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Abstract: Clarifying the relationship between urbanization and farmland abandonment in urban
agglomerations (UAs) is crucial to guide the formulation of arable land management policies and
strategies for sustainable urban development. Despite numerous studies confirming the correlation
between farmland abandonment and certain urbanization factors, the exploration of the patterns and
underlying mechanisms of farmland abandonment in China’s UAs remains worthy of systematic
investigation. In this study, we conducted an analysis of the spatiotemporal trends in farmland
abandonment and examined the key drivers of farmland abandonment in four representative Chi-
nese UAs—Beijing–Tianjin–Hebei (BTH), Chengdu–Chongqing (CC), Pearl River Delta (PRD), and
Yangtze River Delta (YRD). Our findings reveal that farmland abandonment has been intensified
with increasing fragmentation and aggregation patches across these UAs. Abandonment experience
was the main driver of continuous abandonment. Moreover, natural conditions persistently influ-
enced farmland abandonment in the BTH, while land urbanization and economic urbanization were
predominant drivers in the CC. The abandonment in the PRD was mainly driven by population
urbanization, while the abandonment in the YRD was primarily driven by economic urbanization
and land urbanization. The research findings provide data support and scientific explanation for
land policy-making in these typical UAs under different development strategies.

Keywords: abandoned farmland; urbanization; driving factor; urban agglomeration; landscape pattern

1. Introduction

Although China is a major grain-producing nation, with arable land covering 13%
of its total land area, its production of food imposes certain pressure to achieve self-
sufficiency for its population of 1.4 billion [1,2]. Farmland abandonment is a significant
issue that could potentially affect food security. Farmland abandonment is characterized by
a deliberate reduction or complete cessation in land utilization due to the comprehensive
impact of factors such as marginalization, urbanization, and social dynamics [3,4]. It greatly
reduces grain acreage, inhibits the production enthusiasm of farmers, and negatively
affects food security [5,6], although it may promote regional biodiversity [7,8]. Abandoned
farmlands are found in areas of poor farming conditions and frequently found in areas of
rapid urbanization [9,10]. With the development of rapid urbanization, many young and
middle-aged farmers have been attracted to work in cities with more job opportunities and
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higher incomes, resulting in a shortage of rural agricultural labor resources [11,12]. The
agricultural plots in UAs are generally smaller than those in major agricultural regions,
and they are more easily abandoned due to labor shortages. The negligent abandonment
of arable land precipitates a diminution in sown area, weakens farmers’ enthusiasm, and
finally hinders efforts to maintain food security and ensure stable social development.
Furthermore, agricultural development may influence the process of urbanization. Some
studies indicate that the effective supply of food constrains the rapid expansion of urban
populations [13,14], and there is a correlation between the proportion of urban populations
in different provinces and the per capita grain output in rural areas [15]. Therefore, it
is crucial to clarify the relationship between urbanization and farmland abandonment,
as it informs the formulation of arable land management policies and urban sustainable
development strategies.

During the process of urbanization, the advanced spatial form of urban systems
emerges as interconnected and integrated entities comprising different cities. These entities,
known as urban agglomerations (UAs), typically develop and consolidate in densely popu-
lated areas where cities are closely distributed [16,17]. Urban agglomerations typically con-
sist of multiple cities with diverse populations, economic activities, and land characteristics.
Due to differences in spatial location, administrative attributes, and levels of development,
different UAs vary in terms of their scale and developmental strategies [18,19]. The devel-
opmental levels of different UAs are reflected in the extent of land urbanization, population
urbanization, and economic urbanization [20,21]. Land urbanization refers to the constantly
expanding process of urban land areas [22,23]. Land urbanization leads to an increase in
farmland fragmentation and farmland costs [24]. Population urbanization refers to the ag-
glomeration of people from rural to urban areas who look for opportunities for off-farm jobs
and then become permanent residents in cities [25,26]. Population urbanization brings a
shortage in agricultural labor resources, resulting in abandoned farmland without adequate
management [27]. Economic urbanization refers to the agglomeration of non-agricultural
industries in cities [28]. Economic urbanization results in the rapid development of the
urban industrial economy, widening the gap between urban and rural income, promoting
increasing agricultural production costs, inhibiting enthusiasm for farming and ultimately
resulting in farmland abandonment [29]. The impact of arable land abandonment varies
across UAs with different levels of urbanization [30]. Understanding the spatiotemporal
distribution characteristics and pattern changes of farmland abandonment in different UAs,
as well as quantitatively analyzing the driving mechanisms behind arable land abandon-
ment in these agglomerations, serves as a crucial foundation for formulating sustainable
development policies regarding arable land management within UAs.

Many studies have been devoted to the driving effect of urbanization on farmland
abandonment [31–33]. A spatial analysis of farmland abandonment studies published in
different regions from 2000 to 2024 on the Web of Science has been conducted [34–37]. This
reveals that Europe was a hotspot for early studies on arable land abandonment, while
Asia has gradually emerged as a hotspot for arable land abandonment research in recent
years. Previous studies have indicated that arable land has been abandoned under different
urbanization-related driving factors. Sroka et al. illustrated that the proportion of built-up
and urbanized areas, and the population density were the dominant driving factors for
semi-abandoned farmland in Polish metropolitan areas from 1995 to 2010 [27]. Chaudhary
et al. concluded that population growth and urbanization have been the major drivers
of farmland abandonment in Nepal since 1961 from the relevant literature [38]. In China,
Xie et al. found that population urbanization was one of the crucial drivers of farmland
abandonment in Jiangxi from 1990 to 1995, while economic development became the domi-
nant driver from 1995 to 2005 [39]. Similarly, Hou et al. revealed that the non-agricultural
economy was the main determinant of farmland abandonment from 2003 to 2018 in the
Sunan economic region [40]. Despite regional and national variations, as well as variations
in the stages of urbanization, empirical evidence from these studies substantiates that
land urbanization, population urbanization, and economic urbanization stand out as the
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foremost factors contributing to farmland abandonment. As there are disparities between
urbanization in China and that in Western developed countries and developing nations, the
relationship between Chinese urbanization and farmland abandonment remains unclear.

