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Improving the eco-efficiency of cultivated land use (ECLU) is important for
ensuring food security, promoting social and economic development, and reducing
carbon emissions. However, dynamic inter-period comparisons of the ECLU and
clarifications of its influencing factors are limited. We calculated the ECLU at the
county level in the Beijing—Tianjin—Hebei region, China, based on the super-
efficiency slacks-based measure and global Malmquist—Luenberger index and
analyzed its influencing factors utilizing a geographically and temporally weighted
regression model. From 2000 to 2020, the number of higher counties decreased
and that of medium counties increased. Geographically, the ECLU values in the
north are higher than those in other districts and counties; counties in Beijing and
Tianjin maintained moderate ECLU values, whereas Zhangjiakou and Chengde
maintained high ECLU values. The ECLU value in the study area showed a trend of
rapid decline-slow rise—continuous rise, with the upward trend of the ECLU value
in Beijing—Tianjin—Hebei region being significantly less pronounced than those in
most counties of Hebei Province. Resource allocation and scale expansion where
initially dominant; however, technological progress and investment eventually
prevailed. The ECLU is mainly affected by the multiple cropping index, industrial
structure, irrigation index, mechanized farming level, and per capita cultivated
land. This study assesses the ECLU in the Beijing—Tianjin—Hebei region, providing
a scientific basis for the formulation and implementation of relevant policies for
its improvement. Furthermore, this study enriches the theory and methods of
research on the ECLU and has practical value and theoretical significance. Overall,
the results have important social value as they contribute to ensuring national
food security, reducing carbon emissions, promoting regional coordinated and
sustainable development.
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1 Introduction

Food security is a fundamental requirement for human survival
and development, constituting a major concern worldwide (Rosegrant
and Cline, 2003). According to the definition of the Food and
Agriculture Organization (FAO) of the United Nations (UN), food
security refers to ensuring that all humans can afford and have access
to their basic food requirements at any time. Ensuring the production
of sufficient food, maximizing the stability of the food supply, and
ensuring that all humans in need can obtain food are connotations of
food security as a concept. According to the FAO publication The State
of Food Security and Nutrition in the World 2023, in 2022, between 691
and 783 million people worldwide suffered from hunger. Owing to
population growth, changes in dietary structure, and increased
bioenergy applications, food production will need to increase by an
estimated 100-110% to meet the demand in 2050 (Tilman et al., 2011;
Smith, 2013). In particular, the necessary increase of grain production
requires increased grain yield and/or further expansion of the
cultivated land area, which is limited by the need to protect the
ecological environment and the decline of cultivated land quality
(Foley et al,, 2011; Smith, 2013; Liu Q. et al., 2023; Ye et al., 2024; Ye
etal., 2023).

China and India are the most populous countries in the world,
harboring over 1.4 billion people each. Among them, China is
characterized by trends of increasing population and reduced available
land; therefore, its policies are prioritizing national food security. By
ensuring national food security, China is a major contributor to world
food security. Having experienced a period of rapid economic growth,
China is still in the stage of rapid urbanization, which has led to the
expansion of the construction land area, allowing only limited
potential for expansion of the cultivated land area (Liu et al., 2014; Ye
etal,, 2020). In this context, improving the cultivated land use (CLU)
efficiency has become a key factor affecting the regional sustainable
development and food security (Fei et al., 2021). The essence of the
CLU efficiency is that in a certain cultivated land area, producers
pursue social and economic benefits by investing in various
production factors to obtain the expected output ratio (Kuang et al.,
2020). Moreover, with the ongoing deterioration of the ecological
environment, which is a direct consequence of global warming, CLU
has acquired further connotations. For example, the ecological
benefits stemming from CLU have been incorporated into the
evaluation of CLU, thereby leading to the concept of the eco-efficiency
of cultivated land use (ECLU) (Ma et al., 2023; Wang et al., 2023).
Specifically, the ECLU is the degree to which social and economic
outputs can be maximized and environmental pollution can
be minimized through certain inputs of cultivated land production
factors, while pursuing the broader objective of tandem social,
economic, and ecological benefits (Cui et al., 2021; Ke et al., 2022;
Xiao etal, 2022). Studying the spatial-temporal differentiation of the
ECLU and its influencing factors can not only clarify the current
situation and evolution process of CLU intensity, but also reveal its
mechanism of action, which is of considerable practical significance
for optimally allocating cultivated land resources, ensuring food
security, and promoting regional sustainable development (Liu and
Zhang, 2023).

