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Abstract: Studying future land use change for sustainable regional development remains a challeng-
ing task. Although many previous studies have conducted multi-scenario simulations, research on
optimal scenarios that consider the impact of regional policies is relatively limited. In this paper,
based on exploring the drivers of land use change, a land value assessment framework that considers
the impacts of future land use change is developed by combining multi-objective programming
and patch-generating land use simulation models. The framework is useful for predicting land use
changes and assessing the ecological and economic values of land in different development strategy
contexts (natural development scenario, economic development scenario, ecological protection sce-
nario and green economy scenario). The results show that during the period 1990–2020, the forest area
fluctuated greatly. The area of forest initially increased from 249.21 × 104 hm2 to 249.33 × 104 hm2,
but then decreased to 248.53 × 104 hm2. Moreover, the model results show that altitude is the main
driving force of land use change. By 2035, the economic value under the green economy scenario will
be CNY 924.08 × 108, slightly lower than the CNY 938.01 × 108 under the economic development
scenario. However, the ecological value under the economic development scenario will drop from
CNY 675.43 × 108 CNY in 2020 to CNY 633.56 × 108 in 2025. Therefore, the green economy scenario
will be more in line with the development needs of local policies, and the future land use distribution
of this scenario can provide reference for regional land planning.

Keywords: drivers of land use change; optimal scenarios; value coefficients; green development
advancement policy

1. Introduction

Rationalized land use allocation is expected to result in more balanced economic and
ecological values. The cumulative effects of localized changes in land use have far-reaching
ramifications for the life-support functions of the planet and human livelihoods [1]. Given
its importance, land use change has become a focus of attention for many international
organizations and countries [2,3]. For example, the International Geosphere-Biosphere
Program (IGBP) and the International Human Dimensions Program on Global Environ-
mental Change (IHDP) established a land use and land cover change (LUCC) research
program in the 1990s to mitigate a range of issues arising from climate change and eco-
logical evolution. The land conservation targets are also encompassed by the Sustainable
Development Goals (SDGs) adopted in 2015 as part of the United Nations’ 2030 Agenda
for Sustainable Development [4]. In China, measures such as converting farmland into
forests, land management laws, green agriculture, and ecological civilization construction
aim to, among other things, alleviate the adverse impacts caused by irrational land use
changes [5,6]. In particular, the Green Development Advancement Policy (GDAP), a local
policy that rationally develops and utilizes locally advantageous resources to promote
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economic development, has the main goal of promoting local economic development
while maximizing the restoration and protection of the environment through activities
related to six aspects: industry, infrastructure, consumption, the attainment of carbon
peaking and carbon neutrality, finance, and ecological civilization construction [7]. It is
possible to provide valuable insights for regional planning by predicting future land use
changes. To date, numerous scholars have undertaken a series of studies to predict land
use changes [8–10]. For instance, Hu et al. [11] estimated land use changes and ecosystem
service values (ESVs) in Anhui Province spanning the 1995–2030 period. Meanwhile, Peng
et al. [12] forecasted the future pattern of changes in natural wetlands under the optimal
scenario. Zhu et al. [13] combined resource environmental carrying capacity (RECC) with
land use change (LUC) to study and optimize the spatial pattern of land use in Zhengzhou
from 2000 to 2030. However, many prior studies have failed to comprehensively explore
optimal future scenarios and have been somewhat deficient in identifying the potential
drivers of land use change [14]. In order to fill this gap, we define the optimal scenario
as a development model that promotes local economic development while maximizing
the recovery and protection of the environment, and measure the best scenario by using
ecological value and economic value. The land use forecasting simulation model comprises
two components: scenario design, which addresses regional requirements, and a spatial
distribution model that facilitates the prediction of distribution [10]. The scenario design is
devoted to forecasting the demand for different types of land use, with a detailed analysis
of the potential developmental trajectories within the study area. While approaches such as
Markov chains [15] and the gray model (GM(1,1)) [11] necessitate only historical land use
changes to project future land demand, their applicability is confined to straightforward
scenarios [16]. In contrast, the system dynamics (SD) model comprehensively incorpo-
rates objective factors, including social and climatic considerations [10]. Nevertheless, the
widespread adoption of the SD model is constrained by its inherent complexity [12,17].
With this limitation in mind, the multi-objective planning (MOP) approach has emerged
as a scenario design methodology that optimizes an objective function to generate a land
use structure that best meets decision-makers’ requirements [18]. This approach has the
advantage of incorporating objective factors while remaining relatively simple and easy to
implement [9,19].

Among spatial allocation models, scholars mostly apply the FLUS model [20], the
CLUE-S model [21], the CA-Markov model [22] and the PLUS model [23]. In terms of
simulation and prediction, these models have their own advantages and disadvantages.
For example, the CLUE-S model is well integrated, but the influence of natural and policy
factors is not fully considered. The CA-Markov model can predict the total amount of
transfers and the transfer probability matrices of different land use types. Nevertheless, the
relationship between the spatial location of land use and its driving factors is complicated
and nonlinear. Thus, it is difficult for the CA-Markov model to determine the transition
rules of land use change [24,25]. Compared with the cellular automata (CA), FLUS models,
and CLUE-S, patch-generating land use simulation (PLUS) models can effectively address
the nonlinear relationships between drivers and land use types [23], mine the transforma-
tion rules and simulate dynamic changes in patches [26]. Therefore, combining the MOP
and PLUS models to simulate and predict land use change can efficiently identify the main
drivers of land use change. In addition, the spatial pattern can be reconstructed according
to the simulation results to ensure that the simulated land use is close to the expectation.

