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Abstract: In the past two decades, the Ministry of Agriculture and Rural Affairs of China (MARA)
has issued a series of strict cultivated land protection policies to prevent the spread of farmland
abandonment and maintain a dynamic balance between the quantity and quality of arable land.
However, high-speed economic development, strict arable land protection policies, and ecological
security and sustainable development strategies interacting with human activities have brought
challenges to quantifying the effectiveness of arable land protection policies. In this study, we
proposed a method to quantify the impacts of the arable land protection policies and evaluate
the quantitative impacts on farmland abandonment in Guangdong Province after 2014 from the
perspective of landscape ecology. The results illustrated that the landscape fragmentation of farmland
abandonment in Guangdong Province decreased after the new arable land policies were issued. More
annual farmland abandonment (AFA) shifted to seasonal farmland abandonment (SFA), revealing the
considerable pronounced effects of farmland abandonment management. The new policies effectively
restrained the area increase for AFA in the regions with lower rural population (RPOP) and lower
gross domestic product (GDP), and reduced the fragmentation of AFA in the regions with the highest
RPOP and lower GDP. Additionally, the new policies effectively restrained the fragmentation increase
for SFA in the regions with lower RPOP and lower GDP, and reduced the area increase for SFA in the
regions with the highest RPOP and lower GDP. The management effect was not that significant in the
regions with higher RPOP and higher GDP. These findings will provide important data references for
arable land decision making in southern China.

Keywords: landscape pattern; farmland abandonment; arable land protection policy; CLUMondo model

1. Introduction

Farmland abandonment refers to an agricultural phenomenon that occurs when the
rural labour force moves to urban areas due to urbanization and industrialization. Farmers
stopped or reduced their farming activities for economic, social, natural, and political
reasons [1–4]. The urbanization process is accelerating in China, with an urbanization rate
of 17.92% in 1978, 53.73% in 2014, and 63.89% in 2020 [5]. Along with the expansion of
urbanization, farmland abandonment management has become a serious issue impacting
land use policies [6–8]. Guangdong Province is located in the Guangdong–Hong Kong–
Macao Greater Bay Area, and its limited arable land resources with a high urbanization
expansion rate leads to a high risk of farmland abandonment in Guangdong Province [9,10].
Concurrently, rapid economic development brings considerable employment opportunities,
a high cost of farming, and relatively low income from farming. All these factors encourage
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rural labourers to voluntarily move to nonfarm industries, eventually intensifying the risk
of farmland abandonment [11,12]. Farmland abandonment leads to the waste of arable
land resources, a decline in agricultural production capacity, and negative impacts on food
security and ecological sustainability [13–15]. In the context of economic development
in China, the dominance of agricultural land in China has decreased. The impact of
human activities on the landscape pattern of cultivated land is becoming increasingly
complex [16–18]. The spatial heterogeneity of farmland landscape patterns is a result
of the interaction between human activities and farmland ecosystems. It reflects the
farmland landscape function and farmland ecological process, which are essential to the
sustainable development of agriculture [19–21]. The landscape pattern and evolution of
farmland abandonment can help us scientifically understand the mechanism of farmland
abandonment and can benefit agricultural land use policies.

There have been a series of arable land protection policies issued by the Chinese
government to prevent farmland abandonment [22,23]. These momentous policies include
the following. (1) The permanent basic farmland policy is the concept of permanent basic
farmland that was introduced by the MARA in 2008. Permanent basic farmland refers to
basic farmland that cannot be used for other purposes under any circumstances or in any
other way. In 2014, the Ministry of Natural Resources (MNR) and MARA jointly issued the
Notice on Further Improving the Delineation of Permanent Basic Farmland, which high-
lighted the importance and urgency of permanent basic farmland protection [24,25]. (2) The
cultivated land requisition–compensation balance policy is the requisition–compensation
balance that refers to however much farmland is occupied by construction, then farmland
with the equivalent quantity and quality should be allocated by the local government.
This policy was proposed in 1997, and MARA issued the notice on Strengthening Control
and Implementing the Strictest Cultivated Land Protection System in 2014. This policy
proposed increasingly stricter requirements for arable land protection, and it is still being
improved [4,22]. The purpose of this policy is to maintain a dynamic balance between the
quality and quantity of cultivated land, while human activities resulting from urbanization
may lead to the fragmentation of the spatial pattern of cultivated land. (3) The crop rotation
and farmland fallow policy refers to combining land use and cultivation via a planting
method in which different crops or multiple cropping combinations are planted sequentially
in the same field between seasons and years. Farmland fallow refers to intentionally letting
the farmland rest with the intention of improving the soil. MARA issued a related policy
on comprehensively deepening rural reform and accelerating agricultural modernization in
2014. This policy has been implemented on a large scale since 2016 [26,27]. The cultivated
land protection policy guarantees the quantity of cultivated land and pays attention to
quality and ecological sustainability. Quantitative analysis of the efficiency of different
cultivated land policies on farmland abandonment management can provide data support
for land policy making.

