
sustainability

Article

Investigation of Future Land Use Change and
Implications for Cropland Quality: The Case of China

Meng Wang 1, Xiaofang Sun 1,* , Zemeng Fan 2 and Tianxiang Yue 2

1 School of Geography and Tourism, Qufu Normal University, Rizhao 276800, China; wangmeng@qfnu.edu.cn
2 Institute of Geographical Science and Natural Resources Research, Chinese Academy of Sciences,

Beijing 100101, China; fanzm@lreis.ac.cn (Z.F.); yue@lreis.ac.cn (T.Y.)
* Correspondence: sunxf@qfnu.edu.cn; Tel.: +86-63-3398-0702

Received: 15 May 2019; Accepted: 13 June 2019; Published: 16 June 2019
����������
�������

Abstract: Cropland loss resulting from land use change has drawn great attention in China due to
the threat to food security. However, little is known about future magnitude and quality of cropland
of China. In this study, the dynamic conversion of land use and its effects model (Dyna-CLUE)
together with the Markov model and the potential yield data were used to simulate the influence
of land use change on cropland quality in the next two decades under three scenarios. The results
indicate that, under the trend scenario, the high-yield and medium-yield cropland would decrease
and the low-yield cropland would increase between 2015 and 2030. The crop yield would decrease
by 1.3 × 109 kg. Under planned scenario, high-yield and medium-yield cropland would decrease
and the low-yield cropland would increase, and total crop yield would stay almost unchanged.
Under the cropland protection scenario, the high-yield cropland would reduce slightly, and the
medium-yield and low-yield cropland would increase substantially. The crop yield would increase
by 5.36 × 1010 kg. The result of this study will help decision-makers to develop reasonable land use
policies to achieve the goals of harmonious development between food security, economic growth,
and environmental protection.
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1. Introduction

The increasing population is expected to increase by 70% in demand for food with present cropland
on a global scale by 2050 [1,2]. However, land use change between cropland and other land use type
poses a threat to food security. The expansion of built-up land has resulted in the loss of high-quality
cropland across the world [3], and the proportion of global urban population would keep rising from
50% in 2008 to 81% in 2030 [4]. Meanwhile, some ecological protection measures have been carried out
to protect the ecological environment, such as the Conservation Reserve Program implemented by the
United States and Grain for Green program in China [5]. These projects led to the conversion from
cropland to ecological land such as forest and grassland. Many countries are facing the problem of
a decreasing availability of cropland and an increasing demand for food production.

Predicting land use change is important for land system management, which can assist in
understanding the extent of land use type transformation and enabling the scientists and policy
makers to manage land use changes in plausible way [6,7]. It is important to understand the future
land use change under different pathways from a management perspective [8,9]. Scenario-based
approaches have emerged as methods to explore the potential future trends and impacts [10,11].
It is possible to analyze a range of potential futures using scenario analysis by considering different
future developments.
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Projected land use change such as urban sprawl will occur in some regions of Asia. One-fourth
of total global cultivated land loss will take place in China [3,12]. China accounts for 22% of the
world’s total population but only accounts for 7% of the world’s cropland. Attention has been given
to cropland protection because of the prediction that the agricultural production could not feed the
growing population [13,14]. In response, the spatial explicit prediction of cropland quality in China is
of great importance for policy makers to make sound decisions and enable sustainability development.
Therefore, the comparison of future land use development under cropland protection scenarios and
other scenarios is of considerable importance.

To project land use change under a specific scenario, some land use change simulation models
have been used. They are classified into two categories: the statistical model and the spatially explicit
model. Each model has its advantages and shortcomings. It is important to choose a suitable model
for the simulation of future land use change. The statistical model performs statistical prediction based
on the mathematical formulas, which include the Markov model [15], the GM (1, 1) model [16], and
the system dynamics model (SD) [17]. Akbar et al. (2019) simulated land use change in Lahore of
Pakistan using the Markov model. The accuracy was verified to be high [15]. The statistical models
mentioned above can estimate the magnitude of land use change. However, they are not able to
predict the spatial distribution of each land use type. Therefore, the spatially explicit models are often
used to predict the geographical patterns of land use change, such as the Dyna-CLUE model [18], the
cellular automata model (CA) [4], the agent-based model (ABM) [19], and the dynamics of land system
model (DLS) [20]. The CA model can simulate spatial land use dynamics and has been extensively
used. Tang et al. (2019) simulated the spatial-temporal land use change in the Delhi metropolitan
area using Markov-CA model [4]. However, the CA model could not calculate interactions between
land use change drivers, and it is not sufficient to simulate land use change by defining transfer
rules in the CA model properly, given the spatial complexities of land use change [21]. ABM can
incorporate diverse actions of human into modeling, and showed a satisfactory performance in
simulating socio-economic processes. However, it could not clarify decision-making procedures and
different response mechanisms of various organizations [21]. The Dyna-CLUE has been used in some
continents and countries successfully [22–28]. For example, future land use dynamics of Europe in
2030 was simulated using Dyna-CLUE model for the global economic scenario [22]. Stürck et al. (2015)
predicted the land use map of the year 2040 in Europe using Dyna-CLUE under four scenarios, and
then the roles of land use change for two ecosystem services were analyzed [28]. These studies showed
that the Dyna-CLUE model can specify the details of different land use change scenarios through
the model parameters. Therefore, it has the ability to better simulate land use change under defined
scenarios, and take the land use change driving forces, spatial policies and restrictions, and take land
suitability with respect to the designed scenarios into consideration.