Many prior studies have failed to comprehensively explore optimal future scenarios
and have been somewhat deficient in identifying the potential drivers of land use change.
To address this gap, this paper aims to thoroughly explore land use changes and their
drivers under the optimal scenario, and to conduct further research on the values derived
from land change. Specifically, this study can accurately predict the detailed situation
of land use quantity and distribution in the optimal scenario by establishing a research
framework that effectively integrates MOP and PLUS models. This innovative approach
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enhances the ability to support sustainable regional development and provides valuable
insights for regional land management.

2. Research Methodology

This study presents a detailed workflow (see Figure 1). It predicts future land use
changes from 2020 to 2035 and evaluates the economic and ecological values under cor-
responding scenarios. Firstly, the data were processed. Secondly, under the policy back-
ground of GDAP, the specific planning documents relating to GDAP were quantified into
multi-objective planning and combined with the Markov chain method, four scenarios
were proposed, and the future land use pattern was predicted. In the end, the value of the
land was evaluated.
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2.1. PLUS Model
2.1.1. Land Expansion Analysis

The PLUS model is an evolutionary version based on the FLUS model, which considers
the policy-driven bootstrapping role and focuses on patch-level fine-grained land use
prediction [27]. First, by overlaying the land use data of two periods and extracting the
state change cells from the later data, these cells represent the areas of change in various
land use types. Then, suitability maps for various land use categories were generated
through application of the random forest classification algorithm. The algorithm takes
16 driving factors as independent variables and land use as dependent variables. When the
training samples were created, the sample size was set to 1% of the total land use pixels.
The number of randomly selected features (mTry) and the decision tree (n Tree) were also
specified as key parameters [28]. The mTry was set to four, as it is often a third or square
root of the total number of features [29]. The efficiency and accuracy of calculations are
affected by the nTree value. A higher nTree value results in higher precision but lower
speed. We set this value to 40 [11].

2.1.2. Land Use Prediction Module

The PLUS model’s land use prediction module incorporates “bottom-up” (i.e., local
land-use competition) and “top-down” (i.e., land-use demand) effects [30]. When the
simulation is carried out, the number of the simulated land reaches the expected value by
constantly changing the regional land-use competition mechanism [31]. Before running the
PLUS model, various parameters need to be adjusted, which mainly include the following:

(1) Neighborhood weight: the value 0 to 1 is used to express the potential for expansion
of various land uses. Land use types with a higher value have a greater expansion capacity.
In order to obtain the neighborhood weight, we first calculated the proportion of the
expansion area of six land use types in relation to the total expansion area for 1990 to
2020 [8,24]. Then, we adjusted the neighborhood weight for the different scenarios by
combining personal experience, referring to other studies [24,32] and exploiting expert
knowledge. Through several simulations, we selected the parameters that had the highest
accuracy and were most similar to the future number of land requirements, as shown in
Table 1.

Table 1. Neighborhood weights set for each scenario.

Cropland Forest Grass Water Area Built-Up Land Bare Land

Natural development scenario (NDS) 0.6 0.74 0.47 0.9 0.8 0.1
Economic development scenario (EDS) 0.5 1 0.5 0.9 0.5 0.1

Ecological protection scenario (EPS) 0.7 0.4 0.1 0.5 1 0.1
Green economy scenario (GES) 0.5 0.9 0.5 0.8 0.7 0.1

(2) Conversion matrix: the conversion matrix is a square matrix with n rows and n
columns; the value in the corresponding matrix is 1 if a land use type can be transformed to
another, otherwise, it is 0 [33]. In the natural development scenario, there is no restriction
on the conversion matrix. The economic development scenario restricts the conversion
of cropland and construction land, considering that these two types of land are the main
origin of economic value. Grassland, forest and water areas are not converted in the
ecological protection scenario. In the green economy scenario, the other three scenarios are
comprehensively considered. We convert the conversion matrix into a conversion diagram
for viewing (Figure 2).

(3) Spatial constraints: spatial constraints refer to specific areas where land use cannot
be altered, such as national parks and nature reserves [34]. In this study, we constructed
spatial constraints by creating a 60 m buffer zone around the watershed and combining it
with the World Database on Protected Areas. The setting of the 60 m buffer zone conforms



Sustainability 2024, 16, 5039 5 of 20

to both the literature experience and local regulations. Notably, spatial constraints were set
for only the ecological-protection and green-economy scenarios of the PLUS model.
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(4) Demand area: the required area is a crucial parameter for determining whether
PLUS will halt iteration. It refers the to the land use area of the target year [35]. In this
paper, it is calculated by MOP; see Section 2.3 for details.