Urbanization is a complex process of multi-dimensional development involving popu-
lation, economy, and land [41]. And farmland abandonment is the integrated outcome of
these urbanization factors acting on arable land with different cultivation conditions. First,
farmland abandonment is deeply influenced by the natural conditions of farmland. Factors
such as steep terrain, harsh climate, poor soil quality, high degree of fragmentation of
arable land, poor irrigation conditions, and high commuting costs all contribute to the low
productivity of the arable land patches [42–44]. Additionally, limited mechanization due to
constraints such as terrain further hampers the efficiency of agricultural production on the
land, resulting in low economic returns [45]. In order to achieve better economic benefits,
farmers always prioritize abandoning arable land with poor agricultural productivity and
low economic returns, leading to farmland abandonment. Secondly, land urbanization
affects the occurrence of farmland abandonment by altering land use structure and land
value. During the process of land urbanization, rural arable land may be allocated for urban
construction, industrial use, or infrastructure development [46]. This conversion of arable
land use results in a decrease in agricultural land area, which can be identified as farm-
land abandonment through remote sensing observations [47]. The lower value of arable
land compared to urban land also prompts some farmers to willingly transfer land usage
rights at a higher price due to speculative motives, leading to arable land abandonment.
Furthermore, environmental pollution and the deterioration of arable land quality brought
about by land urbanization also serve as driving factors for farmland abandonment [48].
Thirdly, population urbanization, manifested as labor migration from rural to urban areas,
is the most direct driving factor behind farmland abandonment. With the advancement
of industrialization, non-agricultural employment opportunities have increased, allowing
farmers to choose to reduce labor input in agricultural production or directly abandon it,
opting instead for part-time or full-time employment in non-agricultural sectors. Thus,
as urban populations continue to grow and rural populations decline, agricultural labor
shortages become unavoidable, ultimately resulting in farmland abandonment. In the
mountainous regions of Nepal, rural populations migrating to lower-altitude urban areas
contribute to the increasing urban population, fostering rapid growth in non-agricultural in-
dustries, thereby hindering agricultural development and driving more farmers to abandon
agricultural production [38]. Fourthly, economic urbanization also contributes to farmland
abandonment. Economic urbanization may lead to changes in rural economic structure,
with farmers shifting to non-agricultural activities, resulting in an increased proportion of
non-agricultural industries in the economic structure and rapid income growth for urban
residents. Meanwhile, the proportion of the agricultural industry declines and the growth
rate of farmers’ income slows down. Such economic urbanization leads to a widening
income gap between urban and rural residents. Faced with a widening income gap and
decreasing agricultural income, farmers tend to abandon farmland and seek livelihoods and
development in urban areas, resulting in farmland abandonment. The key driving factor
behind the abandonment of rice fields in Japan is the lower agricultural economic benefits.
When non-agricultural income exceeds agricultural income, farmers often abandon farm-
land [49]. In rapidly urbanizing coastal areas of Europe and Western Europe, the per capita
GDP increases in urban areas while rural farmers’ incomes decrease. The economic income
gap suppresses farmers’ production enthusiasm, leading to a decrease in the intensity of
land use or direct abandonment of farmland [50,51]. Thus, the impact of urbanization on
farmland abandonment is essentially the combined result of the four effects mentioned
above. The farmland abandonment development process, and its driving mechanisms
vary among different UAs due to differences in cultivation natural conditions and paths of
urbanization development. It is unreasonable to formulate farmland utilization policies for
different UAs based on a single factor or a unified driving mechanism outcome.



Land 2024, 13, 664 4 of 22

Therefore, the main objectiveness of this study are as follows: (1) to analyse the spatial
and temporal characteristics of farmland abandonment in typical UAs in China; (2) to
illustrate the landscape pattern of farmland abandonment in main UAs in China; and (3) to
detect the dominant driving factors of farmland abandonment under different urbanization
statuses and quantify the relationship between farmland abandonment and urbanization
processes. The remainder of this paper consists of five parts. Section 2 introduces the study
area and data. Section 3 describes the methods. Section 4 presents the results. Section 5
contains the discussion, and Section 6 summarizes the conclusions.

2. Study Area and Data
2.1. Typical Urban Agglomerations in China

The study selected four typical UAs in China as research areas, which are the Beijing–
Tianjin–Hebei urban agglomeration (BTH), the Yangtze River Delta urban agglomeration
(YRD), the Pearl River Delta urban agglomeration (PRD) and the Chengdu–Chongqing
urban agglomeration (CC). BTH, YRD, and PRD are the three major urban agglomera-
tions in China, with the most vibrant economies, the strongest innovation capabilities,
and the highest influx of migrant population in China [52,53]. These three major urban
agglomerations are located in the eastern region of China, while the CC is the largest urban
agglomeration in the central and western regions. CC is designated as one of the most
advanced and optimized urban agglomerations in China’s “14th Five-Year Plan”, and it is
also a hotspot for research on farmland abandonment in China [54–57].

BTH, YRD, CC, and PRD are distributed sequentially from south to north in China,
with different scales and climate conditions (Figure 1). The coverage of the UAs is based on
the specific scope described in the UA development plans issued by the Chinese adminis-
trative unit (Table 1).
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Figure 1. Farmland abandonment in 2017 in four of China’s typical UAs.

Table 1. The coverage of typical UAs.

UAs Coverage Area

BTH Beijing, Tianjin, Hebei Province (11 cities)
CC Chongqing (29 districts or counties), Sichuan Province (15 cities)

PRD Guangdong Province (9 cities)

YRD Shanghai, Jiangsu Province (9 cities), Zhejiang Province (8 cities),
Anhui Province (8 cities)

BTH is a global UA as the political center in China, including Beijing, Tianjin, and
11 other cities in Hebei Province. The resident population of BTH exceeds 110 million,
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covering an area of 218,000 km2. BTH is in the North China Plain, and the terrain is high
in the northwest and low in the southeast. Arable land accounts for more than 40% of the
area, with the major crops being wheat and corn. The gross domestic product (GDP) of
BTH contributes approximately 10% of China’s GDP.

CC is an important demonstration area for China to promote new-type urbanization,
which includes 15 cities in Sichuan and 29 counties in Chongqing. The resident population
of CC exceeds 60 million with an area of 185,000 km2. CC is in the Sichuan Basin and is
dominated by mountains and hills. Arable land resources are rich in CC, occupying more
than 50% of the total area, and the grain crops are mostly rice, corn, and tubers. The GDP
of CC contributes approximately 6% of China’s GDP.