To estimate the effect of land use change on cropland quality across China, crop yield data at
county, prefectural, or provincial level have been applied in the previous studies [29–31]. Li et al.
utilized a spatially explicit soil organic matter dataset to allocate the per unit area yield at the county
level into the pixel level. Bias exists inevitably since it is not true that crop yield is linearly dependent on
the soil organic matter [32]. Some studies use net primary production (NPP) to assess crop yield [33–35].
However, the NPP value is larger than the actual crop yield because it covers other vegetation areas
except for cereal crops and foliage and stalk aside from the grains. The Global Agro-Ecological Zones
(GAEZ) model can simulate potential crop yield at a pixel level [36]. Meanwhile, the output of GAEZ
could reflect the information of the supply of nutrient, energy, and water for the crop plant, which is
suitable to use to assess the cropland quality. Therefore, it can be used to assess the impact of a land
use change on cropland quality to obtain more accurate results.

Some researchers have assessed the effect of land use change on cropland quality and other
ecosystem qualities at different spatio-temporal scales. For example, He et al. assessed the variation
of cropland net primary productivity in response to urban expansion in China during 1992 and
2015 [34]. Deng et al. analyzed the trade-offs between the loss of cropland area and the improvement of
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cropland productivity in the Shandong province between 1985 and 2010 [2]. Song et al. examined the
spatial-temporal pattern of urban expansion from 1986 to 2020 and the consumption of high-quality
cropland of urban expansion in Beijing, China [37]. Lu et al. reported the spatial patterns of cropland
transfer and its implication on ecosystem quality of Jiangsu Province [38]. Lin et al. characterized the
cropland occupation-compensation from the qualitative and quantitative perspective in Wenzhou from
2005 to 2014 [39].

Recent works mentioned above were essential for land use planners and scientists to better
understand the impact of land use change on agriculture and related fields. However, most of these
studies were performed on a local or regional scale. At the national level, the focus has been on the
influences of past land use change on cropland prior to 2015 [31–34,40,41]. Relatively little is known
about how these influences will vary in the future. Few studies have examined the response of crop
yield to land use change across the whole of China in the coming decades, chiefly because the lack of
national scale projected a spatial explicit land use map. Against this background, the present study
simulated future land use change of China based on alternative scenarios, and in particular to estimate
“how much” and “where” the cropland with different productivity will change throughout China in
the incoming years.

The objective of this research is to assess the implication of land use change on cropland quality
and crop production of China between 2015 and 2030. To achieve this goal, land use maps during
2015 and 2030 in China under trend scenario, planned scenario, and cropland protection scenario were
simulated by integrating the Dyna-CLUE model, the Markov model, and land use plan aims. Then two
questions are posed here. How will the high-yield, medium-yield, and low-yield cropland change over
space under future development scenarios in China? What are the implications of cropland quality
change on food security and land use strategies?

2. Data and Methods

2.1. Data

The land use data of China for 2000 and 2015 with 1 km × 1 km resolution were provided
by Resource and Environment Data Cloud Platform, Institute of Geographic Sciences and Natural
Resources Research, Chinese Academy of Sciences (http://www.resdc.cn/). It was produced using the
human-machine interactive interpretation method based mainly on the Landsat Thematic Mapper and
GF-2 data [42]. The land use types include built-up land, cropland, grassland, forest, water area, and
unused land. In this study, the built-up land included cities, rural residential quarters, industrial land,
traffic road, and airport. The unused land included desert and bare ground with vegetation cover
lower than 5%, saline and alkaline land, rock, Gobi, and other non-vegetated areas.

Fifteen environmental variables were used as land use change driving factors in this study.
The topography variables include elevation, slope, and aspect. They were derived from the digital
elevation model (DEM). The DEM was downloaded from the website http://www.resdc.cn/. Climate
variables consisted of annual average temperature, annual average radiation, and annual total
precipitation. Climate data were derived from the National Meteorological Information Center of
China (http://data.cma.cn/). The soil properties include soil depth, soil texture, soil drainage, and
soil organic carbon. The soil data and agricultural zone boundaries were obtained from the National
Earth System Science Data Sharing Infrastructure of China (http://www.geodata.cn/). Socio-economic
variables include population density, traffic road, and the gross domestic product (GDP). The railway
and road maps as well as socio-economic data were downloaded from the website http://www.resdc.cn/.
The natural reserve map was provided by previous studies [43].