Then, the detailed patterns of land use types are repeatedly simulated by using the
PLUS model. The model will stop iterating when the simulated area is roughly the same as
the required area, within the appropriate range.

2.2. Accuracy Verification

Land use data were used for validation of the PLUS model to make sure it was accurate.
Specifically, we used 1990–2005 land use data to predict 2020 land use and contrasted it
with the actual 2020 land use map. Overall accuracy and the Kappa coefficient were used
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to measure model accuracy. Overall accuracy is the proportion of correctly classified pixels
to all pixels [36,37]. Its calculation formula is

POA =
∑k

i=1 Pii

N
× 100% (1)

where Pii is the number of pixels correctly classified in the specified land use (i) and N
denotes the total number of pixels.

The kappa coefficient reflects the degree of agreement between the simulated image
and the real image, and it is an objective evaluation standard for testing the consistency of
the two images. The formula is

K =
N ∑m

i=1 Pii − ∑m
i=1

(
Ppi × Pqi

)
N2 − ∑m

i=1(Ppi × Pqi)
(2)

where Ppi is the total number of pixels of class i in the real image and Pqi is the total number
of pixels of class i in the simulated image.

In this study, the map’s overall accuracy in 2020 was found to be 0.97, with a kappa
coefficient of 0.92, indicating that the simulation results are more accurate.

2.3. Use of MOP to Generate Land Use Scenarios
2.3.1. Scenario Design

Multi-objective programming (MOP) is an open and flexible approach that can be ap-
plied to a wide range of environmental and macroeconomic policies [38]. By appropriately
defining objective optimization functions and constraints, we can consider expectations
and variables relevant to planners, such as future economic conditions and food demand.
This study refers to the objective optimization functions of other scholars [9,39]. The pur-
pose is to quantify the clear requirements for future development in GDAP and related
policies within the following scenario design. The MOP method was used to develop three
scenarios for the target year 2035, namely, the economic development scenario (EDS), the
ecological protection scenario (EPS), and the green economy scenario (GES), taking into
account local policies. Additionally, the Markov chain method was used to construct a
natural development scenario (NDS) for comparison with the other three scenarios. These
scenarios were selected for analysis because they provide a comprehensive understanding
of the trade-offs and synergies between ecological and economic values in land use change.
Among the various scenarios, there is an “optimal scenario” in the future which is expected
to present high economic and ecological benefits and a positive growth trend.

The NDS is a baseline scenario that does not take into account unforeseen policies
or natural disasters, also known as the unconstrained development scenario. Land use
continues to develop according to historical trends under this scenario. We used land
use maps from 2005 and 2020 and applied the Markov chain method to calculate future
land requirements.

EDS takes economic value as the primary consideration and emphasizes economic
growth; future land use changes are based on social and economic development. In order
to quantify the scenario, the following objective function is established:

f1(x) = max ∑6
i=1 ai × xi = max(a1x1 + a2x2 + a3x3 + a4x4 + a5x5 + a6x6) (3)

where xi is the land use area and ai is the economic coefficient, which is calculated by
dividing the industrial value by the area of land use. The economic coefficient is calculated
as follows: a1 represents the economic coefficient of cropland, which is obtained by dividing
the value of agricultural production by the area of cropland, which is equal to 4.03. a2
represents the economic coefficient of forest, which is equal to 0.14, which is obtained
by dividing the value of forestry production by the area of forest. Due to the low level
of local livestock production, we set the value of grassland at 10% the value of livestock
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production, and, finally, we obtained a3 as 0.28. The value of the water area is calculated
according to the fishery production, and after calculation we obtain a4 as equal to 2.61.
The ratio of the sum of the output values of the primary and secondary industries to the
construction land area is a5, which is calculated to be 247.52. The economic value of bare
land is set to 0, and a6 is equal to 0. EPS prioritizes the protection of the environment over
economic development. In case of conflict between the two, priority must be given to the
ecosystem. Future land use changes should be based on environmental protection. The
objective function is defined as follows:

f2(x) = max ∑6
i=1 bi × xi = max(b1x1 + b2x2 + b3x3 + b4x4 + b5x5 + b6x6) (4)

where bi is the ecological coefficient, obtained by calculating the ecosystem service value
of land use. We referred to the research of Xie et al. [40] to calculate this parameter.
Importantly, in calculating the ecological coefficient of land use, we exclude the value of
services that have both economic and ecological attributes, such as food production. This
ensures that only ecological service values are considered. Finally, b1 equals 0.39, b2 equals
2.63, b3 equals 2.06, b4 equals 6.65, b5 equals 0 and b6 equals 0.15.