PRD is one of the most populated areas in China and includes 9 cities in Guangdong.
PRD has a resident population of more than 70 million, covering an area of approximately
42,200 km2. PRD is in the plain of the Pearl River Delta, and the terrain is mostly dominated
by plains and impact deltas. The area of arable land accounts for more than 20% of PRD,
and rice and tubers are the major products of food production. The GDP of PRD contributes
approximately 9% of China’s GDP; however, the per capita GDP remains among the highest
in China.

YRD is the most dynamic, open, and innovative region in China, including a total
of 26 cities in Shanghai, Jiangsu, Zhejiang, and Anhui Provinces. YRD has a resident
population of more than 165 million and covers an area of approximately 211,700 km2.
YRD is in the lower reaches of the Yangtze River in China. The terrain is high on the edges
and low in the middle, and the river network is dense. Arable land accounts for more than
40% of YRD, and the grain crops are mostly rice and wheat. The GDP of YRD contributed
approximately 20% of China’s GDP.

2.2. Data Source
2.2.1. Geospatial DATA

(1) Time series maps of abandoned farmland across China with 250 m spatial resolution
from 2002 to 2017 were derived from Zhu, et al [4].

(2) LandScan Global Population Data with 30 arc-seconds spatial resolution for 2002, 2005,
2010, 2015, and 2017 were developed by the Oak Ridge National Laboratory (https:
//landscan.ornl.gov, accessed on 1 June 2022), which provides global population data
annually [58–62].

(3) China’s National Land Use and Cover Change (CNLUCC) for 2002, 2005, 2010, 2015,
and 2017 with 1 km spatial resolution was provided by the Resource and Environment
Science and Data Center (RESDC) (http://www.resdc.cn, accessed on 1 June 2022),
which includes 23 land types [63]. The land use types were concluded to be arable
land and urban land in this study by reclassification.

(4) The average monthly precipitation data with 1 km spatial resolution from 2002 to 2016
were released on the National Earth System Science Data Center, National Science
& Technology Infrastructure of China (http://www.geodata.cn, accessed on 1 June
2022), which were calculated from the 1 km monthly temperature and precipitation
dataset derived from Peng, et al. [64].

(5) The average monthly temperature data with 1 km spatial resolution from 2002 to 2016
were also released on http://www.geodata.cn (accessed on 1 June 2022), which were
calculated from Peng et al. [64].

(6) Digital elevation models (DEMs) were published by RESDC and were generated from
SRTM V4.1 data resampled to 250 m spatial resolution.

(7) The Chinese county-level administrative boundary data were obtained from the 1:1
Million Basic National Geographic Database, which was provided by the National
Catalogue Service for Geographic Information (https://www.webmap.cn, accessed
on 1 June 2022).

https://landscan.ornl.gov
https://landscan.ornl.gov
http://www.resdc.cn
http://www.geodata.cn
http://www.geodata.cn
https://www.webmap.cn
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2.2.2. Statistical Data

The county-level statistical data for 2002, 2005, 2010, 2015, and 2017 were obtained
from the China County Statistical Yearbook, which can be found at https://data.cnki.net/
(accessed on 1 June 2022). This dataset comprises a range of indicators that reflect the so-
cioeconomic development of the counties, such as GDP, employed population, etc. [65–69].

2.3. Selecting Variables

We regarded the proportion of abandoned farmland area to arable land area in year i
(Yi) as the dependent variable and took abandonment experience factor, multiple sourced
urbanization-related factors, and natural conditions factors as potential driving factors.
Urbanization-related factors address population urbanization factors, economic urbaniza-
tion factors, and land urbanization factors (See Appendix A).

The definition of farmland abandonment varies across the world, and FAO studies
define farmland abandonment as abandoned farmland that has not been cultivated for
agricultural production for at least two to four consecutive years. The spatiotemporal
distribution dataset of farmland abandonment across China utilized in this study was
obtained from Zhu et al. [4]. Farmland abandonment in this study was defined as arable
land left uncultivated for two or more years. The average proportion of abandoned
farmland area in arable land area in the past few years was regarded as the abandonment
experience factor (Ae_ f a). Ae_ f a values for 2005, 2010, 2015, and 2017 were calculated
according to the average proportion of abandoned farmland area to arable land area for
2002–2004, 2005–2009, 2010–2014, and 2015–2016, respectively.

Total population (Pu_pop), population density (Pu_pd), changing rate of population
density (Pu_crpd), rural employment (Pu_re), and changing rate of rural employment
(Pu_crre) in 2005, 2010, 2015, and 2017 were selected as population-urbanization-related
factors. Because the statistical indicators were adjusted by the Bureau of Statistics, Pu_re in
2015 and 2017 were defined by employment in the primary industry (Pu_ep) in 2015 and
2017, while Pu_crre in 2015 and 2017 were defined by the changing rate of employment in
the primary industry (Pu_crep) in 2015 and 2017, respectively.

Economic-urbanization-related factors included GDP (Eu_GDP), per capita GDP
(Eu_pGDP), increased value of the primary industry (Eu_p), and the ratio of secondary
industry increase value to primary industry increase value (Eu_sp). Due to a lack of county-
level GDP statistical indicators before 2015, Eu_GDP and Eu_pGDP were replaced by
savings deposits of residents (Eu_sd ) and per capita savings deposits of residents (Eu_psd)
in 2005 and 2010.

The area of urban land (Lu_ua), the proportion of urban area in total area (Lu_pua),
and the changing rate of urban area proportion (Lu_crpua) were selected to present the
land-urbanization-related factors.

Natural conditions involve natural topographic conditions, natural climate conditions,
and the patch characteristics of arable land. Here, natural topographic conditions were
indicated by the average elevation (Nc_ae), range of elevation (Nc_re), and average slope
(Nc_as), while natural climate conditions were indicated by the average annual precip-
itation for the past few years (Nc_ap) and average annual temperature for the past few
years (Nc_at). The area of arable land (Nc_area), proportion of arable land area in total
area (Nc_pa), number of arable land patches (Nc_np), patch density of arable land patches
(Nc_pd), landscape shape index of arable land patches (Nc_lsi), and aggregation index of
arable land patches (Nc_ai) were employed to show the patch characteristics of arable land.