Recently, the ECLU has garnered considerable research
attention worldwide, with efficiency measurements, spatial-
temporal analyses, causal mechanisms, and research scales
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attracting particular interest. Numerous methods have been used
for calculating the ECLU regionally, such as the stochastic frontier
approach (Ma et al., 2023), data envelopment analysis (DEA)
(Tone, 2002, 2004, 2010; Fukuyama and Weber, 2010; Xiang et al.,
2020; Ma et al., 2023), slacks-based measure (SBM) (Chen and
Xie, 2019; Chen et al., 2020; Luo et al., 2020; Yang et al., 2021; Yin
et al.,, 2022), super-efficiency SBM (Super-SBM) (Zhou et al,,
2018; Liu et al., 2020; Lu et al., 2020; Cao et al., 2022; Ke et al.,
2023; Wang et al, 2023), super epsilon-based measure
(Super-EBM) (Li M. et al., 2023) and SBM-DEA (Cecchini et al.,
2018; Kuang et al,, 2020) models, the Malmquist-Luenberger
(ML) (Chung et al., 1997; Han and Zhang, 2020a) and global
Malmquist-Luenberger (GML) (Oh, 2010; Li and Wenbo, 2017)
indices, and the non-radial directional distance function (NDDF)
(Xie etal., 2018). In turn, methods such as spatial auto-correlation,
kernel density, Markov chain, Thiel index, and Dagum Gini
coefficient have been used to analyze the spatial pattern and
evolution of the CLU efficiency (Fan et al., 2021; Tan et al., 2021;
Zhou etal., 2022; Ke et al., 2023). To elucidate causal mechanisms,
indicators affecting the ECLU selected on the basis of measuring
the CLU efficiency have been employed to highlight potential
influencing factors through the use of tobit models, panels, and
geographically and temporally weighted regressions (GTWRs)
along with geographical detectors (Zhou et al., 2018; Chen and
Xie, 2019; Xiao et al., 2022; Zhou et al., 2022; Feng et al., 2023; Ma
et al., 2024). Scholars have also explored the impacts of single
factors, such as agricultural productive services, rural labor
transfer, landscape pattern change, and environmental regulation,
on the ECLU (Huang et al., 2024; Zou et al., 2022; Liu C. et al,,
2023; Li M. et al., 2023). Furthermore, ECLU research has ranged
from macro-scale, e.g., national (Oh, 2010; Han and Zhang,
2020b; Liu et al., 2020; Yang et al., 2023), provincial (Zhou et al.,
2018; Chen and Xie, 2019; Kuang et al., 2020; Xiao et al., 2022),
and municipal (Lu et al., 2020; Ke et al., 2023), to micro-scale, e.g.,
villages (Xiang et al., 2020), farms (Gomez-Limon et al., 20125
Bonfiglio et al., 2017; Lin and Hiilsbergen, 2017; Cecchini et al,,
2018), farm households (Qu et al., 2021), landscapes (Hou et al.,
2021), and specific geographical areas (Kithling et al., 2016; Chen
et al., 2020; Fan et al,, 2021; Yang et al., 2021; Zhou et al., 2022;
Feng et al, 2023). However, most studies have used single
modeling methods, such as Super-SBM, to measure the
ECLU. Such methods are limited with regard to incorporating
undesired outputs and making dynamic inter-period comparisons
(Ma et al,, 2023). Although the GML index addresses these
shortcomings (Xie et al., 2018; Luo et al., 2020), few studies have
combined the two methods to measure the ECLU (Oh, 2010; Han
and Zhang, 2020a; Ma et al., 2023). Moreover, existing research
has predominantly focused on certain macro-scales or individual
micro-scales, and relatively few studies have adopted meso-scales,
e.g., county, as evaluation units. Notably, the county is a basic unit
of national governance in China. Therefore, considering county
as the evaluation unit can more accurately reflect the spatial-
temporal evolution patterns of ECLU and reveal influencing
factors, thereby laying a foundation for the precise formulation
and effective implementation of regulatory policies in China.
The Beijing-Tianjin-Hebei region is an important agricultural
production area in China. However, rapid economic development
and urbanization have led to encroachment on high-quality
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cultivated land and a decline in land quality, posing challenges to
food
CLU. Additionally, water and air pollution, declining groundwater

regional production  security and  sustainable
levels, desertification, and other ecological and environmental
issues are prominent in this region. Coupled with pronounced
fertilizer use and over-exploitation of cultivated land, these
phenomena have resulted in increased carbon emissions and
agricultural non-point-source pollution. A more comprehensive
understanding of the spatial-temporal patterns of the ECLU and
influencing factors in this region can clarify the evolution of the
ECLU and facilitate optimization of the management modes of
cultivated land resources. Furthermore, this information is critical
regarding effectively promoting coordinated and sustainable
development of land use, cultivated land, and ecological
environment, ultimately ensuring food security in China as well
as other countries worldwide.

To address these issues, we posed the following questions, taking
the Beijing-Tianjin-Hebei region as the study area and county as the

evaluation unit:

1. What are the spatial-temporal differentiation characteristics of
the ECLU?

2. What are the dynamic evolution patterns of the ECLU?

3. What are the influencing factors of the ECLU evolution?

To this end, we incorporated undesired outputs, such as
non-point-source pollution and carbon emission produced during
the CLU process, into the evaluation index system, combined
Super-SBM with the GML index to calculate the ECLU in the study
region at the county scale, analyzed its spatial-temporal
differentiation and dynamic changes, and conducted efficiency
decomposition. By directly incorporating undesirable outputs,
considering slack variables, allowing super-efficiency scores, and
having non-radial and non-angular characteristics, the Super-SBM
model constitutes a more powerful and flexible tool for conducting
efficiency evaluation of decision making units. We also utilized the
GTWR method to reveal the factors influencing the evolution of
the ECLU in specific counties in the study region. Overall, our
findings serve as a reference for conducting generalized studies of
regional ECLU as well as generating relevant data in the
underinvestigated Beijing-Tianjin-Hebei region, providing a
scientific basis for the precise formulation and implementation of
policies on regional ECLU.

2 Data and methods
2.1 Study area

The Beijing-Tianjin-Hebei region is among the most
socioeconomically developed regions in China. Considered as a
world-class city cluster with the capital as its core, the coordinated
development of Beijing, Tianjin, and Hebei has been incorporated into
China’s national strategy. The region includes the two municipalities
of Beijing and Tianjin, and eleven prefecture-level cities in Hebei
Province, namely Shijiazhuang, Baoding, Tangshan, Langfang,
Qinhuangdao, Zhangjiakou, Chengde, Cangzhou, Hengshui, Xingtai,
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and Handan. As of 2020, the regional population has exceeded 107
million people, accounting for approximately 7.6% of the total
population in China. The region comprises 120,000 km?, representing
2.35% of the national land area, containing a vast plain area with a
terrain that slopes from high in the northwest to low in the southeast.
The region is located in a warm, temperate, semi-humid monsoon
climate zone. Due to its favorable physical geography, the region has
become a major agricultural production area in China. An overview
of the study area is shown in Figure 1.

2.2 Research methodology

The main methodological framework of this study is shown in
Figure 2. Our objectives were to (1) adjust the county-level
administrative divisions in the Beijing-Tianjin-Hebei region over
2000-2020 for consistency, and collect data related to the inputs,
outputs, and carbon emissions of CLU and the social and economic
development level and agricultural production conditions; (2)
construct an evaluation system for the ECLU and an index system for
its influencing factors based on published literature; (3) apply the
Super-SBM model and GML index to measure the ECLU in various
counties in the Beijing-Tianjin—Hebei region; (4) use the GTWR
model to measure the differences among the impacts of the indicators
on the ECLU; and (5) recommend policy aspects for improving the
ECLU based on the research findings.

2.2.1 Super-SBM model

When the inputs or outputs contain non-zero slack variables, the
radial DEA overestimates the value efficiency of decision-making
units. Conversely, Super-SBM—a non-radial and non-angular DEA
model based on slack variables—addresses the inability to compare
among effective decision-making units in traditional DEA models.
Accordingly, the Super-SBM model was applied in this study to handle
the variables of undesired outputs (Han and Zhang, 2020a; Fan et al,
2021). As shown in Formulas (1,2):

1+li St
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1 5 y S5 z
[y Sy S
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FIGURE 1
Overview of the study area.

where x;, ¥, and z; denote the input, desired output, and undesired
output indicators, respectively, and s*, s’, and s° are their corresponding
slack variables. p (>1) is the value of ecological efficiency; the greater the
p, the higher the ECLU representation. Because the Super-SBM-DEA
model can only evaluate and rank effective decision-making units, the
undesired SBM model was first used to determine whether the decision-
making unit reached the effective production frontier. For example,
p<l1 that the
reach the effective production frontier, whereas p = 1 indicates that it

indicates decision-making unit does not

is effective.