Previous researchers have tried to quantitatively analyse the relationship between
cultivated land policy and arable land use changes with empirical statistical methods, sys-
tem dynamics methods, and geographic simulation methods. Some studies have explored
the driving factors and mechanisms of land use change with empirical statistical methods
by modelling the multiple regression between land use types and driving factors [28–30].
These studies paid more attention to natural factors than land policy spatialization; it is
difficult to achieve quantitative impacts with only land policy. System dynamics methods
regard land change and external policy impact as a system, selecting driving factors and
simulating land use change processes by modelling the closed interdependence between
human activities and intrinsic mechanisms [31–33]. These studies employed land use data
as input; it is difficult to quantify the policy impacts. Because the natural condition and
socioeconomic environment affects farmland abandonment as a complex human–land
interaction system, a forward quantitative analysis of the effectiveness of arable land policy
needs to distinguish the policy effects from the natural and socioeconomic factors [2,34,35].
This is the reason why a large number of studies related to farmland abandonment have
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been devoted to the analysis of driving factors and driving mechanisms [2,10,36,37]. In
recent years, geographic simulation methods, such as cellular automata, have typically
been used to simulate future land use changes [38–40]. These methods can simulate the
spatiotemporal land use evolution in different scenarios by learning the spatial pattern from
the land use change transition matrix, which considers external interventions less [41–44].
It is assumed that the land use transfer types will be consistent if there is no new land
policy implemented. The quantitative effectiveness of arable land policy can be evaluated
by comparing the simulated farmland abandonment distribution that is not affected by
formulated arable land policy with the actual farmland abandonment distribution.

Additionally, cloudy weather and humid climatic conditions in Guangdong Province
permit multiple cropping patterns. These circumstances have resulted in various types of
farmland abandonment. Considering the duration of abandonment, the types of farmland
use include SFA, AFA, and continuously cultivated farmland (CCF) [45–47]. To date, there
have been few studies that have focused on the quantitative effectiveness of the arable land
protection policy in a multiple cropping region.

This study proposed a method to evaluate the quantitative impacts of the cultivated
land protection policy after 2014 by comparing the actual distribution of farmland abandon-
ment in 2019, which was affected by the series of strict arable land policies after 2014, and
the simulated distribution of farmland abandonment in 2019, which was assumed to be
continually managed by the land policy before 2014. The research objectives include (1) an
analysis of the spatiotemporal landscape pattern of farmland abandonment in Guangdong
Province from 2010 to 2019; (2) a simulation of the distribution of farmland abandonment
in Guangdong Province in 2019 based on the CLUMondo model; and (3) a quantitative as-
sessment of the effectiveness of arable land policy on farmland abandonment management.

2. Materials and Methods
2.1. Description of the Study Area

Guangdong Province (20◦13′–25◦31′N, 109◦45′–117◦20′E) is located in southern China
and is one of the most economically developed regions in China. During the past five years,
Guangdong Province has had the highest GDP and the largest resident population in the
country [48]. The area of arable land in Guangdong Province is approximately 2.6 million
hectares, and the annual grain production is more than 13 million tons. The per capita
arable land area is approximately 3.3 hectares, which is lower than the national average
of 8.1 hectares per capita. The province can be divided into Northern Guangdong (NG),
Eastern Guangdong (EG), Western Guangdong (WG), and the Pearl River Delta region
(PRDr) according to geographical location and economic development status (Figure 1). NG
has a vast mountainous area and is an important ecological region. EG mainly consists of a
marine economy and is a characteristic urban agglomeration that is liveable and suitable
for business. WG has a national heavy chemical industry base that focuses on the marine
economy and modern agriculture. PRDr is the core area of economic development in
both the province and the nation; it is also the core of the Guangdong–Hong Kong–Macao
Greater Bay Area.

2.2. Data Preprocessing

The farmland abandonment map from 2010 to 2019 with a 500 m resolution was
derived using the approach described in Li et al. [46]. The types of farmland abandonment
were calculated by cropping cycles, which were retrieved from MODIS-EVI time series
data. While identifying the types of farmland abandonment, the maximum number of
cropping cycles in the last five years was considered as the potential cropping cycle without
abandonment. The land use types for farmland abandonment maps here include SFA, AFA,
CCF, and other land. SFA refers to farmland with multiple cropping practices abandoned
in one or more growing seasons, and AFA refers to farmland abandoned for one year. CCF
refers to arable land that has been cultivated for at least two consecutive years. The overall
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accuracy for most annual farmland abandonment maps was above 80% compared with
current land cover products MCD12Q1 [22].
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Figure 1. Five districts in Guangdong Province with a backdrop of the land cover and land use
map in 2015 were derived from the Resource and Environment Science and Data Center (https:
//www.resdc.cn/, accessed on 30 June 2022).

