0.842 0.902 0.951 0.953 0.865 0.934 1.000 0.877 0.893 II

Ningbo 0.768 0.768 0.803 0.813 0.852 0.858 0.852 0.869 0.904 0.886 0.837 III
Wenzhou 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 I

Jiaxing 0.929 0.888 0.831 0.844 0.839 0.820 0.981 1.000 0.781 0.767 0.868 III
Huzhou 0.886 0.986 0.972 1.000 0.995 0.871 0.918 1.000 0.925 0.963 0.952 II
Shaoxing 0.954 0.976 0.988 0.947 0.840 0.789 0.714 1.000 0.827 0.773 0.881 II

Jinhua 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 I
Quzhou 1.000 0.956 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.996 I

Zhoushan 0.929 1.000 0.953 0.918 0.878 0.781 0.664 0.728 0.925 1.000 0.878 III
Taizhou 2 0.954 0.961 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.992 I

Lishui 0.929 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.993 1.000 0.992 I
Hefei 0.948 0.837 0.750 0.650 0.690 0.688 0.708 0.666 1.000 0.979 0.792 IV
Wuhu 0.766 0.665 0.563 0.526 0.509 0.470 0.519 0.529 0.622 0.760 0.593 IV

Bengbu 0.985 0.881 0.745 0.756 0.710 0.711 0.786 0.597 0.919 0.880 0.797 III
Huainan 1.000 0.954 0.761 0.852 0.763 0.929 0.714 1.000 0.707 0.766 0.845 III

Maanshan 0.890 0.778 0.644 0.629 0.587 0.736 0.717 0.953 1.000 0.767 0.770 IV
Huaibei 0.939 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.994 I
Tongling 1.000 1.000 1.000 0.916 0.896 0.912 0.791 0.749 0.821 1.000 0.909 II
Anqing 0.625 0.652 0.650 0.699 0.706 0.706 0.865 0.674 0.840 0.805 0.722 IV

Huangshan 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.846 1.000 1.000 0.985 I
Chuzhou 0.744 0.722 0.831 0.696 0.741 0.740 0.800 0.710 0.573 0.508 0.707 IV
Fuyang 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.856 0.926 0.720 0.950 II

Suzhou 2 0.817 0.834 0.686 0.678 0.737 0.713 0.621 0.736 0.634 0.883 0.734 IV
Luan 0.767 0.746 0.691 0.789 0.726 1.000 0.725 0.558 0.750 0.759 0.751 IV

Bozhou 1.000 1.000 1.000 1.000 1.000 1.000 0.992 0.718 0.847 0.834 0.939 II
Chizhou 1.000 1.000 1.000 1.000 1.000 0.995 0.918 0.647 1.000 1.000 0.956 I

Xuancheng 1.000 1.000 1.000 1.000 1.000 0.909 1.000 0.646 0.668 0.691 0.891 II
YRD 0.893 0.877 0.860 0.866 0.846 0.862 0.802 0.851 0.861 0.871 0.859

Source: Authors’ work. I II III IV represents the ranking 1~10, 11~20, 21~30, 31~41, respectively. Suzhou 1

and Taizhou 1 belong to Jiangsu Province. Suzhou 2 belongs to Anhui province, and Taizhou 2 belongs to
Zhejiang provinces.

In this study, 41 cities were divided into Shanghai Municipality, Jiangsu, Zhejiang
and Anhui provinces by provincial level, and the GDE time series in the YRD was further
analyzed, as shown in Figure 3. The GDE for the whole region was between 0.802 and 0.893
during the study period, with a zero cut-off point in 2015. Distinctively, the GDE of Shang-
hai Municipality rose from 2009 to 2011 and remained at the forefront almost throughout
the subsequent period, the GDE of Zhejiang Province ranked second overall, and the GDE
showed a trend of declining first and then rising in both Jiangsu and Anhui provinces. The
foregoing results demonstrated that the GDE needs to be promoted constantly in the YRD
and stabilized in Jiangsu and Anhui provinces.
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3.2. Stage II: SFA Model

In this part, an SFA regression model was built, of which the slack value of each input
variable served as the explained variable and GRP, ABD, TIP and GCA were taken as
explanatory variables and an SFA regression model was built with the software Frontier
4.1 to estimate the impact of environmental variables [36]. The SFA regression results are
listed in Table 4.

Table 4. The results of SFA regression.

Explanatory Variable
Slacks of Input Variables

AEC IFA EEST EMWCE

Constant term
−177,242.07 −2,391,731.60 −49,187.69 −816.14
−140,141.30 −1,891,088.14 −751.78 −71.51

GRP
−6226.56 −2,017,080.80 −30,534.40 385.84

(−511.36) *** (−165,654.65) *** (−319.20) *** (1.44) *

ABD
363,134.99 18,522,799.00 499,887.82 7736.39

(23,017.63) *** (1,174,083.64) *** (40,106.30) *** (17.37) ***

TIP
−55,091.87 −1,120,127.10 −38,150.40 −531.48

(−5258.59) *** (−106,917.67) *** (−234.72) *** (−11.99) ***

GCA
−328,483.35 −15,710,684.00 −455,881.82 −7669.25

(−21,419.04) *** (−1,024,428.59) *** (−19,887.36) *** (−111.83) ***

γ 1.00 1.00 0.98 1.00

Log likelihood function −561.07559 −675.04933 −529.03493 −357.3225

LR test 35.5 34.6 37.3 28.7

Notes: *, and *** indicate the significance level at 10%, 5% and 1%, respectively.

According to Table 4, the four models were subject to the LR test and the value of γ
was 1 or close to 1, indicating that in the mixed error term, the management inefficiency
has a much greater impact on the input slack than the stochastic error term. In the case of a
negative regression coefficient, the increase of the explanatory variable reduced the slack
of the input variable, narrowing the gap between the actual and ideal value of the input
variable. Hence, the increase of the explanatory variable was conducive to the enhancement
of GDE. On the contrary, when the regression coefficient was greater than 0, the increase of
the explanatory variables was adverse to the improvement of GDE. As shown in Table 4,
GRP had a significant negative relationship with AEC, IFA and EEST and a significant
positive relationship with EMWCE, ABD significantly had a positive impact on the slack
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variables of the four inputs, and both TIP and GCA had significant negative impacts on the
slack variables of the four inputs (below 1%), which are discussed in the next part.

In accordance with Formulas (4)–(6), ui the management inefficiency term was sepa-
rated and calculated next, so that the measuring unit was adjusted to the same external
environment and stochastic factor state, thereby adjusting the original data to obtain new
input variables. The calculation process was complicated, and it was omitted herein due to
the limited space.

3.3. Stage III: Actual GDE in the YRD

Table 5 lists the actual GDE in the YRD based on the adjusted input value (2009~2018).
As shown in the table, the actual mean GDE was 1 in Nanjing, Wenzhou and Jinhua cities,
notably superior to that in other cities. The actual mean GDE of Huai’an, Wuhu and
Suqian was dramatically lower than that of other regions, which was 0.754, 0.734 and
0.705, respectively, showing poor performance. Besides, the actual mean GDE was higher
than 0.98 in Huaibei, Shanghai, Tongling and Taizhou2, being 0.999, 0.990, 0.990 and 0.982,
respectively, which was better than that in other cities. The overall mean of the actual GDE
of the 41 cities in the YRD was 0.908. In addition to the aforementioned cities, the actual
mean GDE was lower than the overall mean (0.908) in Taizhou1, Lianyungang, Suzhou2,
Xuzhou, Anqing, Zhenjiang, Maanshan, Zhoushan, Hefei, Jiaxing, Ningbo, Yangzhou,
Yancheng, Lishui and Shaoxing, which was 0.828, 0.832, 0.850, 0.853, 0.858, 0.866, 0.871,
0.872, 0.875, 0.885, 0.887, 0.888, 0.901, 0.903 and 0.907, respectively. Meanwhile, the actual
mean GDE was higher than the overall mean (0.908) in Lu’an, Chuzhou, Hangzhou,
Suzhou1, Xuancheng, Nantong, Chizhou, Quzhou, Huangshan, Huzhou, Bengbu, Huainan,
Bozhou, Changzhou, Wuxi and Fuyang, which was 0.908, 0.909, 0.915, 0.918, 0.921, 0.926,
0.937, 0.938, 0.941, 0.941, 0.946, 0.953, 0.955, 0.959, 0.965 and 0.977, respectively. From the
overall trend, the actual GDE of many cities dropped dramatically in 2016. For example,
the actual GDE of Chizhou was 0.378 in 2016 and above 0.995 in the other years. The actual
GDE of Xuancheng was 0.559 in 2016 and above 0.8 in the other years. The actual GDE of
Bengbu was 0.581 in 2016 and above 0.9 in the other years. The actual GDE trend of most
other cities was relatively stable. For example, the actual GDE of Huzhou exceeded 0.9 in
the ten years from 2009 to 2018.

Table 5. GDE of 41 cities (2009–2018) in Stage III.

City 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 Mean Ranking

Shanghai 0.926 0.969 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.990 I
Nanjing 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 I

Wuxi 0.959 0.914 0.992 0.938 0.991 0.968 0.887 1.000 1.000 1.000 0.965 I
Xuzhou 0.817 0.755 0.664 1.000 0.724 0.867 0.832 1.000 0.891 0.983 0.853 IV

Changzhou 1.000 0.923 0.914 0.935 0.994 1.000 0.820 1.000 1.000 1.000 0.959 I
Suzhou 1 0.853 0.833 0.849 0.772 0.877 1.000 1.000 1.000 1.000 1.000 0.918 II
Nantong 1.000 0.961 0.809 1.000 0.844 0.843 0.915 0.997 0.942 0.951 0.926 II

Lian Yungang 0.915 0.824 0.848 0.736 0.793 0.839 0.705 1.000 0.864 0.853 0.838 IV
Huaian 0.767 0.681 0.704 0.681 0.749 0.828 0.715 0.677 0.842 0.896 0.754 IV

Yancheng 1.000 1.000 0.950 1.000 1.000 1.000 0.774 0.864 0.741 0.682 0.901 III
Yangzhou 0.997 0.984 0.877 0.878 0.950 0.954 0.743 0.770 0.867 0.862 0.888 III
Zhenjiang 0.928 0.903 0.864 0.808 0.868 0.908 0.756 0.833 0.912 0.875 0.866 IV
Taizhou 1 0.881 0.840 0.851 0.816 0.873 0.906 0.766 0.696 0.818 0.837 0.828 IV

Suqian 0.616 0.552 0.757 0.638 0.683 0.978 0.765 0.562 0.775 0.728 0.705 IV
Hangzhou 0.837 0.813 0.855 0.931 1.000 1.000 0.938 0.905 1.000 0.869 0.915 III

Ningbo 0.783 0.801 0.856 0.880 0.951 0.787 0.928 0.913 1.000 0.975 0.887 III
Wenzhou 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 I

Jiaxing 0.932 0.913 0.787 0.805 0.861 0.845 1.000 1.000 0.883 0.825 0.885 III
Huzhou 0.913 0.990 0.927 0.946 0.989 0.931 0.990 0.909 0.902 0.913 0.941 II
Shaoxing 0.949 0.999 0.883 0.943 0.909 0.844 0.810 1.000 0.910 0.826 0.907 III

Jinhua 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 I
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Table 5. Cont.

City 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 Mean Ranking

Quzhou 0.986 0.947 0.905 0.960 0.961 0.975 0.912 1.000 0.846 0.883 0.938 II
Zhoushan 0.843 0.942 0.961 0.898 0.910 0.929 0.799 0.490 0.952 1.000 0.872 IV
Taizhou 2 0.940 0.966 0.983 0.940 1.000 1.000 1.000 0.986 1.000 1.000 0.982 I

Lishui 0.846 1.000 0.922 0.909 1.000 0.968 1.000 0.668 0.865 0.851 0.903 III
Hefei 0.987 0.879 0.837 0.741 0.777 0.831 0.898 0.804 1.000 1.000 0.875 III
Wuhu 0.849 0.755 0.798 0.626 0.717 0.890 0.668 0.588 0.664 0.787 0.734 IV

Bengbu 1.000 0.938 0.967 1.000 0.980 1.000 0.991 0.581 1.000 1.000 0.946 II
Huainan 1.000 0.925 0.937 1.000 0.930 0.938 0.897 1.000 0.926 0.974 0.953 II

Maanshan 1.000 0.787 0.818 0.723 0.811 0.878 0.793 0.961 1.000 0.937 0.871 IV
Huaibei 1.000 1.000 0.992 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.999 I
Tongling 1.000 1.000 1.000 0.915 1.000 1.000 1.000 1.000 0.981 1.000 0.990 I
Anqing 0.674 0.723 0.840 0.863 0.889 0.964 1.000 0.655 0.978 0.995 0.858 IV

Huangshan 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.422 0.995 0.993 0.941 II
Chuzhou 0.984 0.917 0.867 0.998 0.990 0.974 0.988 0.784 0.822 0.769 0.909 III
Fuyang 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.882 0.978 0.905 0.977 I

Suzhou 2 0.906 0.918 0.843 0.870 0.892 0.936 0.875 0.654 0.791 0.812 0.850 IV
Luan 0.901 0.824 0.855 0.977 0.921 1.000 0.999 0.600 1.000 1.000 0.908 III

Bozhou 1.000 1.000 1.000 1.000 1.000 1.000 0.965 0.580 1.000 1.000 0.955 II
Chizhou 1.000 1.000 1.000 1.000 1.000 0.995 1.000 0.378 1.000 1.000 0.937 II

Xuancheng 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.559 0.849 0.801 0.921 II
YRD 0.924 0.906 0.900 0.906 0.923 0.946 0.906 0.822 0.927 0.922 0.908

Source: Authors’ work. I, II, III and IV represent the ranking of 1~10, 11~20, 21~30 and 31~41, respectively.
Suzhou 1 and Taizhou 1 belong to Jiangsu Province. Suzhou 2 belongs to Anhui province, and Taizhou 2 belongs
to Zhejiang provinces.

Figure 4 illustrates the time series of the actual GDE in the YRD. According to Figure 4,
the GDE in the YRD generally tends stable, with the highest level of 0.946 in 2014 and the
lowest level of 0.822 in 2016, presenting a downward trend from 2014 to 2016. The actual
GDE had been kept at 1 in Shanghai Municipality since it rose from 0.926 in 2009 to 1 in
2011, which fluctuated continuously in Jiangsu, Zhejiang and Anhui provinces from 2009
to 2018. Among them, the actual GDE of Jiangsu and Anhui provinces dropped sharply
in 2015 and 2016, respectively. On the whole, the fluctuation range of GDE in Zhejiang
Province was relatively small, and the GDE of Jiangsu Province was at the lowest level
during 2009–2018. The above results indicated that although the influence of external
environmental factors is removed, there are still regional differences in the actual GDE of
cities in the YRD.

Sustainability 2022, 14, x FOR PEER REVIEW 12 of 20 
 

Chuzhou 0.984  0.917  0.867  0.998  0.990  0.974  0.988  0.784  0.822  0.769  0.909  Ⅲ 
Fuyang 1.000  1.000  1.000  1.000  1.000  1.000  1.000  0.882  0.978  0.905  0.977  Ⅰ 

Suzhou 2 0.906  0.918  0.843  0.870  0.892  0.936  0.875  0.654  0.791  0.812  0.850  Ⅳ 
Luan 0.901  0.824  0.855  0.977  0.921  1.000  0.999  0.600  1.000  1.000  0.908  Ⅲ 

Bozhou 1.000  1.000  1.000  1.000  1.000  1.000  0.965  0.580  1.000  1.000  0.955  Ⅱ 
Chizhou 1.000  1.000  1.000  1.000  1.000  0.995  1.000  0.378  1.000  1.000  0.937  Ⅱ 

Xuancheng 1.000  1.000  1.000  1.000  1.000  1.000  1.000  0.559  0.849  0.801  0.921  Ⅱ 
YRD 0.924  0.906  0.900  0.906  0.923  0.946  0.906  0.822  0.927  0.922  0.908   

Source: Authors’ work. Ⅰ, Ⅱ, Ⅲ and Ⅳ represent the ranking of 1~10, 11~20, 21~30 and 31~41, re-
spectively. Suzhou 1 and Taizhou 1 belong to Jiangsu Province. Suzhou 2 belongs to Anhui prov-
ince, and Taizhou 2 belongs to Zhejiang provinces. 

 
Figure 4. Time series of GDE in the YRD in Stage III. 

4. Discussion 
4.1. GDE Analysis in the YRD 

As shown in Figure 4, the actual mean GDE of the YRD was 0.908 (2009~2018). After 
adjustment, the GDE of the YRD in Sage III was obviously higher than that in Stage I, 
which testified that objective environmental factors cause people to underestimate GDE. 
Comparing the initial GDE (Table 3) and the actual GDE (Table 5) in the YRD, except for 
Chizhou, Huangshan, Huzhou, Quzhou, Taizhou2 and Zhoushan, the GDE was en-
hanced upon the removal of external environmental factors and the mixed error term. 
From 2009 to 2018, the mean GDE of 41 cities in the YRD was 0.859 when external factors 
were taken into account, which was increased to 0.908 when external environmental 
factors were excluded. In stage III, the GDE of Nanjing, Jinhua and Wenzhou cities 
reached the optimal level, while only Jinhua and Wenzhou cities maintained this effi-
ciency level in Stage I, which showed that external environmental factors negatively af-
fected the GDE of Nanjing City. Consequently, there is substantial potential to improve 
the external environment. 

Figure 4. Time series of GDE in the YRD in Stage III.

135



Sustainability 2022, 14, 12076

4. Discussion
4.1. GDE Analysis in the YRD

As shown in Figure 4, the actual mean GDE of the YRD was 0.908 (2009~2018). After
adjustment, the GDE of the YRD in Sage III was obviously higher than that in Stage I,
which testified that objective environmental factors cause people to underestimate GDE.
Comparing the initial GDE (Table 3) and the actual GDE (Table 5) in the YRD, except for
Chizhou, Huangshan, Huzhou, Quzhou, Taizhou2 and Zhoushan, the GDE was enhanced
upon the removal of external environmental factors and the mixed error term. From 2009 to
2018, the mean GDE of 41 cities in the YRD was 0.859 when external factors were taken into
account, which was increased to 0.908 when external environmental factors were excluded.
In stage III, the GDE of Nanjing, Jinhua and Wenzhou cities reached the optimal level,
while only Jinhua and Wenzhou cities maintained this efficiency level in Stage I, which
showed that external environmental factors negatively affected the GDE of Nanjing City.
Consequently, there is substantial potential to improve the external environment.

Since it was a national strategy of China to integrate the YRD, the development of the
YRD has been constantly concerned by all walks of life. In this case, the ecological envi-
ronment is also one of the inevitable problems in the development process, and the main
causes of excessive resource consumption and environmental pollution can be explored
by virtue of effective environmental efficiency measurement, so as to improve environ-
mental governance policies. There are many GDE calculation methods, of which the use
of the three-stage DEA model enables obtains more objective and accurate efficiency by
separating environmental variables such as management inefficiency and statistical noise.
Before the environmental interference factors were excluded, that is, in Stage I of this study,
the obtained GDE in the YRD showed a trend of falling first and then rising, and the zero
cut-off point appeared in 2015. Wang et al. (2019) measured the GDE in the YRD from
2005 to 2015 using the Super-SBM model and concluded that there was a downward trend,
thus predicting that the efficiency would increase after 2015 [37], which was verified in
this study. Nevertheless, when the environmental factors and stochastic disturbance were
removed, that is, when the actual GDE was obtained, no matter from the perspective of the
entire region or the four provinces, the GDE in the entire time series was improved to a
certain extent compared with that in Stage I, indicating that objective factors may cause
people to underestimate the GDE. Consistent with the results herein, Guo et al. (2018) also
came to the conclusion that the mean environmental efficiency of the central, eastern and
western regions, as well as the whole country, was underestimated during the three-stage
measurement of environmental efficiency in China [38].

For further analysis, the GDE calculated in the previous parts was divided into five
levels, and the GDE spatial distribution maps in the YRD in 2009, 2012, 2015 and 2018
were drawn using ArcGIS, as shown in Figure 5. Thereout, the differences in spatial
distribution, as well as the spatial characteristics, were determined intuitively, and it was
visibly that spatial heterogeneity existed in the GDE of the YRD and changed with time. For
example, the GDE in the northeast coastal region changed from a high level at the beginning
to a low level in the later period, while the GDE in the western region experienced the
opposite process. In addition, the GDE was maintained at a high level in some cities in the
northwest, southeast and middle of China, as well as a small area formed around Shanghai
Municipality, presenting certain clustering characteristics, and the GDE there was better
than that in other regions.
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Based on the spatial distribution maps drawn from the actual GDE results, the GDE in
the YRD showed certain spatial heterogeneity, not only different from the conclusion of
Wang et al. (2018) who calculated that the GDE is low in the east and high in the west of
the YRD [37], but also different from the conclusion of Deng et al. (2021) who found that
the GDE in the eastern region is significantly higher than that in the western region [39].
In this study, it was discovered that the GDE showed high clustering characteristics to
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some extent in several cities in the northwest, southeast, and middle of China, as well as a
small area around Shanghai Municipality. Combined with the efficiency decomposition
diagram in Figure 5, the GDE tends to have high-high clustering in cities with good
economic development levels and low-low clustering in cities with relatively low economic
development levels. In this sense, environmental protection was better implemented in the
eastern region with better economic development than in the western region. Feng et al.
(2020) believed that economic development is correlated with green development, but
there is not a complete positive correlation [33]. As shown in this paper, after excluding
the objective factor of economic development, the GDE was high in some economically
underdeveloped regions. For example, surrounded by mountains and rivers, some cities in
central China such as Xuancheng, Huangshan, and Quzhou are famous for tourism and
mainly develop tourism and service industries, and there are few industries characterized
by high pollution, presenting high green development levels. Topography affects industries,
thereby affecting local green development. Accordingly, it is necessary to comprehensively
consider the factors affecting GDE from various aspects [40].

4.2. SFA Regression Analysis

In Stage II, SFA regression was performed on the input slack variables obtained in
Stage I and four environmental variables, and some meaningful information was obtained.

(1) GRP is negatively correlated with the slacks of electricity consumption, fixed asset
investment and scientific education investment in the whole society, while it has a positive
correlation with the slacks of water conservancy and environment practitioners. It indicates
that the increase in GRP makes the electricity consumption, fixed asset investment and
scientific education investment rationalized on the one hand, and on the other hand, it
shows inefficiency in the input of water conservancy and environmental practitioners. GRP
represents the local economic development level, and the classic environmental Kuznets
curve shows that the quality of the environment will first decline and then rise with the
development of the economy [41]. From the perspective of input, it is the rationality and
waste of these different input factors that explain the complexity of the mechanism of the
relationship between economic development and green development.

(2) ABD has a significant positive correlation with the slacks of the four input variables,
proving that the increase in the urban construction area will increase the input slacks, which
goes against the GDE. With the expansion of urban space, among the land cover types
in the urban fringe area, land types with less interference from human activities such
as cultivated land, forest land and orchards have been greatly reduced and replaced by
high-density urban land. The impervious area in the urban center area has been increased,
and the natural green area has been reduced, replaced by squares and roads covered with
cement and asphalt. The increase of impervious area and the reduction of the green area
have seriously caused problems for the water environment and atmospheric environment
in cities [22,42]. On the contrary, in terms of geographic space, cities surrounded by
mountainous terrain and famous for tourism enjoy high GDE as large-scale construction
may not be applicable, such as Xuancheng, Huangshan, Quzhou and Jinhua, which is
consistent to the conclusion of Li et al. (2022) [40].

(3) TIP has a negative impact on the slacks of the four input variables, that is, the higher
the proportion of the tertiary industry, the more beneficial to input slack reduction and GDE
improvement, which fully reveals that the optimization of industrial structure is conducive
to local green development. According to the 13th Five-Year Plan for Economic and Social
Development of the People’s Republic of China (2016–2020), green development can be achieved
through industrial restructuring. Many studies also support that the high proportion of
the tertiary industry is conducive to the protection of the ecological environment [27,43].
Guo et al. (2020) concluded that the secondary industry is adverse to green development,
which in turn supports the aforesaid statement [44]. The rise of the tertiary industry, on
the one hand, compresses the secondary industry supported by a large amount of fixed
capital investment, which is conducive to reducing the waste of capital input; on the other
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hand, it has a strong ability to absorb labor employment and reduces the slack degree of
labor equivalent. In this sense, industrial structure optimization is the appropriate path for
green development.

(4) GCA is negatively correlated with the slacks of the four input variables. The
increase in the urban green area supports the social fixed asset input, social electricity
consumption, scientific education investment and water conservancy and environmental
management personnel to reach the ideal input value, suggesting that the increase in
urban green area is helpful to the rational use of energy, capital, labor and innovation
input. Similar to the formulation of environmental policies and the investment in pollution
control, the planning of urban green areas demonstrates the active intervention of the
government in green development planning and plays an essential role in urban sustainable
development [45]. Today, governments are gradually conscious that the construction of
green spaces has become a vital issue for high-quality economic development [22]. Many
policies have been issued by governments at all levels, such as the Regulations of China on
Urban Greening, Shanghai Greening Regulations, specifying that urban greening should keep
pace with urban development. In line with the study results of this paper, in the process
of urban expansion, reasonable planning and investment should be carried out on the
coverage of the urban green area, in a bid to prevent the expansion of urban construction
area from reducing the GDE and causing a series of environmental problems.

4.3. GDE Decomposition Analysis in the YRD

To better understand the GDE in the YRD, the software DEAP 2.1 was applied to divide
the actual GDE into two types, that is, the comprehensive technical efficiency (TE) was
decomposed into pure technical efficiency (PTE) and scale efficiency (SE) [31]. PTE reflected
the production efficiency of DMUs at certain input factors at an exact scale (usually optimal)
and explained how to effectively apply green technologies to achieve maximum efficiency,
and SE presented the realization degree of scale effects on green development [46].

The efficiency decomposition scatters diagram of 41 cities was drawn according to PTE
and SE, which was divided into four quadrants according to the mean value to represent
four categories of high-high, low-high, low-low and high-low, respectively (Figure 6). It
can be seen that after the environmental factors and stochastic disturbance were eliminated,
the mean PTE rose from 0.883 to 0.966, while the mean SE slightly dropped from 0.974 to
0.939. On the whole, environmental factors affected the real performance of PTE, causing
GDE to be underestimated.

The high-high category contained areas with high PTE and high SE. According to the
efficiency decomposition in Stage I, 13 cities were included in this category, and Shanghai,
Changzhou, Tongling, Huainan, and Bozhou cities became new members of this category
in Stage III, implying that the SE level of these cities was improved dramatically with
consideration of the environmental disturbance factors. Among them, both PTE and SE
of Nanjing, Jinhua and Wenzhou cities were 1, indicating that these cities achieved a
high-efficiency level.

The high-low category contained cities with high SE and low PTE. According to the
calculation results of Stage I, 10 cities were classified into this category, and the number
was reduced to 8 in Stage III. Among them, Huangshan, Nantong, Huzhou and Shaoxing
cities fell from the original high-high category to the high-low category, reflecting that
the utilization efficiency there in the exogenous environment should be strengthened. It
is necessary to invest more in green technology innovation and application, enhance the
quality of green talents and raise energy utilization to improve the overall GDE locally.

The low-high category contained areas with low SE and high PTE. Nantong, Huzhou
and Shaoxing cities, which were originally included in the high-high category in Stage I,
were assigned to this category in Stage III, indicating that the SE of the three cities was over-
estimated. For these cities, the SE should be enhanced by increasing the green investment,
conducting green transformation and strengthening green talent aggregation.
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The low-low category contained areas with low PTE and low SE. Comparing Stage I
with Stage III, the number of cities in this category was increased from 7 to 12, and
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all cities included in this category presented poor GDE. Xuzhou, Huai’an and Suqian
cities were contained in the low-low category no matter whether the influence of external
environmental factors and statistical noise was excluded. Most cities in this category were
weak in economic foundations and dominated by traditional energy-intensive industries.
In consequence, for cities in this category, it is not only necessary to advance technological
innovation during green transformation, but also to consider the stimulation of scale effect.
In the meantime, the priority should be given to the construction of a green economy and a
sound green development foundation.

5. Conclusions

At present, green development is a considerable environmental management issue
in China, aiming to improve the status of regional environmental development in light of
energy saving, emission reduction and pollutant control [13]. Since the integration of the
YRD was brought into the national strategy, the development of the region has received
continuous attention from all sectors of society. As a result, the ecological environment
is one of the inevitable issues in the development process. In this study, panel data from
2009 to 2018 of 41 cities in the YRD were selected and the three-stage DEA model was
applied to calculate the objective GDE in this region. Besides, a comprehensive analysis
was performed on the grounds of the empirical results. After the adjustment, the GDE in
each city changed considerably, which proved that it is objective and accurate to measure
GDE after eliminating environmental factors and stochastic disturbance. On this basis, the
following suggestions and implications were drawn:

(1) The GDE in the YRD adjusted in Stage III was clearly higher than that in Stage I,
mainly because the GDE was underestimated under the influence of objective environmen-
tal variables. The GDE levels of different cities showed heterogeneity upon the removal
of external environmental factors and stochastic disturbances. The GDE developed out
of balance in the four provincial administrative regions and generally behaved better in
the coastal and southeastern areas than that in the central, western and northern regions
in terms of spatial distribution. As a national central city, Shanghai Municipality serves
as the center of the international economy, finance, trade, shipping and technological in-
novation in China, which is required to not only maintain high-quality development as
a leader in the YRD but also to focus on the balanced development of cities in the YRD
as a whole. For other regions, it is necessary to control the industrial scale, actively use
foreign capital to improve production technologies, achieve clean production and reduce
energy consumption.

(2) In terms of external environmental variables, the ABD reflecting urban construction
has a negative impact on GDE since urban construction requires the improvement of urban
governance infrastructure, which will inevitably lead to an increase in investment in
pollution control. Consequently, the faster the urban construction process is, the more
capital, labor, energy and resources will be required, which partly generates redundant
inputs, thus reducing GDE. Moreover, industrial structure adjustment and green covered
area are conducive to GDE, so it is necessary to sequentially strengthen the development of
the tertiary industry, reduce the idle employees caused by labor aggregation, and improve
the regional economic level while improving the capital utilization efficiency. Besides, the
government should increase green investment and carry out rational layouts of urban green
spaces to prevent the reduction of the green development level in the process of urban
expansion and construction.

