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Abstract: With the continuous and rapid rise of urbanization in China, land use transition research
has been carried out extensively. Multiple cropping is the content of land use recessive morphology
research, and it is also a common agricultural system in China. Accordingly, further research on
multiple cropping index (MCI) can enrich the land use transition research and help to evaluate
China’s food security. In order to examine the spatiotemporal changes and factors influencing the
MCI of cultivated land in China, we collected MODIS remote sensing image data and land use
classification data and conducted a remote sensing inversion on China’s MCI from 2000, 2005, 2010,
and 2015. The spatial distributions and evolution processes of the MCI were explored through spatial
mapping, statistical analysis, and processing with the Geographic Information System; moreover,
the influencing factors of MCI were explored quantitatively with principal component regression.
The results were as follows: (1) at the provincial scale, the average MCI across Guangdong, Guangxi,
Hainan, Henan, Anhui, and Jiangsu was high; meanwhile, the average MCI across Heilongjiang,
Inner Mongolia, Ningxia, and Qinghai was low. Between 2000 and 2015, the number of provinces
with low MCI increased gradually, and the average MCI decreased greatly in the southern provinces.
(2) At the county scale, the Taihang Mountains, Qinling Mountains, and Hengduan Mountains
formed the boundary of China’s single cropping and multiple cropping indices. Dynamic changes
in China’s MCI were obvious, and the number of counties with MCI change values lower than
0 increased gradually. Last, (3) natural conditions, nonagricultural process, cultivated land quality,
and agricultural intensification demonstrated different degrees of impact on the MCI; in particular,
the influence of nonagricultural industries, pesticides, and agricultural plastic film on the MCI proved
especially important. Future research should strengthen the existing work on related transformations
in farmers’ livelihoods, especially in terms of the return of rural labor force, the body of agricultural
production, agricultural ecological issues, and the balance between increased crop production and
reduced environmental pollution. In addition, agricultural policy design should pay more attention
to cultivated land quality, the farmer who cultivates the land, and the multiple cropping potential of
cultivated land.

Keywords: multiple cropping; cultivated land; land use transition; food security; influencing fac-
tors; China

1. Introduction

In 2015, the United Nations adopted the 17 Sustainable Development Goals, one of
which is to eradicate hunger by 2030. However, the global demand for food production is
continuing to rise due to population growth, diet changes, and increasing biofuel use [1].
Given the projected demand of our current course, global crop production must double
by 2050 [2,3]; however, this is unlikely to happen, because climate change threatens farm
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yields [4,5]. Indeed, several studies have shown that global grain production faces slow
growth, stagnancy, or decline [3,6,7]. More specifically, four key global crops—maize,
rice, wheat, and soybeans—demonstrate insufficient yield trends for doubling the global
crop production by 2050 [4]. We need to ensure that the world’s agricultural systems can
produce enough food to feed the world’s growing population; however, because our current
agricultural systems are destroying the world’s land, water, biodiversity, and climate, we
must at once make our agriculture systems sustainable land use systems to reduce the
adverse ecological impacts [8,9]. Future increases in food production should come from
intensifying our use of existing land by halting agricultural expansion, improving cropping
efficiency [10,11], closing “yield gaps” on underperforming lands, reducing waste, and
shifting diets [8].

Asia’s population is growing at a rate of 56 million people per year, putting increasing
pressure on food demand and land use [12]. Recent studies suggested that urban expansion
will result in a 1.8–2.4% loss of global croplands by 2030, with about 80% of the loss taking
place in Asia and Africa [13]. China is the most populous country in Asia, with 19% of
the world’s population and only 8% of the world’s croplands; notably, this asymmetry
may affect China’s—and, more broadly, the world’s—food security [14,15]. Between the
1950s and 1990s, China’s urbanization caused the rapid transition of cultivated land use,
many cultivated lands transformed into nonagricultural uses, and rural areas served urban
development [16,17]; accordingly, millions of rural agricultural laborers flowed into cities
and nonagricultural industries. As a result, the proportion of China’s rural population
decreased from 82.08% in 1978 to 42.7% in 2016, and the proportion China’s economy
comprising the agricultural output decreased from 50.5% in the early 1950s to 8.6% in
2016 [18]. On the one hand, China’s loss of its rural population led to the aging and
hollowing of its rural areas [19,20]. On the other hand, it led to the serious abandonment of
cultivated land, the weakened function of agricultural production, and the weakened status
of farmers. For example, two million hectares of agricultural land fall out of production
each year in China [14]. Despite rural depopulation, the land area of rural settlements has
not decreased correspondingly. On the contrary, rural settlement areas nearly tripled from
1967 to 2008, and most of these increased areas occupied agricultural land, exacerbating the
destruction of agricultural land [21]. In addition, China’s agriculture has been characterized
by “small-scale farming”, “traditional farming methods”, and “self-sufficiency” for a
long time; therefore, low agricultural labor productivity has become a key weakness of
agricultural competitiveness and sustainable development in China [22,23]. China already
has the strictest cultivated land protection system, including land use planning; a basic
cultivated land protection system; a land use regulation system; and a balanced system for
the requisition, compensation, and consolidation of cultivated land and land consolidation.
Although these policies have made remarkable achievements, they have not been able to
address the shrinking of the country’s cultivated land area and the deteriorating quality of
regionally cultivated land. Today, the problem of the continuous nonagricultural, nongrain,
and extensive use of cultivated land is worsening in China [16,24].

Some scholars claimed that increasing the farmland multiple cropping index (MCI)
was the simplest method to enhance tillage [25–27]. Here, it is helpful to note that the
cropping index refers to the number of times a crop is planted in a year, and a high MCI is
related to an increase of the sown area, thus boosting food output [28]. Therefore, global
crop production may be enhanced by agricultural intensification through multiple cropping
to expand acreage without increasing the area of cultivated land [1].

Scholars from different countries have researched MCI in different regions of the world
and focused on various aspects of the topic, including the evolution of Brazilian soybean
double-cropping systems [29]; remote sensory monitoring of African cropping systems [30];
the relationship between crop rotation systems, water distribution, the political system, and
the rational behavior of farmers in Egypt [31]; chemical weed control on crop yields in the
Czech Republic [32]; and the effects of crop rotation on agrobiodiversity in Vanuatu [33].
Some scholars found that crop rotation and multiple cropping were used as methods
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to change the physical properties of soil. For example, legumes can enhance the soil in
a multiple crop lands by enhancing its organic carbon, fertility, aggregate stability, and
vegetable yields under semi-arid conditions [34–36]. Meanwhile, scholarships have also
been done to develop the first spatially explicit measure of the cropping intensity gap and,
later, to uncover the differences between the potential and actual cropping intensity gaps;
ultimately, these studies found that Latin America had a tremendous potential to expand
its grain harvest by eliminating the cropping intensity gap, followed by Asia [1].

The multiple cropping system is a common farming practice in Asia, and agricultural
production in Asia mainly emphasizes intensive multiple cropping production of rice and
wheat [37]. Some researchers found that, in agricultural areas in Asia with large-scale
irrigation systems, the land was mainly cultivated under the double-cropping system [38].
The current research on Asia focuses on India, Vietnam, and China. For example, schol-
arship done in India mostly used remote sensing satellite data to obtain crop rotation
maps [39–41]; analyze the area and spatial distribution of multiple cropping crops [42];
and evaluate the efficiency and sustainability of India’s cropping system by the MCI, area
diversity index, and cultivated land utilization index [40]. In Vietnam, a time series of
MODIS data was used to monitor the rice cropping intensity of the Mekong Delta [12].
For instance, based on MODIS time series imagery and field interviews, some studies
explored the relationship between seasonal changes in the river and the temporal–spatial
distribution of cropping systems and rice phenology in the Mekong Delta; they found that
the change of the water environment was closely related to the changes of rice cropping
systems [43,44].

Benefiting from a monsoon climate, China has one of the highest MCI in the world,
with nearly 57% of its land cultivated using multiple cropping [45,46]. On the one hand,
MCI is an important measure for evaluating China’s food security, as its increase is essential
to meet the growing demand for food [47,48]. On the other hand, MCI is an important
evaluation index of land use transition research [49]. MCI researches the changes of
recessive morphologies of land use transition and reflects the land management model
by measuring the intensity level of the cultivated land use [50,51]. Therefore, it is of great
practical significance to research MCI and its influencing factors to support national policy
formulation in China [28,52,53]. In recent years, in order to evaluate the current situation
of China’s multiple cropping system, domestic scholars have actively researched the MCI,
using different geographical scales. On the national scale, scholars have used various
methods to calculate the actual MCI, the potential MCI, multiple cropping efficiency, and
other indicators, such as the econometrics model [54], stochastic frontier analysis [28,47],
Theil index [53], and continuous wavelet transform [55]; moreover, they have analyzed
the spatiotemporal distribution of China’s multiple cropping system and its regional
differences. Xie and Liu discovered that China’s MCI increased year after year from
1998 to 2012 [53]; meanwhile, Qiu et al. found that China’s cropping intensity increased
remarkably from 1982 to 1999 but declined slightly from 2001 to 2013 [55]. On the regional
and provincial scales, the multiple cropping systems in some major agricultural production
areas have been studied. For instance, Peng et al. found that Zhejiang Province’s MCI
decreased from 2001 to 2003 before increasing in 2004 and that the MCI in the southwest
was higher than in the northeast [56]. Additionally, Zhang et al. extracted double-cropping
systems in Northern China by using a Fourier analysis from the time series MODIS data [57].
Li et al. combined the results of field surveys and Landsat data and found that rice cropping
systems in the Poyang Lake region showed an increasing trend from 2004 to 2010 [58], with
an increased rate of about 20.2%. Feng et al. studied the effects of the planting patterns
on the growth, yield, and economic benefits of cotton in a wheat–cotton double-cropping
system versus monoculture cotton [59].