The statistical data used in the study were obtained from the Guangdong Provincial
Statistical Yearbook and the Guangdong Rural Statistical Yearbook (http://stats.gd.gov.
cn/ accessed on 30 June 2022). The DEM data were obtained from the Resource and
Environment Science and Data Center (https://www.resdc.cn/ accessed on 30 June 2022).
The road data and the settlement data were obtained from the National Catalogue Service
for Geographic Information (https://www.webmap.cn/ accessed on 30 June 2022).

2.3. Land Use Transfer Matrix for Farmland Abandonment Calculation

To alleviate the impact from period length on farmland use change, the study took
the year of 2014 as a time node, and selected four years before and after as the time
period in farmland distribution simulation. While farmland distribution simulating, it
is assumed that the land use transfer types during 2015–2019 are consistent with those
during 2010–2014. Based on this assumption, the land use transfer matrices of farmland
abandonment were derived from farmland abandonment maps separately for 2010–2014
and 2015–2019. Here, the land use types in the transfer matrix included AFA, SFA, CCF,
and other land. The formula for calculating the land use transfer matrix for farmland
abandonment was as follows

Sij =


S11 S12
S21 S22

· · · S1n
· · · S2n

· · · · · ·
Sn1 Sn2

· · · · · ·
· · · Snn

 (1)

Here, i and j represent the type of farmland abandonment before and after, respectively.
Sij represents the land area from farmland abandonment type i to farmland abandonment
type j. n represents the number of farmland abandonment types.

https://www.resdc.cn/
https://www.resdc.cn/
http://stats.gd.gov.cn/
http://stats.gd.gov.cn/
https://www.resdc.cn/
https://www.webmap.cn/
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2.4. Future Farmland Abandonment Simulation

The CLUMondo model is a land use simulation model with intuitive spatial benefits,
and it is successfully used for land use change simulation considering land demand, bio-
environmental sustainability, and socioeconomic impact [49–51]. The primary functional
modules of the CLUMondo model include application characteristics, regression analysis,
model parameters, and results and postprocessing.

CLUMondo was modelled and used to simulate the distribution of farmland aban-
donment in 2014 based on the distribution of farmland abandonment in 2010, then to
simulate the distribution of farmland abandonment in 2019 based on the distribution of
farmland abandonment in 2015. In the CLUMondo modelling, we assumed that the driving
mechanism without a new arable land policy from 2010 to 2014 was the same as the driving
mechanism from 2015 to 2019. The simulated distribution of farmland abandonment in
2019 was not affected by the arable land protection policy after 2014. Then, the impacts
of the arable land protection policy after 2014 were quantified by comparing the actual
distribution of farmland abandonment in 2019, which was affected by the series of strict
arable land policies after 2014, and the simulated distribution of farmland abandonment in
2019, which was assumed to be continually managed by the land policy before 2014.

GDP, the population at the year end, the decrease in arable land, the total yield of
grain, DEM, the distance from the abandoned farmland to the nearest roadways, and the
distance from the abandoned farmland to the settlements were defined as the driving
factors for farmland abandonment. The impacts of these driving factors were quantified on
the prefecture-level city scale in Guangdong Province by the regression analysis module
in CLUMondo.

Four land use types were selected in CLUMondo, including SFA, AFA, CCF, and other
land. In the land use service module of CLUMondo, AFA and SFA were defined as the
simulation objects of farmland abandonment, and the conversion unit was defined as pixels.
In the conversion resistance module of CLUMondo, the conversion resistances of the four
land use types were defined as 0.78, 0.85, 0.82, and 0.92 for AFA, SFA, CCF, and other land,
respectively. The range of conversion resistance was [0, 1]. A high conversion resistance
value indicates that the land has a high probability of being maintained in the current land
use status. The direction of cultivated land use conversion is defined in the conversion
matrix module in Table 1.

Table 1. Conversion matrix for land cover types during 2010–2014.

Land Use Types AFA SFA CCF Other Land

AFA 1 1 1 1
SFA 1 1 1 1
CCF 1 1 1 1

Other land 1 1 1 1
1 indicates that this type can be converted to another type, and 0 indicates that this type cannot be converted to
another type. The horizontal axis represents data from 2010, and the vertical axis represents data from 2014.