(3) The GRP reflects the local economic development level, the impact of which on
GDE was not determined in this paper. In spite of this, it is believed that in the new era
emphasizing high-quality development, more emphasis should be put on innovation and
ecology, which are beneficial to the healthy and sustainable development of cities. In the
future, the government still needs to play an active role in pollution control and urban green
planning. While accelerating the process of urbanization, it is necessary to promote clean
production, control pollution emissions, eliminate passive terminal control, pay attention
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to the excessive consumption of resources and energy in urban construction, keep abreast
of the speed of urbanization, adhere to quality-oriented policies, and create a new spatial
pattern of intensive and efficient urbanization. Additionally, it is necessary to cultivate new
growth points for cities, give play to regional advantages pursuant to different orientations,
and realize the coordinated development of urban agglomerations, cities and industries.

Suggestions for future study: First and foremost, when measuring the GDE of 41 cities
in YRD from 2009 to 2018, the time lag effect and delayed utility between inputs and outputs
have been neglected to some extent. The digestion and absorption of inputs often take
time to produce effective outputs, which means that green development inputs will not be
converted into relevant outputs in an instant, and further verification is required. Secondly,
although the influence mechanism of four objective environmental variables has been
involved in this paper, there are still some unconsidered factors, such as urban resources,
culture, society, etc. [22,23], and more attention can be paid to the correlations between
the factors and the green ecology of cities in future studies. Last but not least, though
complex, in-depth research is required to reveal the impact of economic development on
urban green development.
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Abstract: China has entered a new stage of integrated development of urban and rural areas under the
constraints of scarce land resources and the need for high-quality economic and social development.
While there is concern about the state and speed of urban–rural integrated development (URID),
increasing attention is being paid to efficiency improvement. This paper comprehensively measures
the efficiency of URID from the input–output perspective, taking into account the impact of carbon
emissions; it also studies the efficiency of URID and its developmental spatiotemporal characteristics
in 73 cities within three major city clusters in the Yangtze River Economic Belt (YREB) from 2010 to
2019, and analyzes the input–output optimization strategies for URID within each of these major
urban systems. The results show that (1) the comprehensive efficiency evaluation system constructed
by the study can more objectively reflect the state and trends of URID. From 2010 to 2019, the
efficiency of URID in the three major city clusters in the YREB showed a downward trend; in cities
with better economic development, the efficiency of URID was lower than in cities with average
economic development, where carbon emission indicators showed a significant impact. (2) The
spatial distribution of URID efficiency in the three major city clusters in the YREB follows an inverted
“U” shape; URID efficiency in the urban agglomeration in the middle reaches of the Yangtze River
(MRYRUA) is higher than in the Chengyu urban agglomeration (CYUA), where it is higher than in
the Yangtze River Delta urban agglomeration (YRDUA). (3) The input redundancy rates are high
in the indicators for culture, sports and media, energy conservation and environmental protection,
urban and rural communities, and housing security expenditures. Carbon emission redundancy
has a negative impact on efficiency in URID. Based on the high redundancy rates of each input–
output indicator, this paper proposes methods to optimize the efficiency of URID in each of the three
major city clusters and provides directional guidance for promoting the high-quality development of
regional urban–rural integration.

Keywords: integrated urban–rural development; efficiency; spatiotemporal evolution; carbon
emissions; urban agglomerations

1. Introduction

Urban–rural integrated development (URID) is seen as the model for coordinated
urban–rural development in China’s new era and is no longer equivalent to the one-
directional emphasis on industrial development feeding the agricultural sector in “promot-
ing agriculture with industry”. URID is committed to the preservation of the characteristics
of urban and rural areas, respectively, and the establishment of a new type of urban–rural re-
lationship characterized by comprehensive integrated development to replace the previous
rural–urban dichotomy [1,2]. The integrated development of urban and rural areas has al-
ways been an important goal for China to achieve urban and rural coprosperity. In the past
70 years, urban–rural relations have changed from the initial division to the current stage
of integration and development, and although significant achievements have been made,
integration still faces problems, such as unbalanced urban–rural development, inadequate
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rural development, an inadequate two-way flow of factors, and unreasonable allocation
of public resources, which hinder further integration and development [3–5]. Improving
the distribution of basic public services and the reasonable allocation of public resources
in urban and rural areas is of great practical significance to the success of the strategy for
urban–rural integration and development [6]. At the same time, it also puts the governance
capacity of administrative departments at all levels to a severe test. For local governments,
as the main enforcer of urban–rural integration policy, obtaining the best output efficiency
while controlling input costs has become important to effectively promoting urban–rural
integration strategies. Therefore, it is necessary to measure the efficiency of the current
implementation of integrated urban–rural development in government departments across
China and propose measures to improve efficiency.

Data envelopment analysis (DEA) is used to assess the relative validity of decision
units in a “multiple input, multiple output” model [7,8]. This method has been applied
to multiple fields of research. For example, in government management, scholars have
conducted an overall assessment of service efficiency by examining the public services
provided by local governments in Portugal and Norway [9,10]; in corporate management,
scholars have analyzed the technical efficiency of American Airlines from 1970 to 1990 and
the relationship between the stock market and the technical efficiency of the company [11].
In bank management, scholars have constructed a bank efficiency evaluation system to
measure the efficiency of Swedish banking services as well as the average efficiency level
of the industry, based on the concept of service efficiency [12]; in agricultural production,
researchers measured the efficiency of agricultural production in 18 developing coun-
tries from 1961 to 1985 and confirmed that the results were consistent with the findings
of previous studies that agricultural production efficiency was declining in developing
countries [13].

Due to different national conditions, international research on urban–rural integration
is still lacking. Most foreign countries explore the definition of urban and rural patterns,
influencing factors, and policy recommendations. For example, for the definition of urban–
rural patterns, some European countries use urban–rural typology for the definition of
urban–rural spatial patterns. In Denmark, a study has compared urban–rural typologies
from OECD, Eurostat, and ESPON, and reduced them to the level of Danish municipalities;
the reduced typologies are largely consistent in terms of overall spatial patterns, and their
urban–rural patterns are more diverse than the original typologies, providing a clearer
picture of the urban–rural structure in Denmark [14]. In terms of influencing factors, a
researcher used migration patterns to analyze urban–rural relationships. The study elabo-
rated the spatial distribution of types of in-migration and the relation to selected location
determinants in the metropolitan area of Copenhagen for the years 1986–2011 [15]. In
addition to this, there are studies in Spain that have used an integrated approach based on
statistical and cartographic techniques, incorporating socioeconomic and land use variables
using a multivariate statistical framework to explore the processes of change in urban–rural
relations in Spain [16]. In terms of policy recommendations, in Europe, policy documents
at national and regional levels are increasingly emphasizing urban–rural interdependence,
moving toward regionalization and shifting the focus of development more toward func-
tional regions rather than towns and villages [17,18]. Research on urban–rural integration
in China has focused on theoretical analysis [19–21], level measurement [22–26], assessment
of implementation [27,28], and research on policy tools to manage it [29,30], while relatively
little research has been conducted on the efficiency of urban–rural integrated development
(URID). The existing studies mainly use the data envelopment analysis (DEA) method
to study the efficiency of URID from the input–output perspective without considering
undesired outputs, and mainly involve static studies at the provincial and municipal levels
in a single year at the spatial and temporal scales. For example, at the provincial level, the
DEA model, combining analytical hierarchical processes (APH) and DEA methods, was
used to measure the efficiency of URID in 30 Chinese provinces; it was found that there
was a gradient of higher efficiency in the eastern region than in the central region and
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higher efficiency in the central region than in the western region [31,32]. Expanding and
refining the URID index system and analyzing the efficiency measurement of urban and
rural planning overall with spatial differentiation laws for 30 provinces in China, the results
show that the eastern region still has the highest efficiency and that regional socioeconomic
development is not related to the overall efficiency of urban–rural development [33,34].
There are obvious differences in natural conditions and the human geographic environment
in different regions of China. Therefore, it is necessary to conduct research on urban–rural
relations at the regional level and formulate regional urban–rural integration policies ac-
cording to local conditions. After measuring the urban–rural integration efficiency of
different prefecture-level cities in Gansu and Jiangsu Provinces and analyzing the spatial
divergence pattern and influencing factors at the regional level, researchers found that
14 prefecture-level cities in Gansu Province showed spatial distribution characteristics of
high efficiency in the west and low efficiency in the east, with a north-south divergence in
2009; 13 prefecture-level cities in Jiangsu Province showed low overall efficiency in 2015,
with a spatial distribution pattern of south Jiangsu > north Jiangsu > middle Jiangsu [35,36].
Considering the undesirable output of regional carbon emissions, the efficiency of URID
and its dynamic evolutionary characteristics in 27 cities in the Yangtze River Delta region
from 2008–2017 were analyzed using a superefficient epsilon-based measure (super EBM)
model, including total factor productivity changes and driving factors. Researchers found
that efficiency is low across the delta and the efficiency of URID in economically developed
cities is lower than in less economically developed cities. The redundancy of undesirable
indicators of carbon emissions has a greater impact on the loss of URID efficiency, but the
overall trend in total factor productivity is improving [37]. The above shows that China
and Europe differ in their research directions and approaches to urban–rural integration.
European countries focus on developing toward functional areas rather than towns and
villages, while China focuses on urban–rural parity and tends to develop villages. In future
research, the methodology and indicator construction of European countries can be used to
make studies more comprehensive.

In summary, systematic and mature cases of research into the efficiency of URID
are still lacking, especially in city clusters with rapid economic development and obvious
urban–rural differences. At the same time, most existing studies are static studies on a single
year, lacking dynamic monitoring and an analysis of the variance in efficiency at different
time scales. Furthermore, most of the current research on urban–rural integration efficiency
mostly measure using traditional DEA methods, and less consideration is given to the
influence of unexpected values, especially carbon emissions, leading to an overestimation
of efficiency. In this regard, the three major city clusters of the Yangtze River Economic
Belt (YREB) (hereafter referred to as the three major city clusters), which span three major
regions of east, central, and west China, are targeted for research in this paper. The
low-carbon concept is introduced using the EBM superefficiency model, taking carbon
emissions into consideration as an undesired output. Based on the panel data of 73 cities
in the three major city clusters that carried out urban–rural integration from 2010 to 2019,
the efficiency, characteristics of spatiotemporal evolution, and the correlation between
URID efficiency, carbon emissions and efficiency improvement are all analyzed. The study
purpose is to reveal the spatial and temporal patterns of URID efficiency of the three major
urban agglomerations in the YREB, to provide a basis for policy formulation on URID
efficiency of the urban agglomerations in the YREB, and provide direction for promoting
the high-quality development of regional urban–rural integration.

2. Materials and Methods
2.1. Study Area

The YREB spans the three major regions of China’s east, center, and west, covering
9 provinces and 2 municipalities directly under the Central Government, with a total area
of approximately 2.05 million km2; its population and GDP exceed 40% of that of the
country. In these three regions of the YREB, the Yangtze River Delta urban agglomeration
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(YRDUA), the urban agglomeration in the middle reaches of the Yangtze River (MRYRUA),
and the Chengyu urban agglomeration (CYUA) are the strategic core areas of economic
growth [38,39] and are located in the lower, middle, and upper reaches of the Yangtze
River (Figure 1). The Yangtze River Delta region is one of the regions with the most active
economic development, the highest degree of openness, and the strongest innovation
capacity in China, and it has a pivotal strategic position in the general plan for national
modernization and the overall pattern for economic opening. Promoting the integrated
development of the Yangtze River Delta, enhancing the innovation and competitiveness of
the Yangtze River Delta region, and improving the efficiency of economic agglomeration,
regional connectivity, and policy synergy are all highly significant to leading the country’s
development of a high-quality modern economic system. The city cluster in the middle
reaches of the Yangtze River is an important part of the YREB and is also a key area in the
strategy to promote the rise of the central region, deepen reform and opening, and promote
new urbanization in all aspects. The central region also occupies an important position
in the pattern of regional development in China. The CYUA is an important ecological
barrier in the upper reaches of the Yangtze River, as a comprehensive transportation hub
that integrates the east and the west and connects the north and the south in southwest
China. As the connection point between the “Belt and Road” and the YREB, the region
has the substantial responsibility to integrate and promote the development of the YREB.
The development of the YREB must prioritize ecological and green development, and
the Chengdu-Chongqing city cluster plays a leading role in this green development. The
three major city clusters are important engines to support and lead the high-quality and
integrated development of the YREB, and they are also important functional areas in the
strategic pattern of China’s regional development. To this end, the efficiency and spatial
and temporal evolutionary characteristics of URID in the three major city clusters were
scientifically analyzed. This study provides a basis for the YREB to achieve high-quality
development and to collaboratively promote the policy guidelines for URID.

2.2. Materials

The data in the paper were mainly obtained from the China City Statistical Yearbook,
the statistical yearbooks of provinces and municipalities in the Yangtze River Economic
Zone, and the Final Statement of General Public Budget Expenditure in each city. Some
data were calculated based on the yearbook data, and the missing data for individual years
were made up by linear interpolation. Carbon emission data were obtained from Oda
et al. [40] and counted by ArcGIS software.

2.3. Methods

For this article, we constructed an index system that can calculate a comprehensive
coefficient to measure the development efficiency of urban–rural integration using the EBM
superefficiency model. The degree of development of urban–rural integration in this index
system is calculated using another index system and the vertical and horizontal scatter
degree method. In addition, the temporal and spatial variations of URID efficiency in the
YREB are analyzed by the trend surface method.

2.3.1. Evaluation of URID Efficiency

1. Efficiency measurement index system

As an indicator to measure the maximum efficiency of inputs and outputs between
urban and rural areas, the efficiency of urban–rural integration refers to the efficiency of
the allocation of capital, technology, talent, land, and other factors between urban and rural
areas. Maximum efficiency is the optimal combination of factor inputs to produce the “best”
product mix, so that the allocation of input and output resources between urban and rural
areas is optimized.
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The study combined the connotations of urban–rural integration referred to in the
literature [34,37], and followed the principles of objectivity, systematicity, comparability,
and operability to evaluate URID efficiency in the three major city clusters in the YREB
for both inputs and outputs (Table 1). URID, as an important public project led by the
government, has intricate and complex forms and structures of inputs, which are difficult
to refine. At the same time, various elements measuring URID efficiency are derived from
financial inputs and transformations. Combined with general public service expenditure
from government finance, 11 indicators, such as education, science and technology, culture,
sports, and media, were selected. In terms of outputs, the level of urban–rural integration
and carbon emission efficiency were selected as the expected values, and total carbon
emissions were selected as the unexpected value. Carbon emissions, as an important
indicator reflecting the quality of URID, are closely related to urban and rural social and
economic activities. Taking carbon emissions into consideration can more objectively
examine whether URID is performing as expected, reflecting low-carbon and sustainable
urban–rural development. For example, traditional productivity measures that ignore
carbon emissions and other undesirable outputs will lead to overestimation of the true
efficiency of urban–rural integration.
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Table 1. Input–output index system of efficiency for URID.

Index Attribute Index Selection ID

Input
indicators

Education (100 million yuan) Ip1

Science and technology (100 million yuan) Ip2

Culture, sports, and media (100 million yuan) Ip3

Social security and employment (100 million yuan) Ip4

Hygiene and health (100 million yuan) Ip5

Energy conservation and environmental protection
(100 million yuan) Ip6

Urban and rural communities (100 million yuan) Ip7

Agriculture, forest, and water (100 million yuan) Ip8

Public transportation (100 million yuan) Ip9

Business services (100 million yuan) Ip10

Expenditure on housing security (100 million yuan) Ip11

Output
indicators

The level of integrated urban and rural development Op1

Carbon emission efficiency (ton/10,000) Op2

Carbon emissions (10,000 tons) Op3

2. The EBM superefficiency model

The traditional DEA model cannot measure slack variables, while the slack-based
measure (SBM) model loses the proportional information between the actual value of
inputs and outputs and the target value. Aiming at these shortcomings, Tone et al. [41,42]
proposed a hybrid model: an epsilon-based measure (EBM) model that includes both radial
and SBM distance functions. This model can measure not only the improvement ratio
between the target value and the actual value, but also the gap between the target value and
the actual value by solving the nonradial values of each input–output so that the efficiency
of the decision-making unit (DMU) can be measured more accurately. The conventional
EBM model cannot compare multiple input DMUs at the frontier, but the superefficiency
EBM model can make up for this deficiency. In view of this, this paper uses MaxDEA9
software, selects the EBM model to be nonoriented, sets the superefficiency option, and
calculates the efficiency of URID. The expressions are as follows:

r∗ = min
θ − ε− ∑m

i=1
ω−i s−i

xi0

ϕ + ε+
(

∑s
r=1

ω+
r s+r
yr0

+ ∑
q
p=1

ωu−
p su−

p
up0

) (1)

s.t. ∑n
j=1 xijλj + s−i = θxi0 (2)

n

∑
j=1

yrjλj − s+r = ϕyr0 (3)

n

∑
j=1

upjλj + s−p = ϕup0 (4)

In the formula, r∗(0 ≤ r∗ ≤ 1) is the optimal efficiency value and xi0, y1r0, up02, and
s−i are the DMU0 input, expected output, and undesired output, respectively, followed by
DMU0 as the input slack. s+r and s−p are the expected output and undesired output slack,
respectively; ω−i , ω+

r , ωu−
p are the input and expected output of each indicator, respectively,

followed by the importance of undesired outputs. θ is the efficiency value under radial
conditions; ε is the core parameter of the importance degree of the nonradial part when
0 ≤ ε ≤ 1 is satisfied.

2.3.2. Evaluation of the URID Level

1. Level measurement index system
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Above, the expected value output is used as an indicator of the level of URID efficiency
to measure the level of urban–rural integration in a scientific way. Seventeen indicators
were selected from five dimensions, including integration, cultural integration, spatial
integration, and ecological integration (Table 2) [22,43–47]. In addition, the indicators of
the URID level are divided into comprehensive and comparative categories, where the
comprehensive category mainly reflects the overall development of regional urban and
rural areas while the comparative category mainly reflects the differences between urban
and rural areas. The two are indispensable and complement each other. If there is a lack of
comparative indicators, the level measurement results will deviate from the stated research
goals and become an evaluation of the comprehensive development level of the region;
similarly, if there is a lack of comprehensive indicators, the measurement results will also
deviate from the research goals.

Table 2. Indicator system for measuring the level of URID.

Dimensionality Indicator Name Indicator Calculation and Description Attribute Category

Economic integration

Per capita GDP GDP/regional resident population (yuan) + Comprehensive

Disposable income ratio of
urban and rural residents

Per capita disposable income of urban
residents/per capita disposable income of rural

residents (%)
− Comparison

Per capita consumption ratio
of urban and rural households

Per capita consumption expenditure of urban
residents/per capita consumption expenditure of

rural residents (%)
− Comparison

Engel’s coefficient ratio
between urban and rural areas

Urban Engel’s coefficient/rural Engel’s
coefficient (%) + Comparison

Binary contrast coefficient

(Output value of primary industry/employees of
primary industry)/(output value of secondary and

tertiary industries/employees of secondary and
tertiary industries) (%)

+ Comparison

Social integration

Urban and rural cultural,
educational and entertainment

comparison coefficient

Per capita expenditure on cultural, educational and
recreational services for urban residents/per capita

expenditure on cultural, educational and
recreational services for rural residents (%)

− Comparison

Teacher–student ratio in basic
education

Number of elementary education teachers/number
of elementary education students (%) + Comprehensive

Contrast coefficient of medical
care per capita between urban

and rural areas

Per capita health care expenditure of urban
residents/per capita health care expenditure of

rural residents (%)
− Comparison

Urban and rural
unemployment insurance

coverage

Number of urban and rural residents covered by
unemployment insurance/number of permanent

residents (%)
+ Comprehensive

Population integration

Urban and rural population
contrast coefficient Urban population/rural population (%) + Comparison

The ratio of nonagricultural
employment to agricultural

employment

Number of employees in the secondary and tertiary
industries/number of employees in the primary

industry/(%)
+ Comparison

Population urbanization level Total urban population/total population (%) + Comprehensive

Ecological integration
Vegetation index Urban and rural NDVA (normalized difference

vegetation index) + Comprehensive

Urban and rural sewage
treatment

Centralized treatment rate of sewage treatment
plant (%) + Comprehensive

Urban and rural domestic
waste treatment Harmless treatment rate of domestic waste (%) + Comprehensive

Space integration Road network density Highway operating mileage/total land area
(km/km2) + Comprehensive

Urban and rural internet
user rate

Number of internet users in urban and rural
areas/total number of households at the end of the

year (%)
+ Comprehensive

Note: 1. An index with an attribute of “+” means that the larger the index value is, the more conducive it is to
improving URID; an index with an attribute of “−” means that the larger the index value is, the less conducive it
is to improving URID.

2. Vertical and horizontal scatter degree method

There are many methods for measuring the level of URID, such as the commonly used
principal component analysis and entropy value methods, but these methods are difficult to
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evaluate dynamically. The comprehensive evaluation method of a three-dimensional time
series can not only reflect the difference of the evaluation objects at certain time section, but
can also show the distribution of the evaluation objects longitudinally over time and has
strong objectivity [48,49].

Ht = A(t)′′T A(t)′′ (5)

H =
N

∑
t=1

Ht (6)

e2 =
T

∑
t=1

m

∑
i=1

(yi(t)− y)2 =
T

∑
t=1

m

∑
i=1

(yi(t))
2 =

T

∑
t=1

WT HtW = WT HW (7)

gti = w1Xtil+w2Xtil” + · · ·+ wnXtil” (8)

In the formula, T is the research year, m is the number of cities, N is the number of
indicators, and the eigenvector u corresponding to the largest eigenvalue of the matrix H
is the weight determination vector. After u is obtained, normalization is performed. At
this time, e2 takes the maximum value. This determines the weight vector u, where u(w1,
w2, w3, w4...wn). Among these terms, t is the research year, n is the research city, n is the
number of indicators in the study, and gti is the urban–rural integration degree of the ith city
in the tth year. The weight of each index is multiplied by the corresponding standardized
index value of the city in the current year to obtain the urban–rural integration degree of
the ith city in the tth year.

2.3.3. Evaluation of the URID Level

A trend surface is a semiquantitative study of geographic data from a large area based
on spatial data and simulated spatial surfaces using mathematical fitting, which can be
used to explore the spatial trends and distribution patterns of research objects [9]. In this
paper, the characteristics of spatial and temporal variation in urban–rural integration in
the three major city clusters since 2010 are simulated by means of trend surface analysis
with the value of URID efficiency. Let (xi, yi) be the spatial location of the ith municipality;
then, Zi (xi, yi) is the trend function of the ith municipality, where the X-axis represents the
east–west direction and the Y-axis represents the north–south direction.

3. Results
3.1. General Change Characteristics in the Efficiency of URID

Selecting the vertical and horizontal scatter degree method and EBM superefficiency
model and using MATLAB and MaxDEA9 software, the URID level and efficiency of
73 cities in the three major city clusters were obtained, as shown in Figure 2a. The level
of urban–rural integration has been increasing linearly over time, with an average annual
growth rate of 5%. Total carbon emissions show an overall upward trend, as shown by a
rapid rise from 2010 to 2014 and a small fluctuation from 2014 to 2019 of “first falling and
then rising”; the efficiency of URID shows an overall decreasing trend over time, as shown
by a gradual decrease in efficiency from 2010 to 2015 and a small fluctuation from 2015 to
2019 of “gradually rising and then falling”, which is the opposite of the trend in carbon
emissions.

Further analysis of the change in characteristics of different city clusters shows that,
as shown in Figure 2b–d, the URID level of each city cluster is on the rise as a whole, and
YRDUA > MRYRUA > CYUA. In the past 10 years, URID has maintained a trend of growth;
the overall carbon emissions of the three major city clusters have also shown an upward
trend, with YRDUA > CYUA > MRYRUA, and the carbon emissions of YRDUA are on
average 3–4 times higher than the other two city clusters. There are obvious differences in
the efficiency of URID of the three major city clusters, with MRYRUA > CYUA > YRDUA.
The overall efficiency declines from 2010–2015, followed by small fluctuations in 2015–2019,
among which the most significant are found in CYUA, “rising first and then falling”.
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The trend surface analysis method (Figure 2e,f) helps to reveal the spatial divergence
in URID efficiency in the three major city clusters in the YREB. On the whole, from 2010
to 2019, the efficiency of URID in the three major city clusters roughly shows spatial
divergence in an inverted U-shape in the east–west and north–south directions: MRYRUA >
CYUA > YRDUA. The trend results are the same as those in Figure 2b–d. In 2010 (Figure 2e),
the efficiency of URID in the east–west direction increased significantly from Shanghai,
Suzhou, and Hangzhou in the eastern Yangtze River Delta city cluster to Qianjiang, Xiantao,
and Ezhou in the midstream city cluster, and fell back again in the Chengdu-Chongqing
city cluster, with cities such as Guang’an, Chengdu, and Chongqing. The north–south
direction shows increases in efficiency from Yiyang, Tongling, and Zhoushan in the south to
Huanggang, Ezhou, and Zhenjiang in the middle; it then decreases to Yancheng, Chuzhou,
and Mianyang in the north. There are 13 cities with an effective urban–rural integration
efficiency > 1, which are mainly concentrated in the central MRYRUA, represented by
cities such as Huanggang, Qianjiang, and Yiyang. The change in the URID efficiency
trend east–west in 2019 (Figure 2f) is significantly different from that in 2010, gradually
increasing from the eastern YRDUA to the western CYUA and decreasing from south to
north. The effective coefficient of urban–rural integration efficiency for the total region has
been reduced to 5, with representative cities concentrated in the central MRYRUA, with
cities such as Ezhou, Xiantao, and Yiyang.
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3.2. Evolution of the Spatiotemporal Pattern of URID Efficiency at the City Level

In this paper, the city-level URID efficiency of the three major city clusters from
2010–2019 was divided into five hierarchical gradients by the natural breakpoint method in
ArcGIS software, and the spatial distribution diagram for each year was drawn (Figure 3).
On the whole, the efficiency of URID in each of the three major city clusters shows a
decreasing trend over time in the order MRYRUA > CYUA > YRDUA, which corresponds
to the results in Figure 2b–d. The first and second gradients are mainly concentrated in
the midstream city cluster, the third and fourth gradients are mainly concentrated in the
Chengyu city cluster, and the fifth gradient is mainly concentrated in the Yangtze River
Delta city cluster.
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Combined with the spatiotemporal trends of each city, the URID efficiency of the
eastern cluster, the YRDUA, shows a decreasing trend from 2010 to 2019, with an overall
mean value of 0.24. In 2010, the average value of URID efficiency was 0.39, and there were
three cities with an effective efficiency in the first gradient, including Zhenjiang, Zhoushan,
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and Tongling; in 2011, the average value of URID efficiency of the first gradient was
0.31, and the cities with effective efficiency were reduced to 1, Tongling, while Zhoushan
and Zhenjiang dropped to the third and fourth gradients, respectively. In 2012–2019, the
average annual values of URID efficiency were 0.26, 0.244, 0.24, 0.19, 0.18, 0.19, 0.18, and
0.20, dominated by the fourth and fifth gradients, in which the relatively economically
developed cities of Shanghai, Suzhou, Nanjing, and Hangzhou show low efficiency. From
2010 to 2019, the central midstream city group had a decreasing trend in URID efficiency,
with an overall mean value of 0.43, the highest among the three city groups. In 2010, the
average value of URID efficiency was 0.57, the highest of the 10 years measured, and
there were eight cities with effective efficiency values in the first gradient, namely, Ezhou,
Huanggang, Xiantao, Qianjiang, Tianmen, Yiyang, Yingtan, and Xinyu. In 2011, the average
value of URID efficiency was 0.49 and the cities with effective efficiencies in the first
gradient decreased to 6, namely, Ezhou, Xiantao, Qianjiang, Tianmen, Yiyang, and Yingtan.
Huanggang and Xinyu dropped to the third and fourth gradients. The average values of
URID efficiency in 2012–2019 were 0.45, 0.44, 0.43, 0.39, 0.39, 0.40, 0.37, and 0.37, mainly
representing cities in the third and fourth gradients. The cities of Xiantao, Ezhou, Xiantao,
Qianjiang, and Tianmen fluctuated little and remained stable in the first gradient, while
the cities of Yiyang and Yingtan were more volatile and showed instability. The same low
efficiency also appeared in Wuhan, Changsha, Nanchang, and other relatively economically
developed cities. The overall average value of URID efficiency in western CYUA from 2010
to 2019 is 0.43, with annual averages showing a “U” shape, first decreasing, then increasing.
In 2010, the average URID efficiency was 0.43, and there were two cities with effective
efficiencies in the first gradient, namely, Guang’an and Zigong. From 2011 to 2015, the
URID efficiency showed a decreasing trend and from 2015 to 2019, an increasing trend. The
city with effective efficiency in the first gradient is Guang’an; Ya’an was added in 2018,
bringing the number of cities with effective efficiency in the first gradient to two. Similar to
the first two city clusters, Chengdu, Chongqing, Mianyang, and other relatively developed
cities are generally inefficient.

4. Discussion
4.1. Analysis of the Changing Law of URID Efficiency
4.1.1. Analysis of the Overall Laws of Change for URID Efficiency

The results of measuring the level and efficiency of URID in the three major city
clusters (Figure 2a) reveal that the level of URID, efficiency, and carbon emissions show
different development trends over time. The level of URID rises linearly over time, mainly
because the central government attached importance to the “three rural issues” that are
part of the “urban–rural integration” and “new socialist countryside construction” that
were proposed and implemented in the early stage (2003–2011). In the later stage (2012–
present), “urban–rural integration”, “precise poverty alleviation”, “rural revitalization”,
and “new socialist countryside construction” policies were proposed. A series of policy
strategies such as “URID” have strongly promoted the rapid development of rural ar-
eas, gradually narrowing the gap with urban areas and promoting the improvement of
urban–rural integration. The overall trend of total carbon emissions is upward, showing
a rapid rise from 2010 to 2014 and a temporary dip followed by a rise from 2014 to 2019.
The gradual slowdown in emissions after 2014 is closely related to the transformation of
the industrial structure and large-scale application of low-carbon technologies following
the 2014 declaration of a “new normal” defining the new economic development stage
proposed by the central government. By contrast, the efficiency of URID has generally
shown a decreasing trend with the passage of time, specifically in 2010–2015. In general,
cities increase their efficiency input indicators year by year, which promotes social, eco-
nomic, and environmental development, and to a certain extent, improves the URID level.
However, in the process of rapid urbanization and industrialization, a large number of
low-end industries with crude production methods have resulted in the ineffective use
of a large number of resource inputs and failed to play a practical role in the integrated
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development of urban and rural areas. In addition, carbon emissions grew rapidly during
this period, indicating that these crude low-end industries relied on resources to a high
degree, resulting in regional environmental pollution and increased urban and rural en-
ergy consumption. This is also opposite of the general trend of carbon emissions, mainly
because the economy entered a new normal in 2015, with economic growth shifting from
high-speed to medium-speed, from sloppy upscaling and acceleration to an intensive focus
on improving quality and efficiency, and from factor investment-driven growth to quality-,
innovation-, and efficiency-driven growth. The effective use of various resources resulted
in a steady improvement in the level of urban–rural integration and a slowdown in the
growth of carbon emissions.