The dependent variable, land-urbanization-related factors, and the patch characteris-
tics of arable land factors in 2002 and 2017 were derived from the land-use data of 2000
and 2018, respectively. Population- and economic-urbanization-related factors in 2004 were
used to fill the data gaps in 2005, considering the incompleteness of statistical data.

https://data.cnki.net/
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3. Methods

The Mann–Kendall trend test, landscape index, and gravity center of migration were
used to reveal the temporal characteristics and the spatial characteristics of farmland
abandonment in four typical UAs during past two decades. Additionally, Geodetector was
implemented to explore the urbanization drivers on farmland abandonment for 2002–2005,
2005–2010, 2010–2015, and 2015–2017 (Figure 2).

Land 2024, 13, 664  7 of 23 
 

few years (𝑁𝑐_𝑎𝑡). The area of arable  land  (𝑁𝑐_𝑎𝑟𝑒𝑎), proportion of arable  land area  in 
total area (𝑁𝑐_𝑝𝑎), number of arable  land patches (𝑁𝑐_𝑛𝑝), patch density of arable  land 
patches (𝑁𝑐_𝑝𝑑), landscape shape index of arable land patches (𝑁𝑐_𝑙𝑠𝑖), and aggregation 
index of arable land patches (𝑁𝑐_𝑎𝑖) were employed to show the patch characteristics of 

arable land. 

The dependent variable, land‐urbanization‐related factors, and the patch character‐

istics of arable land factors in 2002 and 2017 were derived from the land‐use data of 2000 

and  2018,  respectively.  Population‐  and  economic‐urbanization‐related  factors  in  2004 

were used to fill the data gaps in 2005, considering the incompleteness of statistical data. 

3. Methods 

The Mann–Kendall  trend  test,  landscape  index,  and  gravity  center  of migration 

were used to reveal the temporal characteristics and the spatial characteristics of farm‐

land abandonment in four typical UAs during past two decades. Additionally, Geodetec‐

tor was implemented to explore the urbanization drivers on farmland abandonment for 

2002–2005, 2005–2010, 2010–2015, and 2015–2017 (Figure 2). 

 

Figure 2. The flowchart of this research. 

3.1. Trend Analysis Based on the Mann–Kendall Trend Test 

The Mann–Kendall (M‐K) trend test was used to identify the significance of the var‐

iation in farmland abandonment distributions in UAs for 2002–2010 and 2010–2017. This 

test has been widely used in extensive research to evaluate meteorological changes from 

time series data [70,71]. The M‐K trend  test statistics 𝑆 is calculated according  to Equa‐
tions (1) and (2): 

𝑆 ൌ ෍ ෍ 𝑠𝑔𝑛൫𝑥௝ െ 𝑥௜൯

௡

௝ୀ௜ାଵ

௡ିଵ

௜ୀଵ

  (1)

Figure 2. The flowchart of this research.

3.1. Trend Analysis Based on the Mann–Kendall Trend Test

The Mann–Kendall (M-K) trend test was used to identify the significance of the
variation in farmland abandonment distributions in UAs for 2002–2010 and 2010–2017.
This test has been widely used in extensive research to evaluate meteorological changes
from time series data [70,71]. The M-K trend test statistics S is calculated according to
Equations (1) and (2):

S =
n−1

∑
i=1

n

∑
j=i+1

sgn
(
xj − xi

)
(1)

sgn
(
xj − xi

)
=


1, i f xj − xi > 0
0, i f xj − xi = 0
−1, i f xj − xi < 0

(2)

where n refers to the time spans of abandoned farmland maps and xi and xj denote the
farmland abandoned area in time series i and j (i < j). When n ≤ 10, the corresponding
probabilities of statistics S can be seen in the table in Gilbert [70]. While S is greater than
zero and the tabled probability for S is less than the significance level specified a priori (α),
this indicates that abandoned farmland area shows a remarkable increasing trend. Similarly,
when S is less than zero and the corresponding probability is less than α, the abandoned
farmland area shows a remarkable decreasing trend.
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3.2. Landscape Pattern Indices

Four kinds of landscape indices, including the number of patches (NP), patch den-
sity (PD), landscape shape index (LSI), and aggregation index (AI) were selected to il-
lustrate the landscape pattern of farmland abandonment in UAs, where the former three
indices represent the landscape characteristics of individual farmland abandonment patches
and AI represents the landscape heterogeneity characteristics of farmland abandonment
patches (Table 2).

Table 2. The selected landscape indices used in this study.

Index Name Formulas Units Range

Number of
Patches (NP)

NP = N
(N = the number of abandoned

farmland patches in the landscape)
None NP ≥ 1,

without limit

Patch Density
(PD)

PD = N/A × 10, 000 × 100
(A = the area of landscape

(
m2))

Number per
100 hectares

PD > 0,
constrained by

cell size

Landscape Shape
Index (LSI)

LSI = 0.25∑m
k=1 e*

ik√
A

(e*
ik = the total length (m) of edge

in landscape between patch types i
and k,

type i refers to farmland
abandonment, type k refers to

other patches in landscape)

None LSI ≥ 1,
without limit

Aggregation
Index (AI)

AI = gii
max→gii

× 100
(gii refers to the number of like
adjacencies between pixels of

abandoned farmland (patch type i)
based on single-count method,

max → gii refers to the maximum
number of like adjacencies

between pixels of abandoned
farmland based on the
single-count method)

Percent 0 ≤ AI ≤ 100

NP and PD reflect the fragmentation degree of the abandoned farmland patches.
A greater NP represents more fragmented patches; similarly for PD. The patch shape
types include regular geometric shapes and irregular shapes. A greater LSI means more
protrusions around the patches, which reflects patches with irregular geometric shapes. A
greater AI indicates concentrated distributions of abandoned patches. The indices were
calculated at the class level.