The GES aims to maximize ecological benefits while considering economic develop-
ment. Its objective is to achieve an optimal balance between economic and ecological values.
The objective function is expressed as follows:

f3(x) = max{α × f1(x) + (1 − α)× f2(x)} (5)

where α represents the weighting coefficient, which we adjust in increments of 0.01 to
calculate the land use area under different weights. We observed that when α is 0.31 or
0.34, the x values (104/hm2) are 35.75, 249.8, 42.04, 4.25, 2.92 and 0.0026, while the x values
obtained by other weights are unchanged; they are 30.91, 249.8, 46.88, 4.25, 2.92 and 0.0026,
respectively. As when α is 0.31 or 0.34 the obtained x is more in line with the historical
trend, we consider choosing the weight α as 0.31 or 0.34. We completed the calculation
of this part by using lingo11 software. Considering the concept of ‘ecological priority’
emphasized in many planning documents of Hechi City, we chose α = 0.31.

2.3.2. Constraint Conditions

Cropland constraints: over time, the grain provided by cropland should exceed
consumption. According to the “Master Plan of Hechi City (2016–2035)”, by 2035, the popu-
lation will reach 5.3 million, the per capita grain consumption will reach 144.95 kg/person,
the cultivated land output will reach 3915 kg/hm2, and the planting rate will reach 63.49%.
Therefore, we set the lower limit of cultivated land to 30.91 × 104 hm2. From 1990 to 2020,
the total cultivated land area decreased, and the “14th Five-Year Plan for the Agricultural
and Rural Modernization Development of Hechi City” proposed implementing a new
round of returning farmland to forests and grasslands; thus, the upper limit of cultivated
land was set as the predicted value of the Markov chain.

30.91 × 104 ≤ x1 ≤ 38.98 × 104 (6)

Forest constraints: the “14th Five-Year Plan for the Ecological and Environmental
Protection of Hechi City” aims to achieve a forest cover of at least 71.52% by 2025. Based
on the 1.02% increase in coverage from 2015 to 2020, we predicted that the forest coverage
in 2035 will be no less than 72.57%, resulting in a forest area of at least 242.94 × 104 hm2.
The upper limit of forest growth is set at a historical high of 249.80 × 104 hm2.

30.91 × 104 ≤ x1 ≤ 38.98 × 104 (7)

Grassland constraints: the “Guiding Opinions of the General Office of the People’s
Government of the Guangxi Zhuang Autonomous Region on Supporting the Construction
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of Hechi City into a Pilot Green Development Area” advocates ecological priority and green
development. On this basis, it is predicted that the grassland area will stabilize or increase
in the future; thus, the upper limit of grassland is set at 47.32 × 104 hm2 (1995 data), and the
lower limit is set at 42.04 × 104 hm2 (the grass area in 2035 predicted by the Markov chain).

42.04 × 104 ≤ x3 ≤ 47.32 × 104 (8)

Water area constraints: since 1990, the watershed area has shown an increasing trend.
Therefore, we set the lower water area constraint for 2035 to 30.76 × 104 hm2 (which was
the water area in 2020) and the upper constraint to 42.51 × 104 hm2 (which is 120% of the
Markov chain-projected water area in 2035).

30.76 × 104 ≤ x4 ≤ 42.51 × 104 (9)

Built-up land constraints: The area of built-up land was projected to be between
1.95 × 104 hm2 (80% of the Markov chain projection for built-up land in 2035) and
2.92 × 104 hm2 (120% of the Markov chain projection for built-up land in 2035).

1.95 × 104 ≤ x5 ≤ 2.92 × 104 (10)

Bare land constraints: Considering that urban development often takes up bare land,
we set its upper limit at the bare land area in 2020 and the lower limit at 50% of the
same area.

0.0023 × 104 ≤ x6 ≤ 0.0047 × 104 (11)

Total area constraint: The total land use area in 2035 should be equal to the area in 2020.

x1 + x2 + x3 + x4 + x5 + x6 = 334.76 × 104 (12)

2.4. Land Value Assessment

The evaluation of the economic and ecological value of land use change can compre-
hensively evaluate the trade-offs between different development scenarios. This method
also embodies the core concept of GDAP, that is, “green development”, using ecological
value to consider “green” and economic value to analyze “development”. The calculation
of the economic and ecological value of land use is based on the procedure in Section 2.3.1,
and the formula for the economic and ecological value is as follows:

f1(x) = ∑6
i=1 ai × xi = (4.03x1 + 0.14x2 + 0.28x3 + 2.61x4 + 247.52x5 + 0x6) (13)

f2(x) = ∑6
i=1 bi × xi = (0.39x1 + 2.63x2 + 2.06x3 + 6.65x4 + 0x5 + 0.15x6) (14)

where f1(x) is the economic value, ai is the economic coefficient, f2(x) is the ecological
value, and bi is the ecological coefficient. The variable xi is the land category.