2.5. Simulation Distribution Evaluation

The area under the curve (AUC), Kappa value, and overall accuracy (OA) were used
to evaluate the simulation results [52,53]. The AUC refers to the confidence level of driving
factors for land use types, and it was calculated in the parameter selection module in
CLUMondo. Kappa was used to evaluate the simulation results, and it was calculated as
Equation (2).

Kappa =
po − pe

1− po

where

pe =
∑n

i=1 ai × bi

n2 (2)
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Here, po represents the proportion of correctly classified samples in total samples; pe
represents the hypothetical probability of change agreement; n represents the total number
of samples; and ai represents the observation number of land use type i; bi represents the
number of predictions as land use types i.

The OA was calculated as Equation (3).

OA =
∑n

1 Nihit

∑n
1 Ni

(3)

Here, Nihit presents the number of correctly classified samples for land use type i; Ni
presents the number of total samples for land use type i; n refers to the number of land
use types.

2.6. Landscape Indices of Farmland Abandonment Calculation

Some researchers related to landscape ecology have regarded landscape indices as
two types. They are landscape unit characteristic indices and landscape heterogeneity
indices [54,55]. Among these landscape indices, the number of patches (NP) and mean patch
size (MPS) were selected to describe the landscape unit characteristic, while aggregation
index (AI) was selected to present the landscape heterogeneity [56–59] (Table 2). NP reflects
the effect of the disturbance of human activities on nature and directly represents the
fragmentation of abandoned farmland. A greater NP value indicates a more fragmented
farmland abandonment landscape pattern with more human activities interfering with
farmland. MPS refers to the average area of abandoned farmland. A smaller MPS value
refers to a smaller patch size of abandoned farmland and indicates the fragmentation of
abandoned farmland. AI reflects the connectivity and aggregation of abandoned farmland.
The range of AI is [0, 100], and a greater AI value indicates a compact spatial distribution
of abandoned farmland.

Table 2. Formulas for landscape indices of farmland abandonment.

Indicators Formulas Definition of Variables

Number of patches
(NP) NP = N N refers to the number of abandoned farmland patches.

Mean patch size
(MPS) MPS = A

N
A refers to the area of abandoned farmland patches; N refers to the number of

abandoned farmland patches.

Aggregation index
(AI)

AI =

100×
[

N
∑

i=1

(
gii

max→gii

)
pi

] gi refers to the number of like adjacencies between pixels of farmland
abandonment patch type i based on single-count method; max → gii refers to

the maximum number of like adjacencies between pixels of farmland
abandonment patch type I based on the single-count method; pi refers to the
proportion of landscape comprised of farmland abandonment of patch type i.

The landscape indices of abandoned farmland in NG, EG, WG, and PRDr from 2010
to 2019 were calculated, and their trends from 2010 to 2014 and from 2015 to 2019 were
tested by the Mann–Kendall test. The Mann–Kendall test (MK test) is widely used in trend
analysis in hydrology, climate, and other related areas [60–62]. The confidence level for the
trend of abandoned farmland landscape indices in the MK test was set at 0.05.

2.7. Quantitative Analysis of the Impact of the Arable Land Protection Policy

The impacts of the arable land protection policy after 2014 were quantified by compar-
ing the actual distribution of farmland abandonment in 2019, which was affected by the
series of strict arable land policies after 2014, and the simulated distribution of farmland
abandonment in 2019, which was assumed to be continually managed by the arable land
protection policy before 2014.

Furthermore, ∆Area, ∆NP, ∆MPS, and ∆AI were calculated by subtracting the indices
from simulated farmland abandonment in 2019 from the indices for actual farmland aban-
donment. All index difference data were taken as absolute values and normalized to [–1, 1],
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while GDP and RPOP were normalized to [0, 1]. An ∆Area less than 0 indicates that the
new arable land policy restrains the increase in farmland abandonment. An ∆NP less than
0, ∆MPS greater than 0, and ∆AI greater than 0 all indicate that the new arable land policy
restrains the fragmentation increase in farmland abandonment.

3. Results
3.1. The Spatiotemporal Patterns of Farmland Abandonment in Guangdong Province

The NP of farmland abandonment in Guangdong Province increased during 2010–
2019, and the increase during 2015–2019 was lower than that during 2010–2014 (Figure 2a).
The NP during 2010–2014 increased significantly, with an increase of 27.59%, while the
NP during 2015–2019 increased nonsignificantly, with an increase of 9.46% (Table 3). The
pattern change in NP varied in the four regions. During 2010–2014, EG had the greatest
variance in NP, with an increase of 120.72%. During 2015–2019, PRDr had the greatest
variance in NP, with a nonsignificant increase of 23.64%. For most of the period from
2010–2019, the NP in NG was higher than that in the other three regions.
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Table 3. Changing rates of landscape indices in different regions during 2010–2014 and 2015–2019.