Previous research on the MCI mainly focused on a single scale in China, and it seldom
considered the whole country through a multi-scale perspective. It focused on how to
improve the technology and technical aspects to extract MCI with remote sensing data,
as well as the spatiotemporal distribution characteristics; however, there is insufficient
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research on the regional differences and driving forces. Cultivated land is an important land
type in the research of rural land use transition, and it is closely related to human production
and life. Cultivated land use reflects the evolution of human–environment relationship
in rural areas and also reflects the current situation and problems of China’s agriculture
and rural society. Therefore, it is necessary to have a comprehensive understanding of
the national MCI. Based on the limitations of the previous research, this study sought to
answer the following questions: What are the characteristics of the dynamic evolution
and spatiotemporal distribution of MCI? Where are these characteristics distributed at
the provincial and county scales? What accounts for the differences in the spatiotemporal
distributions?

2. Research Design
2.1. Research Structure

This research assumed “phenomenon–problem–pattern–process–mechanism” as the
main logical structure, and its contents mainly included the research foundation, scien-
tific problems, data processing, spatiotemporal analysis, and influencing factor analysis;
accordingly, the detailed research process for each part was designed as follows (Figure 1).
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Figure 1. Framework for examining the spatiotemporal characteristics and influencing factors of the MCI.

This paper takes the human–land relationship as its core principle and built a research
framework concerning the influencing factors starting from four aspects: natural conditions,
nonagricultural process, cultivated land quality, and agricultural intensive production
(Figure 2).

First, the natural conditions of the agricultural climate conditions, topography, land-
form, and soil have deeply determined the cropping system of traditional agriculture.
Second, the urban–rural transition has dramatically changed the interactions between
urban and rural production; notably, following the acceleration of rural economic devel-
opment, significant changes took place in rural areas—for example, rural labor forces,
industrial structures, and employment structures began to move away from agriculture.
Third, cultivated land quality affects the increase of MCI and is at once affected by human
activities and natural disasters. Human activities include the use of agricultural fertilizers,
pesticides, and agricultural films. Finally, agricultural modernization and the agricultural
production efficiency directly impact intensive agricultural production, thereby changing
the MCI. Agricultural modernization is influenced by factors such as traffic, irrigation,
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the conditions of agricultural machinery, and investment level. As the main body of
agricultural production, farmers’ input and enthusiasm for farming determine the level
of agricultural production efficiency, which is also reflected in per capita cultivated land
area and grain per labor. Moreover, because farmers are rational, economic individuals,
their enthusiasm is directly affected by their agricultural income, which also influences the
MCI. Based on the above analysis and the availability of data, 19 indexes were selected to
investigate the factors impacting the MCI (Table 1).
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Table 1. The influencing factors index of the MCI in China.

Types Indexes Calculation Method and Data Description

Nonagricultural
process

Nonagricultural population x1 Nonagricultural population/Total population
Nonagricultural industry x2 GDP of secondary and tertiary industry/GDP

Urbanization rate x3 China Statistical Yearbook
Per capita GDP x4 China Statistical Yearbook

Cultivated land quality

Density of agricultural fertilizer x5 Agricultural fertilizer/Agricultural acreage
Density of pesticide x6 Pesticide/Agricultural acreage

Density of agricultural plastic film x7 Agricultural plastic film/Agricultural acreage
Natural disaster x8 Natural disaster/Crop sown area

Agricultural
efficiency

Cultivated area per capita x9 Cultivated land area/Rural population
Grain yield per unit area x10 Grain total yield/Cultivated land area

Grain yield per labor force x11 Grain total yield/Agricultural population
Farmers’ net income per capita x12 China Rural Statistical Yearbook

Agricultural
modernization

Irrigation rate x13 Irrigated area of cultivated land/Cultivated
land area

Agricultural machinery per unit area x14 Agricultural machinery/Agricultural land area

Investment conditions x15 Total investment in fixed assets/Administrative
area of land

Natural
conditions

Average annual precipitation x16 Resource and Environment Data Cloud Platform
Average annual temperature x17 Resource and Environment Data Cloud Platform

Soil Texture x18 Resource and Environment Data Cloud Platform
Relief degree of land surface x19 Global Change Data & Discovery

2.2. Methods and Procedures
2.2.1. Extraction Methods of the MCI

The MCI refers to the times of sequential crop planting in the same cultivated land
in one year, reflecting the utility degree of arable land to be used at a certain time. It is
desirable to extract the MCI and its spatial distribution information by remote sensing



Land 2021, 10, 491 6 of 22

image data. In this study, the arable land coverage regions of the MODIS-NDVI remote
sensing image data were extracted from the land use classification data for 2000, 2005, 2010,
and 2015. The extraction methods of the MCI were as follows [56,60].

As shown in Figure 3, a coordinate system was established, with time as an x-
coordinate and normalized difference vegetation index (NDVI) as a y-coordinate, showing
a periodic dynamic of crops in the sowing, germinating, earring, and harvesting stages.
Specifically, Figure 3a shows crops’ performances under the single-cropping system (one-
peak curve). Figure 3b shows crops’ performances under the double-cropping system
(two-peak curve). Figure 3c illustrates crops’ performances under the triple-cropping
system (triple-peak curve). Last, Figure 3d concerns bare land or abandoned land, charac-
terized by insignificant peaks and low NDVI. Hence, the number of NDVI peaks within a
year can be understood as the MCI of the area.
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without dimensionality. (a) Crops’ performances under the single-cropping system (one-peak curve). (b) Crops’ perfor-
mances under the double-cropping system (two-peak curve). (c) Crops’ performances under the triple-cropping system
(triple-peak curve). (d) Crops’ performances under bare land or abandoned land, characterized by insignificant peaks and
low NDVI.

Considering the relationship between the NDVI time series curve and the MCI, it can
be concluded that the calculation of the MCI is equal to the extraction process of the peak
frequency of the NDVI time series. The extraction formula is as follows:

Fi =
Ssumapexi

Ssumpixeli
(1)

where Fi represents the frequency of NDVI time series peaks of the administrative units
providing the MCI. Ssumapexi is the total number of peaks formed within a year on all
pixel values. Ssumpiexli refers to the total number of pixels in the NDVI curves. As for the
frequency of the peaks, it was extracted using the Twi-difference algorithm, for the NDVI
time series of each pixel can be considered as a sequence of the discrete points. Specifically,
the differences of the neighboring NDVI values should be computed with Formula (2) to
conclude S1 (Sequence 1), and the plus or minus would be determined by Formula (3). If
the value is positive, 1 is recorded; alternatively, −1 is recorded to yield S2 (Sequence 2).
Finally, the differences of S2i and S2i + 1 can be calculated using Equation S3 (Sequence 3).

S1i = NDVIi−1 − NDVIi (2)

S2 =

{
1 S1i > 0
−1 S1i < 0

(3)

S3i = S2i − S2i+1 (4)

In all the formulas above, i represents the ith pixels in different sequences. It is
concluded that the peak of crop growth occurred in S3, where the pixel value was −2, and
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the pre and post values were both 0. MODIS-NDVI data from 16 consecutive days in 2000,
2005, 2010, and 2015, temporally and spatially based on the spatial vector data of the land
use type, was analyzed using MATLAB and ArcGIS; the NDVI peaks’ frequency of each
raster cell is shown in Figure 4—the inversion of the MCI was accomplished. Next, the
provincial and county administrative units were used to carry on the statistics related to
the MCI and the MCI means of Chinese counties and provinces were presented using the
ArcGIS10.2 platform to prepare them for the subsequent analysis.
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2.2.2. Principal Component Regression

Pearson first proposed the principal component analysis method [61], which was
popularized and developed by Hotelling [62]. Later, Massy proposed principal component
regression based on the idea of the principal component analysis [63]. The core idea of
principal component regression is to transform multiple independent variables into a
few principal components through dimension reduction to eliminate collinearity among
original independent variables; without changing the original independent variables’
interpretation of the dependent variables, the transformed principal component is used to
replace the original independent variable for the regression analysis.

The years 2000 and 2015 were selected to explore the factors influencing the MCI from
2000 to 2015, and the research sample was taken from 31 provinces of mainland China. Due
to the large number of indicators but small sample sizes, there was severe multicollinearity
among the independent variables; thus, the principal component regression was used to
increase the reliability of the results. The MCI was the dependent variable, and the x1–x19
indicators in Table 1 were the independent variables. To make the indicators comparable,
the deflator index of each province was used to eliminate the interference of the price
factors for the economic indicators, such as per capita GDP, total investment in fixed
assets, and farmers’ net income per capita. The processed data were analyzed by principal
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component regression using SPSS18.0 (https://www.ibm.com/analytics/spss-statistics-
software) (accessed on 21 October 2019).

First, the factor analysis tool of SPSS18.0 was used for the principal component
analysis, and Kaiser–Meyer–Olkin (KMO) and Bartlett’s tests of sphericity were used as
the criteria for the applicability judgment. The results showed that the KMO in 2000 and
2015 were 0.656 and 0.646, and both met the test criteria. Bartlett’s test of sphericity met
the significance level. Hence, the samples selected in this research were suitable for the
principal component analysis, because both conditions met the applicability requirements.
Next, the principal components were determined by the basic principle that the cumulative
variance rate was more than 85% and the eigenvalue was close to 1. As shown in Table 2,
five principal components were confirmed in 2000 and 2015, respectively. The cumulative
variance rate for 2015 was 84.10%, close to 85%, and the eigenvalue of the sixth principal
component differed significantly from 1; therefore, five principal components were retained
in 2015. There was no collinearity between the five new independent variables.

Table 2. Principal component eigenvalues and total variances for 2000 and 2015.