3. Materials and Methods
3.1. Study Area

Hechi is in the northwestern region of Guangxi, situated at the southern edge of
the Yunnan–Guizhou Plateau. As such, it represents a crucial passageway between the
southwest and the coastal regions. The geographic coordinates are between 106◦34′ E
and 109◦09′ E and 23◦41′ N and 25◦37′ N, with an east–west length of 228 km, a north–
south width of 260 km, and a total area of 33,500 square kilometers (Figure 3). The area
lies in the low-latitude zone and is subject to the subtropical monsoon climate. Average
annual temperatures range from 16.9 to 21.5 ◦C. The average annual rainfall is usually
1200–1600 mm, the summers are long and hot, the winters are short and warm, and there
is sufficient light and a long frost-free period, which is favorable for the growth of crops.
With many high mountains, little arable land and an extensive karst distribution, Hechi
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is a major karst landscape distribution area, with a karst landscape area of 21,800 square
kilometers, accounting for 65.74% of the city’s land area [41]. As an important ecological
barrier in the northwest, Hechi bears a major responsibility for maintaining ecological
security; however, it is also an underdeveloped and resource-oriented region. Therefore,
accelerating economic transformation and consolidating and expanding the results of
poverty alleviation are arduous tasks. The findings of this study can serve as a reference
for land planning in underdeveloped regions, and can also provide a reference for other
areas that implement similar GDAP policies [42].
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3.2. Data Sources and Processing

The 1990, 2005 and 2020 land use data used in the paper came from the Resource
Environment and Science Data Center of the Chinese Academy of Sciences. These data have
a spatial resolution of 30 m. We reclassified the land use into six first-level classifications
and combined these with field surveys to modify obviously erroneous pixels; the precision
of the comprehensive evaluation of the final first-level types reached more than 93%.

Sixteen driving factors were also collected from socio-economic, climatic and environ-
mental factors. They were collected in such a way that the time period of each driver was
as close as possible to that of the land use data [43]. The socioeconomic factors included
population, GDP, the distance from the county government and various roads (including
the distance from national roads, provincial roads, highways, railroads, secondary roads,
and tertiary roads). Climatic and environmental factors included the average annual tem-
perature, annual precipitation, the soil type, soil-erosion intensity level, the digital elevation
model (DEM), slope, and the distance from water. Various distances to roads and waters
were calculated by the Euclidean distance method. Furthermore, we gathered statistical
indicators including population, GDP and national average prices, as well as the acreage
devoted to cultivating rice, soybeans, and other crops from the Guangxi Provincial Statistical
Yearbook and the Compendium of Agricultural Costs and Benefits in China. We generated a
60 m buffer zone around the water system and referred to the World Database on Protected
Areas [44] to establish spatial constraints for the PLUS model. Table 2 shows the details of
the data used in the study.
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Table 2. Data used in this study and their detailed information.

Category Index Original
Resolution Period Data Resources

Land use/cover Land use/cover 30 m 1990–2020 https://www.resdc.cn/
(accessed on 13 August 2023)

Socioeconomic
drivers

Population 1 km 2019 https://www.resdc.cn/
(accessed on 13 August 2023)

GDP 1 km 2019 https://www.resdc.cn/
(accessed on 13 August 2023)

Proximity to governments \ 2020 https://lbs.amap.com/tools/picker
(accessed on 20 August 2023)

Proximity to national highways \ 2020 https://www.webmap.cn/
(accessed on 5 September 2023)

Proximity to provincial highways \ 2020 https://www.webmap.cn/
(accessed on 5 September 2023)

Proximity to highways \ 2020 https://www.webmap.cn/
(accessed on 5 September 2023)

Proximity to railways \ 2020 https://www.webmap.cn/
(accessed on 5 September 2023)

Proximity to secondary roads \ 2020 https://www.webmap.cn/
(accessed on 5 September 2023)

Proximity to tertiary roads \ 2020 https://www.webmap.cn/
(accessed on 5 September 2023)

Climatic and
environmental

drivers

Annual mean temperature 1 km 2020 https://www.resdc.cn/
(accessed on 13 August 2023)

Annual precipitation 1 km 2020 https://www.resdc.cn/
(accessed on 13 August 2023)

Soil type 1 km 1995 https://www.resdc.cn/
(accessed on 13 August 2023)

Soil-erosion intensity level 1 km 1995 https://www.resdc.cn/
(accessed on 13 August 2023)

Elevation 30 m \ http://www.gscloud.cn
(accessed on 6 September 2023)

Slope 30 m \ http://www.gscloud.cn
(accessed on 6 September 2023)

Proximity to open water \ 2020 https://www.webmap.cn/
(accessed on 5 September 2023)

4. Results
4.1. Land Use Change, 1990–2020

Figure 4 provides detailed information on land use changes. The area of cropland
decreased from 39.80 × 104 hm2 to 39.25 × 104 hm2 because of the implementation of
returning farmland to forests and lakes. In contrast, the area of forest initially increased
from 2,492,061.66 hm2 to 249.33 × 104 hm2 but then decreased to 248.53 × 104 hm2. The
conversion of forestland into cropland was most significant between 1990 and 2005. The
terrain of Hechi is undulating, and high-quality cropland is scarce. Part of the increase in
cropland is due to terraces formed by forest clearing. Additionally, factors such as increased
demand for timber due to accelerated urbanization and wetland restoration contributed to
the decline in the area of forested land. The grassland area experienced a decrease followed
by a rebound, resulting in no significant overall change. In contrast, the water area grew
from 2.16 × 104 hm2 in 1990 to 3.08 × 104 hm2 in 2020, representing a growth rate of 42.17%.
This faster growth rate can be attributed to Hechi’s commitment to ecological priority
and green development, as well as its active implementation of wetland protection and
restoration policies. In 1990, the area of built-up land was 1.13 × 104 hm2. By 2005, it had
increased by 1340.01 hm2, and by 2020, it had rapidly increased to 1.87 × 104 hm2. The
area of bare land exhibited a downward trajectory.