Landscape
Indicator Region

2010–2014 2015–2019

Regression Function * R2 Significance
T/F Regression Function * R2 Significance

T/F

NP

NG y = 27.90x − 53,565.80 0.01 F y = 55.10x + 113,291.20 0.18 F
EG y = 91.00x − 182,664.40 0.87 T y = −16.20x + 32,963.00 0.35 F
WG y = 11.30x − 21,655.00 0.01 F y = −12.40x + 26,169.00 0.01 F

PRDr y = 34.80x − 67,884.40 0.07 F y = 126.90x − 253,179.80 0.77 F
GD y = 376.60x − 751,679.00 0.92 T y = 138.40x − 272,707.80 0.52 F

MPS

NG y = −2.92x + 5944.30 0.09 F y = 5.68x − 11,346.45 0.81 F
EG y = −51.50x + 103,786.17 0.93 F y = 0.27x − 364.55 0.03 F
WG y = −2.57x + 5286.60 0.02 F y = −5.74x + 11,666.06 0.23 F

PRDr y = −0.62x + 1287.89 0.01 F y = −1.191x + 2468.78 0.16 F
GD y = −5.67x + 11,488.11 0.77 F y = −1.23x + 2562.52 0.19 F

AI

NG y = −1.05x + 2185.10 0.31 F y = 0.97x − 1866.86 0.81 F
EG y = −1.90x + 3895.57 0.69 F y = 0.14x − 194.02 0.03 F
WG y = −0.26x + 602.98 0.01 F y = −1.52x + 3144.95 0.23 F

PRDr y = −4.03x + 8167.79 0.95 T y = −1.21x + 2468.68 0.16 F
GD y = −0.84x + 1766.73 0.90 F y = 3.17x − 6285.89 0.19 F

* The regression function here is linear least squares regression.

MPS decreased in Guangdong Province during 2010–2019 (Figure 2b), indicating that
the average plot size of abandoned farmland decreased, and the decline during 2015–2019
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was lower than that during 2010–2014 (Table 3). During 2010–2014, the variance in MPS
was greatest in the EG, with a nonsignificant decline of 72.35%, while the variance in MPS
was greatest in the NG, with a nonsignificant increase of 33.43% during 2015–2019. For
most of the period from 2010–2019, PRDr had a lower MPS than the other three regions.

From 2010 to 2019, the AI in Guangdong Province showed a declining trend before
2014 and a rising trend after 2014 (Figure 2c), indicating that the abandoned farmland in
Guangdong Province became more fragmented before 2014 and improved after 2014. AI
decreased nonsignificantly with a decrease of 3.88% during 2010–2014, and it increased
nonsignificantly with an increase of 0.05% during 2015–2019 (Table 3). Among these four
regions, the aggregation of abandoned farmland in the PRDr was most affected by human
activities. PRDr presented the greatest variance in AI, with a significant decrease of 21.04%
during 2010–2014 and a nonsignificant decrease of 6.30% during 2015–2019. For most of
the period from 2010–2019, PRDr had a lower AI than the other three regions.

3.2. Changes in Different Farmland Abandonment Types

The transfer matrix of abandoned farmland suggests intensive human activities oc-
curred on the different types of farmland abandonment that had been converted (Table 4).
The decline in farmland abandonment and most of the AFA shifting to SFA reflect that
farmland abandonment was being managed during 2010–2014, as SFA clearly increased.
The total area of abandoned farmland decreased by 2.17%. The area of AFA decreased
by 11.46%. with 8.74% changed to SFA and 2.89% changed to other lands. The SFA area
increased by 25.84%, with 26.39% from AFA. The CCF decreased by 16.70%, with 4.59%
changing to AFA and 12.17% changing to other land.

Table 4. The land use transfer matrix of different farmland abandonment types during 2010–2014
and 2015–2019.

Type AFA (kha) SFA (kha) CCF (kha) Other Land (kha) Total (kha)

2010–2014

AFA 1394.17 796.03 6.61 1227.75 3424.57
SFA 496.58 245.08 2.60 390.56 1134.82
CCF 12.66 2.53 63.41 53.23 131.84

Other land 1128.84 384.44 37.19 10,078.20 11,628.67
Total 3032.25 1428.08 109.82 11,749.74 16,319.89

2015–2019

AFA 712.25 740.08 4.24 947.50 2404.07
SFA 400.03 375.20 1.92 438.37 1215.53
CCF 12.99 5.35 42.00 44.95 105.29

Other land 703.59 491.98 32.67 11,366.75 12,595.00
Total 1828.87 1612.61 80.83 12,797.58 16,319.89

During 2015–2019, the declining trend of farmland abandonment and the shifts be-
tween farmland abandonment types were similar to those during 2010–2014, and a higher
reduction in AFA revealed more pronounced effects of farmland abandonment governance.
The total area of abandoned farmland decreased by 4.92%. The area of AFA decreased by
23.93%, with 14.14% changing to SFA and 10.15% changing to other land. The SFA area
increased by 32.67%, with 27.98% from AFA, 0.28% from CCF, and 4.41% from other land.
CCF decreased with a proportion of 23.23%, with 8.31% changed to AFA, 2.26% changed to
SFA, and 11.66% changed to other land.