3.3. Gravity Center of Farmland Abandonment Migration

Gravity center migration has been widely used to trace the spatiotemporal distribution
variance [72] and is calculated as follows:

Xk =
∑n

i=1 Xiki

∑n
i=1 ki

(3)

Yk =
∑n

i=1 Yiki

∑n
i=1 ki

(4)

where Xi and Yi refer to the longitude and latitude of county ith, respectively, and ki refers
to the kth indicator in the ith county. When we calculate the gravity center of farmland
abandonment, ki refers to the area of abandoned farmland in county ith, and Xk and Yk refer
to the longitude and latitude of the gravity center for farmland abandonment, respectively.
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In this study, the gravity center migration model was also implemented to calculate
the gravity centers of the population distribution, GDP, secondary industry product, and
urban expansion in the four typical UAs for the past two decades. The trajectory of
the gravity center of farmland abandonment migration was tracked with the gravity
centers of population distribution migration, economic development migration, industrial
development migration, and urban expansion migration.

3.4. Driving Factor Detection

The Geodetector model has been used to clarify the driving factors of farmland
abandonment in UAs with different development statuses. These quantitative analysis
tools can illustrate the potential driving factors by evaluating the spatial variance between
the independent variable and dependent variable using the q value [73], which is calculated
as follows:

q = 1 − 1
Nσ2

L

∑
h=1

Nhσ2
h (5)

where q denotes the driving forces of the independent variable on farmland abandonment,
L represents the number of stratified classes, σ2 represents the overall variance of the
dependent variable, σ2

h represents the variance of the dependent variable in the Lth class, N
refers to the number of geographic units, and Nh denotes the number of geographic units in
the Lth class. The k-means cluster analysis method was used to classify each independent
variable. According to the similarity between each independent variable, the k-means
clustering method was used to divide all independent variables of the county-level sample
into five categories for multiple iterations to minimize the loss function of the clustering
result [74,75].

The range of the q value can indicate that the indicator controls the spatial distribution
of 100 × q% farmland abandonment samples. The larger the q value, the stronger the forces
of the factor’s determination of farmland abandonment.

Additionally, the interactive effect on farmland abandonment driven by different
drivers was quantitatively explored by Geodetector. This detection calculates the q values
of two driving factors (X1 and X2) for the dependent variable, q(X1), q(X2), and the q
value when X1 and X2 work together, q(X1 ∩ X2). Then, it determines how X1 and X2
interact by comparing the sizes among q(X1 ∩ X2), q(X1), and q(X2). The interaction mode
demonstrated by the Geodetector is shown in Table A2 and the results of the interaction
are shown in Appendix B.

4. Results
4.1. The Temporal Patterns of Farmland Abandonment

Urbanization accelerated farmland abandonment in the four studied UAs across the
past two decades. Farmland abandonment areas in BTH and YRD were significantly greater
than those in CC and PRD. The increase in farmland abandonment area in the YRD was
greater than that in the other three UAs, followed sequentially by BTH, CC, and PRD. At
the 95% confidence level, farmland abandonment area shows an increasing trend in all
UAs after 2010.

The trend in changes in farmland abandonment area was affected by the urbanization
development as indicated by the M-K trend test results (Table 3). Farmland abandonment
area changed non-significantly in each UA from 2002 to 2010. The area in all UAs showed an
increasing trend, except for BTH. An increasing trend was observed in farmland abandoned
area in each UA from 2010 to 2017. Farmland abandonment area in BTH and PRD increased
insignificantly, while the area in CC and YRD increased significantly.
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Table 3. M-K trends in farmland abandonment area in the study area.

Period
Probabilities Value Corresponding to the Computed S

BTH CC PRD YRD

2002–2010 −0.460 (ND) 0.130 (NI) 0.381 (NI) 0.022 (SI)
2010–2017 0.054 (NI) 0.016 (SI) 0.138 (NI) 0.003 (SI)

Specified significance level α = 0.05. ND refers to non-sig decrease, NI refers to non-sig increase and SI refers to
sig increase.

It can be seen from Figure 3 that the farmland abandonment area of BTH and YRD was
much larger than that of CC and PRD. The fastest-growing area of abandoned farmland
from 2002 to 2017 was in YRD, while BTH and CC were relatively low, especially in the PRD.
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The degree of abandoned farmland also exhibited an overall increasing status from
2002 to 2017, and the average degree of each UA peaked after 2010, as shown by the
distribution of farmland abandonment degree in the UAs (Figure 4). According to the
average degree of farmland abandonment of counties, the degree experienced increasing
fluctuations and peaked in 2015 in BTH. In CC and YRD, the degree of farmland aban-
donment continued to increase before 2015 and began to decrease after 2015. In PRD, the
average degree of farmland abandonment gradually increased over time and peaked in
2017. Among these UAs, CC had the most balanced spatial distribution of the abandonment
degree, as evidenced by the smallest range of degree across counties.
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4.2. The Landscape Pattern of Farmland Abandonment

Farmland abandonment patches showed a trend of being fragmentized and clustered
in space in the four studies UAs across the past two decades, as shown by the change in
landscape indices in these UAs (Figure 5). From 2002 to 2017, the abandoned farmland
patches were gradually fragmented being of small size with increasing NP, PD, and LSI in
the four studied UAs. Fortunately, the distribution of abandoned patches became more
clustered throughout the period with increasing AI.
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4.3. The Spatial Characteristics of Farmland Abandonment

Across the past two decades, the spatial distribution characteristics of farmland
abandonment in the four studied UAs changed with the development of urbanization
(Figure 6). The spatial distribution of farmland abandonment tended to align with pop-
ulation distribution in BTH and secondary industry agglomeration in PRD. For CC and
YRD, the distribution of farmland abandonment was gradually approaching the direction
of urban expansion.
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Figure 6. The distance between the gravity center of abandoned farmland and other gravity centers.

In BTH, the gravity center of farmland abandonment became closer to that of the
population distribution. In CC, after 2015, the gravity center of farmland abandonment
became closer to that of urban expansion. Since 2005, the gravity center of farmland
abandonment in PRD has tended to be closer to that of secondary industry development,
although the distance increased gradually between them. In YRD, prior to 2015, the
gravity center of farmland abandonment had been moving closer to that of the population
distribution; however, since 2015, it has been closer to that of urban expansion.

4.4. Driving Factors of Farmland Abandonment

Table 4 demonstrates the driving factors (q > 0.20) in the detection results of the four
studied UAs. Different types of urbanization have different driving effects on farmland
abandonment, due to diverse development strategies and statutes among UAs. Although
the impact of the different types of urbanization varied in different UAs, the abandonment
experience factor was the most important driving factor in the four studied UAs.
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Table 4. Driving factor detection results in the four studied UAs derived from Geodetector.