2.2.2 Global Malmquist—Luenberger index

The Super-SBM model can only measure the relative efficiency of
decision-making units and cannot describe the trend of efficiency
changes. Therefore, we employed a GML index analysis model that
can measure the total factor productivity, including undesired outputs,
and also overcome the linear insolubility
transferability limitations of the ML index (Xie et al., 2018; Chen et al,,
2020). As shown in Formula (3):

and non-
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The GML index can be decomposed into the global technical
efficiency change index EC¢ and the global technical progress index
TCc. GML index = 1 indicates no change in the ECLU of the region
over time; GML index >1 indicates an improvement in the ECLU of
the region compared to that in the previous year; GML index <1
indicates a decline of the ECLU of the region.

2.2.3 GTWR

GTWR is commonly used for studying the spatial
heterogeneity of land use; it explores the spatial variations and
related driving factors of the study object at a certain scale by
establishing local regression equations at each point within a
spatial range. In this study, GTWR was used to introduce the time
dimension and reveal the spatial heterogeneity differences in that
dimension by constructing a spatially and temporally dependent
local model for the spatial-temporal non-stationary relationship
(Feng et al., 2023). As shown in Formulas (4-6):

Vi =P0(xiayiati)+ZHc (it Xig + e (4)
k

where x; and y, are the spatial coordinates of sample point i (i.e.,
longitude and latitude), and ¢, is its temporal coordinate. P, is the
regression constant for point (x; y; t;). X represents the value of the
k™ independent variable at point i. ¢, is the residual value. Pi(x;, v, 1)
is the k™ regression parameter for sample point i, estimated as follows:
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P(xiyiti)= [XTW(xi,yiJi)X] XTW(xi,yi,t,- )Y (5)

where P (x5 y» 1) denotes the estimated value of sample point
Pi(x;, 5 1). X is the matrix of independent variables, and X" is the
transpose of X. Y is the sample matrix and W(x; y; t;) is the spatial-
temporal weight matrix. In this study, Gaussian distance and the
bi-square spatial weight function were used to obtain W(x;, y;, t), with
the spatial-temporal distance d;; between sample point i and sample
point j being defined as follows:

dij=\/6[(xl~—xj)z+(y,~—yj)2+y(t,~—tj)2] (6)

The bandwidth of the GTWR model in this study was selected
using the most widely used second order Akaike information
criterion (AICc).

2.3 Data sources and index system
construction

2.3.1 Data sources and processing

Natural condition data were sourced from the Hebei Rural
Statistical Yearbook, Hebei Statistical Yearbook, Beijing Statistical
Yearbook, and Tianjin Statistical Yearbook. Social and economic
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development metrics were sourced from the China Statistical
Yearbook (county level) and Statistical Communiqué of National
Economic and Social Development of Hebei Province. Agricultural
production data were sourced from the Beijing Regional Statistical
Yearbook, Tianjin Survey Yearbook, and Statistical Bulletin of
National Economic and Social Development of Hebei Province.
Resource and environmental data for China were accessed through
the cloud platform at http://www.resdc.cn/, which includes land
use remote sensing monitoring data, as well as information and
data provided by the Hebei Provincial Department of Natural
Resources. Some missing data were processed using interpolation
or the average values of two adjacent years; all data were
standardized. Considering the small amount of cultivated land and
its relatively discrete distribution, we excluded the municipal
districts in the main urban areas of the cities within each district.
Owing to administrative adjustments or county-to-district changes
in the Beijing-Tianjin-Hebei region since 2000, we took the 2000
administrative divisions as the benchmark and reorganized
spatially the districts and counties for 2005, 2010, 2015, and 2020,
resulting in 147 districts and counties.

2.3.2 ECLU evaluation index system

The production input variables of the ECLU comprised the
cultivated land, labor, and capital inputs in each district and
county. Specifically, the total sown area of crops represented the
cultivated land input, the number of employees engaged in
agriculture, forestry, animal husbandry, and fishery represented
the labor input, and the amount of pesticide use, pure amount of
fertilizer application, and mulch use represented the capital input
(Xiao et al., 2022; Zhou et al,, 2022). In addition, energy is both
an essential consumable for agriculture and a major source of
carbon emissions, and energy consumption is inextricably linked
to the ECLU. Therefore, we chose the total power of agricultural
machinery and effective irrigated area to represent energy inputs
for agricultural development. Regarding output indicators,
we divided outputs into desired and undesired outputs, in line
with a previous theoretical analysis (Wang et al, 2023).
Specifically, desired outputs were divided into social benefit

TABLE 1 ECLU evaluation index system.

10.3389/fsufs.2024.1462031

outputs, including the total grain output, and economic benefit
outputs, including the total agriculture, forestry, animal
husbandry, and fishery outputs. Undesirable output comprises
mainly carbon emissions and non-point source pollution. Carbon
emissions comprise mainly carbon dioxide emissions, and
non-point source pollution of cultivated land stems mainly from
the loss of nitrogen and phosphorus in chemical fertilizers,
pesticide losses, and agricultural film residues. Therefore, carbon
dioxide emissions and non-point source pollution were used as
undesirable output indicators (Zhou et al., 2018; Chen and Xie,
2019; Xiao et al,, 2022). The ECLU evaluation index system is
presented in Table 1.

2.3.3 ECLU influencing factor indices

Based on existing studies (Zhou et al., 2018; Chen and Xie, 2019;
Xiao et al, 2022; Zhou et al,, 2022), we selected several factors
influencing the ECLU from the perspectives of natural conditions,
social and economic development, and agricultural production
conditions, as presented in Table 2. Natural conditions involve
topography, climate, and other factors, with the cropping structure
differing across regions. Therefore, the multiple cropping index and
per capita cultivated land were used to represent the differences in
natural conditions among districts and counties. Specifically, the
multiple cropping index was calculated as the ratio of grain sowing
area to cultivated land area, and per capita cultivated land was
calculated as the ratio of cultivated land area to the total
county population.