2.2. Methods

A systematic framework for the procedure of this study is illustrated in Figure 1. It can be divided
into two steps: predicting the future land use change in different scenarios and assessing the impact
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of land use change on cropland quality and crop yield. First, three land use change scenarios were
designed, and the non-spatial total area of each land use change in 2030 was determined based on the
Markov model or the policy aims. Second, these total areas were allocated to specific locations based
on the Dyna-CLUE model. Third, the spatial pattern of crop yield simulated by Global Agro-Ecological
Zones (GAEZ) model was used to classify cropland into different productivity grades. Lastly, the
influence of land use change on cropland quality and crop yield under different scenarios in 2030 were
investigated through overlay analysis.
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2.2.1. Scenarios Setting

To assess the potential influences on cropland quality due to land use change in China effectively,
three land use development scenarios were set, which include the trend scenario, the planned scenario,
and the cropland protection scenario. Under the trend scenario, the trends of land use change from
2015 to 2030 would be consistent with that from 2000 to 2015. Therefore, government regulations
would not work for the quantity and the spatial pattern of land use change. Land use data for the
years of 2000 and 2015 were used for implementing the Markov model because of the same interval of
15 years as that from 2015 to 2030. Under the planning scenario, the quantity and spatial distribution
would be simulated based on the land use policies and objectives. The total area of each land use
type would be determined, according to the national development plans adopted by the Chinese
government, and regional restrictions such as the natural reserve area would also affect the transfer of
land use change. In the cropland protection scenario, the conversion rates from cropland to other land
use types were reduced to strengthen the protection of cropland. The cropland area of China would
increase due to the restricting controls of the cropland protection scenario. The requirements of land
use under the three scenarios were input into the Dyna-CLUE model as one of the basic data points.

2.2.2. Model Description

The national land use requirements under different scenarios mentioned above are spatially
allocated using the Dyna-CLUE model, which is applied to predict the spatial pattern of land use change.
Four types of parameters are required to run the model: land use demands, location characteristics,
land use conversion settings, and spatial explicit policies [20]. The parameterization is crucial because
the difference of model outputs under different scenario storylines are determined by the parameter
settings [23]. The introduction of the four categories of parameters and the specific settings in this
study are discussed below.

Land use demand of each land use type defines the required area for all land use types at the
whole level for each scenario. The demands of the land use types in 2030 for the trend scenario, the
planned scenario, and the cropland protection scenario were predicted based on the storylines of them.
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In this study, the Markov model was conducted to predict the total area of each land use type under the
trend scenario without considering the spatial explicit allocation [44]. Land use data in 2000 and 2015
were used to develop the transformation matrix, which was used to drive the land use transformation
probability matrix. Under the planned scenario, the land use type demands were defined based on the
national development targets, which were set in the National General Land Use Planning Outline of
China (2016–2030) [45]. In the scenario of cropland protection, the transferring probability applied
in the Markov model was revised. The transferring probability from cropland to built-up land was
reduced by 20%, from cropland to forest, grassland, and water was reduced by 10%, and from cropland
to unused land was reduced by 50%. Land use demands data for the three scenarios are presented in
Table 1.

Table 1. Prediction of land use requirements for 2030 under different scenarios (km2).

Scenarios Cropland Built-Up Grassland Forest Water Area Unused

2015 1,780,228 216,164 2,978,288 2,231,256 265,568 1,980,640
Trend scenario 1,767,860 262,684 2,956,316 2,229,736 270,596 1,964,952

Planned scenario 1,778,857 260,112 2,976,812 2,469,580 265,144 1,701,638
Cropland protection scenario 2,067,685 216,038 2,868,192 2,226,214 267,180 1,806,832

The location characteristics determine the competitive power of each land use type at each pixel,
and play dominant roles in allocating the total demand area of each land use type mentioned above to
specific locations. For the pixel i, with a land use type j, the total probability (Tprobi, j) was calculated by:

Tprobi, j = Pi, j + ELSA j + ITER j (1)

where Pi,j is the occurrence probability of location i for land use type j. ELSAj is the conversion elasticity
for land use j. ITERj is an iteration variable that can reflect the competitive capability of land use j. The
land use would be allocated by the grid cell that has the highest total probability value.

Pi,j was calculated by the spatial logistic regression model following [46]:

Log(
Pi, j

1− Pi, j
) = β0 + β1X1,i, j + β2X2,i, j · · · · · ·+ βnXn,i, j (2)

where the X’s are land use change driving factors. The coefficients (β) were estimated by logistic
regression using each actual land use type as the dependent variable and land use change driving factors
as an independent variable. The driving factors are shown in Figure 2, which include geomorphologic
variables (Figure 2a–c), soil properties related variables (Figure 2d–i), climatic variables (Figure 2j–l),
and socio-economic variables (Figure 2m–o). They were selected based on historical data analysis and
expert knowledge, which are taken as the potential determinants of land use suitability. A raster map
with a pixel cell of 1 km × 1 km was created for each driving factor to match the spatial resolution of
land use data.