Year
Serial

Number

BTH CC PRD YRD

Variable q-Statistic Variable q-Statistic Variable q-Statistic Variable q-Statistic

2005

1 Ae_ f a 0.92 Ae_ f a 0.74 Ae_ f a 0.92 Ae_ f a 0.89
2 Nc_ai 0.49 Lu_pua 0.47 Nc_pa 0.76 Eu_sp 0.47
3 Nc_as 0.43 Eu_psd 0.43 Nc_re 0.67 Eu_psd 0.43
4 Nc_pd 0.42 Eu_sp 0.38 Lu_pua 0.33
5 Nc_ae 0.40 Pu_pd 0.34 Eu_sd 0.30
6 Nc_re 0.40 Lu_ua 0.28
7 Nc_pa 0.38 Pu_crpd 0.26
8 Nc_lsi 0.28
9 Nc_np 0.23

2010

1 Ae_ f a 0.80 Ae_ f a 0.74 Ae_ f a 0.94 Ae_ f a 0.89
2 Nc_ai 0.72 Eu_psd 0.66 Nc_re 0.68 Eu_psd 0.44
3 Nc_pa 0.63 Lu_pua 0.62 Pu_crpd 0.59 Lu_pua 0.42
4 Nc_as 0.57 Eu_sp 0.49 Pu_pd 0.48 Eu_sp 0.41
5 Nc_pd 0.54 Pu_pd 0.45 Eu_sd 0.26
6 Nc_ae 0.53 Lu_ua 0.34 Nc_area 0.21
7 Nc_re 0.48 Nc_area 0.28
8 Nc_np 0.48 Pu_crpd 0.23
9 Nc_lsi 0.40

10 Nc_at 0.33

2015

1 Ae_ f a 0.79 Ae_ f a 0.86 Ae_ f a 0.95 Ae_ f a 0.90
2 Nc_ai 0.54 Lu_pua 0.66 Pu_crep 0.54 Eu_pGDP 0.43
3 Nc_pd 0.48 Eu_pGDP 0.65 Nc_ai 0.41
4 Nc_ae 0.47 Pu_pd 0.61 Pu_crpd 0.40
5 Nc_as 0.43 Eu_sp 0.41 Eu_sp 0.39
6 Nc_pa 0.35 Lu_ua 0.33 Pu_crep 0.39
7 Nc_re 0.32 Pu_crep 0.27 Lu_pua 0.31
8 Nc_lsi 0.22 Nc_area 0.27 Nc_pa 0.28
9 Nc_ap 0.24 Pu_ep 0.23

10 Pu_crpd 0.24 Nc_area 0.21

2017

1 Ae_ f a 0.91 Ae_ f a 0.92 Ae_ f a 0.97 Ae_ f a 0.87
2 Nc_pd 0.56 Lu_pua 0.42 Lu_pua 0.33
3 Nc_as 0.55 Eu_sp 0.42 Nc_ai 0.32
4 Nc_ai 0.54 Lu_ua 0.38 Eu_sp 0.30
5 Nc_ae 0.48 Eu_pGDP 0.33 Eu_pGDP 0.30
6 Nc_re 0.44 Pu_pd 0.29 Nc_pa 0.26
7 Nc_pa 0.42 Nc_area 0.25 Eu_GDP 0.24
8 Nc_lsi 0.31 Pu_ep 0.21
9 Nc_np 0.25
10 Nc_at 0.25

In BTH, abandonment experience and natural conditions were the main driving factors
of farmland abandonment, while urbanization factors did not have a dominant influence.
In 2005, the major types of factors affecting farmland abandonment in BTH included
abandonment experience and natural conditions, with q values of Ae_ f a, Ncai, and Nc_as
of 0.92, 0.49, and 0.43, respectively. The driving factors in other years were similar to those
in 2005.

In addition to abandonment experience, land urbanization and economic urbanization
were the primary drivers of farmland abandonment in CC. Economic urbanization had
a more serious impact on farmland abandonment in 2010, with q values of Eu_psd and
Lu_pua of 0.66 and 0.62, respectively; while the impact of land urbanization was greater
than that of economic urbanization in 2005, 2015, and 2017.

For PRD, population urbanization was generally one of the driving factors, in addition
to that of abandonment experience. In 2010 and 2015, population urbanization became the
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dominant factor in farmland abandonment, with a q value of Pu_crpd of 0.59 in 2010 and a
q value of Pu_crep of 0.54 in 2015.

In YRD, abandonment experience and economic urbanization were mostly the domi-
nant driving factors. Economic urbanization was the continuous leading factor in farmland
abandonment before 2017, with a q value of Eu_sp of 0.47 in 2005, a q value of Eu_psd of
0.44 in 2010, and a q value of Eu_pGDP of 0.43 in 2015. Howver, the dominant influence
of economic urbanization was replaced by land urbanization in 2017, with a q value of
Lu_pua of 0.33 in 2017.

5. Discussion

Among all the factors including natural conditions, land urbanization, population
urbanization, and economic urbanization, past experience of abandonment stands out as
the most significant influencer of farmland abandonment. Consequently, farmland that
has undergone abandonment in the past may face a higher likelihood of abandonment in
future agricultural activities. This aspect distinguishes our study from others examining the
impact of urbanization on farmland abandonment [27,40]. The underlying reasons for this
phenomenon may be attributed to the integrated cultivation conditions resulting from both
the inherent resource endowment and the geographical condition of the farmland. This
finding suggests that targeted attention should be paid to previously abandoned farmland
by systematically integrating monitoring of the distribution of farmland abandonment and
assessments of farmland suitability into the farmland policymaking process.

Although past abandonment experiences are the primary driving force behind farm-
land abandonment in the studied UAs, the mechanisms driving farmland abandonment
varied due to differences in the development trajectories of the UAs.