Component

2000 2015

Eigenvalue
% of

Cumulative
Variance

Eigenvalue
% of

Cumulative
Variance

1 7.84 41.25 7.57 39.82
2 5.04 67.78 4.00 60.86
3 1.61 76.26 1.96 71.19
4 1.24 82.81 1.54 79.32
5 0.93 87.69 0.91 84.10

Second, by multiplying the factor score and the square root of the eigenvalue resulting
from the principal component analysis, the principal component score was obtained as
the new independent variable score. Next, the dependent variable—namely, the MCI—
was standardized by the z-score method, and the standardized MCI and five principal
component scores were analyzed by linear regression. The results are shown in Table 3.

Table 3. Principal component regression results in 2000 and 2015.

Type
2000 2015

Unstandardized Coefficients (B) Sig. Unstandardized Coefficients (B) Sig.

(Constant) 0.00 1.00 0.00 1.00
Principal Component 1 0.24 ** 0.00 0.19 ** 0.00
Principal Component 2 −0.24 ** 0.00 −0.34 ** 0.00
Principal Component 3 −0.01 0.92 0.15 ** 0.03
Principal Component 4 −0.14 0.12 0.07 0.37
Principal Component 5 0.12 0.26 0.02 0.85

(Note: ** represents sig. < 0.05).

The results show that Principal Component 1 (F1) and Principal Component 2 (F2)
reached significant levels (sig. < 0.05) in 2000, and Principal Component 1 (F1

′), Prin-
cipal Component 2 (F2

′), and Principal Component 3 (F3
′) reached significant levels

(sig. < 0.05) in 2015. Thus, we put the unstandardized coefficients (B) into the formulas
F2000 = B1F1 + B2F2 and F2015 = B1

′F1
′ + B2

′F2
′ + B3

′F3
′. Next, we divided the component

matrix in tSPSS18.0 (principal component analysis) by the square root of the eigenvalue to
get the eigenvector (ai) of each principal component before replacing ai in the principal
component formula Fk = a1kZ1 + a2kZ2 + . . . + ankZn (Z is the standard matrix of the inde-
pendent variable). Finally, by substituting Fk into formulas F2000 and F2015, the normalized

https://www.ibm.com/analytics/spss-statistics-software
https://www.ibm.com/analytics/spss-statistics-software
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independent variable X and dependent variable Y were reduced to the original data y and
x, and the final regression formulas y2000 and y2015 were obtained.

2.3. Data Sources

First, MODIS-NDVI remote sensing image data and vector data in 2000, 2005, 2010,
and 2015 on the spatiotemporal distributions of the agricultural lands were provided by
the Earth System Scientific Data Sharing Platform, Chinese Academy of Science (data
source of Figure 4). Second, the indexes of the influencing factors included information
on the economic, social, and natural conditions. The economic and social data, such as
population, gross domestic product, cultivated land area, and grain output, were derived
from the China Statistical Yearbooks (2001 and 2016), China Rural Statistical Yearbooks
(2001 and 2016), China Population & Employment Statistics Yearbooks (2001 and 2015),
and other statistical yearbooks for the provinces (data sources of Table 1 and Figure 5). In
particular, the data for China’s agricultural population and nonagricultural population
were only available until the end of 2014 (China Population & Employment Statistics
Yearbook 2015); therefore, the data for 2015 were replaced by those from the end of 2014.
Data on China’s cultivated land area were obtained from China’s Land and Resources
Bulletin (data source of Table 1 and Figure 5). Third, the natural condition data, such as
soil texture, annual average temperature, and annual average precipitation, were obtained
from the Resource and Environment Data Cloud Platform, Chinese Academy of Science
(data source of Table 1). Data sources for the soil texture include the percentages of sand,
silt, and clay. According to the China soil texture classification (1985) [64], the soil texture
data were divided into three types: clay, loam, and sand. They were marked as 1, 2, and
3, respectively, in the regression analysis. Besides, the relief degree of the land surface
was derived from the research data of You et al. [65], who shared it in the Global Change
Research Data Publishing & Repository (data source of Table 1). Finally, the deflation index
used to process the economic data, the calculation process involved in the GDP, and the
GDP index were taken from the China Statistical Yearbook (data source of Table 1).
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In 2000, 2005, 2010, and 2015, mainland China did not suffer from severe agricultural
disasters; therefore, it is reasonable to choose these four years as representatives to study
the MCI from 2000 to 2015 without much contingency. In addition, due to the limited
availability of the data, this research only studied mainland China and did not involve
Hong Kong, Macao, or Taiwan.
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3. Results
3.1. Cultivated Land Area and Grain Yield

The cultivated land area in China from 2000 to 2008 was reported by the first national
land survey and the cultivated land area from 2009 to 2015 by the second national land
survey. However, the criteria and techniques used in the two surveys were different, and
the values between them could not be simply compared. Therefore, referring to the research
of Chen et al. [66], this paper adjusted the cultivated land area from 2000 to 2008 to the
cultivated land area based on the second survey, as shown in Figure 5.

In general, China’s cultivated land areas showed a downward trend from 2000 to 2015,
from 141.83 million hectares in 2000 to 135.00 million hectares in 2015, with an average
annual decline of 0.46 million hectares. Although China’s cultivated land area had been
declining over the past 15 years, it did not break the “red line of 1.80 billion mu of cultivated
land in China”. The changes in grain yields fluctuated. Overall, the grain yield showed
an upward trend, rising from 462.18 million tons in 2000 to 621.44 million tons in 2015,
with an average annual growth of 10.62 million tons. Notably, the grain yields from 2000
to 2001 and from 2002 to 2003 showed a declining trend, and the grain yield in 2003 was
the lowest in the past 15 years; meanwhile, the grain yields from 2003 to 2015 showed
an upward trend with a relatively fast rate of increase and an average annual increase of
15.90 million tons.

3.2. Spatiotemporal Change of MCI at the Provincial Scale

Figure 6 shows the cultivated land MCI of 31 provinces in China in 2000, 2005, 2010,
and 2015. The research results showed that the MCI varied dramatically in different
provinces. Notably, the MCI was high in the coastal provinces of Southern China. For
example, Guangdong and Guangxi had the highest average MCI (190%) from 2000 to 2015,
followed by Hainan (187%). In 2005 and 2010, the MCI in Guangdong exceeded 200%,
and Fujian, Guangxi, and Jiangxi had more than 200% MCI in 2010; meanwhile, the MCI
of Hainan, Guangxi, Henan, Anhui, and Jiangsu were high and stable above 160% from
2000 to 2015. Most of these areas with high MCI are located in the south of China, which
is characterized by a subtropical monsoon climate and good water and heat conditions
conducive to the multi-cropping of the cultivated land. Moreover, Henan, Jiangsu, and
Guangdong are among China’s major agricultural provinces and, thus, areas where the
development of agriculture is particularly supported. Along these lines, their level of
agricultural modernization is high, which makes their MCI higher and the rate of change
relatively stable. Most the provinces with smaller MCI are located in the northeast and
northwest. From 2000 to 2015, the MCI of the provinces of Heilongjiang, Inner Mongolia,
Ningxia, and Qinghai were lower than 100%, and the number of provinces with MCI lower
than 100% increased year after year, from five provinces in 2000 to 11 provinces in 2015.
The Shaanxi, Shanxi, and Gansu Provinces were newly added to this list in 2015.

This paper divided the 2000–2015 interval into three stages to analyze the changes in
the MCI of the cultivated land (Figure 7). It was concluded that the number of provinces
with a declining MCI increased with time and that the declining range of the MCI increased.
An MCI of 61.29% of the provinces showed an increasing trend from 2000 to 2005; in
Sichuan, Guangdong, and Guangxi, the MCI increased by 50.38%, 25.52%, and 23.59%,
respectively. The most rapid decline was in the economically developed city of Beijing,
which decreased by 30.59%. Generally, an MCI of 51.61% of the provinces showed a trend
of growth from 2005 to 2010. Meanwhile, compared with the previous stage, the number of
provinces with a declining MCI increased. Shandong and Hebei had the fastest decline in
their MCI at 25.03% and 23.12%, respectively. The southern provinces, mainly Chongqing,
Fujian, Jiangxi, Zhejiang, Guangdong, and Hunan, had rapid growth rates of the MCI,
with Fujian showing the fastest growth rate at 75.58%. The change in the MCI from 2010 to
2015, as shown by the green line in Figure 7, was almost lower than 0. In fact, the MCI in
93.55% of the provinces showed a downward trend, while the MCI of Shandong and Hebei
showed a small increase, with 8.34% and 0.54%, respectively. In the southern provinces,
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the MCI decreased by a large margin, and the five provinces of Fujian, Guangdong, Jiangxi,
Zhejiang, and Shanghai showed decreases of more than 50%. From the above results,
the dynamic changes of the MCI of the southern provinces were obvious. Before 2010,
China’s MCI was in a growth trend, but this was replaced by a downtrend and substantial
decline after 2010. This trend is not conducive to China’s food security, because most of the
double-cropping and multi-cropping rice areas in China are located in its southern regions.
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3.3. Spatiotemporal Change of MCI at the County Scale

Figure 8 shows the spatial distribution of China’s MCI from 2000 to 2015, and Figure 9
illustrates the statistics of the MCI of counties across different delimited ranges. China’s
MCI was roughly divided into a single-cropping system and a multiple-cropping system
by the “Taihang Mountains–Qinling Mountains–Hengduan Mountains” boundary from
2000 to 2015 (Figure 8). The MCI in the north of the boundary was less than 100% and more
than 100% in the south.
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In 2000, the average value of China’s MCI was 143.16%. The number of counties
with MCI in the 150–200% range was the largest, with a total of 1098 units, accounting for
46.72% of China’s counties (Figure 9); notably, these counties were primarily located in
the East China region, South China region, and Yunnan Province (Figure 8a). Meanwhile,
the number of counties with MCI in the 100–150% range was 676, accounting for 28.77%
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of China’s counties; these counties were mainly distributed in the provinces of the mid-
Yangtze River, Northeast China, and Southwest Xinjiang. The number of counties with MCI
in the 0–100% range was 490, accounting for 20.85% of China’s counties; these counties
were mainly distributed in the north of the boundary of “Taihang Mountains–Qinling
Mountains–Hengduan Mountains”. Only 3.66% of the counties demonstrated an MCI
greater than 200%, and the spatial distribution was scattered.