3.3. Validation Results

The spatial distribution of farmland abandonment in Guangdong Province in 2014
simulated by the CLUMondo model was validated by the farmland abandonment map
produced from MODIS time series data (Figure 3). The AUCs of AFA, SFA, and CCF in the
CLUMondo model were 0.72, 0.69, and 0.80, respectively.
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Figure 3. Farmland abandonment map (a) and the simulated distribution of farmland abandonment
with CLUMondo (b) in Guangdong Province in 2014.

The OAs for NG, WG, EG, and PRDr were 0.90, 0.89, 0.87, and 0.86, respectively
(Figure 4). The OA in Guangdong Province was 0.89, and the kappa for Guangdong
Province was 0.79. The study selected samples in Guangdong Province with the proportion
of 25%, 50%, and 75%. For sample selecting for each proportion, random sampling method
was repeated ten times. The mean kappa values of ten times were 0.795, 0.796, and 0.795,
with all the range around 0.001, for the proportions 25%, 50%, and 75%, respectively.

Remote Sens. 2022, 14, 4991 27 of 33 
 

 

0.795, 0.796, and 0.795, with all the range around 0.001, for the proportions 25%, 50%, 
and 75%, respectively. 

 
Figure 4. The OA and Kappa for model validation. 

3.4. The Impact of Land Use Policies on Farmland Abandonment Management 
The validated model was used to simulate the spatial distribution of farmland 

abandonment in Guangdong Province in 2019 (Figure 5). The results reflect that the area 
of AFA decreased, and the area of SFA and CCF increased after the new arable land 
protection policy was issued. The variance for each farmland abandonment type was 
13.61%, 17.07%, and 15.76%, respectively. The area of AFA declined greatly with 81.86% 
in NG and increased with 86.69% in WG. The area of SFA increased by 62.53% and 
decreased by 3.50% in WG. The area of CCF increased in PRDr by 28.04% and decreased 
slightly by 5.51% in NG. 

 
Figure 5. Farmland abandonment map (a) and the simulated distribution of farmland 
abandonment with CLUMondo (b) in Guangdong Province in 2019. 

After the new arable land protection policy was issued, the fragmentation of 
abandoned farmland generally increased. The results show that, since the occupation 
policy was implemented, the landscape of AFA has been fragmenting, but the landscape 
of SFA and CCF has been compacting. The NP, AI, and MPS for AFA changed by 
19.58%, −27.75%, and −9.30%, respectively; those for SFA changed by 3.99%, 11.33%, and 
7.53%, respectively; and those for CCF changed by −1.65%, 19.04%, and 7.05%, 

Figure 4. The OA and Kappa for model validation.

3.4. The Impact of Land Use Policies on Farmland Abandonment Management

The validated model was used to simulate the spatial distribution of farmland aban-
donment in Guangdong Province in 2019 (Figure 5). The results reflect that the area of AFA
decreased, and the area of SFA and CCF increased after the new arable land protection pol-
icy was issued. The variance for each farmland abandonment type was 13.61%, 17.07%, and
15.76%, respectively. The area of AFA declined greatly with 81.86% in NG and increased
with 86.69% in WG. The area of SFA increased by 62.53% and decreased by 3.50% in WG.
The area of CCF increased in PRDr by 28.04% and decreased slightly by 5.51% in NG.



Remote Sens. 2022, 14, 4991 10 of 16

Remote Sens. 2022, 14, 4991 27 of 33 
 

 

0.795, 0.796, and 0.795, with all the range around 0.001, for the proportions 25%, 50%, 
and 75%, respectively. 

 
Figure 4. The OA and Kappa for model validation. 

3.4. The Impact of Land Use Policies on Farmland Abandonment Management 
The validated model was used to simulate the spatial distribution of farmland 

abandonment in Guangdong Province in 2019 (Figure 5). The results reflect that the area 
of AFA decreased, and the area of SFA and CCF increased after the new arable land 
protection policy was issued. The variance for each farmland abandonment type was 
13.61%, 17.07%, and 15.76%, respectively. The area of AFA declined greatly with 81.86% 
in NG and increased with 86.69% in WG. The area of SFA increased by 62.53% and 
decreased by 3.50% in WG. The area of CCF increased in PRDr by 28.04% and decreased 
slightly by 5.51% in NG. 