4.1.2. Analysis of the Change Pattern of URID Efficiency at the City Cluster Level

There are obvious differences in the URID efficiency among city clusters. The URID
efficiency of MRYRUA is the highest from 2010 to 2019, which is mainly influenced by
the “Rise of Central China”, the “YREB Development Strategy”, and other plans. How-
ever, it is also worth noting that the efficiency values of these regions show a decline,
probably due to the fact that the traditional industries, such as steel, automobiles, and
transportation equipment manufacturing, are dominated by high dependence on resources
and underutilization of resource inputs, resulting in increased carbon emissions and lower
efficiency. From 2010 to 2015, the three major urban agglomerations showed a decreasing
trend with little difference between them; from 2015 to 2019, the efficiency difference with
MRYAUA and YRDUA gradually increased and showed an increasing trend (Figure 2b).
The possible reason for this is that although the “Western Development” strategy proposed
by the government in the early stage has promoted urban–rural integration in CYUA to
a certain extent, on the whole, the infrastructure and industrial development of CYUA is
weak and the resources inputs are not fully utilized, resulting in a decrease in efficiency
and an increase in carbon emission. After 2015, the strong cooperation between Chongqing
and Sichuan has, to a certain extent, contributed to the transformation and upgrading
of their industrial structures, effective utilization of resource inputs, and improvement
of efficiency. YRDUA had the lowest efficiency of URID but the highest level of URID
and carbon emissions from 2010–2019 (Figure 2d). The possible reason for this is that the
Yangtze River Delta region has paid more attention to URID in the past decade and its
relatively high investment has contributed to the progress of its urban–rural economic, so-
cial, and environmental dimensions. However, at the same time, it must be acknowledged
that the development pattern of a large number of urban and rural low-end industries in
the Yangtze River Delta region is still relatively crude, resulting in a large number of less
efficient inputs.

From the analysis of urban–rural function, YRDUA has developed social economy
and a high urbanization rate, and the urban and rural areas play their respective functional
advantages to form complementary urban–rural functions, which leads to the improvement
of the level of urban–rural integrated development. There is no longer a single rural area
supporting the urban area and the urban area feeding the rural area, but rather a large
number of low-end and rough industrial gatherings in the rural area, which leading to s re-
source inputs not being ineffectively used and resulting in a large amount of carbon dioxide
emission and low efficiency of urban–rural integration development. To avoid this, these
areas should reasonably plan their industrial layout and increase scientific and technologi-
cal innovation. CYUA and MRYRUA are relatively less developed socio-economically, with
low urbanization rates, large urban–rural gaps, and better urban functions and lack of rural
functions, creating single urban areas feeding rural areas and a low level of urban–rural
integrated development. However, the resource inputs from urban functions to rural areas
are effectively utilized, improving of the efficiency of urban–rural integration development.
The future relies on the rural revitalization strategy to promote rural development, promot-
ing the two-way flow of urban and rural elements and the mutual promotion of urban and
rural functions.
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4.2. Correlation between Carbon Emissions and URID Efficiency

In this paper, the efficiency of URID in 73 cities in three major city clusters was
analyzed in comparison with carbon emissions; the results showed cities in three categories:
positive correlation, inverse correlation, and insignificant correlation (Figure 4). There
are three cities that were positively correlated, accounting for 4%. As shown in Figure 4a,
the efficiency of URID in cities represented by Dazhou gradually increases with carbon
emissions, which this paper believes may be due to weak socioeconomic development
in cities with small economic volume, low industrialization, limited amounts of resource
inputs, and low carbon emissions. Consequently, the efficiency value gradually increases
with carbon emissions. However, it is worth noting that, although it becomes positive,
the efficiency value fluctuates and does not form a stable trend of growth, There are
54 cities with a reverse correlation with carbon emissions, distributed in each city group,
accounting for 74%, the majority of total cities. As shown in Figure 4b, the efficiency
of URID represented by Wuhu decreases with the gradual increase of carbon emissions,
While carbon emissions increased rapidly in 2010–2014, the efficiency value decreased,
probably because of rapid urbanization and industrialization, with a large number of
low-end industries with crude production methods making poor use of resource allocation
and resource inputs. From 2014 to 2019, as the economy entered the “new normal”, all
inputs effectively improved, and the efficiency value increased with the reduction of carbon
emissions. There are 16 cities, accounting for 22% of the total, that are not significantly
correlated with carbon emissions; they are also distributed among all urban clusters. As
shown in Figure 3c, the efficiency of URID in cities represented by Ningbo gradually flattens
out with increasing carbon emissions, generating a nonsignificant correlation. Among
these cities, the more socioeconomically developed the city is, the flatter the urban–rural
integration efficiency is, and the larger the carbon emissions are (Figure 3d–f). It may be
that resource allocation is unreasonable and the various resources inputs are used only in a
limited way, resulting in the waste of some resources, high carbon emissions, and relatively
low efficiency values.

4.3. Improvement of URID Efficiency

The EBM model is able to measure the redundancy of inputs, the shortfall of desired
outputs, and the redundancy of undesirable outputs in terms of proportional improvement
values and slack improvement values. The sum of both the proportional improvement
value and the slack improvement value is the overall redundancy value [32]. The analysis
of the redundancy (deficiency) of each input–output indicator can reflect the causes of
efficiency loss and help to provide guidance for the improvement of URID efficiency in the
three major city clusters in the YREB. This paper divides the average value of redundancy
(deficiency) of each indicator for the 73 cities in the three major city clusters from 2010 to
2019 by the average value of the corresponding input (output) indicator and obtains the
input redundancy rate and output insufficiency (redundancy) rate of each indicator. The
calculation results are shown in Table 3.

4.3.1. Input–Output Analysis of URID Efficiency

From the perspective of input indicators, the overall redundancy rate in the three
major city clusters is high. The redundancy rates of individual input indicators are all
above 50%, indicating that the large amount of resource inputs has not played a practical
role in promoting the integrated development of urban and rural areas. From the mean
values of each input in Table 3, it is found that redundancy in the inputs for cultural,
sports and media (Ip3), energy conservation and environmental protection (Ip6), urban
and rural communities (Ip7), and housing security expenditures (Ip11) in most cities are
the primary influencing factors of their efficiency loss in URID. This indicates that the
three major city clusters, as strategic core areas of economic growth in the YREB, still have
unbalanced urban–rural development, with inadequate rural development in the process
of integrated development. Urban–rural resource allocation remains unreasonable and
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unbalanced, and urban–rural factor flow and distribution are still mainly one-way, with
two-way interactions largely unformed.
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outputs, and the redundancy of undesirable outputs in terms of proportional improve-
ment values and slack improvement values. The sum of both the proportional improve-
ment value and the slack improvement value is the overall redundancy value [32]. The 
analysis of the redundancy (deficiency) of each input‒output indicator can reflect the 
causes of efficiency loss and help to provide guidance for the improvement of URID effi-
ciency in the three major city clusters in the YREB. This paper divides the average value 
of redundancy (deficiency) of each indicator for the 73 cities in the three major city clusters 
from 2010 to 2019 by the average value of the corresponding input (output) indicator and 
obtains the input redundancy rate and output insufficiency (redundancy) rate of each in-
dicator. The calculation results are shown in Table 3. 

Table 3. Results of the input‒output optimization of URID in the three major city clusters. 

Figure 4. Schematic diagram of the spatial-temporal relationship between URID efficiency and
carbon emissions in the three major city clusters. Note: (a) (Dazhou) denotes a positive correlation,
(b) (Wuhu) denotes an inverse correlation, (c) (Ningbo) denotes an insignificant correlation, and
(d–f) denote Chengdu, Wuhan, and Shanghai. L&E denotes the level and efficiency of URID, CE
denotes carbon emissions, Level (red line) denotes the level of URID, efficiency (blue line) denotes
the efficiency of URID, and CE (orange line) denotes carbon emissions.

In recent years, the state has strongly supported the deepening of cultural system
reform, promoting the development of cultural industries especially in the countryside,
building a large number of cultural centers, rural bookstores, and fitness venues, which
have enriched and improved rural cultural life. There is a disconnect between the content of
rural cultural construction and the needs of rural residents, a lack of innovation in cultural
system construction, a shortage of cultural service personnel, and a lack of investment
in construction funds, which have all hampered the role of rural cultural construction in
narrowing the gap with urban areas and promoting URID. There are obvious differences
between urban and rural areas in terms of energy conservation and environmental pro-
tection (Ip6), with cities being effectively targeted as the center of gravity for pollution
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prevention and control, while rural areas are devoid of pollution prevention and control,
which also hampers integrated urban–rural development. The urban and rural community
(Ip7) input is mainly used for urban and rural community management affairs, community
planning and management, public facilities, community housing, environmental sanitation,
and construction market management and supervision, which have played a certain role
in promoting urban and rural social life and the improvement of urban and rural living
environments. However, due to the lack of strict budgetary management in the use of
these funds and the relative absence of consideration of the geographical and regional
differences in the development of urban and rural communities, the performance of this
indicator for promoting URID is not high. Housing security expenditure input (Ip11) is
mainly used to support the construction of secure housing projects and secure housing to
accelerate the transformation of shantytowns and the renovation of dilapidated houses
in the countryside and, in general, to improve the living conditions of urban and rural
people in difficulty. This input helps improve urban and rural living conditions and narrow
the gap between urban and rural integration development. However, the method for
assigning land for guaranteed housing still needs to be improved, and the lack of unified
and standardized planning for housing and shantytown renovation leads to unreasonable
construction costs. The waste of resource inputs again inhibits the efficient and high-quality
development of urban–rural integration. It is worth noting that the YRDUA is different
from other city clusters in terms of investment in science and technology (Ip2), which has a
high redundancy rate, similar to the investment in energy conservation and environmental
protection. The long-standing development strategy of “emphasizing urban over rural
areas” has caused a serious imbalance in the investment in science and technology between
urban and rural areas. The high level of redundancy in this indicator thus narrows the
urban–rural development gap and promotes urban–rural integration, but the indicator’s
actual role in development is limited.

Table 3. Results of the input–output optimization of URID in the three major city clusters.

City
Input Redundancy Rate Underproduction

(Redundancy) Rate

Ip1 Ip2 Ip3 Ip4 Ip5 Ip6 Ip7 Ip8 Ip9 Ip10 Ip11 Op1 Op2 Op3

CYUA −0.69 −0.54 −0.79 −0.71 −0.74 −0.80 −0.78 −0.70 −0.66 −0.63 −0.85 0.54 1.42 −0.62
MRYRUA −0.57 −0.58 −0.59 −0.59 −0.54 −0.62 −0.68 −0.53 −0.51 −0.53 −0.60 0.45 1.38 −0.54
YRDUA −0.76 −0.87 −0.82 −0.66 −0.70 −0.76 −0.90 −0.67 −0.68 −0.71 −0.77 0.60 3.91 −0.78
Average

value −0.66 −0.68 −0.71 −0.64 −0.64 −0.71 −0.78 −0.62 −0.60 −0.62 −0.71 0.52 2.29 −0.64

Note: 1. Negative numbers in the table indicate that the input is redundant and positive numbers indicate that
the output is insufficient. The redundancy (insufficiency) rate refers to the absolute value of the corresponding
value of each indicator. 2. The color blocks in the table represent the top three indicators of the redundancy
rate. CYUA = Chengyu Urban Agglomeration, MRYRUA = Urban Agglomeration in the Middle Reaches of the
Yangtze River, YRDUA = Yangtze River Delta Urban Agglomeration.

The output deficiency (redundancy) rate varies widely among city clusters, which is
related to factors such as resource endowment and industrial structure in different cities.
The YRDUA has the highest deficiency rate in desired outputs and the highest redundancy
rate in unexpected outputs. This indicates that the efficiency of URID in the YRDUA
is also largely constrained by output deficiency in URID level and the excess of carbon
emissions, which is consistent with the findings of Figures 2d and 4f above. Comparing the
desired output deficiency rate and the unexpected output redundancy rate of each city, it
can be found that the impact of excessive carbon emissions on efficiency loss in URID is
relatively large.
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4.3.2. URID Efficiency Input–Output Path Optimization

In terms of improving the efficiency of integrated urban–rural development, the above
indicators have great potential for improving resource utilization. Culture, sports, and
media (Ip3) should be oriented toward normalizing rural cultural services and optimizing
its financial input structure. The construction of grassroots cultural teams should be
increased; mass cultural workers, folk artists, professional cultural workers, comprehensive
law enforcement managers, and other cultural teams should all be trained; the healthy
development of rural private culture should be actively guided and encouraged, and rural
cultural teams should continue to grow. To make full use of the advantages of rural cultural
resources, combined with the actual needs of rural residents, the creation of innovative
rural cultural industries, such as the Chongqing Fengjie “navel orange cultural festival” and
Hubei Zigui commemorative Qu Yuan “dragon boat race” competition, are needed to enrich
local cultural life and simultaneously promote the development of local tourism. Rural
grassroots cultural institutions should be reformed and improved, as should mechanisms to
improve the effectiveness of rural public cultural services. Townships are the link between
rural and urban areas; the cultural construction of townships has an influential effect on
the surrounding rural areas, which can be promoted through “new urbanization”. A stable
growth mechanism for financial investment in rural energy conservation and environmental
protection is needed (Ip6), and the financial investment structure for energy conservation
and environmental protection should be optimized. Green and clean energy should be
promoted, such as the construction of natural gas pipelines, photovoltaic power generation,
and other green and clean energy to support rural households. The “toilet revolution”
should be accelerated, fully popularizing rural public toilets, connecting domestic sewage
treatment, and promoting the effective treatment or resource utilization of toilet sewage and
manure. Rural household garbage collection should be connected with village collection,
transportation to local waste facilities, and the district treatment system. The concept of
urban and rural communities should be strengthened (Ip7). Budget management should
be funded and special personnel for budget management should be hired to refine fund
management and optimize the fund input structure for urban and rural communities. A
strict budget monitoring and assessment system should be established and developed,
with a budget information feedback system; the budget implementation should be widely
publicized so that residents are more willing to accept public supervision and reporting.
The housing security expenditure (Ip11) focuses on the construction of secure housing
projects, promoting the construction of secure housing while increasing investment in the
countryside, carrying out scientific and reasonable architectural planning and renovation
according to the resource endowments of different villages, reducing unnecessary resource
investments, and narrowing the gap between urban and rural areas.

Further analysis of the input–output path optimization of each city cluster was con-
ducted. The input–output results of the CYUA show that the redundancy of housing
security expenditure (Ip11) inputs is the primary cause of efficiency loss. Housing security
(Ip11) in the Chengdu-Chongqing city cluster can be improved through the following mea-
sures. First, liaisons for housing security in the Chengdu-Chongqing city cluster should
be established with regular joint meetings and collaboration to promote the improvement
of the housing security system. Second, each housing and urban–rural development man-
agement authority in the Chengdu-Chongqing city cluster should adhere to integration
and coordination plans to promote the construction of guaranteed rental housing and
improve the accuracy of guaranteed housing and the efficient utilization of public rentals,
further standardizing public rental housing. Third, the common construction and sharing
of housing security information in the CYUA should be promoted. The housing security
policies of each city should be centralized and unified, including the channels for applica-
tion for residency in each city in the CYUA. Most of the villages in the CYUA are located in
mountainous areas with complicated terrain, so reasonable planning and transformation
with engineers should be carried out according to local conditions to reduce unnecessary
resource inputs. The redundancy of investment in urban and rural communities (Ip7) is
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the primary reason for the loss of input–output efficiency in the city clusters in the middle
reaches and the YRDUA. By optimizing financial investments, the use of funds in urban
and rural communities can be improved. According to the actual needs of residents, various
special funds should be budgeted, and the community fund budget should be reasonably
arranged and refined. The next step is to conduct in-depth investigation and research on
ways to expand the use of community funds, effectively integrating funds and maximizing
benefits. Third, the community should strictly allocate funds for special purposes and
separate accounts. Fourth, the construction of smart community infrastructure should
be promoted, improving the smart community governance system and building an open
community service complex. Examples include “Community Access” in Baoshan District,
Shanghai [50] and “Garden Digital Village” in Zhejiang [51]. In addition to urban and rural
community (Ip7) input, the energy saving and environmental protection (Ip6) input results
in a large loss of efficiency in the city cluster in the middle reaches of the Yangtze River;
these inputs can be assessed with actual needs, and resources can be moved toward rural
areas through reasonable budgeting to accelerate the improvement of rural infrastructure
for environmental protection. The science and technology input (Ip2) is a source of a large
loss of efficiency for the YRDUA, which should optimize the structure of expenditures for
science and technology to reasonably distribute the ratio of technology inputs between ur-
ban and rural locations. Rural modern agricultural science and technology research should
be improved and the results converted into practices. The advantages of the density of
universities, high-tech enterprises, and scientific research institutions in the Yangtze River
Delta city cluster should be optimized to accelerate improvement in industry–university
research and optimize the training and management of scientific research talent.

It is noteworthy that the high output deficiency (redundancy) rate of the URID level
and carbon emissions in Table 3 has a negative impact on URID efficiency. Considering
carbon emissions as an important indicator of the quality of URID, as it is closely related
to urban–rural social and economic activities, the inclusion of carbon emissions in assess-
ments of URID levels can more objectively review whether low-carbon and sustainable
URID has been achieved. Ignoring carbon emissions as a unexpected output will lead
to overestimation of the efficiency of URID. In view of the impact of the high rate of car-
bon emissions on output deficiency (redundancy) leading to loss of URID efficiency, the
development of regional urban–rural integration should be guided toward sustainable
development with the concept of “innovation, coordination, green, openness and sharing”.
Under the framework of a top-level design, the high energy-consuming, high-polluting,
and high-emission enterprises in the industrial chain should be gradually phased out by
increasing the supervision of emission reduction policies and improving the carbon trading
market and its operations. With these measures in place, competition should be reason-
ably introduced to gradually eliminate enterprises with high energy consumption, high
pollution, and high emissions in the industrial chain. The removal of these low performing
enterprises will eliminate the restraining effect of environmental factors such as carbon
emissions on the efficient and high-quality development of urban–rural integration

There are certain limitations to this study. First, the indicator system of URID needs to
be improved, because the unavailability of data makes it difficult to reflect URID compre-
hensively. In future data updates, the indicator system should be improved, for example,
to supplement the space integration indicators, and the output indicators should be consid-
ered to include indicators such as poverty headcount and Gini coefficient, because they can
reflect the differences in income distribution between urban and rural residents. Secondly,
the continuous development of satellite remote sensing technology provides some potential
data for the study of urban–rural integration development, and relevant technical methods
should be strengthened in further research to extract new data to more comprehensively
evaluate URID. Finally, future research address efficiency input–output analysis by using
quantitative methods to further in-depth analysis of the mechanism.
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5. Conclusions

Based on the vertical and horizontal spread method, the EBM superefficiency model,
and the trend surface analysis method, and considering the undesired output of carbon
emissions, this paper studies the urban and rural areas of 73 cities in the three major city
clusters of the YREB from 2010 to 2019. The efficiency of URID and the characteristics of
its temporal and spatial evolution are revealed, and correlations are identified for some
cities between URID efficiency and carbon emissions. Efficiency improvement analysis is
conducted for all three major city clusters. The main conclusions drawn from the study are
as follows:

(1) The level of URID in the three major city clusters in the YREB during 2010–2019
showed a steady improvement; the total carbon emissions showed an overall upward
trend, as shown by a rapid upward phase from 2010 to 2014, and a temporary decline and
recovery from 2014 to 2019. The overall trend of URID efficiency is decreasing.

(2) The URID efficiency of the three major city clusters in the YREB is spatially dis-
tributed in decreasing order from MRYRUA > CYUA > YRDUA, and the gap between
cities is gradually widening. In cities with better economic development, the URID level is
generally higher than that of cities with average economic development, while the URID
efficiency is low.

(3) The URID efficiency of the majority of the 73 cities in the three major city clusters
is mainly inversely correlated with carbon emissions and decreases inversely with the
gradual increase in carbon emissions. The more developed the socioeconomic structure of
the cities is, the flatter the urban–rural integration efficiency is, and the larger the carbon
emissions are.

(4) Regarding the input–output efficiency in the URID, the overall redundancy rate
of the three major city clusters in the YREB is high in each input indicator, though the
redundancy rate of each input indicator varies. Among these indicators, the redundancy of
inputs into cultural, sports and media support, energy conservation and environmental
protection, urban and rural communities, and housing security expenditures is the primary
influence on efficiency loss; in addition, the redundancy of carbon emissions also has an
impact on efficiency loss in the URID. Based on these results, optimization paths to improve
the efficiency of the URID in the three major city clusters are proposed.
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Abstract: Landslides are a typical geological disaster, and are a great challenge to land use manage-
ment. However, the traditional landslide displacement model has the defect of ignoring random
displacement. In order to solve this situation, this paper proposes a CNN–BiLSTM model that
combines a convolutional neural network (CNN) model and a bidirectional long short-term mem-
ory network (BiLSTM) model. In this model, the CEEMDAN method is innovatively proposed to
decompose landslide displacement. The GRA–MIC fusion correlation calculation method is used
to select the factors influencing landslide displacement, and finally the CNN–BiLSTM model is
used for prediction. The CNN–BiLSTM model was constructed to extract the temporal and spatial
characteristics of data for landslide displacement prediction. Two new concepts that evaluate the
state of a landslide and the trend of the landslide are proposed to improve the performance of the
prediction model. Then, we discuss the prediction performance of the CNN–BiLSTM model under
four different input conditions and compare it with seven other prediction models. The experimental
prediction results show that the model proposed in this paper can be popularized and applied in
areas with frequent landslides, and provide strong support for disaster prevention and reduction and
land use management.

Keywords: land use management; landslide displacement prediction; complete ensemble empirical
mode decomposition with adaptive noise; bidirectional long short-term memory

1. Introduction

As the seasons change, the weather warms, human activity expands, and the fre-
quency of natural disasters increases [1]. All kinds of natural disasters, such as soil erosion,
floods, volcanic eruptions, earthquakes, and tsunamis, among which landslides are the
most destructive and harmful [2], can lead to the severe loss of lives and properties [3–5].
Landslides are geomorphological processes that involve the mobilization of the ground,
rocks, debris, and the mud downslope under the action of gravity, causing local erosion
problems [6,7]. Human disturbance is also an important triggering mechanism for land-
slides [8]. In most countries, landslides have caused severe socioeconomic impacts on
people, cities, industrial establishments, and lifelines, including highways, railways, and
communication network systems [9]. China is among the countries most vulnerable to
landslides worldwide [10]. According to China’s 2020 China Statistical Yearbook, 4810 land-
slides occurred in China in 2020, accounting for 61.3 percent of the country’s total geological
disasters, causing many property losses and casualties [11]. Therefore, it is important to
obtain predictions and alerts for landslides, considering their causes and probability of
occurrence, to issue timely landslide hazard warnings and prevent similar tragedies [12].
This also plays an important role in the policymaking of land use management.

Over the years, the field of landslide displacement prediction has benefited from the
continuous development of artificial intelligence and landslide monitoring technologies. A
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variety of analytical methods and machine learning models have been used for landslide
displacement prediction [13–24]. Chenhui et al. [13] combined a genetic algorithm with the
Elman neural network, optimized the weight, threshold, and number of hidden neurons
of the Elman neural network, and solved the problem which Elman easily falls into, of
local minima and neuron data being difficult to determine. Yong et al. [14] fused the
predicted trend series with the sensitivity state to obtain the nonlinear prediction model.
S.H. et al. [15] constructed a weighted multi-kernel grey model based on grey theory, multi-
kernel learning and weighted learning. Lizhou et al. [16] proposed a nonlinear grey predic-
tion model with background value optimization (BNGM(1, 1, t2)) and compared it with
three kinds of grey Bernoulli models, illustrating the advantages of the proposed model.
Yanan et al. [17] proposed a new graph convolution network fused with the GRU model
(GC-GRU-N) and applied it to landslide displacement prediction. Cheng et al. [18] im-
proved the bootstrap method, used partial neural networks to construct PI, and used a
random vector functional link network (RVFLN) instead of ELM as the predictor of the
neural network. As a result, excellent landslide displacement interval prediction was
achieved. Jingjing et al. [19] proposed the multi-feature fusion transfer learning (MFTL)
method, utilizing the knowledge and skills gained from the Baijiapu landslide scenario,
to improve the prediction ability of other landslides. Peihong et al. [20] considered the
Laowuji landslide to be a research object, studied its dynamic failure mode, and finally
decided to use a variety of factors, including geological conditions, rainfall intensity and
human activities, as input and used a long short-term memory (LSTM) model to predict
landslide displacement. Heming et al. [21] recombined the mutation displacement data to
reduce the displacement of the mutation-affected data in the steady state and accurately
predicted the displacement of the landslide mutation segment. Shaohong et al. [22] com-
bined dual support vector regression with the Hausdorff derivative operator and adopted
the improved salp group algorithm to determine the model parameters, and the new model
was successfully used to predict the actual landslide displacement. Lizheng et al. [23]
proposed a low-cost landslide displacement prediction method, which used time series
measurements of acoustic emission (AE) and rainfall to predict the displacement, and they
verified the effectiveness of the proposed method with a landslide that occurred in Hollin
Hill, North Yorkshire, UK. Xinli et al. [24] combined empirical and data methods, and a
displacement prediction method was constructed based on the Verhulst inverse function
(VIF) and the random forest (RF) algorithm. The performance of the model was evaluated
using RMSE and MAPE.

Since landslide displacement changes gradually over time, experts have used the time
analysis method to analyze the landslide displacement in many studies [25–35]. Because
the moving average (MA) method has the advantage of eliminating the accidental change
factors and determining the development trend of things, it is used to analyze the landslide
displacement in time and decompose the landslide displacement into trend displacement
and periodic displacement for forecasting. Rubin et al. [25] built a landslide displacement
prediction model by combining the ELM model with the RS-SVR model of random search
support vector regression. They used the ELM model and RS-SVR model to predict
the trend displacement and periodic displacement, respectively, and then they summed
the two results to obtain the predicted total displacement. Yonggang et al. [26] used a
cubic polynomial to predict trend displacement and the GRU model to predict periodic
displacement and applied it to the Erdaohe landslide, which achieved good results. Beibei
et al. [27] selected input data by calculating the grey correlation degree, and the LSTM
model predicted the periodic displacement and used the real data of the Baishuihe landslide
and Bazimen landslide to simulate and test the performance of the model. Fasheng et al. [28]
established a dynamic model based on displacement observations and used GA-SVR to
predict periodic and random terms in displacement. Although the prediction accuracy of
random terms is not high, the trend can be reflected to a certain extent, which is helpful for
landslide prediction. Zhongqiang et al. [29] used three prediction models, GRU, RF, and
LSTM, to verify and compare the prediction effects of three landslides in the Three Gorges
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area, which illustrated the effectiveness of the three models in landslide displacement
prediction. Yankun et al. [30] compared five commonly used machine learning prediction
models on three landslide datasets. The Hodrick–Prescott filter was used to decompose
landslide displacement into trend displacement and periodic displacement, and double
exponential smoothing was used to predict trend displacement. The results show that no
model is optimal for the three landslides at the same time, and different models should be
selected for different landslides. Zian et al. [31] improved the time series analysis method
of landslides, using the WMA method to decompose the landslide displacement and the
LSTM model to predict the trend displacement, and obtained good results. Subsequently,
Zian et al. [32] further analyzed the composition of landslide displacement and improved
the theoretical method, using the EWMA method to decompose and the Double-BiLSTM
model to predict landslide displacement, which greatly improved the prediction results.
Zizheng et al. [33] and Qi et al. [34] both used the variational mode decomposition (VMD)
method, which is a data evaluation and decomposition method that adaptively realizes the
frequency domain division of the signal and the effective separation of each component.
Zizheng et al. [33] used VMD combined with a periodic neural network model, and Qi
et al. [34] used the VMD method combined with the WA-GWO-BP model to achieve the
accurate prediction of landslide displacement. Shiluo et al. [35] used the EMD method
to decompose Baijiabao landslide displacement data, and one-step-ahead prediction and
multistep-ahead prediction methods were used for prediction.

However, the method of time series analysis also has its shortcomings. In the analytical
process, the existence of random displacement will be ignored because the model cannot
accurately predict random displacement. To solve the shortcomings of the time series
analysis method, some experts propose the time frequency analysis method, which does
not ignore any part of the data and can effectively improve the accuracy of landslide
displacement measurements [36–38]. Zhenglong et al. [36] and Chao et al. [37] divided
landslide displacement into subsequences with different frequencies based on wavelet
transform theory. Faming et al. [38] improved wavelet transform theory by using the DWT
discrete wavelet transform to decompose landslide displacement, using chaos theory to
reconstruct each frequency, and finally using the ELM model for prediction.

Most of the previous landslide displacement models adopted the time series method,
taking landslide displacement as the data changing with time. Although those models
based on the time series method can predict landslide displacement, the method has a
disadvantage of ignoring random displacement. In addition, when selecting the input
variables of the prediction model, only one correlation calculation method is usually
used, which leads to insufficient comprehensiveness. And the choice of the displacement
prediction model cannot take into account the temporal and spatial attributes of the data.

In this paper, a landslide displacement prediction model based on time-frequency
analysis is proposed. This model uses the complete ensemble empirical mode decomposi-
tion with adaptive noise (CEEMDAN) method to analyze landslide displacement, which
can overcome the defects of the time series method. The model adopts the joint correlation
degree calculation method GRA–MIC to select the influencing factors of displacement,
and considers the input variables of the model from multiple perspectives. Finally, com-
bining the advantages of the CNN model and the BiLSTM model in data processing, the
CNN–BILSTM model is constructed to effectively extract the spatiotemporal characteristics
of the data, and finally achieve accurate displacement prediction. The research results in
this paper lay a foundation for the technical progress of landslide monitoring and early
warning systems in the future as an important part of disaster prevention and land use
management.

The main contributions of this paper are described as follows:

1. According to the principle of time frequency analysis, the CEEMDAN method [39–41]
is used to decompose the landslide displacement into multiple subsequences. In
this method, the original data are decomposed into different frequency data series
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with local characteristics, and the data characteristics of each frequency in landslide
displacement are highlighted.