In 2005, the average value of China’s MCI was 148.66%, an increase from 2000. In
particular, the number of counties with MCI in the 200–300% range increased to 325,
accounting for 13.83% of China’s counties (Figure 9); these counties were mainly distributed
in the North China region, South China region, and Chengdu Plain (Figure 8b). Counties
with MCI in the 150–200% range still had the highest proportion but decreased to 38.72%
of China’s counties; these counties were primarily distributed in the North China Plain
and to the south of the Yangtze River. The spatial distribution with MCI lower than 150%
was similar to that observed in 2000.

In 2010, the average value of China’s MCI was 152.03%, an increase from 2005. The
number of counties with MCI in the 200–300% range continuously increased to 401, account-
ing for 17.06% of China’s counties (Figure 9); these counties were mainly distributed in the
hilly region of Southeast China and Chengdu Plain (Figure 8c). The number of counties
with MCI in the 100–200% range accounted for 66.51%, which were mainly distributed in
the south of the boundary of “Taihang Mountains–Qinling Mountains–Hengduan Moun-
tains” and some areas in the southwest of Xinjiang Province and Northeast China. The
areas where the MCI was lower than 100% were mainly distributed in the north of the
boundary of “Taihang Mountains–Qinling Mountains–Hengduan Mountains”.

In 2015, the average value of China’s MCI was 125.95%. Compared to 2010, the average
value of the MCI decreased by 26.08% and 5.22% annually. The spatial distribution of MCI
in the 200%–300% range decreased sharply to 34 counties (Figure 9) that were scattered
across the southern region (Figure 8d), accounting for 1.45%. The number of counties
with MCI in the 0–100% range increased sharply, mainly distributed in the north of the
boundary of “Taihang Mountains–Qinling Mountains–Hengduan Mountains”. However,
in some counties south of the boundary, the MCI was also lower than 100%, especially in
the economically developed Pearl River Delta and Yangtze-Huaihe regions, and the MCI
of many counties in Hubei Province were also lower than 100%. The number of counties
with MCI in the 100–150% range increased significantly to 703, accounting for 29.91% of
China’s counties; these counties were mainly distributed in the provinces of the middle
and lower reaches of the Yangtze River and Yunnan. The number of counties with MCI
in the 150–200% range decreased to 798, accounting for 33.96% of China’s counties; these
counties were mainly distributed in Eastern China, Southern China, and southwest of
Yunnan Province.

Algebraic operations were carried out for the four years between 2000 and 2015, and
the variations in the MCI values for the four periods—2000–2005, 2005–2010, 2010–2015,
and 2000–2015—were obtained (Figure 10).
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From 2000 to 2005, 56.17% of China’s counties demonstrate variations in the MCI
higher than 0; these counties were mainly distributed across the central provinces, Xin-
jiang, three northeastern provinces, and the coastal provinces of Guangdong and Guangxi
(Figure 10a). The rates of change in the MCI values of most counties were under 50%, while
changes greater than 50% were evident in only 6.17% of the counties—these counties were
distributed across the areas of the Chengdu Plain, Guangxi, and Guangdong. Meanwhile,
43.83% of the counties showed a change in the MCI values lower than 0; these counties
were widely distributed across the northeast region, northwest region, Tibet, Yunnan,
and Guizhou. Only 2.26% of the counties demonstrated a variation in value in the range
between −200% and −50%, and their distribution was relatively scattered.

From 2005 to 2010, 49.23% of the counties exhibited a variation in the MCI value greater
than 0, with a decrease of 6.94% compared with the previous stage; the counties were
mainly distributed across the southeastern provinces, northwest, and northeast regions
(Figure 10b). The number of counties in which the MCI variation values were greater
than 50% increased, accounting for 9.79% of the counties; these counties were mainly
distributed in Guangdong, Fujian, Jiangxi, and Zhejiang. In contrast, 50.77% of the counties
demonstrated a change in MCI values lower than 0; this was higher than the percentage of
counties with a change higher than 0; notably, these counties were mainly distributed across
the north of the Qinling–Huaihe River Line, the south of the Inner Mongolia Autonomous
Region, and—widely—in Tibet. Moreover, the number of counties with a change in MCI
values in the range between −200% and −50% increased, accounting for 4.81%, and the
distribution remained scattered.

From 2010 to 2015, the proportion of counties with a change in MCI values higher
than 0 dropped sharply to 20.47%, and the proportion of counties with changes in the MCI
lower than 0 was almost four times that of the proportion of counties with changes in the
MCI higher than 0 (Figure 10c). In terms of spatial distribution, the MCI changes across
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the cultivated land in China were generally lower than 0. More precisely, the proportion
of counties with variations in the MCI in the range between −200% and −50% increased
sharply to 23.53%, and these counties were mainly distributed across China’s southeast
coastal provinces. However, only the Bohai Rim region, Heilongjiang, Yunnan, and Xinjiang
showed MCI changes higher than 0, of which only 0.68% of the county MCI were higher
than 50%.

Overall, from 2000 to 2015, MCI changes greater than 0 were evident in 24.55% of the
Chinese counties, and the number of counties with MCI changes lower than 0 was more
than three times that of the number of counties with values higher than 0 (Figure 10d).
During these 15 years, China’s MCI showed a significant downward trend—in particular,
the MCI declined greatly in the three provincial border regions of Yunnan, Sichuan, and
Tibet; some provinces in the upper and middle reaches of the Yellow River basin; the
Beijing–Tianjin–Hebei region; the Yangtze River Delta; and the Pearl River Delta, with
variation values in the range between −200% and −50%. Conversely, the districts of
counties with MCI higher than 0 were scattered, mainly across Northeast China, the
Chengdu Plain, Jianghan Plain, Henan Province, Xinjiang Province, the Western Inner
Mongolia Autonomous Region, and the southeast coastal provinces. The change value was
only 1.53% above 50%, which was distributed only in Southern Tibet, the Chengdu Plain,
Jianghan Plain, and other regions.

3.4. Influencing Factors of MCI

The final regression formula is y =
n
∑

i=1
bixi + c (n = 19), c is the constant, and bi is

the coefficient of the influencing factor (xi). The results of bi and c are shown in Table 4.
Specifically, the size of bi reflects the degree of influence of this factor on the MCI, and the
positive and negative values of bi reflect the effect of this factor on the MCI.

Table 4. Principal component regression results of the influencing factors for the MCI.

Type 2000 2015

Index x Coefficient: b Constant: c Coefficient: b Constant: c

Non-agricultural population x1 −0.0025

0.1599

−0.0019

1.7466

Non-agricultural industry x2 −0.0543 −0.6093
Urbanization rate x3 −0.0007 −0.0011

Per capita GDP x4 5.5 × 10−7 −8.2 × 10−7

Density of agricultural fertilizer x5 0.3645 0.2152
Density of pesticide x6 9.7628 3.7945

Density of agricultural plastic film x7 1.4343 −0.4621
Natural disaster x8 −0.5069 −0.4206

Cultivated area per capita x9 −1.0038 −0.0876
Grain yield per unit area x10 0.0354 0.0233

Grain yield per labor force x11 −0.1731 −0.0140
Farmers’ net income per capita x12 1.7 × 10−5 −4.9 × 10−7

Irrigation rate x13 0.1615 0.0351
Agricultural machinery per unit area x14 0.0047 0.0044

Investment conditions x15 3.0 × 10−5 −7.0 × 10−6

Average annual precipitation x16 9.2 × 10−6 1.8 × 10−5

Average annual temperature x17 0.0014 0.0009
Soil texture x18 −0.0725 −0.0841

Relief degree of land surface x19 −0.0460 −0.0265

Table 4 shows the relationship between the MCI and its impact factors. As for the
nonagricultural process factors, in 2000 and 2015, the regression results showed that the
influence of the four factors of the nonagricultural process on the MCI was almost negative.
Especially for the nonagricultural industry, its influence coefficient changed from−0.0543 in
2000 to −0.6093 in 2015, demonstrating an obvious negative effect on the MCI. As for
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cultivated land quality, in 2000, all the other impact factors were positively correlated with
the MCI except natural disasters. However, in 2015, the effect of agricultural plastic film on
the MCI became negative, and the density of pesticides showed a significant downward
trend, from 9.7628 to 3.7945. As for the agriculturally intensive production factors, the
impact coefficient of the grain yield per unit area, irrigation rate, and agricultural machinery
per unit area were all positive, whereas the remaining factors were almost negative, but
the negative effect of cultivated area per capita and grain yield per labor force on the
MCI significantly declined by 2015. As for the qualities of the natural conditions, the
results showed that the average annual precipitation and average annual temperature
positively impacted the MCI; meanwhile, the soil texture and the relief degree of land
surface negatively affected the MCI.