Among the four studied UAs, the development of urbanization did not significantly
drive farmland abandonment in BTH, although BTH has the largest area of abandoned
farmland and the highest proportion of farmland abandonment in terms of total arable
land area. As the political center of China, BTH’s farmland is more likely to be subjected
to stricter agricultural land policy regulation. Due to its location in northern China, BTH
experiences relatively poor natural conditions for cultivation, resulting in a great portion of
arable land being utilized by farmers for developing economic crops such as greenhouses.
While these farming practices may align with policies aimed at agricultural development,
in our study, it is identified as abandonment. This may explain the high levels of farm-
land abandonment in terms of both area and proportion in this region. To enhance the
reclamation of grain crops in this region, it is crucial to develop scientific and technological
advancements aimed at improving soil quality, increasing crop yields, and implementing
measures to ensure agricultural production, thereby encouraging more farmers to engage
in grain production. Alternatively, in accordance with national food demand planning, the
region could continue developing economic crops based on land suitability.

While related studies have demonstrated the direct impact of topographical conditions
on farmland abandonment within CC [76,77], our research findings indicate that farmland
abandonment is also influenced by economic urbanization and land urbanization in the
region. CC encompasses Sichuan Province, which is one of the major agricultural provinces
in western China. Farmland in this region is primarily concentrated in eastern basins and
low hills. Farmland affected by changes in elevation and slope conditions serves as the
primary source of abandonment. Existing research on farmland abandonment highlights
CC as a hotspot region for such phenomena in China. However, our research confirms that
farmland abandonment in this area is relatively low compared to the other three UAs, both
in terms of farmland abandonment area and as a proportion of arable land area. Despite
being the largest urban agglomeration in western China, nationally, CC has the greatest
farmland area and the highest proportion of farmland area. The increasing variance in
savings deposits and GDP among counties within CC indicates a widening economic gap,
which is a primary factor exacerbating farmland abandonment. This trend was particularly
pronounced around 2010. Also, the urbanization of CC is currently in a phase of sustained
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growth and optimization, with minimal disparities in the degree of land urbanization across
its various regions. Consequently, the advancement of land urbanization and economic
urbanization will both be significant factors contributing to farmland abandonment in the
region. CC continues to be a city cluster undergoing rapid urbanization and development,
thus, agricultural land policy formulation in the region needs to comprehensively consider
both urbanization and the sustainable development of farmland.

Due to the impact of population urbanization, a large influx of rural laborers to ur-
ban areas attracted by the rapid regional industrial transformation and upgrading has
contributed to farmland abandonment in PRD. The significant disparities in GDP and
population density among different areas in PRD reflect the substantial development dis-
parities within the urban agglomeration. This dynamic results in a considerable number
of rural laborers being affected by the urban–rural income gap, prompting them to aban-
don low-income agricultural work in favor of urban employment, leading to significant
population mobility. Since 2017, the impact of population urbanization has diminished,
which can potentially be attributed to the advancement of the land-leasing market, coupled
with enhancements in urban social insurance systems and increased levels of urban social
integration, thereby leading to a deceleration in population density growth within the
region. Therefore, to alleviate farmland abandonment in PRD, targeted subsidies can be
provided to increase farmers’ income, thereby enhancing their productivity and reducing
rural labor outflow, thus mitigating the trend of farmland abandonment in the region.

Economic urbanization continues to serve as a sustained driving force on farmland
abandonment in YRD. YRD has diverse economic development opportunities, with signifi-
cant increases in residents’ savings balances and regional GDP growth over the past two
decades. YRD is located in central China with favorable natural conditions for agriculture.
The majority of farmland in this UA is suitable for multiple cropping, making it one of
China’s primary grain-producing regions. With a significant expanse of farmland, the
region also faces a notable issue of farmland abandonment, which should be paid increased
attention by the government and relevant administrators. Especially after 2015, the influ-
ence of land urbanization in YRD outweighed that of economic urbanization, as during
this period, land urbanization outpaced population urbanization [57]. The extensive and
inefficient use of construction land resulted in the wastage of a considerable amount of
arable land resources. The population density and regional population density differences
in this UA are not high compared to other UAs, indicating that population urbanization is
not the primary driving factor. YRD can mitigate the trend in farmland abandonment by
promoting the revitalization of rural areas in China, narrowing the urban–rural gap, and
preventing population urbanization effects from economic urbanization.

6. Conclusions

The findings of this study highlight the role of urbanization in accelerating farmland
abandonment, particularly evident in the increasing fragmentation and aggregation of
abandoned farmland patches within the four studied UAs over the past two decades.
Notably, YRD experienced a greater increase in abandoned farmland compared to the other
UAs, indicating a significant extent of farmland abandonment requiring attention. The
overall degree of abandoned farmland also exhibited a consistent increase from 2002 to
2017, with each UA reaching a peak degree after 2010. Moreover, the farmland abandon-
ment patches demonstrated a trend of becoming fragmentized and clustered in space in
the four UAs over the study period, characterized by smaller sizes and increasing values of
NP, PD, and LSI in the four UAs. Further analysis identified abandonment experience as
the primary driver of continuous farmland abandonment within the studied UAs across
the past two decades, emphasizing the importance of addressing abandoned farmland
in land management policies. Additionally, the study revealed diverse driving factors in
the politically dominated BTH, resource-dominated CC, population-dominated PRD, and
economically dominated YRD at different urbanization stages. Despite BTH having the
largest area and the highest proportion of farmland abandonment relative to total arable
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land, urbanization development did not significantly influence farmland abandonment in
this UA. In contrast, economic urbanization and land urbanization were the predominant
drivers of farmland abandonment in CC, while population urbanization mainly impacted
farmland abandonment in PRD. In the YRD region, the driving factors of farmland aban-
donment varied with different stages of urbanization development, transitioning from
economic urbanization before 2015 to land urbanization after 2015. Despite the range
of its findings, the study has some limitations. First, the spatial resolution of farmland
abandonment maps was 250 m, which might not adequately capture the effects of varying
agriculture patch sizes. Developing methodologies to produce higher-resolution farmland
abandonment datasets would be beneficial for more precise analyses. Additionally, slight
discrepancies arising from variations in data sources and temporal gaps between years
could introduce errors in the driving factor analysis. Due to constraints in accessing statisti-
cal and land use data, certain changes and indicators may have been ignored. Moreover,
this research solely examined the indirect impacts of land policies, such as GDP, population,
and industrial development. Further investigations need to be conducted for accurate
assessments of policy impacts. The research findings provide data support and scientific
explanation for the formulation of land policies and sustainable development strategies in
urban agglomerations under different development strategies.
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Appendix A

Table A1. Detection indicators used in this study.