2. This paper analyzes the landslide situation in the study area and proposed two new
concepts, using the landslide displacement of the previous month to represent the
current state of the landslide and quantifying the difference between two consecutive
months of displacement data as the trend of landslide change, adding relevant data
of landslide prediction and creating conditions for improving the performance of
landslide prediction.

3. To consider the factors affecting landslide displacement more comprehensively, this
paper combines two correlation degree calculation methods, GRA [42–44] and
MIC [45,46], to obtain the GRA–MIC method. This method comprehensively selects
the influencing factors from two perspectives, which is helpful to further improve the
accuracy of the landslide displacement prediction model.

4. Combined with the ability of the CNN model [47] to extract local features of data and
the BiLSTM model [48,49] to process time series data, the CNN–BiLSTM model was
constructed to predict landslide displacement. This paper combines the two models
to effectively improve the prediction performance [50].

2. Materials and Methods
2.1. Complete Ensemble Empirical Mode Decomposition with Adaptive Noise

Compared with EEMD, the CEEMDAN method adds adaptive white Gaussian noise at
each stage in the decomposition process and obtains each modal component by calculating
the unique margin signal. The decomposition process is complete, and the reconstruction
error is extremely low [39]. The CEEMDAN method can effectively solve the mode aliasing
problem of EMD and overcome the problems of low decomposition efficiency of EEMD
and difficulty in completely eliminating noise [40].

Ej(·) is defined as the Jth mode functions obtained by the EMD algorithm, X(t) is the
original data series, and ni(t) is the ith added white Gaussian noise satisfying the standard
normal distribution. The implementation steps of the CEEMDAN method are given as
follows [41]:

(1) Similar to EEMD, the signal X(t) + ε0ni(t) is decomposed n times by EMD in the
CEEMDAN method, and the first mode functions are obtained by mean calculation:

IMF1(t) =
1
N

N

∑
i=1

IMFi
1(t) (1)

(2) Calculate the first margin signal r1(t) as

r1(t) = X(t)− IMF1(t) (2)

(3) The EMD algorithm is used to decompose the signal r1(t) + ε1E1(ni(t)) n times and
then obtain the second mode functions as

IMF2(t) =
1
N

N

∑
i=1

E1(r1(t) + ε1E1(ni(t))) (3)

(4) For k = 2, . . . , K, calculate the kth residual signal as

rk(t) = rk−1(t)− IMFk(t) (4)

(5) The calculation process of step (3) is repeated, and the k + 1 mode functions are
obtained as

IMFk+1(t) =
1
N

N

∑
i=1

E1(rk(t) + εkEk(ni(t))) (5)
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(6) Steps (4) and (5) are repeated until the residual signal meets the termination condition
of the decomposition, and K mode functions are finally obtained. The final residual
signal of the decomposition is

R(t) = X(t)−
K

∑
k=1

IMFk(t) (6)

Then, the final original data signal can be decomposed into

X(t) =
K

∑
k=1

IMFk(t) + R(t) (7)

After the CEEMDAN method has been used to decompose the landslide displacement,
each displacement component will be predicted separately in this paper.

2.2. Grey Relation Analysis and Maximal Information Coefficient

The basic idea of grey relation analysis theory is to judge the degree of correlation
between factors according to the degree of similarity between curves, which can be used to
quantitatively analyze the dynamic development process of the system to determine the
degree of contribution of factors to a certain behavior or index [42]. In essence, grey correla-
tion analysis is used to find the main relationship between various factors and determine
the relevant factors that cannot be ignored to grasp the main contradiction of the devel-
opment of things. Grey correlation analysis includes the following three elements: the
main sequence, subsequence, and correlation degree. When the method is used to analyze
the influence degree, the main sequence is generally the main behavior or index used to
evaluate the system performance. The subsequence is made up of the various factors that
affect the system performance. The correlation degree is the correlation degree between
subsequence and main sequence obtained by grey correlation analysis [43]. In this paper,
landslide displacement is selected as the main sequence, and four subsequences constitute
sequence X. X = [X0, X1, X2, X3, X4] = [landslide displacement, precipitation, reservoir
level, trend of landslide, state of landslide]. The analysis and selection of the factors influ-
encing landslide displacement are presented in Section 3.2 of this paper. The process of
GRA is described as follows [44].

Because the physical interpretation of each type of data is different, resulting in
different ranges of resulting data, it is not suitable for direct comparison. Therefore, data
normalization needs to be performed in GRA. The following equation is the normalization
method for the data:

Xi(k)
′ = Xi(k)/

1
n

N

∑
i=1

Xi(k) (8)

where i = 0, 1, . . . , m; k = 0, 1, . . . , n, M is the number of types of influencing factors, and N
is the number of data affecting factors. After data normalization, correlation coefficients
between landslide displacement and the other four influencing factors and grey relational
grade could be calculated as follows:

ξ
(

x0(k)
′, xi(k)

′
)
=

minimink

∣∣∣xi(k)
′ − x0(k)

′
∣∣∣+ ρminimink

∣∣∣xi(k)
′ − x0(k)

′
∣∣∣

∣∣∣xi(k)
′ − x0(k)

′
∣∣∣+ ρmaximaxk

∣∣∣xi(k)
′ − x0(k)

′
∣∣∣

(9)

r(x0, xi) =
1
n

n

∑
k=1

ξ
(

x0(k)
′, xi(k)

′
)

(10)

where ξ
(

x0(k)
′, xi(k)

′
)

is the correlation coefficient between xi and the sequence xj, ρ is the
resolution coefficient, the usual value is 0.5, and r(x0, xi) is the final grey relational grade.
Generally, factors with GRD > 0.65 are considered to be important influencing factors [51].
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The maximal information coefficient (MIC) was proposed by Reshef et al. [45] in 2011,
and it is developed based on mutual information (MI). Mutual information can be regarded
as the uncertainty of a random variable reduced by the knowledge of another random
variable, which is mainly used to measure the degree of correlation between linear or
nonlinear variables, and its value range is [0, 1]. If x and y are random variables, the mutual
information is defined as

I(x; y) = ∑
x

∑
y

p(x, y)log
p(x, y)

p(x)p(y)
(11)

where I(x; y) is the mutual information of variables x and y, p(x, y) is the joint probability
density function, and p(x) and p(y) are the marginal density functions. The greater the mu-
tual information between the two variables is, the stronger the correlation is [46]. Compared
with mutual information, MIC overcomes the disadvantage that mutual information cannot
be used to conveniently calculate continuous variables based on MI, and it has a higher
accuracy. MIC is a normalized maximum mutual information with low computational
complexity, good robustness, and higher accuracy than mutual information. When suffi-
cient statistical samples are available, MIC can capture a wide range of relationships and
better reflect the degree of association between attributes and features [52]. The scatterplot
composed of random variables x and y in two-dimensional space is gridded in m columns
and n rows, and then the MIC formula is:

MIC(x; y) = maxm∗n<B(n)(∑
x

∑
y

p(x, y)log
p(x, y)

p(x)p(y)
/ log min(m, n)) (12)

where m ∗ n < B(n) represents the constraints on the total number of meshes, and B(n) is
usually set to n0.6. The greater the MIC value between the two variables is, the stronger the
correlation is. Conversely, for the opposite, the weaker the correlation is. Generally, factors
with MIC > 0.3 are considered to be important influencing factors [48].

To better select the factors influencing landslide displacement, the factors selected in
this study need to meet both GRG > 0.65 and MIC > 0.3.

2.3. CNN–BiLSTM Model

A convolutional neural network (CNN) is a feedforward neural network [53]. A
typical CNN model is shown in Figure 1. It includes an input layer, convolutional layer,
pooling layer, fully connected layer, and output layer.
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The essence of the CNN model lies in the construction of multiple filters that can
extract data features, and the hidden topological features among data can be extracted
through layer-by-layer convolution and pooling of input data [47]. As the number of
layers increases, the extracted features become increasingly abstract. Finally, these abstract
features are merged through fully connected layers, and the classification and regression
problems are solved by softmax or sigmoid activation functions. One of the characteristics
of the CNN model is that it can extract local features of input data [54]. Moreover, the
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high-level features are abstracted and combined layer by layer, which can effectively realize
feature extraction in a complex landslide environment.

The LSTM model is a variant of the RNN model that transmits forward information
and processes current information. The LSTM model introduces a new internal state to
transmit linear cyclic information, outputs information to the hidden state, and selects to
retain or forget information through three control gate units (input gate, forget gate, and
output gate) [55]. The input gate controls how much input information needs to be retained
at the current time. The forget gate controls how much information needs to be discarded
at the last moment. The output gate controls how much information needs to be output to
the hidden state at the current time [56]. Although the LSTM model can obtain the feature
information over a long distance, the information it obtains is the information obtained
before the output time, instead of using the reverse information, while the BiLSTM model
can use the past and future information to make more perfect and detailed decisions [49].
The BiLSTM model is an improved version of the LSTM model, which is very suitable for
processing time series data [48]. The BiLSTM model is formulated as follows:

ft = σ
(

W f xt + U f ht−1 + b f

)
(13)

c̃t = tanh(Wcxt + Ucht−1 + bc) (14)

it = σ(Wixt + Uiht−1 + bi) (15)

ct = ft � ct−1 + it � c̃t (16)

ot = σ(Woxt + Uoht−1 + bo) (17)

→
h t =

→
LSTM(ht−1, xt, ct−1), t ∈ [1, T] (18)

←
h t =

←
LSTM(ht+1, xt, ct+1), t ∈ [T, 1] (19)

Ht =

[→
h t,
←
h t

]
(20)

where xt, ft, it, ot, ht, Ct, and C̃t denote the input data, forget gate, input gate, output gate,
output data, cell state, and temporary state of the cell, respectively; w f , wo, wi, and wc
denote the weight of the forget gate, the weight of the output gate, the weight of the input
gate, and the weight of the temporary state, respectively; and b f , bi, bo, and bc represent
the bias of the forget gate, the bias of the input gate, the bias of the output gate, and the
bias of the temporary state, respectively. [] is the connection between two vectors, tanh is

the tanh function, σ is the sigmoid function, � is the matrix product, and
→
h t and

←
h t are

the outputs of BiLSTM in two directions. Ht is the output of BiLSTM. Figure 2 shows the
BiLSTM architecture.
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CNN and BiLSTM are both mainstream deep learning models. CNN is more suitable
for spatial expansion, extracting local data features, and combining and abstracting them
into high-level features. BiLSTM is more suitable for time expansion; it has long-term
memory function, and it is more suitable for processing time series. In the feature extraction
of landslide displacement and environmental factor data, it is necessary to consider not
only the spatial relationship between different parameters, but also the change in data in the
temporal dimension. Therefore, this paper combines the CNN and BiLSTM models to pro-
pose a CNN–BiLSTM model, which enables the model to express features spatiotemporally.
The structure of the proposed model is shown in Figure 3.
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2.4. Performance Indicators

To evaluate the prediction effect of different artificial intelligence models, a variety
of indicators can be used to verify model performance [57]. In this paper, the root mean
square error (RMSE), mean absolute error (MAE), mean absolute percentage error (MAPE),
and correlation coefficient R2 were used to reflect the prediction effect.

MSE =

√√√√ 1
n

n

∑
i=1

(ŷi − yi)
2 (21)

MAE =
1
n

n

∑
i=1
|ŷi − yi| (22)
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MAPE =
100%

n

n

∑
i=1

∣∣∣∣
ŷi − yi

yi

∣∣∣∣ (23)

R2 = 1−

n
∑

i=1
(ŷi − yi)

2

n
∑

i=1
(yi − yi)

2
(24)

where ŷ = {ŷ1, ŷ2, . . . , ŷn} is the predicted value, y = {y1, y2, . . . yn} is the measured value,
y = {y1, y2, . . . yn} is the average of the measurements, and n is the number of samples.
The model is judged according to the results of RMSE, MAE, MAPE and R2, and the value
range of the results is [0, 1]. The closer to 0 the values of the first three evaluation indexes
are, the better the prediction performance of the model is. The closer to 1 R2 is, the better
the prediction performance of the model is.

3. Results
3.1. Real Case

The Baishuihe landslide is located on the right bank of the Yangtze River in Zigui
County, Three Gorges Reservoir Area, 56 km away from the Three Gorges Dam,
110◦32′09′′ east longitude, 31◦01′34′′ north latitude [58]. Surrounded by mountains on three
sides and water on one side, it is very conducive to the collection of rainfall. The elevation
of the terrain gradually increases from north to south, with a difference of approximately
330 m. The landslide is approximately 700 m wide from east to west and divided by bedrock
ridges on both sides. It runs north–south and has a length of approximately 770 m. The
overall slope of the landslide ranges from 30◦ to 35◦, the average thickness is 30 m, and the
volume is approximately 1260 × 104 m3. The Baishuihe landslide is an accumulation-type,
soil-like landslide with a loose structure; the sliding body is mainly composed of gravel
soil and silty clay mixed with gravel, the sliding zone soil is mostly silty clay mixed with
gravel or breccias, the underlying bedrock is argillaceous siltstone, mostly in the form of
moderate weathering, and the joint and fracture development is relatively obvious. The
terrain is stepped, steeper in the upper part and gentle in the middle, creating favorable
conditions for the accumulation of colluvial materials. The Baishuihe landslide is a flat
transition slide, and the thickness of the sliding body gradually increases from the rear
edge to the forward edge, especially in the middle and front of the landslide. Due to the
small deformation of the rear part of the landslide, it is in a relatively stable stage, so the
main risk of landslide is concentrated in the warning area of the landslide front. There
are obvious macroscopic deformations and house cracking on the surface of the landslide
in Baishuihe, and the nearby villagers have been relocated. Now, the risk of Baishuihe
landslide is mainly a threat to passing boats and roads within the landslide. Eleven Global
Positioning System (GPS) monitoring points were installed on the Baishuihe landslide.
Since the ZG118 monitoring point was installed in the central area of the whole Baishuihe
landslide, it can better reflect the situation of the Baishuihe landslide. Therefore, other
studies also use data from the ZG118 monitoring point [59]. The data of two horizontal
directions and one vertical direction are monitored for Baishuihe landslide monitoring
points, and the final displacement value is a vector calculation value of three directions.
Rainfall is based on the data from a local weather station. The reservoir water level is
based on the data provided by the Three Gorges hydrology station. The distribution of
GPS monitoring points is shown in Figure 4.
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Figure 4. GPS installation positions.

In this paper, the rainfall data and reservoir water level data of the Baishuihe landslide
in the same period were monitored and recorded once a month. The time range was from
January 2004 to December 2012, with a total of 108 data points, as shown in Figure 5.
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Figure 5. Displacement and environmental data variation in the Baishuihe landslide.

In this paper, the first 96 data points were used as the training data for the model,
and the last 12 data points were used as the prediction data for the model test set. The
prediction results were compared with the actual measured data to evaluate the prediction
performance of the model.

3.2. Analysis of Factors Influencing Landslide Displacement

The Three Gorges area, where the Baishuihe landslide is located, is part of the sub-
tropical monsoon climate zone, with precipitation concentrated from April to August and
typically very little rainfall from January to March. Based on the historical data, when
rainfall increases, landslide displacement also increases, and when rainfall is scarce, land-
slide displacement hardly changes. The reason is that a large amount of rain washes the
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landslide and drives the soil on the slope to slide downward. The rain enters the landslide,
increasing the weight of the landslide and increasing the possibility of land sliding. A
large amount of rainwater infiltration leads to the saturation of the soil and rock layer on
the slope, and even water accumulation on the waterproof layer at the lower part of the
slope, thus increasing the weight of the sliding body and reducing the shear strength of the
soil and rock layer, resulting in landslides. When studying landslides, many researchers
consider rainfall to be one of the influencing factors [16,60], and some scholars also consider
rainfall to be the most important influencing factor [61].

Figure 5 shows that the landslide displacement changed the most in 2007, but the
rainfall was the largest in 2008 and 2010, which indicates that in addition to rainfall there
are other factors that also affect landslide displacement. Because the Baishuihe landslide is
on the right bank of the Yangtze River, close to the Three Gorges Dam, it is easily affected
by the release of water from the dam. Whenever the Three Gorges Dam opens the sluice to
release water, the water level of the reservoir drops and the water level of the Yangtze River
rises rapidly, impacting the surface of the Baishuihe landslide, and water flows into the
slope, increases the pore water pressure, softens the rock and soil, and increases the bulk
density of the landslide. The overall structure of the landslide has an impact that promotes
or induces the occurrence of land sliding.

The geological conditions of landslides are complex, and there is no clear and unified
standard. According to previous studies, landslides exist in a variety of different states,
and the corresponding stability of different states is also different [14,29]. The cumulative
displacement–time curve of the Baishuihe landslide presents an obvious ladder-like pattern.
In particular, the height of the ladder was highest in 2007. The maximum displacement
velocity of the Baishuihe landslide is greater than 26 mm/day, and the average annual
deformation rate is also above 250 mm. The displacement of the landslide moved slowly
from 2004 to 2006, and the displacement accelerated obviously in 2007. However, the
deformation speed dropped again at the beginning of 2008, and the displacement grew
slowly. The fastest increase in the deformation rate of the landslide occurred in July 2007,
which coincided with the decrease in rainfall and reservoir water level during this period.
We believe that the magnitude of landslide displacement is related to the stability of the
landslide. When the landslide is in a stable state, it is difficult for external factors to
lead to the occurrence of landslide displacement. When the landslide is in an unstable
state, relatively minor factors may lead to a more serious landslide collapse phenomenon.
Therefore, the landslide displacement can reflect a certain landslide state. This paper
intends to use the displacement of the previous month to represent the current state of the
landslide and participate in the prediction of landslide displacement.

Due to the influence of the landslide itself and environmental factors, it usually
produces a certain displacement every month. If the displacement of the previous month is
taken as the current state of the landslide, the difference in the displacement data of two
consecutive months is considered to be the change between the two states of the landslide,
which reflects the development trend of the landslide to a certain extent. When the change
is large, it reflects the development direction of the landslide, indicating that the landslide
is in a trend of unstable development and can change violently. To improve the accuracy of
landslide displacement prediction, this paper attempts to quantify the difference between
two consecutive months of displacement data as the trend of landslide change, which is
considered to be one of the inputs of the prediction model.

The selection of influencing factors will directly affect the training and prediction abil-
ity of the model [28]. Based on the above analysis, this study believes that the development
of landslide displacement is the result of the influence of rainfall, reservoir water level,
landslide trend and landslide state. Therefore, this paper considers these four factors to be
the factors influencing landslide displacement.
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3.3. Decomposition of Original Data

For the raw data, the CEEMDAN method decomposition training set of landslide
displacement, rainfall, and reservoir water level, with the status and trend of landslide
data, namely, 96 consecutive data points for decomposition, was used. The decomposition
of landslide displacement will obtain three components, the decomposition of rainfall will
obtain five components, the decomposition of the reservoir water level will obtain four
components, the decomposition of landslides will obtain three state variables, and the
decomposition of the landslide trend will yield six components. The results breakdown is
shown in Figures 6–11.
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3.4. GRA–MIC Algorithm Calculation of the Correlation

After the landslide displacement had been decomposed by the CEEMDAN method,
multiple subsequences with different frequencies could be obtained. However, not all
factors had an effect on landslide displacement. Using factors with less influence on
landslide displacement to train the prediction on model will reduce the prediction accuracy,
while using factors with greater influence will help improve the prediction performance
of the model. Many studies use the MIC algorithm or GRA algorithm to calculate the
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correlation degree between landslide displacement and environmental factors [61,62],
and both algorithms quantify the correlation degree from their own single perspective.
Considering these two algorithms, this study proposes a GRA–MIC algorithm and, when
combined with the GRA algorithm and the MIC algorithm, it can consider the correlation
between displacement and environmental factors from two perspectives and improve the
prediction accuracy. Moreover, in the Discussion section, the prediction is compared with
that using the GRA algorithm or the MIC algorithm alone. The correlation calculation
results are shown in Tables 1 and 2.

Table 1. GRA between landslide displacement and influencing factors.

Landslide
Displacement Influencing Factors

Influencing Factor Subsequences

IMF1 IMF2 IMF3 IMF4 IMF5 IMF6

IMF1

Precipitation 0.794 0.712 0.715 0.674 0.622 /
Reservoir water level 0.791 0.782 0.712 0.623 / /

State of landslide 0.904 0.805 0.625 / / /
Trend of landslide 0.887 0.836 0.735 0.721 0.749 0.671

IMF2

Precipitation 0.755 0.691 0.707 0.672 0.616 /
Reservoir water level 0.755 0.738 0.689 0.622 / /

State of landslide 0.793 0.904 0.623 / / /
Trend of landslide 0.804 0.797 0.724 0.701 0.703 0.627

R

Precipitation 0.620 0.619 0.590 0.623 0.900 /
Reservoir water level 0.638 0.639 0.616 0.927 / /

State of landslide 0.605 0.603 0.989 / / /
Trend of landslide 0.623 0.628 0.602 0.726 0.607 0.491

Table 2. MIC between landslide displacement and influencing factors.

Landslide
Displacement Influencing Factors

Influencing Factor Subsequences

IMF1 IMF2 IMF3 IMF4 IMF5 IMF6

IMF1

Precipitation 0.194 0.212 0.264 0.269 0.337 /
Reservoir water level 0.263 0.235 0.290 0.337 / /

State of landslide 0.338 0.266 0.337 / / /
Trend of landslide 0.304 0.291 0.247 0.273 0.329 0.337

IMF2

Precipitation 0.255 0.300 0.337 0.482 0.531 /
Reservoir water level 0.268 0.238 0.331 0.381 / /

State of landslide 0.319 0.757 0.531 / / /
Trend of landslide 0.179 0.304 0.306 0.303 0.400 0.512

R

Precipitation 0.309 0.370 0.954 0.852 0.913 /
Reservoir water level 0.423 0.468 0.837 0.789 / /

State of landslide 0.323 0.538 0.679 / / /
Trend of landslide 0.236 0.382 0.598 0.978 0.842 0.877

After obtaining the results of the correlation calculation with the GRA–MIC algorithm,
it is necessary to select appropriate factors to participate in the training and prediction of
the model. Selecting factors with a correlation that is too low will result in the selection
of too many data that are not related to landslide displacement, which will reduce the
accuracy of the landslide displacement prediction. Although the selection of factors with a
high correlation is beneficial to the prediction process, there are few qualified data, which
will lead to insufficient training of the model, affecting the prediction performance of
the model. In this paper, data satisfying the conditional GRA > 0.65 and the conditional
MIC > 0.3 were selected.

3.5. Predicted Landslide Displacement

According to the results in Tables 1 and 2, the input data of the IMF1 component
of landslide prediction finally selected six influencing factor subseries, the input data
of the IMF2 component of landslide prediction finally selected nine influencing factor
subseries, and the input data of the R component of landslide prediction finally selected
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five influencing factor subseries. The first 96 selected data were used to train the CNN–
BiLSTM model, and the last 12 data were used to test the prediction accuracy. The learning
rate of the CNN–BiLSTM model was set to 0.01, the number of iterations was set to 1000,
and the number of hidden stratification points was set to 100. The prediction results of the
three components of landslide displacement are shown in Figure 12a–c. The final predicted
landslide displacement can be obtained by adding the three components, as shown in
Figure 12d. The prediction model proposed in this paper can predict the displacement of
the Baishuihe landslide.

Sustainability 2023, 15, 10071 16 of 21 
 

 

Figure 12. Prediction result of the CNN–BiLSTM model for the Baishuihe landslide displacement. 

After the GRA–MIC algorithm screening, the CNN–BiLSTM model could achieve 

good results in both the displacement component and total displacement prediction, and 

the error between the final results and the actual measured data was controlled within a 

limited range. 

4. Discussion 

To better verify the performance of the proposed model, when other conditions are 

the same, in this paper, CNN–BiLSTM with GRA–MIC, CNN–BiLSTM with MIC, CNN–

BiLSTM with GRA and CNN–BiLSTM without GRA–MIC were used to predict and com-

pare the three components of landslide displacement. The comparison results of the 

CNN–BiLSTM model for each component and the total displacement are shown in Figure 

13. 

Figure 12. Prediction result of the CNN–BiLSTM model for the Baishuihe landslide displacement.

After the GRA–MIC algorithm screening, the CNN–BiLSTM model could achieve
good results in both the displacement component and total displacement prediction, and
the error between the final results and the actual measured data was controlled within a
limited range.

4. Discussion

To better verify the performance of the proposed model, when other conditions
are the same, in this paper, CNN–BiLSTM with GRA–MIC, CNN–BiLSTM with MIC,
CNN–BiLSTM with GRA and CNN–BiLSTM without GRA–MIC were used to predict
and compare the three components of landslide displacement. The comparison results of
the CNN–BiLSTM model for each component and the total displacement are shown in
Figure 13.
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When the CNN–BiLSTM model was used for prediction, good prediction results could
be achieved under different quantitative correlation algorithms, which reflects the excellent
prediction performance of the CNN–BiLSTM model. For a better comparison, this paper
uses four evaluation indicators to quantify the prediction performance, and the comparison
results are shown in Table 3.

Table 3. Comparison of prediction performances of the CNN–BiLSTM model under different inputs.

Models MAE MAPE RMSE R2 (%) Minimum Error Maximum Error Total Error

CNN–BiLSTM 1.789 0.078 2.206 99.84 0.02 6.77 25.62

CNN–BiLSTM with GRA 2.335 0.103 2.981 99.70 0.02 6.54 28.02

CNN–BiLSTM with MIC 2.323 0.102 3.240 99.65 0.18 7.51 28.04

CNN–BiLSTM without Both 3.630 0.161 4.238 99.40 0.82 8.52 43.56

As shown in Table 3, when the GRA or MIC algorithms were used, appropriate
influencing factors could be effectively selected, and the result was better than that when
neither of the two algorithms were used, which reflects the role played by the GRA and
MIC algorithms. When the GRA–MIC algorithm was used in the model, better influencing
factors were selected from two different perspectives, and data with low correlations were
removed. Compared with the GRA or MIC algorithms, the prediction results of the model
were further improved. Due to the reduction in input data, the GRA–MIC algorithm
not only improved the efficiency of the whole prediction process of the model, but also
improved the prediction performance of the model.

In addition to comparing the prediction performance of the CNN–BiLSTM model in
different correlation algorithms, this paper also used an additional seven deep learning
algorithms for comparison: the CNN–RNN, CNN–LSTM, CNN–GRU, BiLSTM, RNN,
LSTM, and GRU models. In the case of the GRA–MIC algorithm and other identical cases,
the results comparisons of the eight models are shown in Figure 14 and Table 4.
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Table 4. Comparison of prediction performances of different models with the same input.

Models MAE MAPE RMSE R2 (%) Minimum Error Maximum Error Total Error

CNN–BiLSTM 1.789 0.078 2.206 99.84 0.02 6.77 25.62

CNN–RNN 3.841 0.167 5.018 99.17 0.31 12.28 46.09

CNN–LSTM 3.063 0.137 4.012 99.47 0.23 9.36 36.76

CNN–GRU 3.302 0.144 4.578 99.31 0.64 12.69 39.62

BiLSTM 5.018 0.220 6.300 98.70 0.36 11.24 60.19

RNN 5.442 0.239 7.274 98.26 0.07 11.93 58.11

LSTM 4.888 0.215 7.013 98.38 0.74 15.79 77.49

GRU 6.076 0.266 7.203 98.29 1.21 13.37 72.91

Table 4 shows that because of the complexity and uncertainty of the landslide, a
suitable time series data classification of the CNN model was adopted to forecast the
displacement characteristics of the future and then build other models to forecast the
concrete values; the effective reduction of the single model for complex data fitting ability
was insufficient, and increasing the CNN part model could obtain a better effect. Compared
with RNN models, traditional LSTM and GRU models have better prediction performances
because the internal gate structures of the LSTM and GRU models adjust the input data
flow and solve the problems of gradient disappearance and gradient explosion. Because
of the similar structures, the prediction performances of the LSTM and GRU models are
similar. Since the BiLSTM model adopts a bidirectional LSTM module, it can more fully
train data and extract periodic information from environmental data in the training process.
Compared with the traditional LSTM model, it improves the efficiency of data use and the
accuracy of prediction.
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5. Conclusions

The effective analysis and utilization of landslide displacement and influencing factor
data is particularly important to improve the accuracy of landslide displacement prediction
and ensure early warnings of landslides. Additionally, it provides a geological theoretical
basis for the policymaking of land use management. Due to the problem of random
displacement being ignored in time series analysis, the accuracy of the time series analysis
method is limited when it is used in rainfall landslide displacement prediction. In this
paper, a rainfall landslide displacement prediction method based on the time-frequency
analysis method was proposed. The CEEMDAN method was used to decompose landslide
displacement data into multiple subseries with different frequencies, two new concepts that
evaluate the state of the landslide and the trend of the landslide were proposed, and the
GRA–MIC joint association method was used to select the main influencing factors of each
subseries. Then, CNN–BiLSTM, a fusion model based on deep learning, was used to train
and predict landslide displacement. The model combines the CNN model with the BiLSTM
model so that the model can more fully extract the features of landslide displacement data
to provide a more effective method to use landslide displacement data. The prediction of
landslide displacement showed that the fusion model combining CNN and BiLSTM was
more effective than the single model in predicting the landslide displacement of Baishuihe,
and the GRA–MIC joint association method was better than the single method in selecting
influencing factors. This paper provides a research basis for landslide early warning based
on landslide displacement.
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Abstract: The analysis of land use change (LUC) has become an important criterion for evaluating
the impact of human activities on the natural environment. Habitat loss and degradation caused
by LUC are the main threats to biodiversity worldwide. Research on the impact of long-term, wide-
scope, and fine-scale LUC on bird habitats is currently limited due to a lack of adequate data. In
this study, conducted in China, 9 km grid units were sampled randomly between 1995 and 2015.
Logistic regression was used to calculate the probability that each unit grid contained suitable
habitat (hereinafter, abbreviated as PGSH) for 981 bird species and analyze the spatial-temporal
characteristics of PGSH accordingly. The results showed that: (1) The habitat quality of 84 bird
species deteriorated, but for 582 bird species, habitat quality improved. (2) There is an inverted
U-shaped relationship between the intensity of LUC and the PGSH. The LUC intensity threshold
is approximately 67.21%. (3) Based on the counterfactual scenario analysis, the construction of the
Three North Shelterbelt has increased the PGSH for all bird species from 20.76% before restoration to
21.38% after restoration. Within the LUC grid representing the transformation of farmland back to
forests, the average PGSH for all birds increased from 73.97% to 75.04%. These results may provide a
reference for measuring the impacts of LUC on bird species, enabling the protection of bird species
and habitats that need it most.