4. Discussion
4.1. Effects of Natural Conditions on MCI

Regarding natural conditions, hydrothermal conditions are the basic influencing fac-
tors for the multiple croppings of cultivated land, and the soil texture and the relief degree
of the land surface also have important effects on the multiple croppings of cultivated
land. Studies have shown that the realization of a multiple-cropping system depends
largely on temperature and precipitation—sufficient accumulated temperature and rainfall
are necessary to realize multiple croppings [48,67–69]. Affected by climate change, the
northern limits of multiple-cropping systems have moved northward, and the projected
area of cultivated land for multiple croppings may significantly expand during the 21st
century in China [67]. Notably, the soil texture is closely related to soil aeration and water
and fertilizer conservation. Poor soil texture inhibits the implementation of multiple crop-
pings. Studies have confirmed that soil fertility is a key factor affecting the crop yield in
the cropping system—notably, high soil fertility can increase the crop yield in a multiple-
cropping system [59], but poor soil texture is the main reason a multiple-cropping system
becomes ineffective [47]. Moreover, the land’s relief degree is generally associated with
multiple croppings: the higher the topography of the cultivated land, the more difficult
it is to cultivate and achieve multiple-cropping systems [70]. Crops are suitable for cul-
tivation in areas with relatively flat topography; high topographies can be hot spots for
geological disasters, thus hindering the cultivation of crops. Additionally, areas with high
topography generally have low levels of agricultural modernization, including the serious
abandonment of cultivated land, which can dampen the MCI. However, technological
developments can weaken the negative effect of topography on the MCI.

4.2. Adverse Effects of Nonagricultural Process on MCI

Nonagricultural processes in rural areas have an inhibitory effect on the increase
of the MCI, especially the nonagricultural effects of the industry and population, which
are the most direct factors that lead to the weakening of agricultural production subjects.
Seeking higher economic benefits, the labor force engaged in agricultural production of
the nonagricultural industry, with a large number of farmers working in cities and settling
down as the main force to promote the process of urbanization [17,71,72]. Given the stable
transformations in peasants’ livelihoods, the rural labor force keeps reducing, and the
problems of land abandonment and non-grain conversion become prominent [17,73], and
the nonagricultural use of cultivated land has become one of the most typical trends of
land use transitions in China [50,74], producing a negative impact on the MCI of cultivated
land. In recent years, the Chinese government has focused on deploying major strategies
to support the development of agriculture and rural areas, resulting in the adjustment of
the agricultural structure, changing the morphology of cultivated land use, promoting
the diversification of rural regional functions, and gradually diversifying the rural types.
The rural development does not accomplish only an agricultural function; the secondary
and tertiary industries rise gradually. The flow and agglomeration of various factors
offer possibilities for the diversification of the rural industry. To some extent, this process
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weakens the status of agriculture, makes the labor force originally left in the countryside
turn to a new type of nonagricultural industry and then encourages the emergence of
the nonagricultural industry and nonagricultural employment [70,75]. To prevent the
lack of the main body of agricultural production, the study on the transformation of
farmers’ livelihoods and the multiple-cropping potential of cultivated land should be
further strengthened, focusing on the identification of effective measures to encourage
the return of rural labor force through micro-case studies to stabilize the main body of
agricultural production.

4.3. Effect of Intensive Agricultural Production on the MCI

Intensive agricultural production promotes the MCI by improving the agricultural
production efficiency—taking the grain yield as a measure of the agricultural economic
benefits and agricultural modernization as a measure of the agricultural production ef-
ficiency, these items have a positive impact on multiple croppings. The grain yield per
unit area directly affects the economic income of farmers growing grain, and the high
agricultural income achieved by a high grain output can encourage farmers to engage in
multiple croppings. However, improved multiple croppings of the cultivated land are
limited by water resources; therefore, adequate irrigation is necessary to improve the MCI
of the cultivated land significantly [29,54]. Here, it is helpful to note that the agricultural
machinery represents the level of agricultural modernization. The higher the productivity
and efficiency of the cultivated land with superior agricultural machinery conditions, the
more inclined farmers are to carry out multiple croppings [55,76]. Our research found that
farmers with more cultivated areas per capita may not be accordingly more enthusiastic
about multiple croppings—this may be related to the small scales, insufficient production
input, and weak labor force of some farming operations. In China, fertile lands in many
mountainous areas have been abandoned, but the Chinese government is currently step-
ping up efforts to reform the land market, such as developing the rural land rental market
to facilitate larger-scale farming operations and reduce the area of abandoned cultivated
land [77,78].

4.4. The Effect of Cultivated Land Quality on the MCI

Cultivated land quality affects the morphology of cultivated land use, determines
whether the land can be cultivated sustainable, and guarantees the long-term implementa-
tion of a multiple-cropping system. Natural disasters are a direct factor affecting the growth
of multiple croppings. On the one hand, natural disasters objectively block the normal
growth period of crops. On the other hand, natural disasters destroy the balance of soil and
water, changing the spatial structure of the cultivated land, causing soil erosion and soil
nutrient loss, resulting in a decline in the cultivated land quality, which will continue to
affect the planting of the next crop. Multiple cropping requires high soil nutrient contents;
therefore, large amounts of pesticides and fertilizers are required. The input of pesticides
and fertilizers can improve the grain yield, ensure the production efficiency of multiple
croppings, and make farmers willing to retain multiple-cropping behaviors. Notably, agri-
cultural plastic film plays a very important role in the moisture and heat preservation of
crops. The appropriate use of agricultural film can promote crop growth and is conducive
to the multiple croppings of cultivated lands. However, the overuse and improper treat-
ment of pesticides, fertilizers, and the film changes the soil’s properties, causes agricultural
nonpoint source pollution, and contributes to a number of environmental problems [79,80].
The continuation of this unscientific use will make it difficult to maintain multiple-cropping
systems. What is important to take away here is that pesticides, fertilizers, and the film will
continue to play vital roles in China’s multiple-cropping system, which, as noted above,
is of great significance to food security. Therefore, in the future, we need to balance the
relationship between increasing the crop yields and reducing the environmental pollution
while at once strengthening research on green agricultural systems, biodegradable film
promotion, pesticide and fertilizer use efficiency, and alternative chemical fertilizers.
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4.5. China’s Cultivated Land Protection Policy and the MCI

This research showed that cultivated lands in China are facing the double pressure of
area reduction and MCI reduction. Some studies support the idea that agricultural policies
can stimulate cultivation, thus stabilizing the MCI [55,70]. China has been implementing the
strictest cultivated land protection policies for many years, such as the policies of “taking
grain as the highest priority”, “red line of 1.8 billion mu of cultivated land in China”,
“basic cultivated land protection system”, and “cultivated land requisition-compensation
balance” [81]. Although the “red line of 1.8 billion mu of cultivated land” in China has
not been broken, merely focusing on maintaining the total area of cultivated land has not
prevented the loss and abandonment of a large portion of high-quality cultivated land.
Many studies have shown that a large amount of high-quality cultivated land had been lost
in the process of urbanization. Land development, land reclamation, land consolidation,
and other measures lead to the occupation of high-quality cultivated land by low-quality
cultivated land, and the existing policies for cultivated land have not managed to guarantee
quality and quantity, resulting in the imbalance of cultivated land quality across the whole
country [81–83]. How do the agricultural policies really guarantee food security? In
addition to quantity, more attention should be paid to cultivated land quality, the farmer
who cultivates the land, and the multiple-cropping potential of the cultivated land. It
is important to tap the multiple-cropping potential of cultivated lands and make good
use of the advantages of the regional MCI and incorporate the increased sowing area of
the MCI into the assessment system of local officials to stimulate the enthusiasm of local
governments to ensure food security.

4.6. Research Limitations

In this research, MODIS-NDVI was used as the data source to extract the MCI of the
cultivated lands with the Twi-difference algorithm. Compared with the statistical data,
remote sensing data can eliminate human disturbance and are more objective. However,
the extraction of the MCI from remote sensing data may be affected by mixed pixels, which
results in uncertainty. Due to the lack of field investigation in this paper, the accuracy of
the extracted results cannot be verified. Further research will need to address this issue.
As for the analysis of the factors and mechanisms influencing the MCI, given the limited
availability of the data, this study selected the provincial scale for exploratory research.
Although most of the selected indicators were based on rural statistical indicators, the
provincial scale was too large, and the research results were uncertain. For example, the
influence of important factors such as temperature and precipitation was positive, but
the coefficient was close to 0, which can only reflect the general situation at the macro
level. In the future, the scale of the research should be reduced to improve the accuracy of
the results.

5. Conclusions

Using MODIS data, the spatial distribution and dynamic changes of the MCI in China
in 2000, 2005, 2010, and 2015 were presented at different scales. Meanwhile, principal
component regression was used to study the influencing factors. Our results suggest that
the number of provinces with lower MCI increased gradually, and the dynamic changes
in the MCI in the southern provinces were obvious at the provincial scale, especially
in the MCI of the coastal provinces such as Fujian, Guangdong, Jiangxi, Zhejiang, and
Shanghai, which declined significantly from 2000 to 2015. The mean MCI in Guangdong,
Guangxi, Hainan, Henan, Anhui, and Jiangsu was high, whereas that of Heilongjiang,
Inner Mongolia, Ningxia, and Qinghai was low. However, at the county scale, we found
that the spatial distribution of the MCI differed from that at the provincial scale. The
single-cropping index and MCI of China from 2000 to 2015 were roughly bounded by
the “Taihang Mountains–Qinling Mountains–Hengduan Mountains”—the MCI was lower
than 100% at the north of the boundary and higher than 100% at the south of the boundary.
From 2000 to 2015, the dynamic changes of China’s MCI were obvious, and the proportion
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of the MCI with change values lower than 0 continued to rise. Notably, from 2005 to 2010
and 2010 to 2015, the MCI changed dramatically, mainly in the southeastern coastal areas;
more specifically, the MCI rose in the former stage and dropped sharply in the latter stage.