The social and economic development level was represented by
the per capita net income of rural residents. The ratio of the value
added of the primary industry to the value added of the secondary
industry represented the agricultural and industrial development
levels. In turn, as improvements in agricultural production conditions
are directly manifested as increased mechanization and automation,
the total power of agricultural machinery per unit area of cultivated
land and per capita electricity usage in rural areas were used to
represent the intensity of mechanized cultivation input, and the
irrigation index was used to represent the proportions of land with
different water conditions.

Index type Primary index Secondary index
Cultivated land input Total sown area of crops (ha)
Labor input Employees in agriculture, forestry, animal husbandry, and fisheries (10,000 persons)
Pesticide usage (t)
Input Capital input Pure amount of fertilizer application (t)

Mulch usage (t)

Total power of agricultural machinery (10,000 kW)

Energy input

Effective irrigation area (ha)

Total output value of agriculture, forestry, animal husbandry, and fisheries (10,000 yuan)

Economic output
Desired output

Total agricultural output (10,000 yuan)

Social output

Total grain output (10,000 t)

Carbon emissions

Carbon dioxide emissions (million t)

Undesired output

non-point source pollution

Comprehensive index of cultivated land non-point source pollution
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TABLE 2 Factors influencing the ECLU.

Factor Index

Multiple cropping index

10.3389/fsufs.2024.1462031

Explanation Variable code

Grain sowing area/Cultivated land area X,

Natural conditions
Per capita cultivated land

Cultivated land area/Total county population X
(hectares/person) :

Economic conditions of rural

Economic and social residents

Per capita net income of rural residents (10,000 <
yuan/person) ’

Explained variables development level

Industrial structure
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FIGURE 3
Distribution of counties in each ECLU interval.

3 Results

3.1 Spatial-temporal differentiation of the
ECLU at the county scale

3.1.1 Spatial-temporal evolution of the ECLU

Based on the Super-SBM model, the Matlab software was used to
calculate the ECLU in the Beijing-Tianjin-Hebei region at the district
and county scales. We then used natural breaks classification to
classify the ECLU into low, relatively low, medium, relatively high, and
high. The distribution of counties in each ECLU interval is shown in
Figure 3. In 2000, there were 28 low-ECLU counties, 30 relatively
low-ECLU counties, 30 medium-ECLU counties, 14 relatively high-
ECLU counties, and 44 high-ECLU counties. In 2005, the numbers of
relatively high- and relatively low-ECLU counties increased, the
number of high-ECLU counties decreased, and the numbers of
medium- and low-ECLU counties remained stable. In 2010, the
number of relatively high-ECLU counties decreased to the same level
as that in 2000, whereas the numbers of counties in all other ECLU
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intervals increased slightly. In 2015, the number of high-ECLU
districts and counties increased significantly, whereas the numbers of
districts and counties in all other ECLU intervals decreased slightly.
In 2020, the numbers of medium- and high-ECLU districts and
counties increased significantly, the number of high-ECLU districts
and counties decreased significantly, and the number of districts and
counties in all other ECLU intervals remained stable.

The ECLU interval distribution is shown in Table 3. In 2000, the
low-ECLU value range increased from <0.25 in 2000 to <0.46 in 2020.
The relatively low-ECLU value range increased from 0.25-0.37 in 2000
t0 0.46-0.75 in 2020. The medium-ECLU value range increased from
0.37-0.50 in 2000 to 0.75-1.13 in 2020. The relatively high-ECLU
value range increased from 0.50-0.67 in 2000 to 1.13-1.37 in 2020.
The high-ECLU value range increased from >0.67 to >1.37. Due to the
change of the ECLU value range in each interval, the transformation
of high efficiency into low efficiency does not necessarily lead to an
ecological efficiency decrease. On the one hand, the numbers of
districts and counties in the low- and relatively low-ECLU ranges
remained overall constant, whereas the number of districts and
counties in the medium-ECLU range increased significantly; on the
other hand, the ECLU value range in each interval overall increased.

The spatial-temporal evolution of the ECLU in the districts and
counties of Hebei Province is shown in Figure 4. From the perspective
of spatial-temporal distribution, in 2000, the medium- and high-
ECLU counties were mainly distributed in Beijing, Tianjin, the central
and southern plains of Hebei Province, Zhangjiakou, Chengde and a
few mountainous counties in the west of Baoding. Low-ECLU
counties were many and mainly distributed in the coastal areas of
Cangzhou and the Taihang Mountains in the southwest. In 2005, the
middle- and high-ECLU counties were mainly distributed in
Zhangjiakou and Chengde in the north, Beijing and Tianjin, as well as
the western mountainous areas of Baoding, whereas the other counties
comprised mostly low-ECLU counties. In 2010, the middle- and high-
ECLU counties were mainly distributed in Beijing, Tianjin,
Zhangjiakou, Chengde, Shijiazhuang, Handan, and Xingtai, and the
low-ECLU counties were mainly distributed in Cangzhou, Hengshui,
and Qinhuangdao. In 2015, the middle- and high-ECLU values were
distributed in some districts and counties of Beijing, Tianjin,
Zhangjiakou, Chengde, Tangshan, Cangzhou, Baoding, Shijiazhuang,
Xingtai, and Handan, whereas the low-ECLU values were mainly
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TABLE 3 Distribution of ECLU intervals.

10.3389/fsufs.2024.1462031

Low Relatively low Medium Relatively high High
2000 <0.25 0.25-0.37 0.37-0.50 0.50-0.67 >0.67
2005 <0.23 0.23-0.33 0.33-0.46 0.46-0.66 >0.66
2010 <0.33 0.33-0.48 0.48-0.64 0.64-0.88 >0.88
2015 <0.38 0.38-0.53 0.53-0.68 0.68-0.89 >0.89
2020 <0.46 0.46-0.75 0.75-1.13 1.13-1.37 >1.37
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FIGURE 4

Spatial-temporal evolution of the ECLU in the counties in Hebei Province.
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distributed in some districts and counties of Hengshui and Langfang.
In 2020, except for some districts and counties in Zhangjiakou,
Baoding, Shijiazhuang, Xingtai, Handan, and other places, most
districts and counties had middle- and high-ECLU values, and their
numbers were significantly increased. Overall, the ecological efficiency
of the northern and western districts and counties in the Beijing—
Tianjin-Hebei region is higher than that of the central, southern, and
eastern districts and counties. The ECLU values in Beijing and Tianjin
counties fall mostly within the middle and high intervals in each year.
The ECLU values in Zhangjiakou and Chengde are generally high.
Overall, the ECLU in the Beijing-Tianjin-Hebei region has improved.