Keywords: land use change; habitats quality; counterfactual analysis; China

1. Introduction

Humans and other living creatures depend on our natural environment for survival.
Natural landscapes have undergone a long-term transformation, largely as a result of
increasing human populations and their associated activities; consequently, land use has
changed greatly over time. Unreasonable utilization of land resources has caused a series
of major global problems, such as environmental pollution, vegetation destruction, land
degradation, species extinction, and resource scarcity [1,2].

The analysis of LUC has become an important criterion for evaluating the impact of
human activities on the natural environment [3]. The driving factors of land use change
are complex. They are not only affected by natural factors, such as climate, land slope, and
drought [4–6], but also affected by social and economic factors, of which population growth,
economic development, urbanization process, and improvement of traffic conditions are of
particular concern [7,8]. Habitat loss and degradation caused by the transformation of land use
are the main threats to biodiversity worldwide [9–11]. Habitats provide important resources
for all living organisms, such as sufficient food resources, suitable breeding sites, protection
from natural enemies, and challenging climatic conditions. Among wildlife species, birds are
highly sensitive to habitat changes, and can therefore act as indicators of habitat changes [12,13].
With the advancement of urbanization, habitat reduction and habitat fragmentation caused by
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economic development and human activities are having increasing impacts on bird commu-
nities [14–17], which also impacts species composition [18–20], predation behaviors [21], and
migration paths. Studies have found that the number of birds in North America has decreased
by around 29% since 1970, equivalent to nearly 3 billion birds, with habitat loss being the main
reason for this steep decline [2].

With growing economies and urbanization, the trend of land use change in developing
countries represented by China is more obvious than that in Western developed countries [22].
In the last few decades, great changes have taken place in the land use pattern of developing
countries. Large areas of undeveloped land around urban centers, such as cultivated land,
forests, and wetlands, have been urbanized, which is a rapidly expanding trend in China.
It is the large availability of undeveloped land that has supported the urbanization process
and brought about great economic achievements since China’s reform. However, the drastic
changes in land use have affected avian habitat, which poses a huge threat to bird communities.
There is a close relationship between the living conditions of birds and their habitats. The
conditions of the habitats will affect all stages of the life stage of birds [23]. The food sources,
activity sites, and breeding sites that are indispensable for the survival of birds depend on
the habitat environment. However, land use may directly reduce the land types that birds
mainly depend on, such as forests, wetlands, and swamps, resulting in the fragmentation
and loss of habitats and further affecting the species distribution pattern [24], accelerating
species extinction [25] and reducing bird biodiversity [26]. This issue has attracted extensive
attention of scholars. In 1999, the first review paper on birds’ habitat selection in China was
published, which is a phased summary of avian habitat research in China and the prospects
for future research [27]. The China Biodiversity Red List, released in 2015, showed that habitat
degradation and loss caused by deforestation, alternative planting of an economic forest, and
wetland reclamation is the key factor affecting avian survival, accounting for 80.8% of all
factors [28]. In recent years, due to the acceleration of urbanization and the increase of land
use intensity, the overwintering habitat of Red Crowned Crane in Northern Jiangsu Province,
located in the eastern province, has gradually decreased, posing a serious threat to the survival
of the Red Crowned Crane population [29]. The decrease of birds in Hainan Island, in the
southern tropics of China, is mainly due to urban development [30]. Coastal wetland areas
in the subtropical region of Xiamen have decreased, and many wetland birds that rely on
coastal wetlands for survival and reproduction have lost important habitat [31]. The Yellow
River Wetland Nature Reserve, located in the temperate zone in China, has experienced a
massive reduction, and the natural reed marshes and tidal flats have been reclaimed into fish
ponds, lotus ponds, and rice fields. As a result, the overall area of avian habitat has reduced by
20,000 hectares, and is continually decreasing, leading to the wintering waterfowl in this area
being sharply reduced (https://www.sohu.com/a/151012215_351301, accessed on 1 July 2018).
These studies and reports highlight the substantial decrease of avian habitat caused by the
transformation of land use and the threat that this poses to the survival of many bird species.

Observational changes in bird distribution can help inform on the extinction risks of
birds [32]. However, published bird distribution data in China are province-scale based and
lack spatial details of avian distribution, which hinders further research [33]. Therefore, a large
amount of bird information is collected by professional birdwatchers through field surveys [34],
bibliometrics [35], GPS tracking [36], citizen science [37,38], and other methods, which have
become the main methods of fine-scale research on avian distribution. However, there are still
very few data sources that provide such information on a national scale. China Bird Watching
Database [39] and China Biodiversity Observation Network-Birds are two rare national bird
observation databases, but both the number of observations and the selection of observation
sample areas are far less abundant than EBird. EBird is a bird sighting record database,
managed by the Cornell Lab of Ornithology in the US. It is the largest, most comprehensive,
and most popular civilian science project related to biodiversity in the world [40]. The EBird
Basic Dataset released by EBD_relApr-2019 has more than 600 million observation records,
with each record detailing 45 observational attributes, including species name, observation
time (including year, month, day, and hour), and observation location represented by longitude
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and latitude [41]. Therefore, the spatial cover of the data, based on longitude and latitude, and
spatial superposition with land use data, can show the temporal and spatial relationship of
bird distribution with LUC. Inspired by EBird, BirdReport has been developed for use in China,
essentially the Chinese version of EBird.

Using observational and land use data from EBird and BirdReport, we hope to quanti-
tatively answer the following research questions: How much impact does land use change
have on bird habitat quality in China? What is the spatial and temporal pattern of this
impact? To the best of the author’s knowledge, this study is the first exploration to use
fine broad-scale data on the distribution and habitats of bird species in China. It can
help to inform on which bird species are most threatened by LUC, which will allow for
corresponding measures to protect their habitats.

2. Study Area and Data Source

This study was conducted in China from 1995 to 2015. This period was an important
stage of China’s economic development. China’s market economic system was set up
and the economy developed rapidly shortly after 1995. However, 20 years later, China’s
economic growth slowed, and land and space development were restricted [42]. Land use
transformation was therefore most prevalent during this period, which made it most appro-
priate to study the impact of LUC on avian habitats during this period. Data for land use in
1995, 2000, 2005, 2010, and 2015 were selected from the Institute of Geography affiliated
with the Chinese Academy of Sciences to investigate spatial and temporal changes of land
use. The spatial resolution of these data was 30 m, including six first-class levels: cultivate,
forest, grass, water, build-up, and non-use land. This dataset was the most accurate land
use data available in China. The accuracy and practicability of the classification have been
demonstrated in the literature [43].

The avian observation data originated from EBird (https://ebird.org/home, accessed
on 1 June 2019) and BirdReport (www.birdreport.cn, accessed on 1 June 2019). Each dataset
contained the attributes longitude and latitude, bird name, and year. According to the
observation year of land use data, we extracted records from 1995, 2000, 2005, 2010, and 2015.
There were 128,543 records of 1022 species of birds. Records with less than 10 observations
were eliminated as they did not meet the required threshold (10) for logistic regression
analysis, which left us with 981 birds’ species for analysis. The spatial distribution of land
use and avian observation sites is shown in Figure 1.

Sustainability 2022, 14, x FOR PEER REVIEW  4  of  13 
 

 
Figure 1. Spatial distribution of land use (2015) and sampled avian observation sites (to improve 

visualization, the resolution of the land use grid was set to 1 km, and the bird distribution was based 

on 10,000 randomly selected bird observation points). 

3. Methodology 

Exploring the impact of land use change (LUC) on bird habitat requires an analysis 

of habitat characteristics, including the structure of the land type, and the preference of 

spatial proximity. However, what scope is used to calculate the composition and propor‐

tion of land use types around each bird observation point, and how should the probability 

of research units suitable as habitat for specific birds be determined? After answering the 

above two questions, we can calculate the probability that each unit grid contained suita‐

ble habitat (PGSH) over time, then analyze  its spatial distribution and spatial‐temporal 

evolution, and detect  the  impact of LUC policy on bird habitat change.  In general, we 

followed the framework of the methods shown in Figure 2. The details of the methods 

involved are stated in turn below. 

Use grids to divide basic analysis units. Since we need to make statistics on the com‐

position and proportion of land types near each bird observation point, it is necessary to 

determine a statistical range for each observation point. However, there is no authoritative 

data  to demonstrate  the  specific  activity  range of birds, and  the  collected observation 

points  are not  regularly distributed  in  space, Therefore, we used Thiessen polygon,  a 

method proposed by Dutch climatologist A. H. Thiessen to calculate the average rainfall 

according to the rainfall of discrete meteorological stations [44]. The rainfall intensity of a 

unique weather station included in this polygon represents the rainfall intensity in this 

polygon area. In our case, that is, each polygon represents the statistical range of the hab‐

itat of the observation bird, and a total of 119,753 polygons were divided with a radius of 

approximately 9 km, corresponding to the average polygon area as the grid width, and 

the grid range as the statistical range. Note that 9 km is not the average radius of activity 

Figure 1. Spatial distribution of land use (2015) and sampled avian observation sites (to improve
visualization, the resolution of the land use grid was set to 1 km, and the bird distribution was based
on 10,000 randomly selected bird observation points).

187



Sustainability 2022, 14, 10078

3. Methodology

Exploring the impact of land use change (LUC) on bird habitat requires an analysis
of habitat characteristics, including the structure of the land type, and the preference of
spatial proximity. However, what scope is used to calculate the composition and proportion
of land use types around each bird observation point, and how should the probability
of research units suitable as habitat for specific birds be determined? After answering
the above two questions, we can calculate the probability that each unit grid contained
suitable habitat (PGSH) over time, then analyze its spatial distribution and spatial-temporal
evolution, and detect the impact of LUC policy on bird habitat change. In general, we
followed the framework of the methods shown in Figure 2. The details of the methods
involved are stated in turn below.
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Use grids to divide basic analysis units. Since we need to make statistics on the
composition and proportion of land types near each bird observation point, it is necessary to
determine a statistical range for each observation point. However, there is no authoritative
data to demonstrate the specific activity range of birds, and the collected observation
points are not regularly distributed in space, Therefore, we used Thiessen polygon, a
method proposed by Dutch climatologist A. H. Thiessen to calculate the average rainfall
according to the rainfall of discrete meteorological stations [44]. The rainfall intensity of
a unique weather station included in this polygon represents the rainfall intensity in this
polygon area. In our case, that is, each polygon represents the statistical range of the habitat
of the observation bird, and a total of 119,753 polygons were divided with a radius of
approximately 9 km, corresponding to the average polygon area as the grid width, and the
grid range as the statistical range. Note that 9 km is not the average radius of activity of the
birds, it refers to the statistical range determined in the context of the current distribution
of bird observation points.

Use logistic regression to calculate the PGSH: We collected the land use characteristics of
the grid where the observation points for where the bird has appeared and has not appeared
in 1995, 2000, 2005, 2010, and 2015, respectively. The composition and proportion of various
land types of each bird habitat were calculated, along with the distance from cities and water
as spatial proximity. The land use structure feature reflects the preference of different birds
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for the land use composition of the habitat. For example, wader birds inhabit wetlands, while
woodpeckers are associated with forests. As the densest agglomerations of human activity,
cities may have adverse effects on the migration and habitat of birds, while water sources
can provide water and other resources for birds. The urban area is directly characterized by
the construction polygon extracted from LUC, and the waters are replaced by rivers, canals,
and lakes. Therefore, for each sampled grid, the following record can be used:

Cb =
(

B, Rcultivate, R f orest, Rgrass, Rwater, Rbuilt−up, Rnonuse, Discity, Disriver, Dislake

)
(1)

where the value of B is 0 or 1; if a bird is observed in the selected grid then B is 1, otherwise
B is 0. Rcultivate, R f orest, Rgrass, Rwater, Rbuilt−up, Rnonuse are the proportion of land type: culti-
vated land, forest land, grassland, waterbody, and built-up land within the statistical scope.
Discity, Disriver, Dislake are distances from the grid center to the nearest city, river, and lake,
respectively. When we counted the above-mentioned characteristic variables in each grid
for five years—1995, 2000, 2005, 2010, and 2015—the probability of each grid being suitable
for habitat could be calculated according to the following:

Pim =
eym

1 + eym
(2)

where P is PGSH for bird habitat i at grid m. ym can be calculated based on each variable’s
value and corresponding weight at grid m. P is in a range of 0–1. The closer P is to 1, the
higher the probability of it being suitable for habitat. For the five sampled years between
1995 and 2015, we determined threatened bird habitat by more than three consecutive
periods of decreased PGSH, and when the PGSH increased for more than three consecutive
periods, it was categorized as continuous improvement.

Use spatial autocorrelation to detect the spatial distribution characteristic. Global
Moran’s I can measure spatial autocorrelation based on element locations and element
values [45]. Given a set of elements and related attributes, this index evaluates whether
the expressed pattern is a clustering pattern, a discrete pattern, or a random pattern. Z
scores and p values were used to evaluate the significance of the index. The value of Global
Moran’s I falls in the interval from −1.0 to +1.0. When the value is positive, it means that
there is a spatial agglomeration of elements, and the larger the value is, the more obvious
the agglomeration. Conversely, when the value is negative, it means that there is spatial
diffusion of elements, and the smaller the value is, the more obvious the diffusion is. When
the Global Moran’s I value is 0, it means a random distribution of elements. Global Moran’s
I can only reflect the global distribution characteristics of elements but cannot detect the
local clustering of elements. Local Moran’s I gives a set of elements (input element class)
and an analysis field (input field), which can identify the spatial clustering of elements with
high or low values [46]. In this study, Moran’s I and local Moran’s I were used to detect the
spatial distribution clustering characteristics of the probability of bird habitat suitable for
grid-scale. We used tools in ArcGIS10.2 to realize the calculation of Global Moran’s I, and
the cartographic display of Local Moran’s I.

Use counterfactual analysis to evaluate the effect of land use policies. Counterfactual
reasoning refers to the negation and representation of a fact that has occurred in the past,
to construct a hypothesis of possibility [47]. A counterfactual approach is appropriate for
answering fundamental questions, such as what would have happened if there had been
no intervention, or if there had been different policy systems. In the counterfactual analysis,
an unobserved case (called a counter fact) is designed to be compared with the actual case
to illustrate the important factors that explain the impact of the policy. In this article, if
we examine the impact of changes in a certain land type A on the habitat of birds, we will
examine the following scenarios. From A to other land types and other land types to A,
we compared the changes in the PGSH in the factual scenarios and in the hypothetical
unhappened scenarios.
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4. Results and Analysis
4.1. Land Use Change in 1995–2015

The land use transition matrix represented by area from 1995 to 2015 is shown in
Table 1. In terms of area proportion change (Figure 3), the proportion of cultivated land
(CL), forest land (FL), grassland (GL), water (WL), built-up land (BL), and unused land
(UL) changed from 18.47%, 23.97%, 31.48%, 2.75%, 1.79%, and 21.54% in 1995 to 18.89%,
23.76%, 27.92%, 3.01%, 2.93%, and 23.49%, respectively, in 2015. The largest decline was
found in GL, which decreased by 3.56 percentage points. BL and UL increased by 1.14
and 1.95 percentage points, respectively, with small changes in the other three land use
types. However, the relative variation rate was 2.27%, −0.88%, −11.31%, 9.45%, 63.69%,
and 9.05%, respectively.

Table 1. Land use transition matrix from 1995 to 2015 in China (km2).

Land Use Type CL FL GL WL BL UL

CL 1,543,309.64 56,402.96 55,947.74 18,442.05 88,532.43 10,224.89
FL 86,234.84 2,016,160.76 125,749.32 8406.80 33,374.31 30,836.77
GL 111,111.40 176,691.31 2,151,035.08 43,172.08 13,472.24 527,014.15
WL 12,957.20 4594.05 20,414.69 180,167.35 4207.66 41,929.24
BL 25,952.83 2084.32 2254.03 4406.07 136,487.09 942.86
UL 33,822.70 24,570.33 324,941.50 34,439.86 5527.71 1,644,181.76
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Figure 3. Area proportion change of six land type during the 1995–2015 period.

4.2. Quantitative Changes of Bird Habitat Suitability

The number of bird species at risk between 1995 and 2015 was 84 (84/981). Among
them, four bird species, white-winged magpie, limestone leaf warbler, rusty-flanked tree-
creeper, and rusty-fronted barwing, were found to be of particular conservation concern,
because, in 2015, the average PGSH for these species across China was only 0.7%, 3.9%,
7.1%, and 7.3% (the average PGSH of all birds was about 48.6%), respectively. If no
vigorous conservation measures are adopted to protect them, they risk potential extinction
in the relatively near future. Habitat suitability for 582 bird species (582/981) continued to
improve, which far exceeds the number of threatened birds. Figure 4 presents 20 species of
birds, showing low PGSH (average PGSH less than 10% in 2015) but constant improvement.
The IUCN Red List of Endangered Birds lists a total of 86 endangered bird species and
83 other supplementary rare birds, of which 6 species are threatened: Hainan partridge,
yellow-bellied tragopan, Chinese monal, great bustard, spotted greenshank, and fairy pitta.
The habitats of 18 bird species on the Red List have been improved continuously.
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Figure 4. Twenty species of birds with low PGSH but constant improvement (PGSH change trend).

4.3. The Spatial Distribution of Suitability for Bird Habitats

The average PGSH for all 981 species of birds analyzed in each 9 km grid unit is shown
in Figure 5a. The higher the grid value, the more important it is for maintaining bird species
diversity. The Global Morans’ I index is 0.938, which takes on a typically obvious spatial
agglomeration feature. Detected by local clusters, high aggregation areas are southern China
and northeast China, which are crucial forest areas of China that play an important role in
maintaining bird habitats. An interesting finding was that high aggregation areas and low
aggregation areas were split by the Chinese population distribution line “Hu-Line” (Figure 5b).
High-value areas were mainly gathered on the right side of the line, if 0.8 is the threshold, then
the right proportion is 78.84%. If the threshold is 0.9, the corresponding number is 86.60%.
Therefore, bird-friendly areas overlap with the higher human population density side of the
Hu-Lin, but human activities pose a huge challenge to the protection of birds.
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95% of the total population).
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From the four time periods formed by five years as an interval, the number of grids
continuously reduced in terms of average PGSH, which was 7238, accounting for 6.27%
of the total number of grids, while the number of grids that continuously improved was
18,498, accounting for 16.02%. The spatial distribution of the average PGSH reduction and
increases are shown in Figure 6. The area of improvement was substantially higher than
that of deterioration. This discovery will lead us to re-examine the relationship between
LUC and bird habitat changes. The continuously deteriorating areas were mainly located in
areas containing three different land use types, namely, the forest areas in the northeast, the
deserts and non-use lands in Xinjiang and Tibet in the west of China, and the grasslands
in Inner Mongolia in the north. The areas of continuous improvement were more widely
distributed, among which the Qinghai-Tibet Plateau was the most concentrated area of
improvement, but we were surprised by the improved agglomeration area formed in the
Yangtze River Delta region, having the most developed economy in China.
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Integrating the four periods from 1995 to 2015 to analyze the spatial-temporal changes
in the PGSH in each grid, we found the lowest overall PGSH but the most noticeable
growth in the Qinghai-Tibet Plateau, which formed a gathering area. However, much of the
grassland in this area is becoming bare and unused and is experiencing rising temperatures,
thus the environment is becoming more suitable for highland birds. PGSH in north China,
which has declined significantly on account of the transition of large areas of forest to
non-forestry lands, should also be closely monitored, because of its importance for bird
species in China. Furthermore, we found that some PGSH with a high level of urbanization
had significant growth, such as Shanghai and Jiangsu in China’s Yangtze River Delta
region, which is one of the most developed regions in China, where LUC driven by human
construction is prevalent. However, there are also many areas where LUC is significant
while PGSH is on the decline.

5. Discussion
5.1. The Relationship between the Intensity of LUC and PGSH

The intensity of LUC (LandCR, equal to the changed land area/total area) in each grid
had a correlation coefficient of 0.038 **, with the change of PGSH in 2015 indicating a signif-
icant positive relationship between the higher LUC and the higher PGSH improvement.
However, if LUC and PGSH are always in a linear relationship, it means that the more
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drastic the land use change, the more favorable the improvement of the bird habitat, which
is obviously not in line with the cognition. Several studies have also found that the impact
of land-use change on birds is complex and nonlinear [48–50]. We speculate that there is a
threshold value for the degree of LUC to PGSH. Before this threshold value, a certain degree
of LUC is beneficial to PGSH; however, exceeding this threshold will seriously disturb the
living environment of birds, which is somewhat similar to the theory of Environmental
Kuznets Curve [51]. Therefore, in order to determine this threshold, we added the square
term of LUC (LandCR2) to the independent variable to build a new regression model. The
result is shown in Table 2, which shows that the coefficient of LandCR was positive, while
the coefficient of LandCR2 was negative, indicating that LUC and PGSH have an inverted
U-shaped relationship. We identified the threshold as being approximately 0.6721, meaning
that when the LUC is less than 0.6721, a higher LUC can promote the increase of PGSH, but
beyond this value, it will reduce the PGSH value. Of all the grids in which LUC occurred in
China, the PGSH of 90,752 (93.33%) grids was less than 0.6721, while the 6489 grids larger
than 0.6721 accounted for 6.67%.

Table 2. The regression result of LandCR and LandCR2.

Variable Coefficient

LandCR 0.082 ***
LandCR2 −0.061 ***

Dependent variable: PGSH; *** denotes significant at the p < 0.01 level.

5.2. Influence of Two Land Use Policies on PGSH

Cities are the areas with the highest concentration of human activities, which can
impact bird populations living in these areas. Because China experienced an unprecedented
increase of urbanization from 1995 to 2015, we are concerned about the negative impacts
that this human-led expansion has had on bird habitats. Fortunately, forests serve as the
main habitat for most bird species in China, which are less disturbed by human activity than
cities. During this study period, there were two major artificial expansion projects of forest
land in China: returning farmland to forest, Chinese term “tuigenghuanlin” (mainly sloping
and desertified farmland with severe soil erosion and low yield), and the construction of
the Three-North Shelterbelt Forest (mainly to alleviate the impact of sandstorms in northern
China). We question what changes these developments have made to suitable bird habitat
in these areas based on the counterfactual method to compare the PGSH under the situation
of returning farmland to forest and the construction of the Three-North Shelterbelt, did not
happen (hypothetical state) and actual state in these grids.

Returning farmland to forest: although the total amount of forest land changed little
during the study, it may have changed spatially. Because forests play a vital role in
the maintenance of bird habitat, we evaluated the impact of the “returning farmland to
forest” policy on birds. Since the pilot project was implemented in 1999, the area returned
from farmland to forest between 2000 and 2015 has been approximately 46,082 km2. If
fragmented areas with an area of less than 10,000 m2 are removed, the remaining area is
43,934 km2, accounting for around 1.93% of the total area of forest land in 2015. This forest
land was distributed across 49,859 grids. The counterfactual analysis found that the policy
of returning farmland to forest had no obvious benefits for improved bird habitat. This
may be related to the unreasonable selection of tree species, planting site, and disturbance
of nutrient cycle [52,53]. In the grid that implemented this policy, the probability of all birds
inhabiting increased by only 1.07 percentage points, from an average of 73.97% to 75.04%.
Even the inhabiting probability of six species of birds, namely spotted warbler, light-tailed
warbler, brown-crested cuckoo falcon, Emei flycatcher warbler, wren, and unidentified
falcon, had decreased.

Three-North Shelterbelt: the forest area within the Three-North Shelterbelt increased
by 43,811 km2 during the study period and the average PGSH of all birds in the grid where
forest increase occurred changed from 0.2076 before restoration to 0.2138 after restoration.
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It is believed that the Three-North Shelterbelt not only plays a direct role in improving
land desertification but also improves the quality of bird habitat. This may be related to the
important role of the corridors of ecological network in maintaining biodiversity, which
has been greatly improved since the implementation of this policy [54,55]. We found that
the habitat of 667 species of birds has been improved, but the habitat quality for 312 species
deteriorated. The black-backed swallowtail had the highest improvement degree, increas-
ing from 0.2877 to 0.368, while the PGSH of brown-winged snow finches, giant-billed sand
finches, white-winged woodpeckers, and Mongolian sand finches, decreased by more than
10 percentage points.

Although returning farmland to forest and the construction of the Three-North Shelter-
belt have increased the area of forest land to a certain extent, the areas scattered in each grid
are small, accounting for 1.14% and 8.6748%, respectively. Therefore, it could be concluded
that birds prefer large and agglomerated areas over small, fragmented ones.

6. Conclusions

Using multi-temporal land use data and the national bird observation database in
China, this study systematically analyzed the impact of LUCs on 981 species of birds from
1995 to 2015. We used logistic regression to calculate the PGSH on all grid cells for each
species. Overall, we found that the number of birds whose habitat quality continued to
improve (582) was significantly higher than the number of birds under constant threat (84).
Interestingly, the distribution of PGSH coincides with the boundary line of China’s human
population (Hu-line), with a clear divide between high PGSH in the east and low PGSH
in the west. Within a certain range, PGSH was generally higher in the region with high
human activity, but when urbanization intensity exceeds 67.21%, the continued increase of
human activity would likely threaten bird habitats. China’s policy of returning farmland to
forests and the Three-North Shelterbelt project increased the area of green space, but the
impact on PGSH was limited, with an average increase of less than 2%.

Although we studied the spatial and temporal changes of bird PGSH within the multi-
data source over a relatively long period and across a broad research range, it provided the
potential for comparative analysis of impacts of LUCs on different bird PGSH. However,
because the data depend on citizen contributions to EBird and BirdReport, there may be
bias for locations and observed species for specific contributors, thus these findings may
have limitations for national extrapolation. In addition, the factors affecting the distribution
of bird habitats are complex; for example, feed condition, presence of freshwater, climate,
and temperature are important factors to consider. Simply considering land use and spatial
proximity may lead to a certain degree of bias in the results. Thirdly, we found that there is
an inverted U-shaped relationship between LUC and PGSH, just like the environmental
Kuznets Curve; however, we did not give too much explanation for this phenomenon,
which requires solid econometric statistics and discussion, which is beyond the scope of
this paper. Although this paper has the above shortcomings, we believe that this research
provides a useful attempt at analyzing substantial (two large datasets), large-scale (China)
data. The results provide a useful reference for identifying bird species and habitats that
require most conservation attention in the face of continued land use transformation.
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Abstract: Sustainable Land Management (SLM) is one of the key policy responses being implemented
to curb land degradation in the highlands of Ethiopia. However, there is scant evidence to what
extent Land Tenure Institutional Factors (LTIFs) influence small landholders’ on-farm investment
in SLM. The overall objective of this study is, therefore, to understand the extent to which LTIFs
influence on-farm SLM investment in the highlands of Ethiopia through unbundling tenure security
(de jure, de facto, and perceived) across a bundle of rights. Survey data were collected between April
and May 2021 from 2296 smallholder households and 6692 parcels of 19 highland woredas (districts)
in three regional states (Amhara, Oromia, and SNNP) in Ethiopia. A probit regression model was
used to estimate the average marginal effects of LTIFs quantitatively and supported by an in-depth
qualitative analysis. The results revealed that 10 out of 16 LTIF-related variables have significantly
influenced households’ on-farm investment in SLM with average marginal effect ranging from a
minimum of 3% (tree tenure security risks) to a maximum of 14% (possession of land certificates),
at 95% confidence interval, compared to a mean probability of 45%. The results also revealed that
some of the households’ socio-economic and demographic factors and parcel-specific variables
have significantly influenced on-farm SLM investment. These imply two policy issues. Firstly, it
strengthens the notion that security of tenure may be a necessary condition, but not a sufficient, factor
to incentivize smallholders’ on-farm SLM investment. Secondly, an in-depth analysis of the security
of tenure categories across a bundle of rights is necessary to help formulate context-specific SLM
policy and strategy incentivizing smallholders’ on-farm SLM investment.

Keywords: land degradation; bundle of rights; security of tenure; SLM; investment; Ethiopia

1. Introduction

Policy makers, practitioners, and researchers are becoming more conscious of the
importance of clear, secure, and inclusive access to and control over land resources because
of increased competition for land resources and mounting climate change uncertainties.
Under the United Nations, land tenure indicators are adopted as a fundamental element of
measuring the global sustainable development goals (SDGs). For instance, SDG 1.4.2 aims
to measure the “proportion of the total adult population with secure tenure rights to land
including (a) with legally recognized documentation, and (b) who perceive their rights
to land as secure, disaggregated by sex and tenure type (%)” [1]. In addition, SDG 5.a.1
stresses women’s land tenure, SDG 2, Target 2.3.1 and 2.3.2 address smallholder farmers;
and Target 2.4.1 also focuses on agricultural land [2]. Land tenure also influences land use
and is thus key to achieving SDG 14 (b) and SDG 15 on the sustainable use of land and
natural resources. Likewise, land tenure is also vital as it is often considered a driver of
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conflict if managed poorly, yet it is a source of resilience if managed properly, and hence
affects SDG 16, promoting peace and inclusive societies and institutions.

Land tenure importance is also manifested by households’ land use decisions at
the local level, indicating the need for physical capital to spur economic growth and
land governance systems [3]. Land tenure security is an important development agenda
for strengthening land governance systems, thereby improving social stability, spurring
economic growth, and promoting the environmental sustainability of citizens, communities,
and business firms [4,5]. The assumption is that recognizing land and resource rights will
benefit the rights holders by ‘unlocking’ capital through access to credit or by enabling
full utilization of production factors, reducing uncertainty, providing opportunities and
empowerment, and incentivizing the sustainable use of natural resources [6].

Tseng et al. [6] and Robinson et al. [7] also identified two dimensions of tenure issues
with a strong potential to influence land-based investment decisions, including the type
of rights landholders have and the security of those rights. The bundle of rights includes
access, use, management, exclusion, alienation, and the rights to be compensated during
compulsory expropriation [7,8]. In contrast, security is understood as a perception by right
holders that rights are recognized and protected [9]. Land rights are secure when a person
perceives them to be stable and predictable over a reasonable period and protected from
expropriation or arbitrary change [10]. This is consistent with the SDG 1.4.2a secured tenure
rights definition.

Other scholars [7,11,12] distinguished the categories of land tenure security as (1) de
jure/legal, (2) de facto/contextual, and (3) perceived/socio-psychological tenure security.
This category of security is associated with a given tenure system such as freehold, lease
hold, or customary and the myriad social, economic, political, and environmental factors
that condition the de facto performance of such an arrangement [13]. This arrangement
may be formal, informal, or applied through customary institutions that can be a ma-
jor hinder or enable sustainable land management or development [14]. According to
Masuda et al. [5,13], Holland et al. [12], and Robinson et al. [7], as societies grow and land
pressure increases, there becomes a need for clear and transparent processes that assign
and enforce rights among various parties and spell out the rules for how rights can be
accessed, transferred, terminated, or gained. Locke [10] even argued the primary function
of government is to secure and protect such property rights. This means that sustained
land tenure security most likely comes with the state-recognized backing of land rights [6].
However, such institutional genesis is a long-term process that needs to grow within the
existing socio-economic and political system.