We also examined and discussed the factors affecting the MCI. First, natural conditions
are important factors in agriculture, among which hydrothermal conditions determine the
upper limit of the MCI, and soil texture and the relief degree of the land surface inhibit the
increase of the MCI. Second, nonagricultural processes adversely affect the MCI, especially
the growth of the nonagricultural population and nonagricultural industry, which weaken
the identity of farmers as the main body of agriculture and the rural agricultural production
function. Third, the factors of intensive agricultural production, such as grain yield per unit
area, irrigation rate, and agricultural machinery condition, promote the MCI by improving
the agricultural production efficiency. Fourth, the cultivated land quality determines
whether the land can be cultivated sustainably. For example, natural disasters cause water
and soil imbalances. Meanwhile, pesticides, fertilizers, and a film can improve the grain
yield and ensure the production efficiency of multiple croppings; however, their unscientific
use will make farmlands unsustainable.

Given the continuous, rapid growth of nonagricultural processes, more research
should be done on the transformations occurring in farmers’ livelihoods, especially on
the return of the rural labor force and the main body of agricultural production. Moving
forward, it will be necessary for scholars and practitioners alike to balance the increases in
crop production with the reductions in environmental pollution to grapple the increasingly
severe agricultural ecological problems faced by China. Agricultural policies are of great
significance to agricultural development; accordingly, moving forward, the policies should
not only focus on the quantity of agricultural output but, also, on advancing the cultivated
land quality, the farmer who cultivates the land, and the multiple-cropping potential of the
cultivated land.

Author Contributions: Conceptualization, R.Y.; methodology, X.L. and J.W.; software, X.L. and J.W.;
validation, R.Y. and X.L.; formal analysis, X.L.; investigation, X.L. and X.Z.; resources, Q.X. and R.Y.;
data curation, Q.X.; writing—original draft preparation, X.L.; writing—review and editing, R.Y.,
X.L. and X.Z.; visualization, X.L. and X.Z.; supervision, Q.X. and R.Y.; project administration, Q.X.;
funding acquisition, Q.X. and R.Y. All authors have read and agreed to the published version of
the manuscript.

Funding: This research was financially supported by the National Natural Science Foundation
of China (No. 41871177 and No. 41801088) and Natural Science Foundation of Guangdong
Province(2018A0303130097).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented is primarily reflected in the article, more details
are available on request from the corresponding author.

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

References
1. Wu, W.B.; Yu, Q.Y.; You, L.Z.; Chen, K.; Tang, H.J.; Liu, J.G. Global cropping intensity gaps: Increasing food production without

cropland expansion. Land Use Policy 2018, 76, 515–525. [CrossRef]
2. Tilman, D.; Balzer, C.; Hill, J.; Befort, B.L. Global food demand and the sustainable intensification of agriculture. Proc. Natl. Acad.

Sci. USA 2011, 108, 20260–20264. [CrossRef] [PubMed]
3. Ray, D.K.; Ramankutty, N.; Mueller, N.D.; West, P.C.; Foley, J.A. Recent patterns of crop yield growth and stagnation. Nat.

Commun. 2012, 3, 1293. [CrossRef]
4. Ray, D.K.; Mueller, N.D.; West, P.C.; Foley, J.A. Yield trends are insufficient to double global crop production by 2050. PLoS ONE

2013, 8, e66428. [CrossRef] [PubMed]
5. Pugh, T.A.M.; Müller, C.; Elliott, J.; Deryng, D.; Folberth, C.; Olin, S.; Schmid, E.; Arneth, A. Climate analogues suggest

limited potential for intensification of production on current croplands under climate change. Nat. Commun. 2016, 7, 12608.
[CrossRef] [PubMed]

http://doi.org/10.1016/j.landusepol.2018.02.032
http://doi.org/10.1073/pnas.1116437108
http://www.ncbi.nlm.nih.gov/pubmed/22106295
http://doi.org/10.1038/ncomms2296
http://doi.org/10.1371/journal.pone.0066428
http://www.ncbi.nlm.nih.gov/pubmed/23840465
http://doi.org/10.1038/ncomms12608
http://www.ncbi.nlm.nih.gov/pubmed/27646707


Land 2021, 10, 491 20 of 22

6. Brisson, N.; Gate, P.; Gouache, D.; Charmet, G.; Oury, F.X.; Huard, F. Why are wheat yields stagnating in Europe? A comprehensive
data analysis for France. Field Crop. Res. 2010, 119, 201–212. [CrossRef]

7. Finger, R. Evidence of slowing yield growth–the example of Swiss cereal yields. Food Policy 2010, 35, 175–182. [CrossRef]
8. Foley, J.A.; Ramankutty, N.; Brauman, K.A.; Cassidy, E.S.; Gerber, J.S.; Johnston, M.; Mueller, N.D.; O’connell, C.; Ray, D.K.;

West, P.C.; et al. Solutions for a cultivated planet. Nature 2011, 478, 337–342. [CrossRef] [PubMed]
9. Wu, W.B.; Yu, Q.Y.; Peter, V.H.; You, L.Z.; Yang, P.; Tang, H.J. How could agricultural land systems contribute to raise food

production under global change? J. Integr. Agric. 2014, 13, 1432–1442. [CrossRef]
10. Keys, E.; McConnell, W.J. Global change and the intensification of agriculture in the tropics. Glob. Environ. Chang. 2005, 15,

320–337. [CrossRef]
11. Ali, A.M.S. Population pressure, agricultural intensification and changes in rural systems in Bangladesh. Geoforum 2007, 38,

720–738. [CrossRef]
12. Chen, C.F.; Son, N.T.; Chang, L.Y. Monitoring of rice cropping intensity in the upper Mekong Delta, Vietnam using time-series

MODIS data. Adv. Space Res. 2012, 49, 292–301. [CrossRef]
13. D’Amour, C.B.; Reitsma, F.; Baiocchi, G.; Barthel, S.; Güneralp, B.; Erb, K.H.; Haberl, H.; Creutzig, F.; Seto, K.C. Future urban land

expansion and implications for global croplands. Proc. Natl. Acad. Sci. USA 2017, 114, 8939–8944. [CrossRef]
14. Wang, Q.B.; Halbrendt, C.; Johnson, S.R. Grain production and environmental management in China’s fertilizer economy.

J. Environ. Manag. 1996, 47, 283–296. [CrossRef]
15. FAOSTAT. Statistical Database of the Food and Agricultural Organization of the United Nation. 2012. Available online:

http://faostat3.fao.org/ (accessed on 21 October 2019).
16. Liu, Y.S.; Qiao, L.Y. Innovating system and policy of arable land conservation under the new-type urbanization in China. Econ.

Geogr. 2014, 34, 1–6. (In Chinese) [CrossRef]
17. Liu, Y.S.; Li, Y.H. Revitalize the world’s countryside. Nature 2017, 548, 275–277. [CrossRef] [PubMed]
18. Ge, D.Z.; Long, H.L.; Zhang, Y.N.; Tu, S.S. Analysis of the coupled relationship between grain yields and agricultural labor

changes in China. J. Geogr. Sci. 2018, 28, 93–108. [CrossRef]
19. Yang, R.; Liu, Y.S.; Chen, Y.F. Comprehensive measure and partition of rural hollowing in China. Geogr. Res. 2012, 31, 1697–1706.

(In Chinese)
20. Liu, Y.S.; Yang, R.; Li, Y.H. Potential of land consolidation of hollowed villages under different urbanization scenarios in China.

J. Geogr. Sci. 2013, 23, 503–512. [CrossRef]
21. Liu, Y.S.; Yang, R.; Long, H.L.; Gao, J.Y.; Wang, J. Implications of land-use change in rural China: A case study of Yucheng,

Shandong province. Land Use Policy 2014, 40, 111–118. [CrossRef]
22. Chen, Y.F.; Liu, Y.S.; Xu, K.S. Characteristics and mechanism of agricultural transformation in typical rural areas of eastern China:

A case study of Yucheng City, Shandong Province. Chin. Geogr. Sci. 2010, 20, 545–553. [CrossRef]
23. Chen, Y.F.; Li, X.D.; Liu, Y. Increasing China’s agricultural labor productivity: Comparison and policy implications from major

agrarian countries. J. Resour. Ecol. 2018, 9, 575–585. [CrossRef]
24. Liu, D.; Gong, Q.W.; Yang, W.J. The evolution of farmland protection policy and optimization path from 1978 to 2018. Chin. Rural

Econ. 2018, 408, 39–53. (In Chinese)
25. Hayami, Y.; Ruttan, V.W. Agricultural Development: An International Perspective; The Johns Hopkins Press: Baltimore, MD, USA;

London, UK, 1971.
26. Turner, B.L., II; Hanham, R.Q.; Portararo, A.V. Population pressure and agricultural intensity. Ann. Assoc. Am. Geogr. 1977, 67,

384–396. [CrossRef]
27. Turner, B.L., II; Doolittle, W.E. The concept and measure of agricultural intensity. Prof. Geogr. 1978, 30, 297–301. [CrossRef]
28. Verburg, P.H.; Chen, Y.Q.; Veldkampa, T. Spatial explorations of land use change and grain production in China. Agric. Ecosyst.