3.1.2 Dynamic analysis of the ECLU
To further investigate the dynamic changes of the ECLU in the
Beijing-Tianjin-Hebei region in each year and explore the differences
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and potential causes of the ECLU changes in each region, we applied
the GML index to measure the differences of the ECLU in the region
and visualized them using ArcGIS. Taking GML = 1 as a threshold,
the GML index was classified into several intervals through natural
breaks classification. GML index values in the range of 0.00-0.67
signified rapid decline of the ECLU, those in the range of 0.67-1.00
signified a slow decline, those in the range of 1.00-1.69 signified a slow
increase, and those >1.69 signified a rapid increase. The dynamic
changes of the ECLU in Hebei Province are shown in Figure 5. During
2000-2005, the GML index was low in most regions, with only a few
counties in the coastal and northern mountainous areas being
characterized by high GML index values, indicating a high rate of
decline of the ECLU. During 2005-2010, the areas around Beijing and
Tianjin, the eastern coastal areas, and the southern plains were mostly
characterized by GML index values >1.00, with the ECLU following
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FIGURE 5
Dynamic changes of the ECLU in Hebei Province.
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an increasing trend. The number of GMLI in the western mountainous
areas decreased significantly, and the increase of ECLU decelerated.
During 2015-2020, most of the Beijing-Tianjin-Hebei region was
characterized by middle and high GML index values, with the number
of counties experiencing decline of the ECLU being significantly
reduced, and the ECLU across the entire region rising rapidly. Overall,
the ECLU in the Beijing-Tianjin-Hebei region showed a trend of
rapid decline first and then slow and continuous rise. In the later
period, there were fewer districts and counties in the rapid ECLU
decline interval. The ECLU upward trend in districts and counties in
Beijing and Tianjin was significantly weaker than that in most districts
and counties in Hebei Province.

3.1.3 ECLU classification

As mentioned earlier, the GML index can be decomposed into the
ECc and TCc indices, which together construct a four-quadrant
scatter plot based on the origin “0” The classification maps of the
ECLU in Hebei Province over four periods are shown in Figure 6.
Evidently, during 2000-2005, the distributions of the EC¢ and TC.
indices of the districts and counties were more uniform in the four
quadrants compared to the cases in the other three periods.
Furthermore, they were slightly concentrated in the first and second
quadrants, indicating that the number of districts and counties with
increased TCc index was higher than that with decreased TC. index,
reflecting that districts and counties during 2000-2005 had begun to
introduce new technologies for green production of cultivated land.
During 2005-2010, the EC¢ and TC indices began to rise; however,
there were still some districts and counties whose EC. and TC
indices were following downward trends, indicating that the scale of
agricultural production in some districts and counties was expanded,
with the internal organization being optimized. During 2010-2015,
most districts and counties were concentrated in the first and second
quadrants, indicating that the TC. index had been greatly improved,
and the EC: index tended to decline. During 2015-2020, most
districts and counties were concentrated in the first and second
quadrants, with the TC index having been improved at a high level.
The number of districts and counties with decreased EC index was
higher than that of districts and counties with increased EC. index.
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3.2 Analysis of factors influencing the ECLU

Before analyzing the factors influencing the ECLU using the
GTWR model, we conducted a collinearity test on the independent
variables. A variance inflation factor (VIF) <10 indicates no
multicollinearity. In this study, all VIF values for the independent
variables were < 5, indicating the absence of multicollinearity. We then
compared the performance of the GTWR model with that of other
commonly used regression models, such as temporally weighted,
geographically weighted, and ordinary least squares. The comparative
fitting results of the different models are presented in Table 4. The
GTWR model had a higher R? value and lower AICc value compared
to those of the other three models, proving that its accuracy was
superior and that incorporating spatial-temporal non-stationarity
was necessary.

The results obtained using the GTWR model regarding the factors
influencing the ECLU in the Beijing-Tianjin-Hebei region at the
county scale are presented in Table 5. The impacts of per capita
cultivated land, rural economic conditions, and rural per capita
electricity consumption on the ECLU are low. The remaining four
indicators with greater impacts, namely multiple cropping index,
industrial structure, irrigation index, and mechanized farming level,
were visualized using ArcGIS. The calculation results of the indicators
with greater impacts on the ECLU are shown in Figure 7.
indicators  exhibit  obvious

Evidently, five spatial-

temporal characteristics:

1. The GTWR results of the multiple cropping index gradually
decreased from south to north. In most periods, the ECLU in
the south was positively correlated with the multiple cropping
index, with the GTWR values gradually increasing with time.
The north was negatively correlated, rising first and then
decreasing with time. The multiple cropping index is obviously
affected by both climatic and land conditions, and the natural
conditions in the northern mountainous areas are poor.
Therefore, the GTWR results of the multiple cropping index in
the Beijing-Tianjin-Hebei region show certain latitude zone
differentiation characteristics in multiple periods.
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FIGURE 6
Classification map of the ECLU in Hebei Province during the four periods. TC, technical progress index; EC, technical efficiency index.

TABLE 4 Comparative fitting results of the different models.

Model GTWR GWR TWR OLS
parameter

R 0.404 0.352 0.238 0.209

R adjusted 0.398 0.345 0.231 0.201

AlICc 259.844 314.397 405.829 414.366

GTWR, geographically and temporally weighted regression; GWR, geographically weighted

regression; TWR, temporally weighted regression; OLS, ordinary least squares regression.

2.

The GTWR results of the industrial structure gradually
decreased from southwest to northeast, exhibiting a positive
correlation in their entirety. The correlation of plain counties
was significantly higher than that of mountain counties, with
the high-value areas being mainly located in the provincial
capital areas. The industrial structure in this study mainly
considers the primary and secondary industries. The processes
of agriculture and industry in the county economy show that
when the proportion of agricultural output value is high, the
positive impact on the ECLU increases.