Land tenure institutions are, therefore, fundamentally important in enhancing land-
based investment and promoting the efficient allocation of economic resources [15–17].
A relationship between a rights holder and a subject parcel of landholding depends on
the characteristics of the bundle of rights that qualify its usefulness in economic exchange
and influence economic behavior on investments [15,18,19] and the financing of these
investments [20]. The governance of these relationships is mainly administered by land
tenure institutions. The inefficiency and ineffectiveness of those institutions affect the
quality of tenure security. Uncertainty about tenure rights also creates insecurities about
land tenure and frequently leads to poor uses of limited resources as these influence the
practices, abilities, and choices of landholders in line with the adoption, sustainability,
effectiveness, and efficiency of their investment [4,6].

Despite a notable increase in rigorous systematic reviews in recent years, much of
the evidence on land tenure remains linked to tenure security achieved through land
titling and its implication on environment and development outcomes. For instance,
Tseng et al. [6] recently reviewed about 117 studies to understand the causal effect of land
tenure security interventions such as land titling and formalization on human well-being
or environmental outcomes, of which two-thirds of the studies reported positive links.
Likewise, Lawry et al. [21] undertook a similar systematic review and found that land
tenure recognition positively affected productivity and income gains substantially through
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perceived tenure security and investment. However, these reviews show the existing body
of land tenure literature focus on a single category of tenure security and its implication
on socio-economic and environmental outcomes. This approach hinders an in-depth yet
broader understanding of LTIF effects along categories of land tenure security and the
context-specific bundle of rights on development and environment.

Considering the land tenure theory and existing evidence base, the link between
LTIFs, such as the three categories of land tenure security and investment in SLM, appears
inconclusive, at least in the Ethiopian context. This is because, firstly, landholders have only
perpetual usufruct rights and could not be used as collateral to access formal credit until
recently, or land exchange or sale was forbidden [22]. This implies that SLM investment
made in the rural landscapes, specifically at the farm level by smallholder households,
cannot be attributed to either greater access to credit or enhanced functions of the land
market as land sales are ruled out by law. Secondly, perceived tenure security and de
facto tenure security vary in a range of transferability of legally (de jure) recognized
bundle of rights such as risks related to inheritance, gift, lease/rentals, conservation, tree
tenure, expropriation and compensation, and land redistribution. Thirdly, most previous
studies rely on a small sample size of cross-sectional data targeted to a specific watershed
and biomes and looked at secure tenure without any categorization, thus limiting more
rigorous and in-depth analysis of factors influencing on-farm investment in SLM among
small landholders. Specifically, this hinders the full understanding of the LTIFs linked to
the country’s SLM policy implementation effectiveness in guiding context-specific small
landholders’ on-farm SLM investment.

Historically, Ethiopia’s highland agriculture is dominated by small landholders’ farm-
land tenure model and characterized by fragmentations. Land degradation is one of the
major environmental and development challenges compounded by climate change risks.
SLM is also considered one of the key policy responses being implemented using watershed
as a unit of planning and watershed users’ cooperative societies as governance structures.
However, at the landscape level, the landholding types are a mosaic of communal, private,
and state/public lands associated with certain socio-ecological systems and highly dom-
inated by smallholder land tenure. The interaction and relations of these diverse tenure
types affect the land use practice and on-farm SLM investment of small landholders and its
sustainability in the study areas.

For instance, legally recognized rights might be represented by registering those rights
and provisioning land certificates as a de facto protection of those land rights. However,
the impact of land certificates on tenure security differs by how perceived tenure security
is measured [23]. Where the perceived tenure security dimension is specifically measured
along risks related to the bundle of rights such as inheritance, land redistribution, expro-
priation and compensation, land transfer through land rent/sharecropping, conservation,
tree tenure security, as well as credit transactions. This bundle of rights is an important
set of land rights recognized in the existing legal framework of the country. Hence, under-
standing these dynamics of land tenure institutional factors through the lens of categories
of tenure security across the bundle of rights is vital to design pragmatic SLM policy and
context-specific implementation strategy.

Therefore, the objective of this study is to understand the extent to which LTIFs
influence the probability of households’ on-farm SLM investment in the highlands of
Ethiopia; through the lens of the three categories of security of tenure (de jure, de facto, and
perceived) across the bundle of rights in the context of the existing legal framework. To
this end, this study employed household and parcel-level survey data accessed from the
USAID publicly available data repository and addresses the limitations and contributes to
the existing body of evidence.
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2. Materials and Methods
2.1. Sample Size and Data

This study was conducted in three highland regional states of Ethiopia (Amhara,
Oromia, South Nation Nationalities and People (SNNP)), 19 woreda, and 183 kebeles.
This study used the 2021 survey data collected for the follow-on impact evaluation (IE)
study of the USAID-funded land administration programs, namely the Ethiopia Land
Tenure Administration Program (ELTAP, run between 2005 and 2008) and Ethiopia Land
Administration Program (ELAP, run between 2008 and 2013). This is because the 2021
follow-on survey data were found as the best publicly available recent data in the sector,
with a trove of survey data that help to respond to the research objective of the current
study. The impact evaluation studies of USAID examined the impact and limitations of the
land certification intervention on rural land users over a 15 years’ time horizon.

As part of this panel dataset, data were previously collected in three rounds, namely, 2008
as a baseline, 2015 as an end line, and 2021 as a follow-on impact evaluation study [24,25]. In
all waves of data collection, the researchers collected data using a head-of-the-household
survey and a wife survey that was applied to the head of the household (male or female)
and their spouse or wives in the case of polygamous households. Unlike the two previous
surveys, the 2021 survey excluded households from Tigray and the 12 kebeles in Amhara
because of the conflict and security issues, while the ELAP targeted households were
also excluded to reduce selection bias on the results since they were targeted by the land
administration programs with higher potential for agricultural investment [24], Figure 1.
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Figure 1. Map of Ethiopia and study survey sites. Compiled by the Author, 2023. Red shows the
study sites excluded from the 2021 survey due to security issues in Tigray and Amhara regional states
as well as ELAP-supported woredas excluded to avoid selection bias. Source: USAID [26], [Data set].
https://www.land-links.org/ accessed on 21 December 2022.

In terms of sample size, systematic stratified sampling method was employed. Firstly,
six program woredas were selected from the four program participating regions. Sec-
ondly, within each woreda, a stratified systematic selection of kebeles was made based
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on distance from capital/road (3 categories or clusters identified, i.e., with 5 KMs—near,
10 KMs—medium, and above 10 KMs—far). Hence, 8 treatment and 3 control groups per
kebeles, and for the control group, 3 kebeles were randomly chosen per woreda. Thirdly,
within selected treatment and control kebeles, the selection of households was made us-
ing stratified random sampling proportional to the number of male- and female-headed
households in the kebeles, which includes 15 per treatment and 10 per control kebeles.
Accordingly, the 2008 survey covered 3600 households across 284 kebeles in the four regions
(Amhara, Oromia, SNNP, and Tigray). The survey yielded 2754 wives in 2643 male-headed
households and 698 women in female-headed households [25]. Likewise, the 2015 survey
also collected data for 3412 wives in 3412 male-headed households and 914 women in
female-headed households. On the other hand, the 2021 survey collected data from the
same households from April to May 2021 who had been interviewed in 2008 and 2015. How-
ever, 3 percent household attrition is observed for several reasons, including household
change of place, death, separation or dissolution of household, and illness, among others.
The survey in 2021 includes 2306 households, of which ten households were dropped from
the sample because their information on land certification status was incomplete, meaning
the final sample size was only 2296 [24].

While the original plan was to use the three waves of the panel data, after a thorough
review of the panel datasets, the authors decided to use the 2021 survey data only because of
several important limitations to the design and instruments among the three waves. Firstly,
despite the same household survey module employed, baseline data were not collected
at the parcel level, which reduces the study’s ability to assess parcel-level SLM activities
under the current study rigorously. Secondly, the 2021 follow-on survey contains detail data
both at the household and parcel level, including (a) the socio-economic and demographic
issues, (b) land tenure and land certification status, (c) engagement of households in land
transactions such as land rentals/sharecropping, inheritance, gift, and credit, (d) land
dispute incidents, (e) level of awareness on land rights, (f) perception in land tenure
security and related risks, (g) land use quality, (h) soil and water conservation investment
and productive assets building, among others.

Thirdly, over the past decade and a half, the difference between the treatment and
control groups in terms of land tenure security improving interventions have been closed,
such as land registration and certification. Meaning, most households in the control groups
received treatment overtime. Fourthly, the discrepancies in the resolution or presence
of certain variables across the baseline, end line, and follow-on datasets mean direct
implications on the sample size and the ability to fully utilize certain finer resolutions
between baseline and end line datasets compared to the follow-on under the current study.
Finally, in terms of methodology, both the baseline and end line impact evaluation studies
used a Difference in Difference (DiD) econometrics model and analysis, while the follow-on
evaluation also included Continuous Treatment (CT) analysis additionally and compared
the results of the two. Hence, the current study, while employing the follow-on survey
data only, departs in methodology as well to better understand the role of LTIFs and their
average marginal effect on the dependent variable. To perform the statistical analysis, the
authors employed STAT version 14 software and ArcMap for mapping and visualizing
survey kebeles spatial distribution in the country, Figure 1.

2.2. Empirical Model Specification

This study employed a probit regression model to test the hypothesis that the three
categories of tenure security may have different effects on the probability of households’
on-farm SLM investment across the bundle of rights. This approach also helps us to
understand better the average marginal effect of the LTIFs influencing the probability of
households’ any on-farm SWC practice as proven SLM investment. The model looked at
the fitted probability of the dependent variable due to the influence of the set of explanatory
variables presented in Equation (7) below, meaning the outcome variable is determined or
predicted as a non-linear model that forces the probability function to fall between 0 and 1
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based on communitive density functions of independent variables derived from the robust
standard errors distribution.

Using this model, the authors are able to estimate the probability of households’ on-
farm SLM investment, accounting for the households’ demographic and socio-economic
variables, quality or characteristics of the parcel of land, and the three categories of land
tenure security variables across the bundle of rights. Hence, the authors estimate four
models and compare the results of the regression analysis, i.e., Model 1 includes household
and parcel variables only, Model 2 includes household, parcel, and de jure variables only,
Model 3 includes household, parcel, de jure, and de facto variables only, and the final or
Model 4 includes household, parcel, de jure, de facto, and perceived tenure risk variables.
The probit regression equation is specified as:

P(Y = 1|X) = G(Xβ) =
∫

(2π)−5 exp (−Xβ2

2
) (1)

the G f unction o f Xβ = β0 + β1X1 + β2X2 + β3X3 + β4X4 (2)

That means:
f itted probability = p̂(Y = 1|X) = G

(
Xβ̂
)

(3)

where:
limXβ→∞ G

(
Xβ̂
)
= 1

limXβ→∞ G
(
Xβ̂
)
= 0

To estimate the β̂ coefficient, we use the maximum likelihood estimation that maxi-
mizes the joint probability of the outcome variable and constructed based on the product
of each observation probability of observing what we see, which can be written as follows:

L =

N

∏
i = 1

PYi
i ln(1− Pi)

(1−Yi) (4)

Taking logs, we can attain the “log likelihood” as follows:

lnL =

N

∑
i = 1

Yi ln(Pi) + (1−Yi) ln(1− Pi) (5)

The marginal effects depend on X, where the average marginal effect calculates each
individual observation’s marginal effect and then takes the mean, which is the derivative
of G with respect to Xβ constructed as:

∂P(Y = 1|X)

∂X1
= β1G′(Xβ) (6)

where G′(Xβ) will change as X changes, which allows for diminishing returns or a non-
linear relationship; therefore, the final probit empirical model is constructed as:

Yih = β0 + β1X1 + β2X2 + β3X3 + β4X4 + . . . β24X24 + εih (7)

where Y is a dummy outcome or dependent variable which represents a small landholder’s
investment in any SWC practice by a household h, and X is the set of explanatory variables
related to households, parcels, and categories of the three secure tenure rights across
the bundle of rights as recognized in the existing legal framework. More specifically,
Y = dependent variable (investment in any SWC); β0 = constant term; X1 is age; X2 is
sex; X3 is highest school grade; X4 is marital status; X5 is land area; X6 represents time to
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walk to parcel; X7 is walking distance to parcel; X8 is water erosion risk, X9 is usufruct
rights-de jure; X10 is transfer rights (rent/sharecropping)-de jure, X11 is bequest-de jure; X12
is collateral rights-de jure; X13 is decision on what to grow/invest-de facto; X13 represents
decision on the use of the produce-de facto; X14 represents decision on transfer, i.e., who
decides on the transfer (rent/sharecropping-OUT) to others-de facto; X15 represents credit
obtained-de facto; X16 represents possession of First Level Landholding Certificate-de facto;
X17 is possession of Second Level Landholding Certificate-de facto; X18 represents bequest-
perceived; X19 is transfer to others (rent-out/sharecropping)-perceived; X20 represents
credit transaction-perceived; X21 is perceived conservation risk-perceived risk, X22 is
tree tenure risk-perceived risk; X23 represents land redistribution risk-perceived risk; X24
represents enter in to any business transaction risk-perceived risk; εih is the error term of
explanatory variables.

This study also employed qualitative data collected from focus group discussions
among kebele administrative officials of the study sites and legal and administrative
document reviews which complement and substantiate the quantitative analysis.

3. Results
3.1. Characteristics of this Study’s Kebeles (Villages)

To better understand the overall characteristics of this study’s kebeles, focus group
discussions were conducted that covered the estimated number of populations, mean liveli-
hood of residents, land use, land scarcity, migration (in and out), and services, including
road, market, mobile phone network coverage, financial institutions, transportation, and
religious institutions.

The surveyed kebeles are spatially distributed in the three highland regions with
1500 m above mean sea level and are characterized by high population density. The
mean number of households in the study kebeles was 1072, with a standard deviation of
885 households and 5.8 average persons per household. There is migration in and out
of kebeles, with slightly more than half of kebeles reporting net out-migration. This net
out-migration may likely increase household labor productivity and improve land use
efficiency by freeing some land for the land rental market. Agriculture is the predominant
land use system on small private landholdings and livelihood sources, while 14 percent of
kebeles have no remaining bush or forest land. About 83 percent have fewer than 25 percent
of kebele land area left as bush/forest land. In addition to agriculture, pity trade, and
casual labor are the primary means of livelihood for kebele residents. About 72 percent of
kebele main roads are all-weather roads, meaning they are accessible year-round, while
77 percent of kebeles have a large weekly market that exchanges goods and services locally.

About 92 percent of the kebeles had access to mobile phone network coverage, which
facilitated information flow, thereby reducing the cost of information and, by extension,
services. However, only 4% of kebeles had access to a bank service within their vicinity, but
39% had access to a microfinance institution’s financial service. This shows kebeles have
limited access to formal financial services. Thus, about 80 percent of the total credit service
is provided to rural households by financial cooperatives and Microfinance Institutions
(MFIs). Moreover, only 10 percent of the kebele authorities reported that there was a
project-based SWC intervention between 2016 and 2021. This also shows that this study’s
kebeles receive limited project-based extension services related to SLM that may hinder
on-farm investment among smallholder households. On average, survey kebeles were
about 23 km by road to the nearest major urban center, which implied that kebele residents
face some barriers to accessing services outside their kebele. For instance, one-fourth
of kebeles do not have passable roads year-round and face substantial costs for public
transportation, estimated to be 10 percent of the daily household per capita expenditures,
meaning landholders who reside in remote areas have limited time and resources to
travel to woreda offices to access land tenure related services and may sometimes involve
opportunity costs for leaving their on-farm investments during their travel.
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On the other hand, despite being a place of worship, churches and mosques are used as
important avenues to disseminate information about administrative and community devel-
opment extension services. According to the FGD, there were an average of 4.36 churches
and 2.56 mosques in the survey kebeles. Those community-based religious institutions fa-
cilitate various awareness-raising meetings and serve as information disseminating points,
including SWC campaigns and programs.

3.2. Descriptive Statistics of Surveyed Households

Table 1 summarizes detailed demographic and socio-economic characteristics of the
survey respondents, parcel characteristics, land tenure institutional factors (LTIFs), descrip-
tion of the variables, means, frequencies, and standard deviations. As explained earlier
in Section 2.1, the datasets also collected a range of land tenure-related information. The
authors grouped the LTIFs into three categories of security of tenure: de jure/legal security,
de facto/contextual security, and perceived security, as also used by Asaaga et al. [11].

Table 1. Descriptive and summary statistics of variables.

Variables Description of Variables Expected Sign Mean/Ferq. Std. Dev.

Dependent Variable

Invested in any soil and
water conservation practices

Households invested in any SWC in their
landholding, dummy (1 = yes, 0 = otherwise) ± 0.45 0.50

Stone bund Length of constructed stone bunds
(in meters), continuous ± 10.93 46.62

Soil bund Length of constructed soil bund
(in meters), continuous ± 27.75 75.16

Water retention structure Number of on-farm water retention structures
(ponds, retention ditches) constructed, continuous ± 0.087 0.004

Trees planted per hectare Number of trees planted, continuous ± 105.54 819.75

Perennials planted
per hectare Number of perennials crops planted, continuous ± 162.49 734.79

Independent variables

Household demographic and socio-economic variables

Age Age of the household head, continuous ± 55.17 14.26

Gender Gender of the household head, dummy
(1 = man, 2 = woman) ± 1.22 0.41

Education

Highest level of education completed, categorical
Illiterate

±

51.14
Read-only 2.55

Read & write 11.77
Grade 4 complete 19.42
Grade 8 complete 8.24

Grades 10–12 complete 4.94
Above grade 12 1.95

Marital status

Marital status of the household head, categorical:
1 = Unmarried/Never married,

±

0.02
0.77
0.03
0.18
0.00
0.00

2 = Married,
3 = Divorced,
4 Widowed,

5 = cohabiting,
6 = preferred not to respond
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Table 1. Cont.

Variables Description of Variables Expected Sign Mean/Ferq. Std. Dev.

Means of land
originally acquired

How was land originally acquired? categorical
Inherited

±
39.24

Official land redistribution 37.51
Gift 8.64

Others 14.61

Holding Size Area of land possessed in hectares, continuous ± 1.68 1.78

Parcel variables

Time travel to parcel Time to walk to parcel one way
(in minutes), continuous ± 15.3 24.79

Parcel distance Walking distance to parcel one way
(in meters), continuous ± 1460.26 2314.94

Water erosion risk Parcels located on sloping lands with soil erosion
risk, dummy (1 = yes, 0 = otherwise) ± 0.389 0.488

Legal tenure security

Usufruct rights land laws allow to use of the parcel, dummy
(1 = yes, 0 = otherwise) ± 0.976 0.154

Transfer rights
(rent/sharecropping)

land laws allow making a contract
(rent/sharecropping) dummy (1 = yes,

0 = otherwise)
± 0.965 0.185

Bequeath or inherit rights land laws allow to bequest it to hires, dummy
(1 = yes, 0 = otherwise) ± 0.946 0.226

Collateral rights land laws allow to use of land as collateral, dummy
(1 = yes, 0 = otherwise) ± 0.801 0.398

De facto/contextual security of tenure

What to grow?

Who decides on what crop (s) to grow, Continuous
(1 = Husband, 2 = Wife, 3 = Husband and Wife,
4 = Children, 5 = Family, 6 = Single Household

Head, 8 = Household Head and children,
97 = Other)

±

15.17
0.51
59.80
2.22
5.52
13.90
2.61
0.26

on the use of produce

Who decides on the use of produce from the land?
Continuous (1 = Husband, 2 = Wife, 3 = Husband

and Wife, 4 = Children, 5 = Family, 6 = Single
Household Head, 8 = Household Head and

children, 97 = Other)

±

11.14
0.85
63.83
1.84
6.01
15.37
0.86
0.12

on the transfer

Who decides on the transfer of land use rights
(rent/sharecropping-out) to others? Continuous
(1 = Husband, 2 = Wife, 3 = Husband and Wife,
4 = Children, 5 = the whole family, 6 = Single
Household Head, 8 = Household Head and

children, 97 = Other)

±

11.23
0.63
63.90
1.78
5.42
16.42
0.34
0.29

Credit obtained HH obtained credit (formal or informal) during the
last 2 years, dummy (1 = yes, 0 = otherwise) ± 0.058 0.233
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Table 1. Cont.

Variables Description of Variables Expected Sign Mean/Ferq. Std. Dev.

Perceived tenure security risks

Conservation risk

HH head fully convinced to benefit from SWC
measures they may undertake., categorical

(1 = Strongly Agree, 2 = Agree, 3 Disagree, 4
Strongly Disagree)

±
52.69
42.53
3.44
1.34

Tree tenure risk
HH head fully convinced not to benefit from trees
planted, categorical (1 = Strongly Agree, 2 = Agree,

3 Disagree, 4 Strongly Disagree)
±

9.59
11.73
35.06
43.62

Land redistribution risk

HH believes that redistribution of land is likely to
take place in their kebele in 5 years, categorical

(1 = Strongly believe, 2 = Believe, 3 = Don’t believe,
4 Strongly don’t believe)

±
3.48
6.98
34.13
55.45

Rent out risk
HH feels that renting out is a risky business,
categorical (1 = Strongly Agree, 2 = Agree, 3

Disagree, 4 Strongly Disagree)
±

30.19
39.72
23.62
6.46

Business transaction risk

HH will feel more secure entering any sort of
business transaction involving credit with a farmer
who has a Land Certificate than who does not have,

categorical (1 = Strongly Agree, 2 = Agree,
3 Disagree, 4 Strongly Disagree)

±
53.98
39.01
6.47

0.53

Based on the survey result, 78 percent of the respondents were male-headed house-
holds, while the remaining 22 percent were female-headed households with an average
household size of 5.3. In addition, 76 and 18 percent of household heads were married
and widower/ed, respectively, while 3 percent of household heads were divorced. For the
entire sample, the average age of the household heads in the study area was 55, indicat-
ing that most of the household heads were active and productive. Moreover, the survey
result shows that the majority (51 percent) of the respondents were illiterate, while about
47 percent of the respondents can read and write information about their land use rights,
restrictions, and responsibilities.

The survey also collected data on the land parcel’s biophysical characteristics or quality.
Most households in the study areas were characterized as smallholders, with an average of
1.59 hectares and 3.1 parcels per landholding, which indicates a slightly higher than the
national average landholding size, i.e., 1.22 hectares but with lower fragmentation [26].
This may have implications on households’ on-farm SLM investment. It is also noteworthy
that a land holding may consist of one or more parcels within a kebele, which is the
lowest administrative and land registration unit. In terms of land use type and proportion,
households reported that about 80, 7, 10, and 3 percent of their landholding area was used
for annual crops, perennial crops, grazing land, and woodlots, respectively. This indicates
that most land uses were dedicated to food crop production and little for conservation.

The average walking distance from home to the farm/parcel of land was 1.5 KMs
which takes 15 min. This may have an implication on small landholders’ on-farm SLM
investment that saves time and increases labor efficiency. The survey also collected data on
whether households are in areas where land use policy mandates soil and water conser-
vation (SWC) investment due to the topographic nature (slope gradient) and soil erosion
prevalence of their parcels of landholdings. Accordingly, about 39 percent of the house-
holds reported that they had at least one or more parcels located on sloping lands with
high exposure to soil erosion. As a result, the survey also revealed that two-thirds of the
small landholder households had been required by the woreda/kebele administration to
implement SWC measures that the land use regulation mandated investment in SWC.
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Regarding investment in SLM, such as practicing any SWC, about 45 percent of the
households constructed and/or maintained any SWC such as stone bund, soil bund, water
retention structures, planted trees, and perennials crops on their parcels of landholdings.
For instance, the average length of stone bund constructed per parcel of landholding
using the household’s own resources was 11 m, with a maximum of 600 m on average
per parcel area of 0.38 hectares in the past year. Likewise, the average length of soil
bund constructed by the household’s own resources on the same parcel was 28 m with a
maximum of 800 m, showing households employed at least two or more complementary
physical SWC practices on their farm. The survey results also revealed that one in ten
parcels of landholding had on-farm water retention structures, such as ponds, that were
constructed using the household’s own resources. Moreover, the average number of trees
and perennials crops planted by households (using their own resources) was about 106 and
163, respectively. This also shows households were practicing/complementing the physical
SWC with long-term biological measures.

Regarding legal security or de jure tenure security, the survey measured whether
households know what type of land rights are recognized under the existing land laws,
including usufruct, transfer (rent/sharecropping), bequest/inheritance, and collateral.
According to the survey results, households reported that they know their land rights
are recognized in the land law, including 98 percent to usufruct, 97 percent to transfer,
including rent and sharecropping, 95 to bequest, and 80 to collateralize their rights. This
indicates respondents were aware of what type of tenure rights are recognized and secured
in the land laws, meaning their rights are legally recognized and protected by the land laws.

Regarding de facto tenure security, the survey collected data on the decision-making
power of the households on the crops to grow, the use of the produce, the transfer of their
land parcels, actual credit obtained between 2019 and 2021, and whether they received land
certificates (either FLLC or SLLC). Accordingly, about 60, 64, and 64 percent of decisions on
the crop to grow, the use of the produce, and the transfer rights were made by both husband
and wife jointly, respectively. Whereas 15, 11, and 11 percent of decisions were made by
husband only, respectively. Whereas less than 1 percent of the decisions were accounted for
or made by the wife only on the mentioned variables, meaning women have less decision-
making power on their land rights matters within their household or joint holding. On
the other hand, only six percent of household heads responded that they obtained credit
over the past two years, meaning small landholders are still credit constrained, which may
limit their on-farm SLM investment capacities. Moreover, in the 2021 survey, about 32 and
58 percent of respondents received FLLC and SLLC, respectively. About 90 percent of the
respondent household heads are categorized as having “any certificate” in the study areas.

Perceived tenure security was also measured in terms of the right to bequeath, an-
ticipated land redistribution within 5 years, and participation in credit transactions. The
risk dimensions of perceived tenure security were also measured in terms of conservation
security risks, tree tenure security risks, land redistribution risks, land rental risks, and
participation in any sort of transaction involving credit if it were with a farmer who has
a land certificate of possession over their land than that a farmer who does not have a
land certificate. Accordingly, about 39 percent of households perceived that the inheritance
right was secured after land certification, while one-fourth of the households expected land
redistribution within five years. This means about 61 percent of respondent household
heads feel their inheritance rights are insecure, while about 76 percent feel that they are
secured from further land redistribution in the coming five years, meaning more needs
to be conducted in terms of removing such perceptions. Moreover, the survey revealed
that 83 percent of households feel more secure in credit transactions with land certificate
holders, meaning they can lend or borrow money from anyone with a land certificate.
This shows the issuance of landholding certificates strengthens the legacy informal credit
market and leverages the creditworthiness of small landholders among their communities.

Regarding the risks of perceived tenure security-related variables, about 96 percent
of respondents either strongly agree or agree that they are fully convinced that they will
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stand to benefit in the future from whatever SWC measures they may undertake on their
land at present. This indicates that respondent household heads perceive no risk of losing
the benefits of their present investment in the future as their land tenure is secured. On the
other hand, about 79 percent of respondents either strongly disagree or disagree that they
are fully convinced that they will not stand to benefit in the future from trees that they may
plant on their land at present. This means one-fifth of respondent households perceive tree
tenure insecurity that likely disincentives on-farm investment such as agroforestry which
is one of the proven on-farm SLM practices.

The survey results also revealed that about 70 percent of respondent households either
strongly agree or agree that they feel renting out their land for money or on a sharecropping
basis, even for one cropping season, is a risky business that they should avoid unless
they have no other options of overcoming their difficulties. Small landholder households
perceive land rental as risky, even for one cropping season. This may hinder the emergence
of the land rental market in the study areas, even for short-term contracting, which may lead
to land use inefficiency. Contrary to this, the survey results showed that about 93 percent of
respondent household heads would either strongly agree or agree on they would feel more
secure entering any sort of business transaction involving credit if it were with a farmer
who has a landholding certificate of possession over their land than that a farmer who
does not have a land certificate. This implied that landholding certificates facilitate credit
markets among landholders who possessed landholding certificates. However, in the past
two years, only six percent of respondent household heads borrowed money using their
landholding certificates as collateral from financial institutions or informal lenders.

3.3. Estimates of the Parameters of the Probit Regression Model

As explained in the methods section, the authors estimate four models for the outcome
variable. Summary estimates of the probit regression models results of the probability of
households’ on-farm SLM investment and the average marginal effects of the explanatory
variables are presented in Table 2. The probit regression model 4, the best out-fitted model
among the four estimated models, results indicated that among the 25 hypothesized ex-
planatory variables, 16 variables were found to influence the small landholder households’
on-farm investment significantly in SLM. Out of the total 25 hypothesized explanatory
variables, 16 variables (two-thirds of the variables) are related to LTIFs. The results of
regression Model 4 revealed that 10 out of 16 LTIF-related variables have significantly
influenced the small landholder households’ on-farm investment in SLM but in different
directions. From the results, this study’s regression model, i.e., Model 4, has outperformed
by 14.06 percent compared with the baseline model. The likelihood ratio Chi-square of
713.56 with a p-value of 0.000 indicates that the research model is statistically significant.

Those variables with positive average marginal effects include marital status, FLLC,
SLLC, perceived land rental risks, tree tenure security risk, water erosion risk, and decision
on land rental. Whereas gender, age, education, means of original land acquisition, land
area, credit obtained, perceived conservation security risks, the decision on the use of the
produce, and the laws recognize bequest, have negative average marginal effects on the
small landholder households’ on-farm investment in SLM in the study areas. The average
marginal effects of each parameter and their implications are presented and analyzed
as follows.

Gender—the results revealed that the gender of the household head significantly and
negatively influenced the on-farm investment in SLM. The survey result revealed that a
household headed by a woman has a 10 percent reduced probability of investing in any
SWC, compared to a mean probability of 45 percent with a 95 percent confidence interval.
There is a significant and negative gender differential effect on investing in the on-farm
SLM between a man and a female-headed household.
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Table 2. Estimates of the probit regression model summary of average marginal effects on the
probability of on-farm SLM investment of households. Source: calculated by the author based on the
survey data obtained from the USAID data repository, 2022.

Categories of
Variables

Independent
Variables

Model 1 Model 2 Model 3 Model 4

Coefficient
(Robust Std.

Errors)
dy/dx

Coefficient
(Robust Std.

Errors)
dy/dx

Coefficient
(Robust Std.