ELSA ranges from 0 to 1. The higher ELSA value means it is more difficult for the land use to
transfer to other land use. The ELSA for built-up land, cropland, grassland, forest, water area, and
unused land were set to be 0.9, 0.8, 0.7, 0.8, 0.8, and 0.5, respectively. They were defined based on the
observed condition and literature analysis. For example, built-up land was difficult to convert to other
land use types, so the ELSA was set to be 0.9. Unused land was easier to convert to other land use
types. Then the ELSA parameter of unused land was set to be 0.5. At the beginning, an equal value of
ITER was defined for each land use type. In the allocation process, if the allocated area for one land
use type was smaller than the demand area, the value of its ITER was increased. On the contrary, for
land use type whose allocated area was larger than the demand area, the value of ITER decreased.
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The land use conversion settings were constructed based on literature investigation and knowledge
of land use conversion processes. The conversion matrixes in the three scenarios were different on the
basis of the storyline of each scenario (Table 2). In the conversion matrix, the number 0 means the
corresponding land use type could not be converted to other types. The number 1 represents the fact
that the conversion is allowed. The number 18 means, within the natural reserve, the conversion is
forbidden and, outside the natural reserve, it is allowed. The distribution of natural reserve areas is
shown in Figure 3.

The requirements, land use data in 2015, together with the layers of driving factors (Figure 2),
elasticity parameter, land use conversion rules, and logistic regression coefficient were imported into
the Dyna-CLUE model. The land use maps in 2030 under different scenarios were simulated using
different parameters.
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Table 2. Use conversion rules under different scenarios *.

Land Use Built-Up Cropland Grassland Forest Water Area Unused

Built-up 1,1,1 1,1,1 1,1,1 1,1,1 1,1,1 1,1,1
Cropland 1,1,1 1,1,1 1,1,1 1,1,1 1,1,0 1,1,0
Grassland 1,18,18 1,18,18 1,1,1 1,1,0 1,0,0 1,1,1

Forest 1,18,18 1,18,18 1,1,1 1,1,1 1,0,0 1,0,0
Water area 1,0,0 1,0,0 1,0,0 1,0,0 1,1,1 1,0,0

Unused 1,1,1 1,1,1 1,1,1 1,1,1 1,1,1 1,1,1

Note: * The conversion values in the table are for trend scenario, planned scenario, and cropland protection scenario,
respectively, from left to right.
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2.2.3. Assessing the Effect of Land Use Change on Cropland Quality

The gridded crop potential yield data in 2015 [36] was used to evaluate the cropland quality. The
crop potential yield was simulated using the GAEZ model. A 15% band on the left and right side of the
average yield was defined as the lower and upper limits of the medium-yield cropland, respectively.
This method was developed in the previous research [32].

Yieldhigh−yield cropland> 115%×Yieldaverage (3)

85%×Yieldaverage < Yieldmedium−yield cropland < 115%×Yieldaverage (4)

Yieldlow−yield cropland< 85%×Yieldaverage (5)

Yieldaverage in the equations denotes average yield of China in 2015.
Two methods can be adopted to estimate the influence of land use change on cropland quality.

In the first category methods, cropland qualities in the pre-land and post-land use change condition
are all taken into the estimation [33]. While in the second category method, only the cropland quantity
in the pre-land use change condition is used [34]. Given that cropland quality is simultaneously
influenced by land use change and other factors such as human management and climate change, the
first method cannot eliminate the effects of other factors and would result in errors in the assessment
of the impact of land use change on cropland quality [33]. Therefore, the second method was used
to assess the impact of land use change on cropland quality to avoid the effects of climate change
and management.

2.2.4. Validation of the Model

The components of the figure of merit (FOM) were used to validate the Dyna-CLUE model. Using
the 2000 land use data as the initial data, the land use map from 2000 to 2015 was simulated by the
Dyna-CLUE model. Then the simulated land use change was compared with the reference land use
change from 2000 to 2015. The three maps: reference 2000, reference 2015, and simulation 2015 were
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compared quantitatively. The FOM’s components include correct rejections, false alarms, hits, wrong
hits, and misses, which were computed using the “lulcc package” of the R Language [47]. In this
scenario, the correct rejections indicate the area of correct due to reference persistence simulated
correctly. False alarms indicate the area of error due to the reference error due to reference persistence
simulated as change. The wrong hits indicate an area of error due to the reference change simulated
as a change to the wrong type. The hits indicate an area of correction due to a reference change
simulated as change. Misses indicate the area of inaccuracy due to a reference change simulated as
persistence [48].

The quantity disagreement measures how much the mismatch between the observed and
simulated quantity of land use change. The allocation disagreement measures the mismatch in the
spatial allocation. Equation (6) shows how the quantity disagreement is derived from the FOM
components, while Equation (7) shows how the allocation disagreement is derived from the FOM
components [49,50]. The total disagreement can be calculated using Equation (8).

Quantity disagreement = |False Alarms−Misses| (6)

Allocation disagreement = 2×min|False Alarms, Misses| (7)

Total disagreement = Quantity disagreement + Allocation disagreement + Wrong Hits (8)

3. Results

3.1. Model Validation

The logistic regression coefficients and Receiver Operating Characteristic (ROC) values are shown
in Table 3. The ROC values for built-up land, cropland, and forest are larger than 0.9, which indicates
that the spatial distribution of these three land use types can be explained well by the land use driving
factors. The ROC values of grassland and water area are 0.81 and 0.80, which are lower than the
other three land use types. Therefore, the model output of grassland and water area was less reliable.
The land use change processes are rather complex and widely affected by natural driving factors
and human driving factors. The geomorphologic variables such as slope, elevation, and aspect had
a significant effect on the distribution of built-up land and cropland. The climatic and socio-economic
variables had a significant effect on the spatial distribution of most of the land use types (Table 3).