Variables Abbr. Description Calculate or Access

Dependent variable Yi
The proportion of abandoned farmland

area to arable land area in year i

Yi = AFA/Nc_area in year i
(AFA refers to abandoned farmland

area,
Nc_area refers to arable land area)

Independent variables

Abandonment experience

Ae_ f a
The average proportion of abandoned
farmland area to arable land area in the

past few years
\

Population urbanization

Pu_pop Total population Calculate with LandScan in year i

Pu_pd Population density
Pu_pd = Pu_pop/AUA in year i
(AUA refers to the total area of

county)
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Table A1. Cont.

Variables Abbr. Description Calculate or Access

Pu_crpd Changing rate of population density Pu_crpd = [Pu_pd in i − Pu_pd in h]
Pu_pd in h

Pu_re Rural employment Obtained from the Statistical
Yearbook in year i

Pu_crre Changing rate of rural employment Pu_crre = [Pu_re in i − Pu_re in h]
Pu_re in h

Pu_ep Employment in primary industry

Pu_ep = pu_r − pu_st in year i
(pu_r refers to registered

population in Statistical Yearbook,
pu_st refers to people employed in
the secondary and tertiary industry

in Statistical Yearbook)

Pu_crep Changing rate of employment in
primary industry Pu_crep = [Pu_ep in i−Pu_ep in h]

Pu_ep in h

Economic urbanization

Eu_GDP GDP Obtained from the Statistical
Yearbook in year i

Eu_pGDP Per capita GDP Eu_pGDP = Eu_GDP/Pu_pop in
year i

Eu_sd Savings deposits of residents Obtained from the Statistical
Yearbook

Eu_psd Per capita saving deposits of residents Eu_psd = Eu_sd/Pu_pop in year i

Eu_p Increase in value of primary industry Obtained from the Statistical
Yearbook in year i

Eu_sp
The ratio of secondary industry

increase value to primary industry
increase value

Eu_sp = eu_s/Eu_p in year i
(eu_s refers to increase value of the

secondary industry in Statistical
Yearbook)

Land urbanization

Lu_ua Area of urban land Calculate with CNLUCC in year i

Lu_pua The proportion of urban area in total
area Lu_pua = Lu_ua/AUA in year i

Lu_crpua Changing rate of urban area proportion Lu_crpua = [Lu_pua in i−Lu_pua in h]
Lu_pua in h

Natural topographic conditions

Nc_ae Average elevation

Calculate with DEMsNc_re Range of elevation

Nc_as Average slope

Natural climate conditions

Nc_ap Average annual precipitation in past
years Calculate with monthly

temperature and precipitation
datasetNc_at Average annual temperature in past

years

Patch characteristics of arable land

Nc_area Area of arable land Calculate with CNLUCC in year i
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Table A1. Cont.

Variables Abbr. Description Calculate or Access

Nc_pa Proportion of arable land area in total
area Nc_pa = Nc_area/AUA in year i

Nc_np Number of arable land patches

Calculate with CNLUCC in year i

Nc_pd Patch density of arable land patches

Nc_lsi Landscape shape index of arable land
patches

Nc_ai Aggregation index of arable land
patches

Note: When i = 2005, 2010, 2015, 2017, h = 2002, 2005, 2010, 2015, respectively.

Table A2. Interaction detection mode in Geodetector.

Criterion Interaction

q(X1 ∩ X2) > q(X1) + q(X2) Nonlinear enhancement
q(X1 ∩ X2) = q(X1) + q(X2) Mutual independence

q(X1 ∩ X2) > Max(q(X1), q(X2)) Bilinear enhancement
Min(q(X1), q(X2)) < q(X1 ∩ X2) <

Max(q(X1), q(X2))
Single-factor nonlinear weakening

q(X1 ∩ X2) < Min(q(X1), q(X2)) Nonlinear weakening

Appendix B Interactive Detection Results of Farmland Abandonment

Across the past 20 years, the experience of farmland abandonment, urbanization
processes, and the combined influence of natural conditions have mainly led to a gradually
intensifying trend in farmland abandonment in the four studied UAs (Figure A1).

The interaction between farmland abandonment experience and natural conditions in
BTH intensified the phenomenon of farmland abandonment from 2002 to 2005 and 2010 to
2015, while it contributed to a partial alleviation of farmland abandonment occurrences
from 2005 to 2010 and 2015 to 2017. The interaction between farmland abandonment
experience and economic urbanization and the interaction between farmland abandonment
experience and land urbanization, respectively, promoted the aggravation of farmland
abandonment in CC from 2002 to 2010 and 2010 to 2015. Fortunately, the interaction of
farmland abandonment experience and economic urbanization gave relief from farmland
abandonment after 2015.

In PRD, the interaction between farmland abandonment experience and natural con-
ditions aggravated farmland abandonment from 2002 to 2005, and, from 2005 to 2015,
the interaction between farmland abandonment experience and population urbanization
greatly promoted the continuance of abandonment. The single factor of farmland abandon-
ment experience promoted the intensification of farmland abandonment from 2015 to 2017.
The interaction between farmland abandonment experience and economic urbanization
accelerated the occurrence of farmland abandonment in YRD before 2015. However, the
interaction of farmland abandonment experience and natural conditions slowed down the
occurrence of abandonment from 2015 to 2017.
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Figure A1. Interaction detection results of drivers of farmland abandonment in the four studied
UAs from 2002 to 2017. ((a,e,i,m) depict the interactive detection results of dominant driving
factors of BTH during 2002–2005, 2005–2010, 2010–2015, 2015–2017, respectively. (b,f,j,n) illustrate
the interactive detection results of dominant driving factors of CC during 2002–2005, 2005–2010,
2010–2015, 2015–2017, respectively. (c,g,k) show the interactive detection results of dominant driving
factors of PRD during2002–2005, 2005–2010, 2010–2015, 2015–2017, respectively. (d,h,l,o) exhibit
the interactive detection results of dominant driving factors of YRD during 2002–2005, 2005–2010,
2010–2015, 2015–2017, respectively).
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