Errors)
dy/dx

Coefficient
(Robust Std.

Errors)
dy/dx

HH demographic
and socio-
economic
variables

Sex −0.4311
(0.1036) −0.0937 ** −0.5118

(0.1087) −0.1106 ** −0.5371
(0.1115) −0.1159 ** −0.4539

(0.1128) −0.0958 **

Age −0.0054
(0.0015) −0.0011 ** −0.0059

(0.0016) −0.0013 ** −0.0082
(0.0017) −0.0017 ** −0.0081

(0.0017) −0.0017 **

Education −0.1115
(0.0132) −0.0242 ** −0.1088

(0.0136) −0.0238 ** −0.1036
(0.0145) −0.0223 ** −0.1068

(0.0145) −0.0225 **

Marital status 0.1347
(0.0552) 0.0293 0.1803

(0.0587) 0.0405 ** 0.2249
(0.0615) 0.0485 ** 0.1965

(0.0620) 0.0415 **

Acquisition −0.0267
(0.0091) −0.0058 ** −0.0308

(0.0098) −0.0068 ** −0.0329
(0.0106) −0.0071 ** −0.0320

(0.0106) −0.0067 **

Land area −0.0574
(0.0124) −0.0124 ** −0.0619

(0.0130) −0.0132 ** −0.0645
(0.0138) −0.0139 ** −0.0605

(0.0135) −0.0127 **

Parcel specific
characteristics

Time 0.0048
(0.0016) 0.0010 ** 0.0055

(0.0018) 0.0012 ** 0.0075
(0.0028) 0.0016 0.0066

(0.0027) 0.0014

distance −0.0000
(0.0000) −0.0000 −0.0000

0.0000 −0.0000 −0.0000
(0.0000) −0.0000 −0.0000

(0.0000) −0.0000

Water erosion 0.6969
(0.0364) 0.1516 ** 0.7009

(0.0377) 0.1525 ** 0.7214
(0.0396) 0.1557 ** 0.7478

(0.0403) 0.1579 **

De jure/legal
tenure security

usufruct −0.4372
(0.1209) −0.0957 ** −0.2480

(0.1392) −0.0535 −0.3023
(0.1476) −0.0638

Rent 0.2338
(0.1234) 0.0511 0.1396

(0.1318) 0.0301 0.1300
(0.1374) 0.0274

bequest −0.2532
(0.0931) −0.0554 −0.3715

(0.0969) −0.0802 ** −0.3947
(0.0989) −0.0833 **

collateral 0.1008
(0.0524) 0.0220 0.0129

(0.0560) 0.0027 −0.0094
(0.0581) −0.0019

De facto/actual
tenure security

Decision on crop −0.0736
(0.0419) −0.0158 −0.07324

(0.0427) −0.0154

Decision on use −0.2593
(0.0636) −0.0559 ** −0.2545

(0.0640) −0.0537 **

Decision on rent 0.2816
(0.0563) 0.0607 ** 0.2674

(0.0560) 0.0564 **

FLLC 0.6298
(0.0767) 0.1359 ** 0.6803

(0.0794) 0.1437 **

SLLC 0.3526
(0.0460) 0.0761 ** 0.3588

(0.0466) 0.0758 **

Credit −0.4178
0.0963 −0.0901 ** −0.3849

(0.0966) −0.0813 **

Perceived tenure
security risks

redistribution 0.0223
(0.0266) 0.0047

Inheritance 0.0458
(0.0296) 0.0096

Rent out 0.0880
(0.0265) 0.0185 **

collateral 0.0593
(0.0357) 0.0125

conservation −0.2653
(0.0348) −0.0560 **

Tree tenure 0.1403
(0.0207) 0.0296 **

Constant −0.4657 0.1437 ** −0.0657 0.1972 −0.0507 0.1990 −1.0748 0.2967 **

Note: n = 6692 Wald Chi2(25) = 713.56, Prob > Chi2 = 0.0000; Pseudo R2 = 0.1406; p < 0.05 **; Robust standard
errors are given in parentheses. The average marginal effect (dy/dx) is calculated at the mean for continuous and
discrete change from 0 to 1 for dummy variables.
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Age—the age of a household head negatively and significantly influenced investment
in the on-farm SLM with an average marginal effect of 0.2 percent with a 95 confidence
interval compared to a mean age of 55. Meaning every one-year increase in the age of the
household head leads to a 0.2 percent decrease in the probability of on-farm investment in
SLM. This may relate to the decrease in household labor within the household and inability
of a household to conduct farm management as households aging.

Education—the results revealed that educational attainment negatively and signifi-
cantly affected the small landholder households’ on-farm investment in SLM in the study
areas with an average marginal effect of 2.3 percent with a 95 confidence interval. This
shows that when the educational attainment of the household head increases by one grade
level, the probability of investment in the on-farm SLM decreases by 2.3 percent.

Marital Status—the results of the current study revealed that the marital status of the
head of the household positively and significantly affected the small landholders’ on-farm
investment in SLM with an average marginal effect of 5 percent with a 95 confidence
interval. This shows that households headed by married couples have a 5 percent higher
on-farm SLM investment probability than households headed by unmarried individuals
or widowers.

Means of land acquisition—access to land through administrative allocation is be-
coming impossible due to a shortage of land caused by the increasing population. Access
to land determines the on-farm investment of households. In this regard, the results un-
folded that means of original land acquisition negatively and significantly influenced the
probability of households’ on-farm SLM investment with an average marginal effect of
0.7 percent with a 95 percent confidence interval, compared to a mean of 45 percent. This
shows small landholder households who originally acquired their landholdings currently
under their possession other than administrative land redistribution or allocations have a
0.7 percent reduced probability of on-farm SLM investment incentives. Given that the last
administrative land redistribution was conducted 30 years ago and about 40 percent of the
land was acquired through inheritances in the study areas, SLM policy and strategy need
to consider this factor.

Land area—the survey results revealed that land area is also found to influence
the probability of households’ on-farm investment negatively and significantly in SLM
in the study areas with an average marginal effect of 1.4 percent with a 95 confidence
interval. Meaning every one-unit increase in the land held by the household head leads to
a 1.4 percent decrease in the probability of investment in the on-farm SLM.

Time taken and distance from homestead to parcel—the survey result revealed that
both time taken and distance to parcel are also found to effect the probability of households’
on-farm investment in SLM positively and negatively, respectively, but insignificantly,
with an average marginal effect of 0.14 and 0.00 percent, respectively. Meaning every
one-minute increase in the travel time from home to the parcel leads to a 0.14 percent
increase in the probability of investment in on-farm SLM. In contrast, every 100 m increase
in distance from home to the parcels leads to a 0.01 percent decrease in the probability
of households’ on-farm SLM investment, compared to a mean distance of 1.5 KMs. This
may have an insignificant effect since most of the parcels possessed by the landholders are
found reachable in 15 min, with an average walking distance of 1.5 KMs.

Water erosion risk– the results also revealed that water erosion risk is found to affect
the probability of households’ on-farm SLM investment positively and significantly. The
results revealed that households who held a parcel of landholding located on sloping
lands with soil erosion risk from water had a 16 percent increased incentive to invest in
SLM technologies with a 95 percent confidence interval, compared to a mean probability
of 45 percent. This implies the higher the water erosion risk, the better probability of
incentives to invest in on-farm SLM practices.

Possession of landholding certificates—land registration and certification is one of
the mechanisms sought for improving tenure security in Ethiopia to incentivize long-term
land-based investment such as on-farm SLM and climate-smart agriculture. Under the
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current study, the survey result revealed that possessions of either FLLC or SLLC were
found to influence the probability of households’ on-farm SLM investment positively
and significantly in the study areas. The results indicated that landholding certification
increases the probability of investing in on-farm SLM with an average marginal effect
of 14 and 8 percent for FLLC and SLLC, respectively, at a 95 percent confidence interval
and compared to a mean probability of 45 percent. This shows that small landholders
who possessed either FLLC or SLLC for their parcels have a 14 and 8 percent increased
probability of on-farm SLM investment than those households without either FLLC or
SLLC for their parcels, respectively. However, from these data, it is less clear why SLLC
has a lower impact than FLLC on incentivizing households’ on-farm SLM investment.

Credit—the survey results also revealed that credit access significantly but nega-
tively affected the probability of households’ on-farm investment in SLM with an average
marginal effect of 8 percent at a 97 confidence interval, compared to a mean probability of
45 percent. Meaning households without credit have an 8 percent reduced probability of
investing in on-farm SLM.

Conservation security risk—perceived conservation risk is found to negatively influ-
ence the probability of households’ on-farm investment in SLM significantly. The results
revealed that those households who are fully convinced or believe in the future benefit
from an SLM investment have a 6 percent increased probability of investment incentives in
SLM at a 95 confidence interval, compared to a mean probability of 45 percent.

Tree tenure security risk—in another measure of tree tenure security risk, the results
revealed that those households who are fully convinced that they will not stand to benefit
in the future from trees have a 3 percent reduced investment probability of on-farm SLM.
Meaning households who foresee a tree tenure insecurity risk will likely be disincentivized
to invest in on-farm tree planting at a 95 confidence interval, compared to a mean probability
of 45 percent.

Regarding de jure tenure security, household heads who know their bequest land
rights are recognized and protected by the land laws have an 8 percent increased probability
of on-farm SLM investment at a 95 confidence interval, compared to a mean probability of
45 percent. Meaning those households who were aware of their bequest rights recognized
before the laws were better off investing in on-farm SLM.

4. Discussion

This section discusses the results of the current study by comparing them with previous
studies on factors that influence smallholder households’ SLM investment. The role of land
tenure institutions, be it formal, customary, or informal, in sustainable land use and resource
management has paramount importance. This is because the way land tenure institutions
are organized and enforced can greatly influence how communities and landholders use
land resources and whether durable sustainability on-farm SLM investments are being
made. Regardless of the forms of tenure rights, their recognition and protection are also
critical factors for sustainable land use and resource management. For instance, secure
private land use rights, without enforced land use planning which regulates land use zoning
and other environmental management measures, may result in adverse environmental
outcomes. Based on the findings of the current study, this section particularly discusses
the effect of LTIFs represented by the three categories of land tenure security and their
corresponding bundles of land tenure rights on the probability of households’ on-farm
investment in SLM in the study areas.

4.1. Whether De Jure Land Tenure Security Influences Households’ On-Farm Investment in SLM

The current study revealed that legal recognition of land use rights of households in
the study areas provides de jure tenure security, such as the right to bequest one’s land-
holding to heirs, significantly affecting the probability of households’ on-farm investment
in SLM. This is consistent with Boone [27], who found legal empowerment of the poor
through property rights reform in Sub-Saharan Africa incentivizes land-based investment.
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In their recent systematic review, Tseng et al. [6] also found similar and strong support
for strengthening land tenure security largely led to positive human well-being and en-
vironmental outcomes, particularly through formalization, land use planning, and land
policy reform. Aggarwal et al. [28] conducted an assessment in 23 countries and found that
governments are increasingly giving legal recognition to community forest rights but fewer
legal protection and more barrier to using those rights.

Accordingly, in rural Ethiopia, individual land rights are generally recognized under
the federal and regional land administration and use proclamations. The 1995 Constitution
of the country enshrined the ownership of land to the state. The state body is almost
always implicated as a duty holder as the entity with the power to arrest and adjudicate.
Ethiopian nationals can have individual usufruct rights in that peasants and pastoralists
can obtain land for cultivation and grazing purposes free of charge for an indefinite time.
Proclamation 456/2005 of the federal democratic republic of Ethiopia also recognizes
acquiring of individual landholding rights through allocation, redistribution, settlement
programs, donation, and/or inheritance free of charge. However, neither collateralization of
landholding rights to access credit nor acquiring land through sales or any other exchange
are ruled out by the existing legal framework. Those recognized rights by law are exclusive
but not absolute because landholders’ tenure rights are generally bounded by limits on
externalities, such as preventing soil and water pollution. This indicates that the existing
legal framework recognizes and provides protection of small landholders’ rights clearly and
implies there is a de jure tenure security except for collateral and land sale. However, local
conditions determine which of these bundles of rights are protected in practice. For instance,
forest tenure rights held by individuals are recognized in the existing legal framework, e.g.,
Proc. No. 456/2005 Art 2/11 and Proc. No 1065/2018, Art 2/6 of the forest proclamation.
In addition, communal forest tenure rights are recognized in the same proclamations, Art
2/12 and Art 2/7, with adequate duration and scope, respectively.

The econometric results revealed that those households who were aware of their
usufruct rights, transfer rights through rent/sharecropping, and bequeath/inheritance
rights recognized by the existing laws have a 5 to 8 percent better probability of investing
in on-farm SLM. This implies that legal literacy or awareness of what bundles of tenure
rights are recognized and protected by the existing land and forest laws makes a significant
difference in on-farm SLM investment among small landholders in the study areas. This is
consistent with what Vu H. and Goto D. [29] found in Vietnam that awareness about land
tenure security towards agricultural land tenure rights increases sustainable land-based
investment. However, the results also revealed that landholders knew that the land laws
did not recognize collateralization of land rights, hence insignificantly influencing small
landholders’ on-farm SLM investment. Meaning collateralization of land rights was not an
option for small landholders to access credit and finance on-farm SLM investment until
recently. However, since 2019/20, there has been a policy change in land use rights as
collateral to borrow mainly from financial institutions. Hence, de jure tenure security
significantly influences the probability of households’ investment in the on-farm SLM in
the context of inheritance than usufruct, rental, and collateral bundles of tenure rights.
Therefore, the provisions of succession in the land law need to be clear and strengthened.

4.2. Whether De Facto Land Tenure Security Influences Landholders’ On-Farm Investment in SLM

De facto tenure security is also measured across the bundles of tenure rights as rec-
ognized in the existing legal framework, practiced by the smallholder households, and
protected by the state or local governments in the study areas. Overall, the econometric
model findings show that the de facto tenure security set was found to influence the small-
holder households’ on-farm investment in SLM significantly. In their systematic review,
Tseng et al. [6] found that changes from de jure to de facto tenure security demonstrated
by the formalization of land rights lead to better environmental outcomes. Regardless of
countries’ specific legal systems, legal documentation of rights refers to the recording and
publication of information on the nature and location of land, rights, and rights holders [30].
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In a formal system or statutory context, land titling is sought as one of the mechanisms
that provide rights holders with a secure tenure right and incentivizes them to use land
efficiently by investing in land conservation and improvement [5,18]. Since early 2000, the
government of Ethiopia has launched one of the biggest two-stage land registration and
certification programs in Africa with the aim to improve land tenure security in the high-
lands of Ethiopia and incentivize long-term land-based investment such as SLM practices
and curb land degradation [31].

As well documented in the existing literature, land degradation is one of the major
environmental and development challenges in the highlands of Ethiopia that reduces
agricultural production, increases food insecurity, and disrupts sustainable ecosystem
functions [32–34]. Guided by Ethiopia’s Sustainable Investment Framework (ESIF) for
SLM, the government of Ethiopia embarked on a national SLM flagship program in 2010.
ESIF presumed that the removal of the key barrier of insecure land tenure is believed to
be one of the way-outs to greater adoption of SLM practices and reduces further land
degradation [35]. Component two of the ESIF recommends the improvement of the land
administration and certification system. Under ESIF, the combination of participatory
and integrated watershed management and secure land tenure rights is expected to lead
to increased adoption of SLM practices, reducing land degradation, increasing carbon
sequestration, and delivering more resilient and sustainable livelihoods.

The econometric model of the current study revealed that possession of either FLLC or
SLLC was found to positively influence the probability of households’ on-farm investment
in SLM significantly. This is consistent with Adere et al. [34] findings in southern Ethiopia
that land certification has a positive but heterogeneous impact on different SWC techniques
among farmers with different risk preferences in that the effect is stronger for more risk-
averse farmers in Ethiopia. Deininger et al. [36] also found consistent evidence of the
impact of land certification on tenure security, investment, and land market participation
in Ethiopia. Gebremedhin et al. [37] also found that land tenure security contributes to
land conservation by influencing SWC actions in watersheds and enhancing household
willingness to invest in high-cost and long-term conservation practices in Ethiopia’s Tigray
regional state. Likewise, Frank [38] also found, in some Sub-Sharan Africa countries, the
clarity and recognition of land tenure rights through land registration and certification of
small landholders and communities incentivized land managers to engage in higher value
and more productive land use practices. Mugagga [39] also found predominantly land
tenure secure communities through communal land certification invested in longer-term
soil conservation measures in Uganda.

However, it is worth noting that having a certificate does not necessarily fully secure
or causes a person to believe that there is an absolute guarantee. Meaning the impact of
land certification on tenure security differs by how perceived tenure security is measured.
In addition, the type of tenure security risks matters the intensity and adoption of SLM
practices. This leads us to the discussion on the third category of land tenure security, i.e.,
perceived tenure security risks related to the bundle of rights recognized in the existing
land laws. Before turning into the perceived tenure security discussion, it is important to
highlight another de facto tenure security bundle of rights, i.e., collateralization of land use
rights and its effect on the smallholder households’ on-farm investment in SLM.

The econometric analysis revealed that credit access significantly but negatively af-
fected smallholder households’ investment in SLM. This result is in line with the work
of Mulwa et al. [40], who found that access to credit allowed households to adopt SWC
activities that helped them to invest more in agricultural inputs in Malawi. Abeje et al. [33]
also found access to credit has a positive effect on adopting a higher number of SLM
practices in Ethiopia. Similarly, Asaaga et al. [11] found that access to credit plays a critical
mediating role in the relationship between tenure security and SLM investment in Ghana.
This implied that in the absence of access to credit, small landholders may still find it
difficult to invest in on-farm resource-intensive SLM investments such as SWC measures.
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Contrarily, the econometric analysis shows that decision-making on the crop to grow
was found to influence negatively but insignificantly the probability of households’ invest-
ment in on-farm SLM. Contrarily, the decision on the use of the produce was found to
negatively influence the probability of households’ on-farm SLM investment significantly.
This shows that although landholders have legally secured joint tenure rights under the
current legal framework and documented joint title, there is a de facto tenure insecurity
within intra-household. This is consistent with the results found by Feyertag et al. [41]
in that women are more likely to feel threatened by internal sources of insecurity within
the family or community. Chigbu et al. [42] raised the alarm concerning the failure to
understand female differentials in land tenure access and security could lead to engender-
ing policies that benefit only a section of communities rather than all women within the
community. Meaning context specific inter and intra-household de facto tenure security,
such as decisions on what to grow on-farm and the use of the produce, must be considered
in SLM policy.

On the other hand, the decision on the transfer of rights through rent and/or sharecrop-
ping was found to positively influence the probability of households’ on-farm investment
in SLM significantly. This indicates that smallholder households with joint landholding
rights recognized through joint land certificates should decide on the transfer of their joint
landholding rights in the form of land rent/sharecropping. This is consistent with the
legally recognized requirements in that the parties need to agree and provide their consent
jointly to enter a land rental/sharecropping contract arrangement. This implies that joint
landholding rights holders in the study areas have secured de facto tenure security that
facilitates on-farm investment in SLM. This is consistence with what Ghebru and Girma-
chew [23] found in Ethiopia that the value-added direct and spillover effects of SLLC favor
the supply side of the land rental market, the likelihood of renting/sharecropping in land
is significantly enhanced even for non-beneficiary households who reside in or around
land certification treated program woredas. Hence, it can be inferred that households relate
their on-farm SLM investment with de facto tenure security significantly but specific to
bundles of rights and contexts. Therefore, this is another strong evidence of the need to
make SLM policy context specific.

4.3. Whether Perceived Land Tenure Security Risks Influence Housholds’ On-Farm Investment
in SLM

Coming to the perceived tenure security of small landholder households, the econo-
metric analysis of the current study shows that this category of tenure security was found
to influence the probability of households’ on-farm investment in SLM significantly but
in different directions. For instance, regarding perceived conservation security risk, the
econometric analysis shows that perceived conservation security risk is found to negatively
influence the probability of households’ on-farm investment in SLM significantly. This
is in line with Gebremedhin et al. [37], who found that investment in stone terraces was
positively influenced by factors associated with long-term investment perspectives, such
as the capacity to invest and land tenure security in the Tigray region of Ethiopia. On the
other hand, Ghebru and Girmachew [23] found that while SLLC has a positive effect in
reducing private land tenure risks, this intervention negatively affects men’s perceived risk
of private tenure security. The fact that the SLLC is predominantly implemented by issuing
joint landholding certificates to heads and spouses could explain the extra sense of security
married women perceive while men perceive the contrary [23].

Likewise, perceived tree tenure security risk is found to positively influence the
probability of households’ on-farm investment in SLM significantly. This shows that
there should be clarity on the security of tree and land tenure nexus. As per the existing
legal framework, in Ethiopia, land tenure rights and tree tenure rights are exclusively
independent bundles of rights. As mentioned earlier, landholders have perpetual land
use rights, while the forest law proclaimed individual forest ownership rights, including
tree planting and use of forest and non-forest timber products. However, this might not
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be well understood among smallholder households, which likely negatively influences
on-farm SLM investment, such as agroforestry which is one of the proven on-farm SLM
technologies promoted under the ESIF. However, other previous studies in Ethiopia also
found that improvement in perceived tenure security has been witnessed after the land
certification program [23,24,43,44].

The econometric analysis further shows that perceived tenure security risk to enter any
sort of business transaction involving credit was found to have an insignificant influence.
Since this right was not legally recognized/secured before the survey data collection period,
households feel there will be a credit transaction security risk, which hinders on-farm SLM
investment. This is consistent with Adere et al. [34], who found in southern Ethiopia, risk
preferences influence the SWC investment of households. Contrarily, Byamugisha [38]
found that landholders having secure tenure rights and secure access to credit spur long-
term productive investment in some sub-Saharan Africa countries [19]. Based on these
findings, households relate their on-farm SLM investment with perceived tenure security.

4.4. Households’ Socio-Economic and Demographics and On-Farm Investment in SLM

Regarding the demographic variables of the households, the current study found
that gender, age, and education negatively influence households’ on-farm investment in
SLM significantly. For instance, the econometric analysis shows that the gender and age
of the household head are found to influence the households’ on-farm investment in SLM
significantly negatively. This is consistent with earlier studies, such as by Ghebru and
Girmachew [23], who found that female-headed households with SLLC are less likely
to engage in investment and/or maintenance of sustainable land management practices
compared to households without SLLC in Ethiopia.

Likewise, the educational level of the household head is found to negatively influ-
ence the probability of households’ on-farm SLM investment significantly. Contrary to
our expectation and with others on the effect of education [40,45,46] on the adoption of
sustainable agricultural practices and climate adaptation measures, the current study finds
that small landholder household heads with more years of schooling are less likely to invest
in on-farm SLM. This may indicate that well-educated household heads tended to look
for non-land-based livelihood options such as off-farm activities or prefer out-migration.
More specifically, insufficient availability and productivity of land may also be among the
disincentives of investment in the on-farm SLM among household heads with more school
years attainment. This implies that households’ educational attainment and on-farm invest-
ment in SLM should be seen carefully, with increasing pressure on land and decreasing
productivity due to land degradation compounded by climate change risks.

The economic analysis further shows that the socio-economic factors such as marital
status, means of original land acquisition, and area of landholding of smallholder house-
holds were found to influence significantly but in different directions. For instance, the
econometric analysis reveals that land area negatively influences the on-farm investment
in SLM significantly in the study areas. This is in line with Etsay et al. [47], who found
a negative relationship between farm size and the adoption of indigenous conservation
practices in the Tigray region of Ethiopia. However, the current result disagrees with the
findings of Wondimu et al. [32] that land area has a significant positive effect on crop
rotation in the Abay basin of the Oromia region of Ethiopia.

4.5. Parcel-Specific Factors and On-Farm Investment in SLM

The econometric analysis shows that distance and walking time to parcels were found
to insignificantly influence SLM investment, while the exposure of the land parcels to water
erosion risks was found to influence smallholder households’ on-farm investment in SLM
positively. This is consistent with Adimassu et al. [35,48], who found that farmers vulner-
able to erosion hazards are more likely to invest in different land management practices,
but investments were highly variable across their production domain. Wondimu et al. [32]
also found that the perception of erosion hazard has a positive and significant effect on
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the adoption of soil bund SLM practice in the Abay basin of the Oromia regional state
in Ethiopia. As land is household heads’ ultimate resource for their livelihood, parcels
which were exposed to water erosion were more likely to receive on-farm investment
in SLM, thereby reducing land degradation and improving their productivity. Similarly,
Abeje et al. [33] found that the parcel level factors influence the SLM investment, including
slope gradient, fertility status, area, and distance to and from home.

5. Conclusions

This study assessed factors affecting households’ on-farm SLM investment in 19 high-
land woredas of three regions (Amhara, Oromia, SNNP) in Ethiopia, where land degra-
dation is considered a daunting environmental and development challenge. This study
considered selected household and parcel-level variables and land tenure institutional fac-
tors. This was achieved by employing a probit regression model that estimated the average
marginal effect of the explanatory variables on the outcome variable quantitatively, i.e., the
probability of a household head invested in any on-farm SLM practices. While much of
the existing land tenure literature recognizes the need to ensure the security of tenure in
broader terms, this may hinder an in-depth yet broader perspective of understanding the
effect of LTIFs along categories of land tenure security across bundles of rights and hence
limits context specific SLM policy and implementation strategy. Hence, the current study
empirically tested this approach and demonstrated that the approach might be replicated
in other countries and contribute to the broader body of evidence.

The findings of this study revealed that households’ on-farm investment in SLM
is affected by several demographic and socio-economic factors, parcel-specific variables,
and LTIFs. Particularly, the LTIFs were also found to jointly influence the probability
of households’ on-farm investment in SLM significantly but differently across the differ-
ent categories of tenure security and bundles of rights. These results demonstrated that
unbundling the categories of land tenure security across the bundles of rights and under-
standing their specific influence on households’ on-farm SLM investment are important
aspects of designing context-specific SLM policy and implementation strategy.

These results have three important implications. Firstly, while the household and
parcel level variables are very important to consider when designing SLM investment
policy at the household level, the LTIFs are equally important to consider across the bundle
of rights. Meaning categories of secure tenure rights must be seen in perspective along
with other influencing factors. Secondly, while securing tenure through land certification
incentivizes the on-farm investment in SLM, land policies and regulatory frameworks
should also consider the issues of access to credit to small landholders that create the
capacity to invest in durable and intensive on-farm SLM investment. In the absence of
access to credit, small landholders with secure tenure rights may still find it difficult to
invest in an on-farm resource-intensive SLM investment. Hence, the SLM policy needs to
strengthen access to credit for smallholder households across the country. Finally, regardless
of the forms of tenure rights, their recognition (de jure) and enforcement (de facto) tenure
security combined with the regulatory functions of land tenure institutions, such as the
enforcement of land use regulations, are also critical factors for sustainable land use and
resource management. Secure private land use rights, without enforced local level land use
planning which regulates land use zoning and other environmental management measures,
may bear little on-farm investment in SLM that could not balance the exploitation of land
resources and may result in adverse environmental outcomes. This will likely affect the
sustainability of SLM investment at the landscape level, including communal landholdings.

However, this study did not undertake an in-depth assessment of local-level land
use plan implementation where available and its implication on households’ on-farm
SLM investment. Future research should focus on the impact of local-level land use plan
implementation compliance by smallholder households and its implication on their on-farm
investment endeavors in SLM.
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Abstract: The displacement and resettlement-associated poverty caused by water conservancy
projects (WCP) is a worldwide issue. Re-settlers are often impoverished for extended periods due
to loss, difficult re-establishment, and insufficient compensation. Addressing poverty has become a
worldwide concern, and accurate measurements of poverty remain a fundamental issue. Before 2020,
the Chinese government used the absolute income method to measure re-settler poverty. However,
this method reflected neither the overall income gap nor potential benefits of social development
and poverty alleviation policies. Therefore, we used the relative income and multidimensional
methods alongside the absolute income poverty method to measure the poverty in recently resettled
households. Based on survey data from over resettled 1000 households we conclude that: (1) The
remaining poor measured by the absolute poverty line were mainly caused by serious diseases,
disabilities and loss of labor ability, which means they have no ability to be lifted out of poverty except
through the bottom line of local governments. As a result, the absolute poverty line loses its distinction
to poverty. (2) Rural re-settlers were more resilient to forced majeure because land guarantees
employment and food supply, allowing households to avoid secondary livelihood destruction.
(3) Income derived measurement of re-settler poverty masks the benefits of poverty alleviation
and other socioeconomic aid programs. A few households showed improvements in child school
attendance, child mortality, nutrition, cooking fuel, asset ownership, and social insurance following
resettlement. (4) To reduce the multidimensional gap, government aid programs should focus on
years of schooling (including training), nutrition, household savings, and household labor force
rather than simply providing monetary assistance. At the same time, we suggest that the government
adopt a variety of compensation methods, such as: sharing the benefits of water conservancy projects,
industrial support and improving the bottom line guarantee.

Keywords: poverty assessment; water conservancy project; resettlement; China

1. Introduction

The displacement and resettlement of re-settlers as a result of water conservancy
projects (WCP) such as dam construction or inter-basin water transfer often lead to poverty.
Because such projects affect large areas, numerous resettlement issues occur, such as those
observed in association with the resettlement of 50,000 people when the Itaipu Dam, the
world’s largest hydropower station was built [1], and the relocation of approximately
120,000 people as a result of Aswan High Dam construction [2]. China is home to many
mega hydropower projects that have led to the relocation of many millions of people,
including those forced to resettle due to the construction of the Three Gorges Dam and
the South-to-North Water Diversion Project [3,4]. Displacement and resettlement have
huge impacts on people [5], with issues such as loss of farmland severely affects the
household incomes impacting the livelihood of the dependents [6]. Furthermore, the low
compensation offered in many cases means that resettled people lack sufficient capital
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to build new houses, restore their capacity for production, and live at pre-displacement
levels [7]. Therefore, they often endure long-term poverty as a result of resettlement [8].

The poverty of WCP-induced re-settlers is an urgent problem for the government.
Since most resettlements generally occur due to water conservancy projects, the responsibil-
ity to mitigate and alleviate the poverty caused by such projects lies with the government [9];
poverty alleviation includes both the duration over which a government is to perform its
responsibilities and the amount of compensation offered [10]. This is especially important
because long-term impoverishment can lead to social instability [11] and environmental
degradation [12]. To reduce WCP-induced poverty, the World Bank provides developing
countries with special financial and technical assistance for relocation projects, allowing the
formulation of better resettlement policies and post-resettlement action plans [13]. Through
the World Bank’s consistent efforts, these developing countries have gradually formed their
own local compensation standards and allocation procedures [14–16], helping resettled
people to alleviate and eliminate poverty by restoring their livelihoods [17,18].