. The GTWR results of the irrigation index gradually increased

from south to north except for a few areas. The ECLU in the
central plain area showed a significant negative correlation
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with the irrigation index over the entire study period, and the
negative correlation in the northern Zhangjiakou and Chengde
mountainous areas was low for many years. The increase of the
irrigation index also shows the improvement of cultivated land
consolidation level and water conservancy facilities in a region.
Generally speaking, with the increase of the irrigation index,
the production efficiency of cultivated land should be improved
accordingly, with the negative correlation in the southern plain
area having unique characteristics. On the one hand, the rapid
social and economic development in the southern districts and
counties has led to serious groundwater exploitation in the
region, forming multiple world-class groundwater ‘funnels.
The water infiltration of cultivated land irrigation is replenished
to groundwater and cannot be fully absorbed by crops. On the
other hand, the irrigation index itself has been high, and the
other cultivated land is not suitable for irrigation. Therefore,
the improvement of the irrigation index cannot result in the
improvement of the ECLU. The irrigation index of the northern
districts and counties was not high, and water was an important
condition limiting agricultural production. With the increase
of the irrigation index, the ECLU increased significantly.

The GTWR results of mechanized farming level gradually
changed from positive to negative with time, especially in the
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TABLE 5 Calculation results of the GTWR of influencing factors.

10.3389/fsufs.2024.1462031

Multiple Economic Industrial Per capita Irrigation Mechanized
cropping conditions of structure electricity usage index farming level
index rural residents in rural areas
Max +0.5146 +2.0319 +0.0001 +0.2372 0.0003 +0.0154
2000 Min —0.2421 —0.2464 —0.0001 —0.0083 0.0000 —0.9211
Max +0.1944 +0.0001 —0.0572 +1.0555 0.4917 +0.4774
2008 Min —0.0082 —0.0001 —0.2380 —0.0774 0.0000 +0.0000
Max +0.2128 +2.4286 +0.0000 +0.2039 0.0000 +0.0057
2010 Min —0.0775 +0.1505 +0.0000 —0.0312 0.0000 —0.2823
Max +0.3394 +1.2132 +0.0000 +0.2337 0.0000 +0.2199
20 Min —0.3649 —0.2498 +0.0000 +0.0317 0.0000 —0.3265
Max +0.4813 +1.5312 +0.0000 +0.2026 0.0000 +0.2519
200 Min —0.5373 —0.7856 +0.0000 +0.0482 0.0000 —0.2790

southern plain area, which was negatively correlated for along
time. The level of mechanized farming reflects the degree of
agricultural mechanization coverage in a certain area. However,
from the perspective of CLU efficiency, excessive investment in
agricultural machinery may not necessarily result in
improvements. On the one hand, the input of agricultural
machinery mainly improves the efficiency of farming by
reducing labor input and reducing time cost, with the potential
of the ECLU constrained by climatic conditions likely not being
fully realized; on the other hand, although the level of green
technology in the Beijing-Tianjin—-Hebei region continues to
progress, there may be deficiencies in green machinery,
resulting in higher mechanical carbon emissions and reduced
ecological efficiency. The pollution of agricultural and forestry
machinery cannot be ignored.

5. The GTWR results of per capita cultivated land are mainly
positive except for a few areas, showing a significant positive
correlation, with the high value areas being mainly
concentrated in the southern plains. This positive correlation
in the southern region may be related to the better climatic
conditions, higher agricultural technology level, and more
concentrated agricultural production activities. Cultivated land
in the northern mountainous area is relatively scattered, and
the scattered use of resources leads to a low positive correlation
or even a negative correlation.

In particular, the GTWR results of the multiple cropping index
indicate polarization. In the south, the ECLU correlated positively
with the multiple cropping index, whereas in the north, it correlated
negatively. No substantial topographic differences were observed.
Overall, latitudinal zone differentiation characteristics are evident
across the entire study region. The distribution pattern of GTWR
results regarding industrial structure remained basically stable over
the entire study period, generally showing a gradually increasing
positive correlation, with lower correlation in plain counties compared
to that in mountainous counties. In comparison, the GTWR results of
the irrigation index gradually increased from south to north, except
in a few areas. The ECLU was negatively correlated with the irrigation
index in the central plains, whereas it was mainly positively correlated
with that in the eastern coastal strip and areas surrounding Beijing
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and Tianjin. Conversely, the GTWR results of the mechanized farming
level were primarily negative, with the ECLU being negatively
correlated with the mechanized farming level and gradually decreasing
from 2000 to 2020.

4 Discussion

Scholars have conducted extensive research on the ECLU
across various regions, including the Yangtze River Economic Belt,
Yellow River Basin, the black soil region in Northeast China, and
Southern Germany (Feng et al., 2023; Ke et al., 2023; Zhou et al.,
2022; Yin et al., 2022; Yang et al., 2021; Luo et al., 2020; Hou et al.,
2019; Lin and Hiilsbergen, 2017). In this study, we calculated the
ECLU in the Beijing-Tianjin-Hebei region and revealed its
spatial-temporal evolution characteristics in the context of food
security. The region, with its extensive plains and favorable climate
conditions, is an important contributor to the total grain
production of China. Under the background of current “dual
carbon” goals, conducting research on the ECLU in this region is
crucial for ensuring national food security and promoting regional
social and economic development. In this study, both the
Super-SBM model and the GML index were used to measure the
ECLU, with the undesired outputs of cultivated land use being
included in the index system, enabling the dynamic comparison of
the ECLU and offering a more detailed depiction of the spatial-
temporal evolution of the ECLU compared to those in previous
studies (Li et al., 2017; Chen et al., 2020; Luo et al., 2020; Yang
et al, 2021; Ke et al, 2022; Zhou et al., 2022). Additionally,
we considered county as the evaluation unit, which reflected the
spatial-temporal evolution and differentiation of the ECLU in a
more magnified and detailed manner, laying a foundation for the
formulation and implementation of related policies (Tone, 2004;
Fukuyama and Weber, 2010; Xiao et al., 2022; Zhou et al., 2022; Liu
and Zhang, 2023). Most of the existing studies use a single model
method, such as Super-SBM, to measure the ECLU. These methods
have limitations, such as not including undesired output and
dynamic inter-temporal comparisons. The GML index compensates
for this defect, and the combination of the two methods is more
beneficial regarding measuring the ECLU.
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FIGURE 7
Calculation results of the indicators with the greatest impact on the ECLU.
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4.1 Spatial-temporal evolution
characteristics of the ECLU