Environ. 2000, 82, 333–354. [CrossRef]
29. Abrahão, G.M.; Costa, M.H. Evolution of rain and photoperiod limitations on the soybean growing season in Brazil: The rise

(and possible fall) of double-cropping systems. Agric. For. Meteorol. 2018, 256–257, 32–45. [CrossRef]
30. Jönsson, P.; Eklundh, L. TIMESAT-a program for analyzing time-series of satellite sensor data. Comput. Geosci. 2004, 30,

833–845. [CrossRef]
31. Kato, H.; Kimura, R.; Elbeih, S.F.; Iwasaki, E.; Zaghloul, E.A. Land use change and crop rotation analysis of a government well

district in Rashda village-Dakhla Oasis, Egypt based on satellite data. Egypt. J. Remote Sens. Space Sci. 2012, 15, 185–195. [CrossRef]
32. Mayerová, M.; Madaras, M.; Soukup, J. Effect of chemical weed control on crop yields in different crop rotations in a long-term

field trial. Crop Prot. 2018, 114, 215–222. [CrossRef]
33. Blanco, J.; Pascal, L.; Ramon, L.; Vandenbroucke, H.; Carrière, S.M. Agrobiodiversity performance in contrasting island environ-

ments: The case of shifting cultivation in Vanuatu, Pacific. Agric. Ecosyst. Environ. 2013, 174, 28–39. [CrossRef]
34. Yusuf, A.A.; Abaidoo, R.C.; Iwuafor, E.N.O.; Olufajo, O.O.; Sanginga, N. Rotation effects of grain legumes and fallow on maize

yield, microbial biomass and chemical properties of an Alfisol in the Nigerian savanna. Agric. Ecosyst. Environ. 2009, 129,
325–331. [CrossRef]

35. Luce, M.S.; Grant, C.A.; Zebarth, B.J.; Ziadi, N.; O’Donovan, J.T.; Blackshaw, R.E.; Harker, K.N.; Johnson, E.N.; Gan, Y.;
Lafond, G.P.; et al. Legumes can reduce economic optimum nitrogen rates and increase yields in a wheat-canola cropping
sequence in western Canada. Field Crop. Res. 2015, 179, 12–25. [CrossRef]

http://doi.org/10.1016/j.fcr.2010.07.012
http://doi.org/10.1016/j.foodpol.2009.11.004
http://doi.org/10.1038/nature10452
http://www.ncbi.nlm.nih.gov/pubmed/21993620
http://doi.org/10.1016/S2095-3119(14)60819-4
http://doi.org/10.1016/j.gloenvcha.2005.04.004
http://doi.org/10.1016/j.geoforum.2006.11.028
http://doi.org/10.1016/j.asr.2011.09.011
http://doi.org/10.1073/pnas.1606036114
http://doi.org/10.1006/jema.1996.0053
http://faostat3.fao.org/
http://doi.org/10.15957/j.cnki.jjdl.2014.04.002
http://doi.org/10.1038/548275a
http://www.ncbi.nlm.nih.gov/pubmed/28816262
http://doi.org/10.1007/s11442-018-1461-5
http://doi.org/10.1007/s11442-013-1024-8
http://doi.org/10.1016/j.landusepol.2013.03.012
http://doi.org/10.1007/s11769-010-0430-4
http://doi.org/10.5814/j.issn.1674-764x.2018.06.001
http://doi.org/10.1111/j.1467-8306.1977.tb01149.x
http://doi.org/10.1111/j.0033-0124.1978.00297.x
http://doi.org/10.1016/S0167-8809(00)00236-X
http://doi.org/10.1016/j.agrformet.2018.02.031
http://doi.org/10.1016/j.cageo.2004.05.006
http://doi.org/10.1016/j.ejrs.2012.09.003
http://doi.org/10.1016/j.cropro.2018.08.001
http://doi.org/10.1016/j.agee.2013.04.015
http://doi.org/10.1016/j.agee.2008.10.007
http://doi.org/10.1016/j.fcr.2015.04.003


Land 2021, 10, 491 21 of 22

36. Sánchez-Navarro, V.; Zornoza, R.; Faz, Á.; Fernández, J.A. Comparing legumes for use in multiple cropping to enhance soil
organic carbon, soil fertility, aggregates stability and vegetables yields under semi-arid conditions. Sci. Hortic. 2019, 246,
835–841. [CrossRef]

37. Devendra, C.; Thomas, D. Smallholder farming systems in Asia. Agric. Syst. 2002, 71, 17–25. [CrossRef]
38. Canisius, F.; Turral, H.; Molden, D. Fourier analysis of historical NOAA time series data to estimate bimodal agriculture. Int. J.

Remote Sensin 2007, 28, 5503–5522. [CrossRef]
39. Panigrahy, S.; Sharma, S.A. Mapping of crop rotation using multidate Indian Remote Sensing Satellite digital data. Isprs J.

Photogramm. Remote Sens. 1997, 52, 85–91. [CrossRef]
40. Panigrahy, S.; Manjunath, K.R.; Ray, S.S. Deriving cropping system performance indices using remote sensing data and GIS. Int. J.

Remote Sens. 2005, 26, 2595–2606. [CrossRef]
41. Frolking, S.; Yeluripati, J.B.; Douglas, E. New district-level maps of rice cropping in India: A foundation for scientific input into

policy assessment. Field Crop. Res. 2006, 98, 164–177. [CrossRef]
42. Biradar, C.M.; Xiao, X.M. Quantifying the area and spatial distribution of double-and triple-cropping croplands in India with

multi-temporal MODIS imagery in 2005. Int. J. Remote Sens. 2011, 32, 367–386. [CrossRef]
43. Sakamoto, T.; Nguyen, N.V.; Ohno, H.; Ishitsuka, N.; Yokozawa, M. Spatio–temporal distribution of rice phenology and cropping

systems in the Mekong Delta with special reference to the seasonal water flow of the Mekong and Bassac rivers. Remote Sens.
Environ. 2006, 100, 1–16. [CrossRef]

44. Sakamoto, T.; Phung, C.V.; Kotera, A.; Nguyen, K.D.; Yokozawa, M. Analysis of rapid expansion of inland aquaculture and triple
rice-cropping areas in a coastal area of the Vietnamese Mekong Delta using MODIS time-series imagery. Landsc. Urban Plan. 2009,
92, 34–46. [CrossRef]

45. Ding, M.J.; Chen, Q.; Xin, L.J.; Li, L.H.; Li, X.B. Spatial and temporal variations of multiple cropping index in China based on
SPOT-NDVI during 1999–2013. Acta Geogr. Sin. 2015, 70, 1080–1090. (In Chinese)

46. Yang, X.L.; Chen, Y.Q.; Pacenka, S.; Gao, W.S.; Ma, L.; Wang, G.Y.; Yan, P.; Sui, P.; Steenhuis, T.S. Effect of diversified crop rotations
on groundwater levels and crop water productivity in the North China Plain. J. Hydrol. 2015, 522, 428–438. [CrossRef]

47. Zuo, L.J.; Wang, X.; Liu, F.; Yi, L. Spatial exploration of multiple cropping efficiency in China based on time series remote sensing
data and econometric model. J. Integr. Agric. 2013, 12, 903–913. [CrossRef]

48. Gao, J.Q.; Yang, X.G.; Zheng, B.Y.; Liu, Z.J.; Zhao, J.; Sun, S.; Li, K.N.; Dong, C.Y. Effects of climate change on the extension
of the potential double cropping region and crop water requirements in Northern China. Agric. For. Meteorol. 2019, 268,
146–155. [CrossRef]

49. Ma, L.; Long, H.L.; Tu, S.S.; Zhang, Y.N.; Zheng, Y.H. Farmland transition in China and its policy implications. Land Use Policy
2020, 92, 104470. [CrossRef]

50. Long, H.L. Land Use Transitions and Rural Restructuring in China; Springer: Singapore, 2020.
51. Long, H.L.; Qu, Y.; Tu, S.S.; Zhang, Y.N.; Jiang, Y.F. Development of land use transitions research in China. J. Geogr. Sci. 2020, 30,

1195–1214. [CrossRef]
52. Lin, G.C.S.; Ho, S.P.S. China’s land resources and land-use change: Insights from the 1996 land survey. Land Use Policy 2003, 20,

87–107. [CrossRef]
53. Xie, H.L.; Liu, G.Y. Spatiotemporal differences and influencing factors of multiple cropping index in China during 1998–2012. J.

Geogr. Sci. 2015, 25, 1283–1297. [CrossRef]
54. Zuo, L.J.; Wang, X.; Zhang, Z.X.; Zhao, X.L.; Liu, F.; Yi, L.; Liu, B. Developing grain production policy in terms of multiple

cropping systems in China. Land Use Policy 2014, 40, 140–146. [CrossRef]
55. Qiu, B.W.; Lu, D.F.; Tang, Z.H.; Song, D.J.; Zeng, Y.H.; Wang, Z.Z.; Chen, C.C.; Chen, N.; Huang, H.Y.; Xu, W.M. Mapping

cropping intensity trends in China during 1982–2013. Appl. Geogr. 2017, 79, 212–222. [CrossRef]
56. Peng, D.; Huang, J.F.; Jin, H.M. Monitoring the sequential cropping index of arable land in Zhejiang province of China using

MODIS-NDVI. Agric. Sci. China 2007, 6, 208–213. [CrossRef]
57. Zhang, M.W.; Zhou, Q.B.; Chen, Z.X.; Liu, J.; Zhou, Y.; Cai, C.F. Crop discrimination in Northern China with double cropping

systems using Fourier analysis of time-series MODIS data. Int. J. Appl. Earth Obs. Geoinf. 2008, 10, 476–485. [CrossRef]
58. Li, P.; Feng, Z.M.; Jiang, L.G.; Liu, Y.J.; Xiao, X.G. Changes in rice cropping systems in the Poyang Lake Region, China during

2004–2010. J. Geogr. Sci. 2012, 22, 653–668. [CrossRef]
59. Feng, L.; Wang, G.P.; Han, Y.C.; Li, Y.B.; Zhu, Y.; Zhou, Z.G.; Cao, W.X. Effects of planting pattern on growth and yield and

economic benefits of cotton in a wheat-cotton double cropping system versus monoculture cotton. Field Crop. Res. 2017, 213,
100–108. [CrossRef]