In China, the poverty of the WCP-induced re-settlers has gradually become a matter
of concern for the central government. China’s early WCPs failed to address the poverty
and livelihood restoration problems faced by the re-settlers. Until 1985, 60% of reservoir-
induced re-settlers lived in poverty [19]. To deal with the large scale of poverty induced
by WCP, the State Council of China issued the first “Report on Quickly Dealing with
Reservoir Resettlement Issues” in 1986. Several revisions led to the production of two
important documents in 2006: (1) State Council Decree No. 471 (2006) on the land ac-
quisition and resettlement compensation rules associated with large- and medium-scale
hydraulic and hydropower projects and (2) Suggestions of the State Council No. 17 (2006)
on the improvement of follow-on support for people affected by large- and medium-scale
reservoirs. These decrees are aimed at preventing WCP-induced poverty by providing
pre-resettlement compensation, resettlement subsidies, and follow-up support [20]. The
most influential factor responsible for improvements in China’s WCP poverty problem over
the last seven years, Xi Jinping’s “Precise (Targted) Poverty Alleviation” campaign, was
aimed at lifting 70 million Chinese people above the poverty line by 2020, and although
WCP-induced re-settlers have benefitted from this program [21], the poverty ratio of these
people remains higher than that of the general population, and most remain in abject
poverty [22,23]. Most re-settlers are poor because their former homes were located in
remote rural areas, and resettlement sites are generally established in under developed
regions. Additionally, lower rates of education and reliance on basic farming skills means
that many struggle to transition to other livelihoods, if their land is reduced or they become
landless following resettlement [24,25].

Currently, the poverty line in China is measured using the absolute income poverty
method. The poverty line was initially set at a net income of 2300 RMB per year in 2011
(equivalent to US$ 1/day), and the figure is adjusted yearly according to the consumer
price index (CPI) in each province [26]. However, compared with the World Bank poverty
line (US$ 1.9/day), China’s standards are relatively low [27]. In addition, measuring
poverty from the perspective of absolute income alone cannot reflect the overall income
gap or the potential benefits of any social development or poverty alleviation policies [28].
Xu et al. (2019) recommended that China adopt the relative income poverty method to
accurately measure the poverty of WCP-induced re-settlers, as this method is useful for
comparing the overall income gap among different resettlement groups [29]. Wang et al.
(2021) argued that the multidimensional poverty method could identify the main factors
causing poverty and reflect the effects of policies [30]. However, no research currently
addresses the best way to measure China’s WCP poverty using both methods in tandem; no
comprehensive analysis of WCP-associated poverty using multiple measurement models
has as yet been performed. To comprehensively understand the current poverty levels of
WCP-induced re-settlers and advise governments on their justification of compensation
levels and assistance programs, multiple measurement models are required to evaluate the
poverty of WCP-induced re-settlers.
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In this study, the “Yangtze to Huai River inter-basin” water diversion project (YtoH
Diversion) was considered as a case study and multiple poverty measurement methods
were used to comprehensively analyze and interpret the poverty status and causes of
poverty in China. The study contributes to the literature surrounding poverty alleviation for
WCP-induced re-settlers in two ways. First, a multidimensional poverty framework suitable
for China’s WCP-induced re-settlers was constructed based on the Global Multidimensional
Poverty Index (GMPI), which was published by the United Nations Development Program
(UNDP) and Oxford University. Second, this framework was used to dynamically interpret
the poverty status of re-settlers in the YtoH Diversion project.

The remainder of this paper is organized as follows. Section 2, based on a brief review
of the poverty measurement related literature, provides a framework for multidimensional
poverty analysis. The characteristics of the case study region, research methods, and data
collection are described in Section 3. The results are presented in Section 4. The main
research findings, proposes specific countermeasures for poverty alleviation under China’s
current WCP-induced resettlement system are discussed in Section 5, and conclusions
drawn in Section 6.

2. Literature Review and Multidimensional Poverty Framework
2.1. Poverty Measurement in the Literature

The most commonly used method for identifying and measuring poverty, the mon-
etary approach, defines poverty as consumption (or income) below a certain line [31].
According to Foster’s poverty theory, the poverty line can be divided into absolute and
relative poverty, which reflect “subsistence” and “basic needs”, respectively [32]. Monetary
approaches include the income poverty method, Engel coefficient method, Martin method,
and extended linear expenditure system method (ELES) [33]. However, the WCP-induced
resettlement study for China uses only the income poverty method, which requires income
data for quantification [34,35], and as an increasing number of people relocate from remote
rural areas to suburban and urban areas, their consumption structures and employment
options change, often shifting them from income-based to consumption-based poverty [30].
Therefore, some Chinese resettlement scholars, such as Wang et al., proposed the use of
the Engel coefficient, Martin, and ELES methods to measure poverty status [35]. These
methods fully consider all dimensions of consumption and thus more accurately measure
poverty from the perspective of demand.

Recent studies have shown that the income level of WCP-induced re-settlers in China
is sufficiently high to meet their minimum or basic needs and maintain them at or above
the absolute poverty line following resettlement. However, owing to higher consumption
at resettlement sites and reduced livelihood capital, their poverty characteristics have been
observed to gradually change from consumption- to development-based [36,37]. Therefore,
some scholars, including Wang and Ke (2009), began to develop a multidimensional
poverty framework to measure the poverty of re-settlers [35], which was largely based
on the GMPI framework developed by the UNDP and Oxford University and includes
three dimensions: education, health, and assets [38]. However, Chinese scholars argue
that indicators such as electricity, and improved sanitation and drinking water supply
are not applicable to China’s WCP-induced re-settlers. Wang et al. (2021) added four
production indicators to the GMPI: farmland quantity, quality, stable employment, and
labor skills [30], while Xu et al. (2019) added a psychological dimension that included
two indicators: development prospects and the willingness to return [29]. Some scholars
have stated that a security dimension also needs to be considered, such as social insurance
or employment training [39]. Therefore, the current multidimensional poverty indicator
system is considered insufficient. In addition, indicators such as farmland quality and
development prospects are not easily measured in practice, and the willingness to return
is particularly subjective. Therefore, it is necessary to build a more comprehensive and
practical indicator system for use with WCP-induced resettlement.
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2.2. Multidimensional Poverty Framework

Based on the GMPI and existing research, a more comprehensive and practical multidi-
mensional poverty index system was developed that comprises four dimensions: education,
health, assets, and development, with six indicators: years of schooling (YS), child school
attendance (CSA), child mortality (CM), nutrition (NU), cooking fuel (CF), and asset owner-
ship (AO), which includes household savings (HS), social insurance (SI), and the household
labor force (HLF). These indicators are measured in household units.

2.2.1. Education Dimension

The education dimension includes two indicators: YS and CSA. According to the GMPI,
if no household member has completed at least five years of education, a household is
considered ‘deprived’ in terms of this dimension, while attendance deprivation is assumed
if a school-age child is not attending school up to the age at which they would complete
class 8 [40]. Since the per capita years of education is on average 7.7 years in rural China [41]
and even lower for WCP-induced re-settlers, 7 years was taken as the threshold for YS in
this study. At the same time, taking into account the 9 years of compulsory education and
labor laws in China, school-age children between the ages of 7 and 16 years who do not
attend school are considered deprived in terms of attendance.

2.2.2. Health Dimension

The health dimension includes two indicators: CM and NU. The GMPI considers the
CM rate to be severe if a child has died within a family within the last five years, while
nutritional deprivation is assumed if at least one family member is undernourished [40].
The interpretation of mortality defined by the GMPI was used in this study. In terms of NU,
combined with the “Guidelines for the Prevention and Control of Overweight and Obesity
in Chinese Adults” that was officially issued by mainland China, this article considers a
BMI less than 18.5 as malnutrition [42].

2.2.3. Asset Dimension

The asset dimension included two indicators: CF and AO. As defined by the GMPI,
residents that use dung, wood, or charcoal for cooking are considered deprived in terms
of CF, while asset ownership is considered deprived if residents do not own more than
one of the following: a radio, TV, telephone, bicycle, motorbike, or refrigerator, and do
not own a car or truck [40]. In this study, the indicator illustration of CFl in the GMPI
was used directly. In terms of AO, on the basis of the GMPI and in combination with the
“Water Conservancy and Hydropower Project Resettlement Supervision and Evaluation
Regulations” (SL716-2015) in China, commonly owned belongings such as a TV, refrigerator,
washing machine, air conditioner, electric fan, water heater, rice cooker, pressure cooker,
induction cooker, microwave oven, and telephone were considered assets and households
that owned less than three were considered deprived.

2.2.4. Development Dimension

In addition to the three dimensions of the GMPI, an additional development dimension
was added that included three indicators: HI, SI, and HLF. Family savings are an important
financial guarantee for the subsequent development of WCP-induced re-settlers [43]. As
the livelihood monitoring cycle for projects in China is six years, this article considers a
resettled household deprived when its savings are less than six times that of the locals. SI
provides anti-risk security for re-settlers [44]. Currently, rural re-settlers can purchase new
rural social endowment and cooperative medical insurances, whereas re-settlers in cities
can purchase work injury, maternity, endowment, medical, and unemployment insurance.
This study considers SI to be deprived if individuals do not have insurance coverage.
In addition, the HLF is the basis of subsistence [45]; thus, a household was considered
deprived if its labor force was less than 50% of the household population.
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3. Materials and Methods
3.1. Research Region and Sampling

The Anhui Province section of the “Yangtze-Huai River Inter-Basin” Water Diversion
Project, from which the original residents were relocated to designated sites by 2016 (see
Figure 1), was considered in this study. Fieldwork was conducted over four consecutive
years (2017–2020), with the first survey in January 2017 considering resettlement baseline
and resident data up to 2016. Surveys were given to the same households every December
from 2017 to 2020. Of the 2745 relocated households, our sample comprised 1098, leading
to a sampling rate of 40% (see Table 1). A stratified sampling method was used to select the
participants, with 15% earning a low income, 20% a relatively low income, 30% a middle
income, 20% a relatively high income, and 15% a high income. The basic properties of the
samples were as follows.

• All resettled people were of official rural household registration status prior to reset-
tlement, and were mainly engaged in agricultural production. The local government
adopted a mixed resettlement model, with 79.6% resettled in urban and 20.4% in rural
sites. Rural resettled people were continuously engaged in agricultural production,
while urban resettled people had to find jobs in non-farming sectors.

• The rural resettlement sites were approximately 15 to 20 km away from their original
home villages, while urban resettlement sites were approximately 8 to 10 km away.
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Figure 1. Resettlement sites in research sample.

Table 1. Sample selection.

Area Location Relocated Households Sample Households Geographical Coordinates

Urban

Liangting Community 158 63 117.157 E, 31.745 N

Liuhe Community 1269 508 117.282 E, 31.638 N

Zipeng Community 758 303 117.025 E, 31.758 N

Rural

Binguang village 404 162 117.325 E, 31.549 N

Wuhe village 113 45 117.304 E, 31.568 N

Changzhen village 43 17 116.902 E, 31.849 N

Total 2745 1098

3.2. Poverty Measurement Model

The absolute and relative income poverty, and multidimensional poverty methods
were used to comprehensively measure the poverty status of the resettled people. Absolute
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and relative income poverty were calculated using the Foster–Greer–Thorbecke (FGT)
indices, and multidimensional poverty was calculated using the A–F model.

3.2.1. FGT Indices

The FGT indices are often used to analyze income poverty [46] and measure the
poverty headcount ratio, poverty gap, and income inequality. The index is derived by
substituting different values of parameter α into the following equation:

FGTα =
1
N

H

∑
i=1

(
z− yi

z

)α

(1)

where z is the poverty line, N is the number of people comprising an economy, H is the
number of people in poverty (those with income at or below z), and yi is the income of
each individual, i. The formula reduces to the poverty headcount ratio (PHR) when α = 0,
poverty gap index (PGI) when α = 1, and squared poverty gap index (SPGI) when α = 2.
Among these, the PHR and PGI are the most commonly used poverty indicators [47]. To
facilitate comparison with the calculated multidimensional poverty result, only the PHR
and PGI were calculated in this study.

The Lorentz curve equation proposed by Villasenor and Arnold was used to calculate
the FGT indices [48]. This equation is expressed by the following:

L(1− L) = a
(

P2 − L
)
+ bL(P− 1) + c(P− L) (2)

where L is the cumulative share of income earned and P is the cumulative share of people
or households from lowest to highest income (all poverty indexes in this paper are based
on households). Parameters a, b, c are estimated while e, m, n, and r are obtained using
the equations: e = −(a + b + c + 1), m = b2 − 4a, n = 2be− 4c, r =

√
n2 − 4me2. After

obtaining the quadratic Lorenz curve, the corresponding FGT indices are calculated using
the formula:

L(P) = −1
2

(
bP + e +

√
mP2 + nP + e2

)
(3)

Parameters s1 and s2 are calculated using s1 = (r− n)/2m and s2 = −(r + n)/2m,
repsectively. PHR and PGI were calculated using the following formulas:

PHR = − 1
2m

(n + r
(b + 2z/µ)√

(b + 2z/µ)2 −m
) (4)

PGI = H −
(µ

z

)
L(H) (5)

where µ is per capita net income and z is the poverty line. The absolute poverty headcount
ratio (APHR) and absolute poverty gap index (APGI) can be obtained when z denotes the
absolute income poverty line. Subsequently, the relative poverty headcount ratio (RPHR)
and relative poverty gap (RPGI) can be obtained when z denotes the relative income
poverty line.

3.2.2. A–F Model

The A-F method, which has the advantages of being highly intuitive and suitable for
policy analysis, was adopted for the assessment of multidimensional poverty [49].

Suppose there are n individuals in an economy. The poverty status of individual i is
measured using m indicators. The value of the individual i for each indicator j is expressed
as gij, with gij = 1 if indicator j of individual i is deprived, and gij = 0 otherwise. Setting
the weight of indicator j to wj(0 < wj < 1, ∑m

j=1 wj = 1), the weighted score of individuals
i on all m indicators can be represented by ci, and ci = ∑m

j=1 wjgij. The critical value k
(0 < k ≤ 1) is used to compare the degree to which individual i is deprived under m
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indicators to determine their multidimensional poverty status, with individual i regarded
to be in multidimensional poverty if ci ≥ k. No threshold is assumed when k = 0, otherwise,
a threshold is included. Based on this method, the multidimensional poverty index (MPI)
is obtained using:

MPI =
1
n

n

∑
i=1

ci(k) (6)

If m = 1, and k 6= 0, the formula indicates the censored single factor poverty index (CSFPI):

CSFPI =
1
n

n

∑
i=1

gi·I(ci ≥ k) (7)

where, I(·) is a threshold function for which the value is 1 when ci ≥ k and 0 if ci < k. In
this study, the value of k was set to 0.3.

The MPI can also be divided into the multidimensional poverty headcount ratio
(MPHR) and the multidimensional poverty gap index (MPGI).

MPI =
q
n
× 1

q

n

∑
i=1

ci(k) = MPHR×MPGI (8)

where q is the number of people that have fallen into multidimensional poverty.
The ratio CSFPI/MPHR can be used to measure the impact of a certain indicator on

multidimensional poverty, which we define as the single factor impact index (SFII):

SFII =
CSFPI
MPHR

(9)

For a certain indicator i, the larger the SFII, the greater its impact on multidimensional poverty.

3.3. Data Processing
3.3.1. Data Used in Parameter Estimation for the Lorenz Curve

In this study, k-means cluster analysis was used to divide the per capita net income
of the sample households into ten levels from low to high and the cumulative share of
people at all levels was calculated as an independent variable. The cumulative share of the
net income earned was obtained simultaneously as the dependent variable. Based on the
above process, 10 sample points (Pi, Li) (i = 1, 2, . . . , 10) were obtained. The Lorenz curve
was obtained using Equation (2) for parameter estimation. In this study, SPSS 19 was used
for cluster analysis and nonlinear regression.

3.3.2. Poverty Line and per Capita Net Income

When using FGT indices to measure the absolute and relative income poverty, the
poverty line z and per capita net income µ are required. The absolute income poverty line
z1, which was set at 2300 yuan by China in 2011 [50], was adjusted according to the CPI of
Anhui Province. The relative income poverty line z2 accounts for 30% of the median per
capita household income of re-settlers and value µ is obtained from statistical analysis of
the sampled data, as shown in Table 2.

Table 2. Poverty line and per capita net income from 2016 to 2020 (unit: RMB).

Year
z1 z2 µ

Urban Rural Urban Rural Urban Rural

2016 3004 2961 3987 3713 8643 7930
2018 3104 3056 4242 4097 8386 8471
2020 3267 3224 4137 4059 8437 8202
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3.3.3. Weight of Multidimensional Poverty Indicators

The indicators and definitions used in this study are presented in Table 3. The weight
of each was calculated using an equal-proportion weighting method.

Table 3. Definition and weight of multidimensional poverty indicators.

Dimension Indicator g = 1 When Occurred, Otherwise g = 0 Weight

Education Years of Schooling (YS) No household member has completed 7 years of
education, i.e., graduated primary school. 1/8

Child School Attendance(CSA) School-age children between the ages of 7 and 16 do not
go to school. 1/8

Health Child Mortality (CM) A child has died in the family within the last 5 years. 1/8

Nutrition (NU) At least one family member under the age of 60 has a
BMI less than 18.5. 1/8

Asset Cooking Fuel (CF) Uses dung, wood, or charcoal for cooking. 1/8

Assets Ownership (AO)

Own less than three of the following assets: TV,
refrigerator, washing machine, air conditioner, electric

fan, water heater, rice cooker, pressure cooker, induction
cooker, microwave oven, and telephone.

1/8

Development Household Saving (HS) Household savings of re-settlers is less than 6 times that
of the locals. 1/12

Social Insurance (SI) Not covered by any insurance. 1/12

Household Labour Force (HLF) Household labour force is less than 50% of the
family population. 1/12

4. Result

By comparing the calculation results for absolute income, relative income, and multidi-
mensional poverty, the poverty status of resettled people induced by the “Yangtze to Huai
River inter-basin” water diversion project, a contemporary WCP, was comprehensively
measured. The parameter estimation results and curves obtained using the Lorentz curve
equation is presented in Table A1 and Figure A1 in Appendix A. The calculation results for
the MPI and CSPI are presented in Tables A2 and A3, respectively, of Appendix A.

4.1. Absolute Income Poverty

Figure 2a indicates that the APHR of urban and rural resettled people declined slightly
between 2016 and 2018, indicating that, on average, the income of resettled people measured
by the APHR was slightly improved, with poverty alleviation rates of 0.13% and 0.29%,
respectively. However, from 2018 to 2020, the APHR indicators for both urban and rural
resettlement increased, indicating a return to poverty with rates of 4.59% and 2.60%,
respectively. In general, the APHR of both resettled and rural households increased over
the period from 2016 (rural versus urban: 2.26% versus 1.76%) to 2020 (rural versus urban:
4.57% versus 6.22%). A similar trend can also be observed in Figure 2b, which shows
that the APGI of urban re-settlers was essentially the same as that of rural re-settlers from
2016 to 2018; however, the gap widened in 2020, when the APGI of urban resettled people
increased rapidly.
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Figure 2. Intertemporal calculations showing absolute income poverty: (a) APHR; (b) APGI.

4.2. Relative Income Poverty

It is apparent from Figure 3a that the RPHR of the urban resettled increased between
2016 and 2020, indicating that the overall income gap expanded during this period, while
the rural resettled show an inverted “V” shape that indicates a widening overall income
gap between 2016 to 2018 followed by a narrowing from 2018 to 2020. In general, the RPHR
of both resettled and rural households increased from 2016 (rural vs. urban: 8.17% vs.
6.94%) to 2020 (rural vs. urban: 9.57% vs. 13.18%). An identical pattern for the RPGI can be
observed in Figure 3b.
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4.3. Multidimensional Poverty

Figure 4a indicates that the MPHR of urban resettled areas from 2016 to 2020 remained
stable, with only slight fluctuations between 8.10% and 8.44%; however, the MPHR of
their rural counterparts show a consistent decline from 13.34% in 2016 to 9.16% in 2020.
These results indicate that the urban resettled population experienced a relatively stable
MPHR, while the rural resettled population experienced a rapid reduction in MPHR. The
multidimensional poverty of the resettled population thus generally improved. Similar
trends can also be seen in Figure 4b, in which the MPGI is used to measure the poverty gap.
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4.4. SFII Calculation

To identify the main factors that influence the poverty of the resettled population, the
SFII was used to determine which of the key factors contribute more to multidimensional
poverty. As shown in Figure 5a, YS, NU, and AO show a downward trend in urban
resettled areas from 2016 to 2020, while CSA, HS, and HLF show an upward trend, and
SI shows a fluctuating trend. By 2020, HS and HLF had a much greater impact on the
multidimensional poverty of the urban resettled population, with SFIIs of 95% and 99%,
respectively. It is therefore apparent that more attention should be devoted to HS and HLF
if we are to further improve the multidimensional poverty of urban resettled populations
in the future.
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Figure 5b presents the SFII for rural resettlement between 2016 and 2020. CF, AO, and
HS show decreasing trends, while YS, CSA, and SI show increasing trends, and NU and
HLF show fluctuating trends. By 2020, YS, NU, SI, and HLF had the greatest impacts on
multidimensional poverty in rural resettled areas, with SFII values of 76%, 76%, 98%, and
80%, respectively. Future alleviation efforts should therefore focus on YS, NU, SI, and HLF
for these populations.

5. Discussion

Three different poverty indices were used together with the SFII to measure the poverty
trends and status of the resettlement-case population. The main factors contributing to
poverty within the resettled population were identified, and the consistency between the
calculation results and the actual situation was discussed. The main conclusions were
obtained by comparing the calculation results for absolute income poverty, relative income
poverty, and multidimensional poverty.

5.1. Absolute Income Poverty Analysis

According to the current poverty line in China, z1, the APHR index shows an overall
positive result for the first two years following resettlement, with a decline in the APHR for
both urban and rural re-settlers. The values of APHR obtained in the study area (1.63% for
urban resettled and 1.97% for rural resettled) were slightly better than the 2.2% obtained
for Anhui Province in 2018 [51]. Our survey data show that poverty in these households is
largely caused by serious diseases, disabilities, and loss of labor ability [52]. Alternatively,
the remaining impoverished population has no capacity to be lifted above the poverty line
via the bottom-line guarantee of the local government.

However, the APHR of both urban and rural resettlements increased between 2018
and 2020, with that of urban resettlement increasing faster than that of rural resettlement.
Such a high rate of re-impoverishment indicated that the resettled remained vulnerable
to poverty and that the urban resettled are more sensitive to this problem. One of the
main explanations for this phenomenon is the impact of the China-United States trade war,
which has greatly affected employment in China’s secondary and tertiary industries [53,54].
Despite the decline in agricultural sales within resettled rural areas during the trade war,
the pressure of unemployment and lower income could be partially mitigated by having
land as a basic guarantee. However, urban re-settlers suffer more from unemployment,
resulting in a higher rate of return on poverty than those who have been resettled within
the same timeframe.

5.2. Relative Income Poverty Analysis

The RPHR is influenced by the overall income gap. According to the relative income
poverty line z2, the overall income gap of the urban resettled population expanded between
2016 and 2020, whereas that of the rural resettled population expanded between 2016 and
2018 and shrank between 2018 and 2020. These trends are consistent with the change in
the Lorentz curve in Figure A1; that is, the Lorentz curve of urban resettlement constantly
deviated from the line of equality from 2016 to 2020, while that describing rural resettled
deviated between 2016 and 2018, and approached between 2018 and 2020.

The income gap of the urban resettled expanded from 2016 to 2020, which is consistent
with China’s macro Gini coefficient [55]. Before 2018, the development of internet platforms
such as Meituan, Alipay, JD.com, and Didi Taxi provided a large number of jobs for the
tertiary industry [56], which greatly increased the income of urban re-settlers. However, the
income of those engaged in secondary industries remained largely unchanged. Therefore,
there was a notable increase in the income gap. However, the China-United States trade war
has meant that the employment rate and income of both secondary and tertiary industries
declined to varying degrees in 2019, which led to a lower increase in the income gap [57].
The income gap in the rural resettled populations also expanded from 2016 to 2018. Similar
to the urban re-settlers, the main reason for this is that rural re-settlers who were engaged
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in tertiary industries also benefitted from the internet platforms. However, for the same
reason, 68.53% of the rural resettled were forced to change their production from secondary
and tertiary industries to agriculture [52]. Because the agricultural income gap is small and
the income of secondary and tertiary industries has declined, the income gap of the rural
resettled population narrowed between 2018 and 2020.

5.3. Multidimensional Poverty Analysis

The MPHR of the urban resettled remained stable from 2016 to 2020 (ranging from
8.10% to 8.44%); however, the MPHR of the rural resettled decreased substantially from
13.34% in 2016 to 9.16% in 2020. This indicates that multidimensional poverty has gener-
ally improved in the resettled population. Compared with the nationwide MPHR of 4%
estimated for 2014 by Shen et al. [40], it is apparent that the deprivation associated with
WCP-induced resettlement is more serious. At the same time, the much lower and more
stable MPHR of the urban resettled compared to their rural counterparts indicates that the
urban resettled, with official urban registration, are entitled to more material and social
resources than their rural counterparts, which is consistent with the research findings of
Shangguan et al. [39].

HS have been identified as one factor that contributes to the MPHR for urban resettle-
ment. Relocating to urban areas means higher cash expenditure. The replacement of coal
or wood with natural gas and the higher electricity consumption increase the cost of living.
Other costs associated with transportation and improving the quality of life in urban areas
further increases consumption. The most important extra cost is urban housing, which
necessitates savings urban houses cost more than the resettlement compensation [58]. YS,
NU, and SI have also been identified as important factors contributing to the MPHR of
the rural resettled. The severe deprivation in terms of YS and NU is largely due to the
relatively poor educational and material resources in rural areas [59]. The deprivation of
social security occurs because rural resettlement focuses largely on short-term benefits.
Since China’s new rural social endowment insurance requires that insurance premiums are
paid until the age of 60 to receive a pension, the resettled are more inclined to use money
for their near-term living expenses. This phenomenon is consistent with the research results
of Banerjee [60]. The HLF has a greater impact on the MPHR of both urban and rural
re-settlers and is the basis of the migrant’s livelihood, regardless of location.

6. Conclusions

This study used multiple poverty measurement methods to reassess and dynamically
interpret the poverty status of China’s WCP-induced re-settlers. The following conclusions
were obtained: (1) Absolute poverty analysis indicates that China’s current absolute poverty
standards are out of date for WCP-induced re-settlers because poverty is not eliminated
through the bottom-line guarantees of local government. The current absolute poverty
line does not sufficiently represent the different experiences and needs of the resettled
poor. (2) Through relative poverty analysis, we found that rural re-settlers are more
resilient to force majeure, as witnessed during the recent pandemic. The guarantee of
employment and food supply through land ownership allows re-settlers to avoid the
secondary destruction of their livelihoods. (3) Comparison of the results for income
poverty (both absolute and relative) with those of multidimensional poverty indicates that
worsening income poverty is universal for the resettled, whereas multidimensional poverty
has generally improved. Therefore, measuring poverty in terms of income alone masks
the potential benefits of mitigation processes such as social development programs and
poverty alleviation policies. Table A2 clearly shows that CSA, CM, NU, CF, AO, and SI for
both urban and rural resettled children have all improved to varying degrees following
resettlement, which is mainly due to better access to the relevant public, material, and
information resources [61]. However, the higher MPHR for urban and rural resettlement
indicates that multidimensional poverty could still be improved. (4) Comparison of the
APGI, RPGI, and MPGI indicates a comparatively small gap between absolute and relative
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income poverty, whereas the gap associated with multidimensional poverty is much larger.
Therefore, reducing the multidimensional poverty gap should be the focus of poverty
alleviation in the later stages. Accordingly, analysis of the different included factors
indicates that the YS, NU, HS, SI, and HLF are most important and should be targets for
future poverty alleviation efforts. In addition, in order to improve the livelihood resilience
and resist secondary disasters caused by force majeure, a stable source of income for re-
settlers is also necessary. To this end, we suggest that the government adopt a variety
of compensation methods, such as: sharing the benefits of water conservancy projects,
industrial support and improving the bottom line guarantee. Therefore, subsequent studies
should consider how to reduce multidimensional poverty of the re-settlers through the
above compensation methods. At the same time, more indicators can be included in the
measurement of multidimensional poverty to better reflect poverty status.
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Appendix A

Table A1. Lorenz curve regression results.

Area Year Parameter B SE
95% Confidence Interval

R2
Lower Bound Upper Bound

Urban

2016
a 0.949 0.012 0.926 0.972

0.999b −1.71 0.034 −1.776 −1.644
c 0.101 0.019 0.064 0.138

2018
a 0.851 0.019 0.813 0.888

0.999b −1.545 0.043 −1.629 −1.461
c 0.158 0.022 0.115 0.201

2020
a 0.884 0.015 0.855 0.913

0.999b −1.547 0.049 −1.643 −1.451
c 0.12 0.023 0.075 0.165

Rural

2016
a 0.859 0.014 0.832 0.886

0.999b −1.575 0.023 −1.619 −1.53
c 0.139 0.018 0.104 0.174

2018
a 0.809 0.01 0.789 0.828

0.999b −1.416 0.029 −1.473 −1.359
c 0.195 0.019 0.158 0.232

2020
a 0.952 0.009 0.934 0.969

0.999b −1.725 0.023 −1.769 −1.68
c 0.078 0.012 0.054 0.101
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Figure A1. Intertemporal Lorentz curve: (a) Urban; (b) Rural.

Table A2. MPI of urban and rural re-settlers.

Area Year MPI MH (%) MPG (%)

Urban
2016 0.027 8.34 32.92
2018 0.026 8.10 33.21
2020 0.028 8.44 33.55

Rural
2016 0.054 13.34 40.67
2018 0.040 10.36 38.72
2020 0.034 9.16 37.59
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Table A3. CSFPI of urban and rural re-settlers.

Index
Urban Rural

2016 2018 2020 2016 2018 2020

YS 5.95 4.59 3.30 8.54 7.54 7.04
CSA 2.00 3.10 4.33 3.52 3.52 4.52
CM 0.06 0.00 0.00 0.25 0.00 0.00
NU 6.72 6.46 3.75 9.55 8.29 7.04
CF 0.00 0.00 0.00 4.77 2.76 2.01
AO 1.10 0.65 0.58 7.29 5.53 3.77
HS 6.79 7.18 8.02 2.76 1.76 1.01
SI 5.04 4.52 4.98 11.81 10.05 9.05

HLF 6.59 6.92 8.34 9.30 9.05 7.29
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