https://www.resdc.cn/
https://www.resdc.cn/
https://www.resdc.cn/
https://lbs.amap.com/tools/picker
https://www.webmap.cn/
https://www.webmap.cn/
https://www.webmap.cn/
https://www.webmap.cn/
https://www.webmap.cn/
https://www.webmap.cn/
https://www.resdc.cn/
https://www.resdc.cn/
https://www.resdc.cn/
https://www.resdc.cn/
http://www.gscloud.cn
http://www.gscloud.cn
https://www.webmap.cn/
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Figure 4. Land use changes in Hechi City, 1990–2020 (only the amount of land that underwent
transformation is shown).

4.2. Potential Drivers of LUCC

The analysis of the drivers of land use change using the PLUS model is more rigorous
and explicit than that used in previous studies. The PLUS model combines all shifts “from”
one land use type “to” another land use type. As a result, there is a clearer measure of vari-
able importance, which can be understood as the contribution of multiple driving factors
to the process of transformation of other land use types to a specific target land-use type.

Figures 5 and 6, respectively, show the expansion of four land use types and the
contribution of various variables to land growth from 1990 to 2020. Specifically, elevation
is the main driver of cropland expansion, with a contribution value of 0.087. Cropland
expansion mainly occurs in areas at lower elevations and, considering the prevalence
of karst landscapes in the Hechi region, most semi-mountainous areas are unsuitable
for the development of terraces; thus, new cropland is distributed in areas with gentler
terrain. This factor is followed by GDP, whose contribution value is 0.082, indicating
that most cropland expansion occurs in places where human activities are intensive. The
distance to the county government has the largest effect on forestland change, with a
contribution value of 0.089. For forests, by overlaying forestland growth with proximity to
the administrative center, we find that new forestland is mainly distributed in areas farther
from the government. In addition, forest growth was strongly correlated with the distance
to secondary roads, suggesting that forest growth may be influenced by anthropogenic
management. Temperature is also an important factor influencing forest growth, with a
contribution value of 0.088. Because Hechi is located in the southern region and has a high
degree of relief and because the main forest types in the region are fir and pine, which prefer
milder environments, forest growth occurs mainly on semi-mountainous slopes, where
temperatures are more favorable. The main driver of grassland expansion is elevation,
which has a contribution value of 0.152, and the expansion areas are mainly located on
semi-mountainous slopes and hills. In addition, our findings indicate that built-up land
growth is most affected by the distance from the county government, followed by that from
secondary roads, with respective contribution values of 0.182 and 0.125. The distribution of
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built-up land growth has a high overlap with the location of the county government, as
most emerging cities expand outward from the city center, and construction sites spreading
out from the periphery are usually built with accessibility in mind. Overall, in the ranking
of the values of the contributions to different land use changes, elevation is in the forefront,
indicating that elevation is an important driving factor of land use change in this area.
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4.3. Predicting Different LUCCs in Multiple Scenarios
4.3.1. Spatial Changes in Land Use Types

Figure 7 illustrates the anticipated alterations in land use types between 2020 and
2035 in Hechi City, as projected under four distinct scenarios: the NDS, EDS, EPS, and
GES. The distribution of cropland is concentrated in the eastern region, with the remainder
distributed throughout Hechi. Among these, the cropland in the EPS scenario decreased
from 2020 to 2025, with the greatest decline occurring in the eastern region. The forest area
is the largest, with the majority distributed in high-altitude areas, including the western,
southern, and northern regions of Hechi City. Grass is mainly distributed in the northeast
and northwest. The water area is primarily situated in the western and southwestern
regions of Hechi City. Between the years 2020 and 2035, the EPS scenario exhibited the
most pronounced increase in water area, with the majority of this expansion occurring in
the vicinity of rivers in the eastern region. The distribution of built-up land is concentrated
in the central and eastern regions of Hechi City, with the majority of this land situated in
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areas of low elevation. Among the four scenarios, the expansion area of built-up land under
the NDS, EDS, and EPS is relatively uniform, mainly around the original built-up area. In
contrast, in GES, the main areas of construction land expansion in Hechi City are located
in the northeast, east and south. The range of the change of bare land is relatively limited
across all scenarios. By 2035, the EDS will have the largest cropland area and built-up land
area, which will be 39.60 × 104 hm2 and 2.92 × 104 hm2, respectively. The EPS will have the
largest forest area and grassland area, which will be 249.80 × 104 hm2 and 47.32 × 104 hm2,
respectively. The GES is a harmonious scenario between the EDS and EPS, and its built-up
land area will be the same as that of the EDS. The NDS will have the most bare land. Its
cropland area will be 38.98 × 104 hm2, which will be similar to that of the EDS, and its
grassland area will be 42.04 × 104 hm2, which will be consistent with that of the GES.
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4.3.2. Temporal Changes in Land Use Types