60. Yang, R.; Liu, Y.S.; Chen, Y.F.; Li, T.T. The remote sensing inversion for spatial and temporal changes of multiple cropping index
and detection for influencing factors around Bohai Rim in China. Sci. Geogr. Sin. 2013, 33, 588–593. (In Chinese) [CrossRef]

61. Pearson, K. LIII. On lines and planes of closest fit to systems of points in space. Lond. Edinb. Dublin Philos. Mag. J. Sci. 1901, 2,
559–572. [CrossRef]

62. Hotelling, H. Analysis of a complex of statistical variables into principal components. J. Educ. Psychol. 1933, 24, 417–441. [CrossRef]
63. Massy, W.F. Principal components regression in exploratory statistical research. J. Am. Stat. Assoc. 1965, 60, 234–256. [CrossRef]
64. Wu, K.N.; Zhao, R. Soil texture classification and its application in China. Acta Pedol. Sin. 2019, 56, 227–241. (In Chinese) [CrossRef]

http://doi.org/10.1016/j.scienta.2018.11.065
http://doi.org/10.1016/S0308-521X(01)00033-6
http://doi.org/10.1080/01431160601086043
http://doi.org/10.1016/S0924-2716(97)83003-1
http://doi.org/10.1080/01431160500114698
http://doi.org/10.1016/j.fcr.2006.01.004
http://doi.org/10.1080/01431160903464179
http://doi.org/10.1016/j.rse.2005.09.007
http://doi.org/10.1016/j.landurbplan.2009.02.002
http://doi.org/10.1016/j.jhydrol.2015.01.010
http://doi.org/10.1016/S2095-3119(13)60308-1
http://doi.org/10.1016/j.agrformet.2019.01.009
http://doi.org/10.1016/j.landusepol.2020.104470
http://doi.org/10.1007/s11442-020-1777-9
http://doi.org/10.1016/S0264-8377(03)00007-3
http://doi.org/10.1007/s11442-015-1234-3
http://doi.org/10.1016/j.landusepol.2013.09.014
http://doi.org/10.1016/j.apgeog.2017.01.001
http://doi.org/10.1016/S1671-292760036-4
http://doi.org/10.1016/j.jag.2007.11.002
http://doi.org/10.1007/s11442-012-0954-x
http://doi.org/10.1016/j.fcr.2017.07.003
http://doi.org/10.13249/j.cnki.sgs.2013.05.009
http://doi.org/10.1080/14786440109462720
http://doi.org/10.1037/h0071325
http://doi.org/10.1080/01621459.1965.10480787
http://doi.org/10.11766/trxb201803120129


Land 2021, 10, 491 22 of 22

65. You, Z.; Feng, Z.M.; Yang, Y.Z. Relief degree of land surface dataset of China (1 km). Dig. J. Global Change Data Repos.
2018. [CrossRef]

66. Chen, Y.J.; Yi, X.Y.; Fang, L.N.; Yang, R.Z. Analysis of cultivated land and grain production potential in China. Sci. Agric. Sin.
2016, 49, 1117–1131. (In Chinese) [CrossRef]

67. Yang, X.G.; Chen, F.; Lin, X.M.; Liu, Z.J.; Zhang, H.L.; Zhao, J.; Li, K.N.; Ye, Q.; Li, Y.; Lv, S.; et al. Potential benefits of climate
change for crop productivity in China. Agric. For. Meteorol. 2015, 208, 76–84. [CrossRef]

68. Pires, G.F.; Abrahão, G.M.; Brumatti, L.M.; Oliveira, L.J.; Costa, M.H.; Liddicoat, S.; Liddicoat, S.; Kato, E.; Ladle, R.J. Increased
climate risk in Brazilian double cropping agriculture systems: Implications for land use in Northern Brazil. Agric. For. Meteorol.
2016, 228–229, 286–298. [CrossRef]

69. Hampf, A.C.; Stella, T.; Berg-Mohnicke, M.; Kawohl, T.; Kilian, M.; Nendel, C. Future yields of double-cropping systems in the
Southern Amazon, Brazil, under climate change and technological development. Agric. Syst. 2020, 177, 102707. [CrossRef]

70. Ding, M.J.; Chen, Q.; Xiao, X.M.; Xin, L.J.; Zhang, G.L.; Li, L.H. Variation in cropping intensity in Northern China from 1982 to
2012 based on GIMMS-NDVI data. Sustainability 2016, 8, 1123. [CrossRef]

71. Van den Berg, M.M.; Hengsdijk, H.; Wolf, J.; Van Ittersum, M.K.; Wang, G.H.; Roetter, R.P. The impact of increasing farm size and
mechanization on rural income and rice production in Zhejiang province, China. Agric. Syst. 2007, 94, 841–850. [CrossRef]

72. Hong, Y.; Berentsen, P.; Heerink, N.; Shi, M.J.; van der Werf, W. The future of intercropping under growing resource scarcity and
declining grain prices—A model analysis based on a case study in Northwest China. Agric. Syst. 2019, 176, 102661. [CrossRef]

73. Wang, R.J.; Li, X.B.; Tan, M.H.; Xin, L.J.; Wang, X.; Wang, Y.H.; Jiang, M. Inter-provincial differences in rice multi-cropping
changes in main double-cropping rice area in China: Evidence from provinces and households. Chin. Geogr. Sci. 2019, 29,
127–138. [CrossRef]

74. Chen, K.Q.; Long, H.L.; Liao, L.W.; Tu, S.S.; Li, T.T. Land use transitions and urban-rural integrated development: Theoretical
framework and China’s evidence. Land Use Policy 2020, 92, 104465. [CrossRef]

75. Feike, T.; Doluschitz, R.; Chen, Q.; Graeff-Hönninger, S.; Claupein, W. How to overcome the slow death of intercropping in the
North China Plain. Sustainability 2012, 4, 2550–2565. [CrossRef]

76. Van Loon, J.; Woltering, L.; Krupnik, T.J.; Baudron, F.; Boa, M.; Govaerts, B. Scaling agricultural mechanization services in
smallholder farming systems: Case studies from sub-Saharan Africa, South Asia, and Latin America. Agric. Syst. 2020, 180,
102792. [CrossRef] [PubMed]

77. Tian, Q.; Holland, J.H.; Brown, D.G. Social and economic impacts of subsidy policies on rural development in the Poyang Lake
Region, China: Insights from an agent-based model. Agric. Syst. 2016, 148, 12–27. [CrossRef]

78. Min, S.; Waibel, H.; Huang, J.K. Smallholder participation in the land rental market in a mountainous region of Southern China:
Impact of population aging, land tenure security and ethnicity. Land Use Policy 2017, 68, 625–637. [CrossRef]

79. Li, Y.J.; Kahrl, F.; Pan, J.J.; Roland-Holst, D.; Su, Y.F.; Wilkes, A.; Xu, J.C. Fertilizer use patterns in Yunnan Province, China:
Implications for agricultural and environmental policy. Agric. Syst. 2012, 110, 78–89. [CrossRef]

80. Ren, C.C.; Liu, S.; van Grinsven, H.; Reis, S.; Jin, S.Q.; Liu, H.B.; Gu, B.J. The impact of farm size on agricultural sustainability.
J. Clean. Prod. 2019, 220, 357–367. [CrossRef]

81. Jin, X.B.; Zhang, Z.H.; Wu, X.W.; Xiang, X.M.; Sun, W.; Bai, Q.; Zhou, Y.K. Co-ordination of land exploitation, exploitable farmland
reserves and national planning in China. Land Use Policy 2016, 57, 682–693. [CrossRef]

82. Song, W.; Pijanowski, B.C. The effects of China’s cultivated land balance program on potential land productivity at a national
scale. Appl. Geogr. 2014, 46, 158–170. [CrossRef]

83. Song, W.; Liu, M.L. Farmland conversion decreases regional and national land quality in China. Land Degrad. Dev. 2017, 28,
459–471. [CrossRef]

http://doi.org/10.3974/geodb.2018.03.16.V1
http://doi.org/10.3864/j.issn.0578-1752.2016.06.008
http://doi.org/10.1016/j.agrformet.2015.04.024
http://doi.org/10.1016/j.agrformet.2016.07.005
http://doi.org/10.1016/j.agsy.2019.102707
http://doi.org/10.3390/su8111123
http://doi.org/10.1016/j.agsy.2006.11.010
http://doi.org/10.1016/j.agsy.2019.102661
http://doi.org/10.1007/s11769-018-0972-4
http://doi.org/10.1016/j.landusepol.2020.104465
http://doi.org/10.3390/su4102550
http://doi.org/10.1016/j.agsy.2020.102792
http://www.ncbi.nlm.nih.gov/pubmed/32255893
http://doi.org/10.1016/j.agsy.2016.06.005
http://doi.org/10.1016/j.landusepol.2017.08.033
http://doi.org/10.1016/j.agsy.2012.03.011
http://doi.org/10.1016/j.jclepro.2019.02.151
http://doi.org/10.1016/j.landusepol.2016.06.036
http://doi.org/10.1016/j.apgeog.2013.11.009
http://doi.org/10.1002/ldr.2518

	Introduction 
	Research Design 
	Research Structure 
	Methods and Procedures 
	Extraction Methods of the MCI 
	Principal Component Regression 

	Data Sources 

	Results 
	Cultivated Land Area and Grain Yield 
	Spatiotemporal Change of MCI at the Provincial Scale 
	Spatiotemporal Change of MCI at the County Scale 
	Influencing Factors of MCI 

	Discussion 
	Effects of Natural Conditions on MCI 
	Adverse Effects of Nonagricultural Process on MCI 
	Effect of Intensive Agricultural Production on the MCI 
	The Effect of Cultivated Land Quality on the MCI 
	China’s Cultivated Land Protection Policy and the MCI 
	Research Limitations 

	Conclusions 
	References