Table 3. Logistic regression coefficients of each land use type.

Variables Built-Up Cropland Grassland Forest Water Area

Slope −0.003 ** −0.001 ** 0.002 ** −9.0810−4 **
Elevation −0.00097 ** −9.34 × 10−4 ** 5.32 × 10−4

−4.74 × 10−4 ** −6.47 × 10−5 **
Aspect −3.8 × 10−7 ** −5.42 × 10−7 ** −1.19 × 10−7 **

Silt soil percent −2.30786 −1.33597 1.09586 1.29462
Sand soil percent −2.55572 −1.48002 0.68501 * 1.67125
Clay soil percent −2.64192 −1.68801 0.94395 1.83934

Sallow and medium soil −1.40601 * −0.26737 *
Deep soil 0.95846

pH 0.02412 ** 0.02643 ** 0.02278 ** −0.02242 **
Soil organic carbon −0.00035 ** −2.64 × 10−4 ** 0.00119 ** 0.00227 **

High drainage −0.11215 * 1.26173 *
Low drainage −0.56816 * −0.6355 * 0.701 *
Temperature 0.00499 ** −0.00252 ** −0.00276 ** −0.01259 ** −0.00478 **
Precipitation 8.13 × 10−5 ** −7.52 × 10−5 ** 2.53 × 10−4 ** 6.32 × 10−5 **

Radiation 1.35 × 10−6 ** 8.45 × 10−7 ** −2.41 × 10−6 ** −2.88 × 10−6 ** 2.10 × 10−6 **
GDP 0.00006 ** 2.04 × 10−5 ** −5.17 × 10−5 ** −3.00 × 10−5 ** 6.74 × 10−5 **

Distance to main roads −5.68 × 10−7 ** −4.02 × 10−6 ** 6.01 × 10−6 ** −9.12 × 10−6 ** −2.36 × 10−6 **
Population 0.00068 * 2.00 × 10−4 ** −8.00 × 10−4 ** −6.20 × 10−5 ** −4.38 × 10−4 **

ROC 0.92 0.93 0.81 0.91 0.80

Note: * and ** represent significance at 0.01 and 0.05 level, respectively.
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The components of FOM are shown in Figure 4. Two types of correctness and three types of
errors calculated from the overlay of the reference map in 2000, reference map in 2015, and simulated
map in 2015. Overall, the Dyna-CLUE model generated 83.6% agreement between reference 2015 and
simulated 2015, mostly due to the correct rejections (80.3%) and some due to hits (3.38%). The 16.4%
total disagreement was due to false alarms (6.13%), wrong hits (3.12%), and misses (7.17%). The error
due to the allocation disagreement was 12.26%, and the error due to quantity disagreement was 1.04%.
The results show that the model parameter settings are reasonable and the outputs of the Dyna-CLUE
model in this study are reliable.
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3.2. Spatial Prediction of Cropland in 2030

The spatial pattern of cropland predicted for 2030 under the three scenarios is presented in Figure 5.
The variations of the spatial pattern of cropland in 2030 of different scenarios are clear. The differences
mainly resulted from the variation of conversion rules, restrict regions, and land use requirement.
In the trend scenario, cropland would shrink in many locations, especially in the central and southern
parts of China. In the planned scenario, the quantity of cropland was also expected to shrink, but the
decreasing rate was lower than the trend scenario. The government would take measures to protect
cropland to avoid food insecurity. According to the demand data, the quantity of grassland and forest
is larger in 2030 than in 2015 under this scenario. The government would also be measured to restore
grassland and forest other than cropland, since these two land use types play a key role in guaranteeing
environmental sustainability and ecosystem function. In the cropland protection scenario, the cropland
would increase from 2015 to 2030. The newly cropland would mainly occur in Northeastern and
East-central China (Figure 5).