 
Figure 5. Farmland abandonment map (a) and the simulated distribution of farmland 
abandonment with CLUMondo (b) in Guangdong Province in 2019. 

After the new arable land protection policy was issued, the fragmentation of 
abandoned farmland generally increased. The results show that, since the occupation 
policy was implemented, the landscape of AFA has been fragmenting, but the landscape 
of SFA and CCF has been compacting. The NP, AI, and MPS for AFA changed by 
19.58%, −27.75%, and −9.30%, respectively; those for SFA changed by 3.99%, 11.33%, and 
7.53%, respectively; and those for CCF changed by −1.65%, 19.04%, and 7.05%, 

Figure 5. Farmland abandonment map (a) and the simulated distribution of farmland abandonment
with CLUMondo (b) in Guangdong Province in 2019.

After the new arable land protection policy was issued, the fragmentation of aban-
doned farmland generally increased. The results show that, since the occupation policy was
implemented, the landscape of AFA has been fragmenting, but the landscape of SFA and
CCF has been compacting. The NP, AI, and MPS for AFA changed by 19.58%,−27.75%, and
−9.30%, respectively; those for SFA changed by 3.99%, 11.33%, and 7.53%, respectively; and
those for CCF changed by −1.65%, 19.04%, and 7.05%, respectively. The landscape of AFA
east of Guangdong greatly increased AFA fragmentation, while eastern Guangdong and
the Pearl River Delta experienced reduced SFA and CCF fragmentation. The fragmentation
of AFA in EG increased visibly, and the fragmentation of SFA and CCF in EG and PRDr
decreased slightly.

3.5. The Impact of Arable Land Policies on Prefectures with Different Urbanization Levels

The impacts of arable land policies and the different urbanization levels at the prefec-
ture level are presented in Figure 6. The results revealed that the new policy effectively
restrained the area increase for AFA but failed to adequately restrain the fragmentation
increase for AFA in the regions with lower RPOP and lower GDP, such as NG. In the
regions with the highest RPOP and lower GDP, such as WG, the new policy reduced the
fragmentation of AFA but failed to restrain the area increase in AFA. The management
effect of the new arable land policy was not that significant for AFA in the regions with
higher RPOP and higher GDP, such as PRDr.
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The impact of arable land policies on the area and landscape fragmentation of SFA
differs from that on the area and landscape fragmentation of AFA. In the regions with
lower RPOP and lower GDP, such as NG and EG, the new policy effectively restrained
the fragmentation increase for SFA but failed to adequately restrain its area increase. In
the regions with the highest RPOP and lower GDP, such as WG, the new policy reduced
the area increase for SFA but failed to restrain the area increase of SFA. The management
effect of the new arable land policy was also not that significant for SFA in the regions with
higher RPOP and higher GDP, such as PRDr.

4. Discussion
4.1. The Contributions and Limitations

Relying on the ability of the geographic simulation model to simulate land use change,
the study proposed a method to quantify the effectiveness of land policy. Compared with
the previous statistical analysis method [36,63,64], the results from this method have more
delicate spatial characteristics, which can help to provide multiple scale analysis for policy
effectiveness assessment in the future. The landscape perspective and the quantitative
results for Guangdong Province can also provide a reference for land policy making in
similar urban agglomeration areas.

Some limitations need to be improved in future research. The farmland abandonment
dataset used in this study was derived from an approach described in Li et al., 2022. This
dataset provided the different types of farmland abandonment, which can help explain the
farmland status in detail. This dataset brought in uncertainty of the simulated farmland
abandonment maps because of its 500 m spatial resolution. A higher resolution distribution
or virogram of farmland locally should be considered to remove the error from mixed
pixels [45,65]. In addition, seven factors related to economic, demographic, and agricultural
production were selected as the main factors in this study because of the input limitation in
the CLUMondo model. Although topography, population, and transportation accessibility
have been proved to be essential factors in causing farmland abandonment [36,63,66],
natural climate factors such as annual average precipitation and annual temperature could
be considered in future research to comprehensively illustrate the driving mechanism of
farmland abandonment. Additionally, the accuracy of the geographic simulation model
is of great importance to land policy assessment. In this study, the effectiveness of land
policies in PRDr is weaker than other regions, while the simulation accuracy in PRDr is
lower than other regions. It is necessary to improve the ability and accuracy for simulating
farmland abandonment in fragmented plots. Finally, more landscape indices deserve
further discussion to quantitatively assess different management objectives of different
land policies.