During 2000-2020, the ECLU in the Beijing-Tianjin-Hebei region
showed an overall fluctuating upward trend, comparable to that reported
by Li M. et al. (2023). 2000-2010 was characterized by rapid economic
growth and modification of the planting structure. With insufficient
technological support for agriculture, especially through the first half of
this period as suggested by evaluation of the decomposed GML index,
the abandonment of cultivated land and its occupation by construction
land became more common. These factors, combined with the lack of
attention to carbon emissions from cultivated land, resulted in obvious
fluctuation in the ECLU during this time period. From 2010 onward, the
ECLU increased substantially, indicating that considerable progress had
been made regarding the protection of cultivated land and that carbon
emissions had been effectively controlled. The ECLU in Beijing and
Tianjin was markedly higher than that in most parts of Hebei Province.
The counties in Hebei Province, located in the west and south of Beijing
and Tianjin, had overall lower ECLU values than those of other counties,
likely because these municipalities attract human resources, capital, and
other factors from surrounding counties at the expense of sufficient input
of agricultural factors. In addition, the counties in northern Hebei
Province had higher ECLU values, likely deriving in part from their
location upwind from Beijing, with higher requirements for ecological
protection and policy support. The local agriculture also probably still
occupies a large proportion of the area, with secondary and tertiary
industries lagging.

The ECLU in the Beijing-Tianjin-Hebei region generally presented
a dynamic trend of rapid decline-slow rising—continuous rising, which
is also in general agreement with the results of Wang et al. (2022).
According to the GML index, the ECLU in this region transitioned
from disorderly evolution to a large-scale production-driven efficiency
increase; then, it further transitioned to technological progress-driven
efficiency gains. Technological progress can provide long-term positive
support for an ECLU increase, whereas large-scale production can
markedly improve the ECLU in the short term. Owing to the law of
diminishing returns to scale, continued improvements to the ECLU are
difficult once the peak of production scale is reached. As the Beijing—
Tianjin-Hebei region exhibits a high level of large-scale production,
increasing the technological inputs represents currently the preferred
way of improving the ECLU. Notably, Li X. et al. (2023) did not include
a GML index analysis in their study; however, Gu et al. (2022) reported
that the government in the region invests scientific and technological
inputs to drive industrial transformation to curb carbon emissions,
which further supports the conclusions of this study.

4.2 Driving mechanisms of the ECLU

The ECLU was mainly affected by the multiple cropping index,
industrial structure, irrigation index,per capita cultivated land and
mechanized farming level, in accordance with previous literature (Ke
et al, 2022; Xiao et al,, 2022). The relationship between per capita
cultivated land area and ecological efficiency shows obvious regional
differences. On the whole, there is a significant positive correlation
between per capita arable land area and ecological efficiency, especially
in the southern plains. The high-value areas in the southern plains are
mainly due to the relatively superior natural conditions in the region,
including climate and topography. These factors help to improve the
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productivity and ecological efficiency of cultivated land. In contrast, the
distribution of cultivated land in the northern mountainous area is
relatively scattered and the terrain is complex. The intensive utilization
of cultivated land is low, and the expansion of cultivated land scale has
not caused a significant improvement in the ecological efficiency of
cultivated land. In contrast, the main influencing factors of the ECLU in
Hebei Province include the multiple cropping index, proportion of
agricultural output value, elevation, slope, proportion of agricultural
population, and proportion of non-grain crops, with the proportion of
agricultural output value and proportion of non-grain crops having more
significant impacts (Wang et al., 2022). The reasons for these differences
may be attributed to variations in regional scope, selection of indicators,
and methodological approaches. The multiple cropping index, which is
an important indicator reflecting the degree of CLU, is substantially
constrained by the climate, land, technology, and labor, resulting in the
GTWR results showing obvious climatic zoning. Specifically, the ECLU
was positively and negatively correlated with the multiple cropping index
in the southern and northern regions, respectively. In comparison, the
distribution pattern of the GTWR results of industrial structure
remained basically stable over the entire study period, exhibiting a
gradually increasing positive correlation. This suggested that as the
agricultural production capacity increases, the production capacity of
green science and agricultural technology improves synchronously. The
level of mechanized farming is negatively correlated with the ECLU, with
the absolute value having gradually decreased during 2000-2020. This
may be due to the large-scale use of agricultural machinery leading to an
increase in carbon emissions, which in turn reduces the ECLU. The
reduction in this impact may be attributed to the continuous
improvement in the efficiency of agricultural machinery.

The ECLU was negatively correlated with the irrigation index in
the central plains; however, it was positively correlated with the
irrigation index in the eastern coastal strip and areas around Beijing
and Tianjin. Notably, the rise in the irrigation index reflects not only
the water application but also the enhancement of land improvement
levels and water conservancy facilities in a region. Generally speaking,
the production efficiency of cultivated land will improve with the
increase of the irrigation index. The negative correlation in the
southern plains has several unique characteristics. In the southern
counties, the rapid social and economic development has led to
serious groundwater extraction, creating several world-class
groundwater “funnels” through which irrigation water seeps into the
groundwater instead of being fully absorbed by crops. However,
because the irrigation index itself was already high and most of the
other land is unsuitable for irrigation, an increase of the irrigation
index does not lead to a coordinate increase of the ECLU in this
region. Conversely, in the northern counties with a lower irrigation
index, water is an important limiting factor for agricultural
production. Therefore, in these counties, the ECLU increases
substantially with the increase of the irrigation index.

The mechanized farming level, which reflects the coverage of
agricultural mechanization in a certain region, was mainly negatively
correlated with the ECLU. However, from the perspective of the
ECLU, excessive investment in agricultural machinery may not
necessarily improve the efficiency. In particular, agricultural
machinery inputs are mainly used to reduce labor inputs and time
costs to improve the cultivation efficiency; thus, the potential for the
ECLU constrained by climatic conditions may not be fully realized.
Moreover, although green technology in the Beijing-Tianjin-Hebei
region continues to progress, lingering green machinery deficiencies
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may lead to high carbon emissions and reduction of the ecological
efficiency. Additionally, the pollution from agricultural and forestry
machinery constitutes a persistent concern.

4.3 Policy recommendations for enhancing
the ECLU to promote food security

1. Promoting structural adjustment and optimization of the
agricultural industry. Green and technology-driven agriculture
should be encouraged. Through policy support and
technological innovation, the production methods of
agriculture can be transformed from traditional means into a
modern and highly efficient process with low-consumption,
thereby promoting the sustainable development of agricultural
production and enhancing the ECLU.