3.3. The Prediction of Cropland Quality and Crop Yield

The potential crop yield data simulated by the GAEZ model at pixel level was applied to classify
the cropland different quality grade. The spatial pattern of high-yield, medium-yield, and low-yield
cropland in 2015 was presented in Figure 6a. The area of high-yield, medium-yield, and low-yield
cropland would be 7.41 × 105 km2, 2.35 × 105 km2, and 8.04 × 105 km2, respectively. The high-yield
cropland would distribute mainly over Eastern Central, Northeast, and Central China. The spatial
explicit cropland quality in 2030 under trend scenario, planned scenario, and cropland protection
scenario were calculated based on the land used data predicted by the Dyna-CLUE model and crop
yield data simulated by the GAEZ model. The spatial trends of cropland quality on a national scale is
similar. However, local differences are clear between different scenarios (Figure 6). Under the trend
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scenario, the quantity of high-yield, medium-yield, and low-yield cropland was 6.96 × 105 km2, 2.22 ×
105 km2, and 8.48 × 105 km2, respectively. The high-yield cropland would be reduced under all three
scenarios. At the national scale, the high-yield cropland would decrease 4.5 × 104 km2, 4.3 × 104 km2,
and 0.3 × 104 km2 for the trend scenario, the planned scenario, and the cropland protection scenario.
The medium-yield cropland would reduce under the trend scenario and planned scenario, but would
increase by 1.1 × 104 km2 in the cropland protection scenario. The low-yield cropland would increase
under all three scenarios.Sustainability 2019, 11, x FOR PEER REVIEW 10 of 19 
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Figure 6. Quality maps in 2015 (a) and simulated cropland quality under different scenarios in 2030.
(b) Trend scenario, (c) planned scenario, and (d) cropland protection scenario. Agricultural zones are
labeled using abbreviations: Northeast China Plain (NEP), The Northern arid and semiarid region
(NASR), the Huang-Huai-Hai Plain (HHHP), the Loess Plateau (LP), the Qinghai Tibet Plateau (QTP),
the Middle-lower Yangtze Plain (MLYP), the Sichuan Basin and surrounding regions (SBSR), the
Yunnan-Guizhou Plateau (YGP), and Southern China (SC). The inset pie chart show the total area of
high-yield, medium-yield, and low-yield cropland (unit: km2

× 105).
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The cropland quality in 2030 under different scenarios for the nine agricultural zones was analyzed.
The nine agricultural zones include the Northeast China Plain (NEP), The Northern arid and semiarid
region (NASR), the Huang-Huai-Hai Plain (HHHP), the Loess Plateau (LP), the Qinghai Tibet Plateau
(QTP), the Middle-lower Yangtze Plain (MLYP), the Sichuan Basin and surrounding regions (SBSR),
the Yunnan-Guizhou Plateau (YGP), and Southern China (SC) (Figure 6).The quantity of high-yield,
medium-yield, and low-yield cropland in 2030 under the three scenarios was calculated for each
agricultural zone. The high-yield cropland would decrease in 2030 in most of the agricultural zones
under trend scenario and planned scenario. Under cropland protection scenario, the high-yield
cropland would increase in NEP, HHHP, and LP agricultural region, and would decrease in other
zones (Figure 7). The medium-yield cropland would decrease in all zones under the trend scenario
and planned scenario, and in the QTP zone under the cropland protection scenario. The increase of
medium-yield cropland would occur in eight agricultural zones except the QTP zone (Figure 8). The
low-yield cropland would increase in most of the agricultural zones in 2030 under the three scenarios
except in the QTP zone in the trend scenario (Figure 9).Sustainability 2019, 11, x FOR PEER REVIEW 12 of 19 
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The consistency between the potential crop yield used in this study and the investigated actual
yield was tested by Liu et al. [36]. The results showed that the cross-correlation coefficient is 0.82, and
the standard deviation is 7.4 thousand tons [36]. Therefore, the potential crop yield agreed well with
the actual yield data. Accordingly, the potential crop yield data does reflect the actual yield to a large
extent. Lastly, the potential yield data, together with the spatially explicit land use data predicted by
the Dyna-CLUE model, were used to calculate the changes in crop yield caused by land use change
in China from 2015 to 2030. It was found that, for the trend scenario, the crop yield of all of the nine
agricultural zones in 2030 decreased when compared with that in 2015 except for HHHP MLYP, and
SC zones (Table 4). In the planned scenario, the differences of total crop yield for the whole country
or the agricultural zones scales between 2015 and 2030 were small. The increase in crop yield was
pronounced under the cropland protection scenario, and the increase was mainly distributed in the
NEP and HHHP zones. In the two agricultural zones, crop yield increased by 2.66 × 1010 kg, which
contributed 50% of the national total crop yield increase.

Table 4. Crop yield in 2015 and in 2030 under three scenarios in each agricultural zone.

Agricultural
Zone

2015 2030 Trend Scenario 2030 Planned Scenario 2030 Cropland Protection
Scenario

Amount (kg
× 1010)

Percentage
* (%)

Amount (kg
× 1010)

Percentage
(%)

Amount (kg
× 1010)

Percentage
(%)

Amount (kg
× 1010)

Percentage
(%)

NEP 13.62 18.63 13.61 18.65 13.62 18.63 14.82 18.90
NASR 6.99 9.57 6.98 9.57 6.99 9.57 7.63 9.73
HHHP 20.15 27.57 20.15 27.62 20.15 27.56 21.60 27.53

LP 3.75 5.13 3.74 5.13 3.75 5.13 4.29 5.47
QTP 0.13 0.18 0.11 0.15 0.13 0.18 0.13 0.17

MLYP 5.63 7.71 5.63 7.72 5.63 7.71 5.87 7.48
SBSR 18.57 25.41 18.48 25.33 18.58 25.41 19.26 24.56
YGP 2.78 3.81 2.77 3.79 2.77 3.80 3.11 3.97
SC 1.45 1.99 1.48 2.03 1.48 2.02 1.71 2.19

Sum 73.08 100 72.95 100 73.10 100 78.44 100.00

Note: * Percentage of the total crop yield of China.