From 2020 to 2035, the cropland area in the NDS, EPS, and GES will decrease from
39.25 × 104 hm2 to 38.98 × 104 hm2, 31.44 × 104 hm2, and 35.77 × 104 hm2, respectively
(Figure 8). This trend will mainly be due to the implementation of the policy of returning
farmland to forests. The area of EPS cropland will significantly decrease by 19.89%. One
reason for this result is that the scenario prioritizes high ecological value, while cropland
has relatively low ecological value. As a result, the area of cropland will be reduced. In
contrast, the cropland area of the EDS will increase to 39.60 × 104 hm2 in 2035. This
result is mainly due to the high economic value provided by crops, which aligns with
the development goal of this scenario. The forest area will show a slightly decreasing,
decreasing, increasing and increasing trend in the four scenarios, from 248.53 × 104 hm2 in
2020 to 247.76 × 104 hm2, 242.94 × 104 hm2, 249.80 × 104 hm2 and 249.80 × 104 hm2 in 2035.
The grassland area will show a slightly increasing, increasing, increasing and decreasing
trend, from 42.03 × 104 hm2 in 2020 to 42.04 × 104 hm2, 45.68 × 104 hm2, 47.32 × 104 hm2

and 42.04 × 104 hm2 in 2035. The water area will show an increasing trend in the four
scenarios, among which the EPS will increase the most, from 3.08 × 104 hm2 in 2020 to
4.25 × 104 hm2 in 2035. The built-up land area will increase in all four scenarios, with
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growth rates of 30.04%, 56.09%, 4.06% and 56.09%. Among them, the EPS will have the
slowest growth rate, at only 4.06%. The bare land area will decrease in all scenarios.
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4.4. Evaluation of Ecological and Economic Value under Different Scenarios

Within the scenario of gaining economic value from 2020 to 2035, the EPS and GES
will show rapid growth, while the NDS and EDS will increase slowly (Figure 9). Among
these four scenarios, the economic value provided by the EDS will be the highest, reaching
CNY 938.01 × 108, followed by that provided by the GES, which will be CNY 924.08 × 108.
The economic value provided by the EPS will be the lowest, at only CNY 667.46 × 108.
The main reason for the significant difference in economic value among the four scenarios
is the difference in their future built-up land area. Among the scenarios, the EPS will
have the least amount of construction land; therefore, it will have the lowest economic
value. Considering the future development of the city, the EPS will have a lower economic
value than the other scenarios, which will not be in line with the urban development plan.
Therefore, the possibility of its future development, according to this scenario, is relatively
small. In 2035, among the ecological values provided by the various scenarios, the EPS
will have the highest value, reaching CNY 794.98 × 108, followed by the GES, at CNY
785.62 × 108. In 2035, the ecological values of the NDS, EPS and GES will all increase, but
that of the EDS will decrease to CNY 3.40 × 108 lower than that in 2020. The main reason
for this decline will be the loss of ecological value of the EDS from 2020 to 2025, while the
loss of ecological value will mainly be caused by the degradation of forests and cropland,
with a total loss of CNY 5.31 × 108 during this period.

The study suggests that the GES may be the most suitable scenario for local devel-
opment, as the NDS does not offer any significant advantages in terms of economic or
ecological value compared to the other scenarios. Although the EDS provides the highest
economic value, it is estimated that its ecological value will be CNY 772.57 × 108 by 2035,
which is the least of all the scenarios. And the ecological value of this scenario is expected
to decrease from 2020 to 2025. While the EPS has the highest ecological value, its economic
value is too low. On the other hand, the GES will have a slightly lower economic value
than the EDS, 13.93 × 108 CNY lower in 2035, but it will be significantly greater than that
of the NDS and EPS. The ecological value of the GES is equivalent to that of EPS, and its
future ecological value will also increase. There will be no retrogression of these two values
in the future. Therefore, prioritizing the development of the GES, which provides relatively
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high ecological and economic value, is more reasonable in future regional planning, and it
has the best effect.
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5. Discussion
5.1. Feasibility of the Research Frame

The study predicted the dynamic quantity and space distribution of six land use types in
the future, which can provide strong support for sustainable regional development [45,46].
This study makes two main contributions: the in-depth analysis of the driving forces of
land use change based on the PLUS model, and the selection of optimal future scenarios
under the influence of government policies.

First, this study demonstrates accurate and effective characteristics by modeling land
use types. Markov chains can simulate future land quantities using two-period land use
data, which means that this method has a unique advantage in the cases of limited data.
But social and economic factors are not taken into account, and combining it with the MOP
method makes up for this shortcoming [47]. In addition to the PLUS model, the FLUS and
CLUE-S models are commonly used for land use prediction [48,49]. Compared to these
two models, the PLUS model not only obtains high accuracy in the simulation process
but also demonstrates a landscape pattern that is more consistent with reality [23]. The
significance of the variables obtained from the PLUS model reveals a number of previously
undiscovered processes of land use change. For instance, elevation made a relatively
high contribution to each of the six land-use change categories, suggesting that elevation
represents a significant factor influencing land use change within the region. Deciduous
forests are likely to grow along main or secondary roads in suburban areas, while grasslands
are likely to grow in areas with few impacts from human activity. These findings can help
policymakers understand how drivers influence short-term land use change.