. Strengthening the protection of cultivated land and its quality
improvement. Strict policies regarding the protection of
cultivated land should be formulated and implemented to limit
the development of land for non-agricultural purposes and
ensure the sustainable use of cultivated land resources.
Additionally, the investment in improving the quality of
cultivated land should be increased to enhance the productivity
and ecological service functions of the land, such as improving
irrigation systems, promoting the use of organic fertilizers, and
implementing soil restoration projects.

. Promoting the development of agricultural mechanization and
knowledge. Advanced agricultural machinery and technologies
should be adopted, and subsidies, technical support, and
maintenance services should be acquired to promote the
popularization and upgrading of agricultural mechanization.
This not only reduces the labor input and increases the
production efficiency but also helps to reduce carbon emissions
during agricultural production.

. Enhancing water resource management and improve irrigation
efficiency. Considering the impact of the irrigation index on the
ECLU, the management and rational use of water resources
should be strengthened and water-saving irrigation techniques,
such as drip irrigation and sprinkler irrigation, should
be promoted. Moreover, a water recycling system should
be established to reduce water wastage and improve irrigation
efficiency. In addition, for areas where groundwater levels are
critically low, the protection and rational development of
groundwater resources should be enhanced to prevent
excessive groundwater extraction.

4.4 Study limitations

This study has several limitations. First, the selection of input and
output indicators was not comprehensive. The input indicators did
not include new factors, such as the internet and big data, leading to
insufficient consideration of the contributions of emerging
technologies to agricultural production. Moreover, due to the varying
roles of different crops in ensuring food security, the output indicators
adopted the total grain production, and the production of different
food crops was neglected, likely leading to a deviation of the ECLU,
especially in the context of cropping structure adjustments. In
addition, agricultural production generates carbon emissions as well
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as carbon sinks, which should be included among the desired outputs.
Second, the selection of influencing factor indicators was also limited.
Insufficient consideration was given to technological development
and the geographical location of transportation, considering that
provinces in the Beijing-Tianjin-Hebei region and areas among cities
within Hebei Province markedly differ with regard to these aspects.
Beijing, Tianjin, and surrounding areas exhibit better technological
and transport conditions than those of other regions, which may
affect the results of the influencing factor analysis. The current
indicators substantially interfere with the input indicators, and the
calculation of the multiple cropping index and industrial structure
overlaps somewhat with that of several input indicators; therefore,
adjusting the input-output model in future studies will be necessary.
Furthermore, less consideration was given to indicators characterizing
agricultural production in the Beijing-Tianjin-Hebei region, such as
groundwater conditions and the South-to-North Water Diversion
Project. Finally, although this study concluded that the ECLU in the
Beijing-Tianjin-Hebei region was alternately affected by the
technical progress and technical efficiency, as revealed using the GML
index, and also analyzed the distribution of the two efficiency values,
it did not conduct an in-depth investigation regarding the causes of
these changes. Therefore, additional research is required to update
the methods for calculating scale- or technological efficiency, clarify
their quantitative differences, and select corresponding influencing
factor indicators to analyze the substantive factors affecting their
changes. In subsequent research, the selection of input-output
indicators can be optimized and improved based on the above
analysis. In addition to the GTWR model, other methods, such as
geographical detectors, can also be used to analyze the influencing
factors. Although the situation in other regions is not completely the
same as that in the Beijing-Tianjin-Hebei region, the selection of
indicators and the use of methods can still be referenced.

5 Conclusion

In this study, we selected county-level data from the Beijing—
Tianjin—-Hebei region, covering 2000-2020, and employed the
Super-SBM model and GML index to calculate the ECLU in the
region. Furthermore, the GTWR model was applied to assess the
differences of factors influencing the ECLU and, ultimately, food
security. The primary findings are as follows:

1. From the perspective of temporal changes, during 2000-2020,
the number of medium-ECLU districts and counties in the
Beijing-Tianjin-Hebei region gradually increased, the number
of high-ECLU districts and counties decreased in its entirety,
and the number of districts and counties in all other ECLU
intervals did not change significantly. However, the ECLU
value range in each interval migrated toward higher values,
with the ECLU in the Beijing-Tianjin-Hebei region improving
in its entirety. From the perspective of spatial distribution, the
ECLU values of the northern districts and counties in the
Beijing-Tianjin-Hebei region are higher than those in other
regions. Counties in Beijing and Tianjin have mostly middle-
and relatively high-ECLU values in each year, whereas counties
in Zhangjiakou and Chengde have generally high-ECLU
values. Overall, the ECLU in the Beijing-Tianjin-Hebei region
has demonstrated a discernible upward trend, with notable
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superiority observed in the northern districts relative to the
cases in their central, southern, and eastern counterparts.

. Regarding the dynamic changes of the ECLU, the ECLU in the
Beijing-Tianjin-Hebei region showed a trend of rapid decline
first and then slow and continuous rise. In the middle and late
stages, there were fewer districts and counties in the rapid
ECLU decline interval. The upward trend of districts and
counties in Beijing and Tianjin was significantly weaker than
that in most districts and counties in Hebei Province. The
ECLU in the region is dynamically improved, with areas with
low ECLU values exhibiting more rapid changes than those of
areas with high ECLU values and the difference in ECLU in the
region tending to narrow.

. The improvement of the ECLU in the early stage mainly
depends on technical efficiency;, i.e., organizational optimization
or scale expansion; subsequently, it starts depending more on
technological progress. Owing to the law of diminishing returns
to scale, the future improvement of the ECLU mainly depends
on technological progress and investment. Increasing the
investment in science and technology, promoting technological
innovation in the agricultural field, improving resource
utilization efficiency, and reducing environmental pollution are
necessary steps toward further improving the ECLU.

. The ECLU is mainly affected by the multiple cropping index,
industrial structure, irrigation index, mechanized farming
level, and per capita cultivated land. The ECLU was positively
and negatively correlated with the multiple cropping index
in the southern and northern regions, respectively. The
industrial structure mainly shows a gradually increasing
positive correlation through time. A higher proportion of the
primary industry implies higher ECLU. The ECLU in was
significantly negatively correlated with the irrigation index
the central plain area, and the negative correlation in
Zhangjiakou and Chengde mountainous areas was low for
many years. The level of mechanized farming in the southern
plain area was negatively correlated with the ECLU for a long
time. The per capita cultivated land and the ECLU were
significantly positively correlated, with the positive
correlation in the plain area being higher. In the future,
differentiated policy measures should be formulated
according to the spatial-temporal differences of different
factors to further improve the ECLU.
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