4. Discussion

4.1. Future Changes of Cropland Quantity

Land use strategies in 2030 were simulated according to the storylines of three land use change
scenarios using the Dyna-CLUE model. As for the trend scenario, built-up land would increase, and
a large part of the newly emerging built-up land would distribute around the existing built-up land.
The cropland, grassland, and forest would decrease due to the pressure of human activities. As for the
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cropland protection scenario, the increase in cropland was due to the distinguishing characteristics.
In the planned scenario, the decrease of cropland would be prevented compared with the trend
scenario, and redline restriction was made by the government to guarantee the area of cropland against
a decrease. However, the cropland under the planned scenario would not increase noticeably like
the cropland protection scenario. The reason is that land use strategies made by the government
laid emphasis not only on food security but also on the protection of the ecological environment.
Ecological land was prohibited from reducing in order to promote the harmony of environmental
sustainability and socioeconomic development in the planned scenario. Forest and grassland area
would increase according to the land use planning. Therefore, the planned scenario emphasizes the
concerted development of ecological land and cropland, and the cropland protection scenario is more
efficient in protecting cropland.

4.2. Impacts of Land Use Change on Cropland Quality

The spatial pattern of cropland quality on the pixel level in 2030 under different scenarios was
also simulated. It helps decision-makers to further understand the location that should be protected
and the location that can be developed. Typically, the converted lands for cropland have lower quality
and were located in areas with low-yield cropland. In the planned scenario, the high-yield and
medium-yield cropland would decrease and the low-yield cropland would increase. While in the
cropland protection scenario, there would also be a small reduction of the high-yield cropland, and the
medium-yield and low-yield cropland would increase. The reason is that urban development shares
the same conditions as high-yield cropland, such as small slope, short distance to settlement, and water
bodies. Therefore, the transfer probability of high-yield cropland is similar to urban built-up land to
a large extent. Figure 10 shows the probability map of high-yield cropland and built-up land calculated
through logistic regression between these two land use types and land use change driving factors.
As a result, built-up land would occupy high quality cropland and pose a threat to food security in
China. This situation is different in India, the United States, and Brazil, which will also lose large
amounts of cropland. In these countries, large areas of cropland will be untouched during the process
of built-up land expansion. Consequently, the domestic crop production would be less likely to be
affected [3].
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The findings of this research are in accordance with other existing studies. For example, Li et al.
evaluated the impact of cropland shift on crop yield in China during 1990 and 2010. They found that
fertile cropland was converted to built-up land, and more low-yield land was converted to cropland,
which led to the decrease of the national average crop yield per unit area from 1990 to 2010 [32].
Yan et al. evaluated the effects of land use change on cropland productivity in China from 1990 to 2000.
Their results demonstrated the newly compensated cropland for the occupation of cropland in the



Sustainability 2019, 11, 3327 14 of 18

area, but the productivity of occupied cropland was 80% higher than that of the newly cropland [33].
He et al. also concluded that the total cropland net primary productivity decrease resulted from
urban expansion in China from 1992 to 2015, which caused a threat to food security [34]. Song et al.
found that urban expansion caused the loss of high-quality cropland for the period of 1986 to 2020 in
Beijing [37]. Shi et al. found that large areas of fertile cropland were sacrificed to non-agricultural uses
during the last decade in the Huang-Huai-Hai Plain of China [51]. Kong stated that some high-quality
cropland have been built on or contaminated, and replaced by lower quality marginal land in the past
years [52]. The comparison with regard to the future trend of cropland quality was unable to be carried
out due to the lack of similar studies.

4.3. Future Crop Yield Change Induced by Land Use Change

The decrease in high-yield cropland and increase in low-yield cropland can be generalized as
poor cropland for superior cropland. What would be the influence of such conversion on crop yield?
How would this kind of influence vary across the agricultural zones of China? These problems were
investigated in this study. This study showed that the total crop yield at the whole country scale would
decrease in the trend scenario, remain stable in the planned scenario, and increase in the cropland
protection scenario. The decline of crop yield would be controlled in all of the nine agricultural zones
under the cropland protection scenario. The issue of food security has been of concern in China for
many years [53]. The three development scenarios assessed in this research enables policy makers to
have different options based on the local situations within each agricultural zone. For example, if the
food provision is adequate, the planned scenario could be adopted, which also lays more emphasis
on the protection and restoration of ecological land. The areas of forest, grassland, and water area
would also achieve the aim of related forest, grassland, and water resource development plans in the
planned scenario. On the other hand, the schemes of cropland protection scenario could be considered
once the pressure of food supply becomes huge. The variation of crop yield was different on the
agricultural zone scale, and recognizing these distinctions is conductive to the making of flexible land
use management strategies for different zones. Good governance is necessary to meet the goals of
cropland protection, environmental security, and economic development. It is crucial to lead future
land use change to more sustainable means [54,55].