4.2. The Effectiveness of Arable Land Policy under Rapid Urbanization

Although urbanization is an inevitable trend in global development, strict land protec-
tion policies proved to have a positive impact on preventing farmland abandonment in
this study. Keenleyside and Tucker concluded that the reason for farmland abandonment
in European countries is urbanization and industrialization [67]. The rapid development
of the second and tertiary industries has provided considerable employment opportuni-
ties. Many researches agreed that developed countries are the main areas where farmland
abandonment has occurred. Li and Li pointed out that farmland abandonment in China
was also influenced comparatively by the land policy, as well as urbanization [2]. During
2010–2014, Guangdong Province was in a stage of rapid urbanization, while the planning
of cultivated land protection policies was in the developmental stage. This situation led to
farmland abandonment in the process of expansion, even though the Land Reclamation
Regulations were issued. Urbanization was the dominant factor leading to the fragmented
landscape pattern of abandoned farmland during that period.

Since 2014, the strategy of China’s urbanization development has been to pay attention
to the sustainability of the ecological environment while focusing on urban economic
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development. Currently, the focus of the arable land protection policy formulation is
to improve the land policy by comprehensively evaluating the early land policy and its
implementation effect and giving more attention to improving the quality of arable land and
the ecological landscape, which has a strong influence and binding force on the protection
of arable land. For example, during the implementation of the cultivated land occupation–
compensation balance policy, comparing the productivity of the occupied arable land
with the compensated arable land is required. In this way, arable land protection during
urbanization not only considers the area of arable land but also considers the quality and
ecological effect of arable land. The positive effect of a strong farmland protection policy is
an important reason for slowing down the fragmentation trend of abandoned farmland.

4.3. The Influence of Agricultural Labour Forces on Farmland Abandonment

The quantity and landscape changes in farmland abandonment in Guangdong Province
from 2010 to 2019 were also closely related to the proportion of available jobs. With the
increase in total available jobs, agricultural labourers transferred to industry and service
jobs [68]. These opportunities provide convincing reasons for farmers to abandon their
farms, which directly results in abandoned farmland [10]. During 2010–2014, the pro-
portion of the labour opportunities in Guangdong Province increased (Figure 7). This
intensified economic urbanization and became a possible reason for the increase in farm-
land abandonment during that period. During 2015–2019, the proportion of the total labour
in Guangdong Province declined, and economic urbanization slowed down. These factors
may have led to a decline in farmland abandonment.
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Furthermore, this study reflects that even strict land policies cannot restrain the
increase in abandoned farmland area in regions with higher populations and lower GDP,
although they can restrain the fragmentation of AFA. Strict land policies can better restrain
the expansion of AFA by increasing cropping cycles at least one time in regions with lower
RPOP and lower GDP, that is, AFA changed to SFA. Thus, the fundamental part of arable
land policy formulation is considering the farmers’ benefits from farming and the economic
development needs of individual farmers.
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Some recent studies have shifted from the regional geographic condition and its
economic mechanism to farmers’ behavioural mechanism [37,47,69,70]. He et al. proposed
a series of policy measures to alleviate farmland abandonment, based on the researched
behavioural mechanism leading to farmland abandonment by different types of farming
households [37]. The simulation model of farmland abandonment distribution combined
with farmers’ behaviour choices is worthy of further exploration.

5. Conclusions

Quantitative evaluation of the implementation effect of land policy is essential to
policy making. To quantify the management effectiveness of new arable land policies, this
study proposed a method to quantify the impacts of the arable land protection policy and
evaluate the quantitative impacts on farmland abandonment in Guangdong Province after
2014 from the perspective of landscape ecology.

The results indicated that the new arable land policy after 2014 was effective for
farmland abandonment management. Although the total farmland abandonment increased
during 2010–2019, the increase after 2014 was lower than that before 2014. The landscape
of farmland abandonment in Guangdong Province became more fragmented before 2014
and improved after 2014. More annual farmland abandonment (AFA) shifted to seasonal
farmland abandonment (SFA) after the new arable land policy was issued. The new policies
succeeded in restraining the area increasing for AFA in the regions with lower RPOP and
lower GDP and reducing the fragmentation of AFA in the regions with highest RPOP and
lower GDP. Additionally, the new policies restrained the fragmentation increase for SFA
in the regions with lower RPOP and lower GDP and reduced the area increase for SFA in
the regions with the highest RPOP and lower GDP. The management effect was not that
significant in the regions with higher RPOP and higher GDP.

Our study provides a solution to quantify land policy management and conducts
an in-depth analysis of changes in the types and landscape patterns of farmland aban-
donment in southern China. These findings will provide important data references for
arable land decision making in areas with multiple cropping habits and a similar process
of urbanization.
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