Second, to design future optimal scenarios under the influence of policies, we use the
MOP approach to calculate the corresponding land demand area. In traditional approaches,
simple land use projections are usually made through Markov chains [50], or SD models
are used after considering social, economic, and climatic factors in the study area [10,51].
However, in our chosen study area, government plans and policies have a greater impact on
the development of future regional areas, making these approaches slightly insufficient. In
our research, based on government policies and other socioeconomic factors, we designed
three scenarios, the EDS, EPS and GES, by maximizing the ecological or economic value
under the established policies and integrating them into the PLUS model to produce
good simulation results. The goal was to achieve optimal spatial distributions and area
requirements that are more closely related to the possible future development of Hechi
City [52]. In setting the optimal scenarios, this paper improves upon the studies of other
scholars. Liang et al. [20] calculated the values of balanced scenarios by summing the
economic and ecological values, but the difference between the two values was so large
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that the difference in value between the scenarios was too large, which was not conducive
to scenario comparison. Peng et al. [12] adjusted the value of balanced scenarios by setting
the weights in their study, but the weights were based on the ratio between the economic
value coefficients and the ecological value coefficients. In this paper, for the setting of the
GES of the best scenario, we adjust the allocation of weights by setting the step size to
ensure that the GES is set reasonably and accurately. This method has the advantage of
ensuring that there is a gap in value between scenarios but that it is not too large, which is
conducive to making comparisons between scenarios.

5.2. Potential Contribution to Local Policies

The implementation of the GDAP is conducive to driving the construction of local
areas for a strong ecological civilization. The utilization of land resources is essential in
all fields of work. Within what range will future regional planning be reasonable? This
paper provides a reference suggestion. We calculated the environmental and economic
values of each scenario, to weigh the ecological and economic values between different
scenes. Although the ecological and economic values of the GES are not the highest among
the four scenarios, their land ecological values and economic values are more balanced
than those of the other scenarios. Moreover, the ecological and economic values are the
second highest of all scenarios, which is in line with the original intent of the GDAP, that is,
developing the economy without causing harm to the environment. For future planning
suggestions, we expect that the cropland area will decrease in the future and the altitude
has the greatest influence on the cropland growth. Therefore, in the future, the inferior
cropland in high-altitude areas should be reduced and converted to other land uses. The
area of grass exhibited little change in the GES and NDS, but showed a rising trend in
the EDS and EPS. The local government should pay special attention to the protection
and restoration of grass in key ecological areas. Water area can provide high ecosystem
service value, and its area will increase in the future. The protection of rivers, wetlands
and other water areas should be strengthened to ensure the ecological safety of water
sources. In urban construction, it is necessary to strictly observe the urban development
boundary, attach importance to the secondary development of restricted and abandoned
construction land, and carry out new urbanization construction centered on county towns.
Generally speaking, the research results can help policymakers understand the trade-offs
and synergies between economic development and ecological protection, and guide the
formulation of future land use plans.

5.3. Limitations

The choice of driving factors is subjective and is based on a literature review and
personal understanding. Whether or not there are factors that have not been considered, is
not explained in this study. Additionally, the classification of land use types is not detailed
enough, which could impact subsequent value calculations. For example, a change in
cultivated land will affect the change in forestland types, thus affecting the economic value
of forestland [53]. Additionally, our spatial allocation model still has certain shortcomings.
First, the MOP algorithm does not consider economic constraints. Our constraints are
mainly based on land use policies and historical trends, and we ignore the impact of human
activities on these trends, thus reducing the estimation accuracy of demand areas. Moreover,
in our PLUS model, the local government has planned an ecological protection area, but
because the data have not been made public, the restricted development area which is set
is smaller than the actual area, which may lead to problems in the simulation results.

6. Conclusions

This study projected land use patterns for the period 2020-2035 and assessed land
values to determine the most applicable scenarios for policies in the region. The specific
conclusions are presented below:
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(1) The study analyzed the potential drivers of land use change and revealed dif-
ferences in their influence on various land use types. However, elevation was found to
strongly influence all six land use types.

(2) Compared with those in 2020, the land value assessment results indicate an increase
in the sum of the economic and ecological values in all scenarios. While both the EDS and
GES provide higher ecological and economic values, the EDS shows a decrease in ecological
values from 2020 to 2025.

(3) The “optimal scenario” should be policy compliance; that is, the best scheme
must comply with the principles and regulations outlined in GDAP. In addition, economic
feasibility, sustainable utilization of natural resources, and maintenance of ecosystem
services should be considered, and it should have the potential to expand to a regional
or national level. All four scenarios are possible in the future. However, the GES is
more aligned with the GDAP because it implements the ‘green development concept’ and
acquires significant land value.
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