To get rid of crop yield change caused by other drivers than land use change, the potential crop
yield dataset before land use change between 2015 and 2030 was used to estimate the original cropland
quality. Thus, the fluctuation of crop yield during 2015 and 2030 was not taken into account. Will the
decrease of crop yield in the trend scenario be relieved if the fluctuation of crop yield was considered?
Herein, some investigations into the prospect of future crop production were performed. Crop yield
increased substantially in China during the last two decades due to the consumption of a large amount
of chemical fertilizer and increase of agricultural machinery power [56–58]. However, previous studies
found that the yield increase of wheat, rice, and maize have decelerated or even stopped around 2010
in China. The reason may be that the gap between actual crop yield and yield potential are more
likely to close [48]. Meanwhile, it is unreliable to increase the grain importation from the international
market [59]. A decline in the global cereal yields was projected from 2010 to 2050 [60]. The global
grain price index increased plenty and the grain supply from the world grain markets is finite [61].
Additionally, extensive independent studies have shown that climate change would reduce crop yield
on a global scale [62,63]. Against this background, the problem of food security in China should be
noticed and the government should take adaption measures and develop cropland protection strategies
to enhance future sustainability development.

4.4. Uncertainty of the Assessments

There were some uncertainties in this research. First, land use data of year 2000 and 2015 were
used to determine the trends of land use change in the trend scenario. The adopted approach assumed
that there was no abrupt turning point in the area of each land use type from 2000 to 2015. However,
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in reality, the actual land use change graph can be flat at the end of the 15-year period (for 2015) or
even, reaching a peak earlier (between 2000 and 2015), already have a real downward trend (despite
the demonstrated upward trend). Therefore, using data from at least three periods of time instead
of two would greatly reduce the size of the forecast error. Second, the pixel size of the land use data
and crop yield data is 1 × 1 km. Thus, mixed pixels bring about errors in the quantity of each land
use. Third, the validation of the land use prediction model is practical only for the past land use data.
The simulated and actual land use data in 2015 were compared, and the good validation results can
indicate the validity of the allocation algorithms within the model. Fourth, the fluctuations of land use
change driving factors from 2015 to 2030 were not taken into consideration in the process of simulation.
Although Dyna-CLUE is one of the most extensively used model in predicting land use change, some
uncertainty in the simulated results may still exist. For example, some land use change driving factors
may not be captured. Nevertheless, the assessment performed in this research is still worthwhile.
It has managed to picture the details of the cropland quantity and crop yield variation caused by land
use change in the next two decades in China. The results are crucial for sustainable agriculture and
food security.

5. Conclusions

This study simulated land use change from 2015 to 2030 under the trend scenario, the planned
scenario, and the cropland protection scenario using the Dyna-CLUE model. Cropland quality grade
was calculated based on a potential crop yield dataset at the pixel level. The impacts of future land use
change on cropland quality and crop yield at national and agricultural zones scales were investigated.
This research found that, under the trend scenario, the area of cropland and the crop yield would
continue to decrease. The high-yield and medium-yield cropland would decrease and the low-yield
cropland would increase. Under the planned scenario, the arbitrary occupation of cropland would be
prohibited, and the crop yield would remain unchanged. The high-yield and medium-yield cropland
would decrease and the low-yield cropland would increase. Under the cropland protection scenario, the
cropland area and the crop yield would increase, and there would be a small reduction of the high-yield
cropland, and the medium-yield and low-yield cropland would increase. The converted lands for
cropland would mainly occur in Northeastern and Northern China, and the reduced high-quality
cropland would mainly be occupied by the built-up land. The Dyna-CLUE model has been successfully
used in various regions. Therefore, the method of this study could be applied in other study areas
easily with specific development scenarios.

As noted above, the food production would be sustainable only for the two main drivers, which
include cropland quality and quantity, which are under control. Both the planned scenario and
cropland protection scenario fail to reverse the reduction of high-yield cropland, even though they
present much fewer losses of high-quality cropland than the trend scenario. This suggests that land
use policies of China should take into account both the quantity and quality of cropland. For example,
the Farmland Requisition-Compensation Balance policy, which aims to offset losses in cropland area to
built-up land with gains in new cropland, should require a quality balance rather than solely a quantity
balance. The findings in this study have substantiated that high-yield cropland resources are limited
in China and a large portion of the new gained cropland would be low-yield cropland, even under
the cropland protection scenario. Therefore, upgrading medium-yield and low-yield cropland is
a critical step toward the sustainable management of cropland and a deep insight into it should be
taken by the policy-makers and scientists. Some projects on improving lower quality cropland have
been undertaken by different ministries. The cost is merited and more fund and money should be put
on these projects. Furthermore, the government needs to establish a payment system to reinforce the
protection and reclamation of high-yield cropland.

Land use data with finer spatial-temporal resolution will be applied in the next research study,
which can improve the accuracy of future prediction. Meanwhile, the next study will link the
Dyna-CLUE with a production efficiency model (GLOPEM-CEVSA) and machine learning approaches
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to estimate the influence of the yield gap between potential and actual crop yield on food security in
the future.
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