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Abstract: Biocapacity evaluation is an important part of sustainable development research, but
quantitative and spatial evaluation and future scenario analysis still have model and methodological
difficulties. Based on the high-resolution Globeland30 dataset, the authors analyzed the charac-
teristics of land use/cover changes of the Loess Plateau in Northern Shaanxi from 2000 to 2020.
Then, comprehensively considering the driving factors of social development, topography, climatic
conditions, and spatial distance, the logistic regression method and the CA–Markov model were used
to simulate the land use scenario in 2030. Finally, the biocapacity model was used to describe the
spatial distribution and spatial-temporal evolution of the regional biocapacity in detail. The results
showed the following: (1) Biocapacity was jointly restricted by land use types, yield factors, and
equivalence factors. The high values were mainly distributed in the riparian areas of the central and
eastern regions, the ridges and valleys of the central and western regions, and the farmland patches
of the southern valleys; the median values were mainly distributed in the forest of the southern
mountains; the low values were mainly distributed in the grassland and unused land in the hilly
and gully areas of the central and northern regions. (2) The biocapacity of Loess Plateau in Northern
Shaanxi increased by 9.98% from 2000 to 2010, and decreased by 4.14% from 2010 to 2020, and the
total amount remained stable. It is predicted that by 2030, the regional biocapacity will continue to
increase by 0.03%, reaching 16.52 × 106 gha.

Keywords: land use/cover; biocapacity; CA–Markov; Loess Plateau

1. Introduction

Since the 21st century, the contradiction between global economic and social develop-
ment and resources and environment has become more prominent, and the international
community has paid more and more attention to sustainable development. The United
Nations has proposed global SDGs (sustainable development goals), and major countries in
the world have also proposed national action plans. Sustainable development emphasizes
the coordinated relationship between population, resources, environment, and develop-
ment, and creates a healthy and sustainable resource and environmental foundation for
future generations [1,2]. Biocapacity evaluation has become an important part of regional
sustainable development research.

The theory of biocapacity and ecological footprint was first put forward by Rees et al. [3].
It emphasizes the material and energy basis of the operation of life systems, ecosystems,
and human social systems [4]. In this theory, biocapacity quantifies the ability of ecology,
environment, and resources to support the survival of humans and other organisms, and is
a core indicator for evaluating the basis of regional sustainable development [5]. In recent
years, scholars have studied biocapacity from different scales and perspectives, such as
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regional biocapacity [6], national biocapacity [7], global biocapacity [8], spatial-temporal
changes of biocapacity [9], and future simulation of biocapacity [10]. More importantly,
scholars have conducted in-depth and extensive research on the effects of biocapacity
stability and its changes, such as the restriction of biocapacity on economic growth and
human capital [11,12], the impact of biocapacity changes on ecosystem services [13], the
relationship between biocapacity and environmental management level [14], and the
relationship between biocapacity and subjective well-being index [15]. These studies
have enriched the theory and application of biocapacity, indicating that the stability of
biocapacity plays an important role in the stability of ecological services, environmental
improvement, and regional economic development. Their research results can provide a
scientific basis for targeted governance by national and local governments, and are of great
significance for the promotion of regional and global sustainable development.

In the calculation of biocapacity, the area and productivity of biologically productive
land are basic elements [16]. Regional land use/cover change (LUCC) will directly cause
changes in biocapacity and determine the spatial-temporal change pattern of biocapac-
ity [17]. Therefore, historical land use data and future scenario data play an important role
in the evaluation of biocapacity. Carrying out remote sensing interpretation of land use, or
selecting land use data products with feasible accuracy and continuous time, to simulate
future scenarios of LUCC, is the key to biocapacity prediction research.

In terms of land use simulation methods, the most widely used models include the
CLUE-S (Conversion of Land Use and its Effects at Small Region Extent) model [18], Agent–
CA (Agent–Cellular Automata) model [19], FLUS (Future Land Use Simulation) model [20],
and CA–Markov (Cellular Automata–Markov) model [21]. The CLUE-S model integrates
spatial analysis technology and the system theory method. It is a mature and widely used
dynamic model, especially on a small area scale [22]. However, the CLUE-S model sets
land use demand and elasticity coefficients based on personal experience, and its results
are easily affected by subjective factors [23]. The Agent–CA model adds human and social
factors to the natural and continuity simulation of the CA (Cellular Automata) model
through the ABM (Agent-Based Model), which can easily explore urban land development
scenarios under different policies [24]. However, the ABM relies on survey data to define
the agent’s behavioral rules, and the simulation results are highly subjective [23]. The FLUS
model uses an ANN (Artificial Neural Network) to calculate land suitability, and then uses
a CA model with an adaptive inertial mechanism to simulate land use changes [25,26].
The ANN brings the land suitability assessment closer to human thinking, but there is
also a “black box” problem, which is that researchers cannot know the mechanism of
land use change. The CA–Markov model organically combines the long-term prediction
advantage of the Markov model with the complex system simulation capability of the CA
model [27,28]. It uses the Markov area transfer matrix as the area evolution target of the CA
model [29], which solves the key problem that LUCC simulation has difficulty achieving
spatial-temporal synchronization, and the simulation effect is excellent [30].

The Loess Plateau in Northern Shaanxi is the core area of China’s Loess Plateau. The
Cenozoic red soil layer and the loose loess layer, with a thickness of dozens to more than
100 m, cover the Mesozoic bedrock foundation. After a long period of water cutting,
soil erosion, and human activities, the unique landform of “hundreds and thousands of
hills and valleys” is finally formed. On the whole, the vegetation in this area has been
widely destroyed, the soil erosion is serious, and the ecological environment is fragile. In
1999, the Chinese government launched the GGP (the Grain to Green Program), trying
to restore part of the farmland to forest and grassland to improve the regional ecological
environment [31]. In recent years, scholars have studied the effects of the GGP implemen-
tation and changes in the regional ecological environment from multiple aspects such as
vegetation coverage [32], soil and water conservation [33], and ecological services [34].
Relevant results show that, since 2000, the soil and water conservation capacity of the
Loess Plateau has been significantly enhanced, vegetation restoration and soil erosion
control have achieved good results [33], regional hydrological regulation capacity has



Sustainability 2021, 13, 5901 3 of 17

been significantly improved, carbon storage has increased [34], and vegetation coverage
and vegetation quality has improved [32]. These in-depth and detailed studies provide a
scientific basis for the government to formulate policies for ecological construction, regional
planning, and sustainable development. However, the existing research also has some
shortcomings, such as focusing more on historical processes rather than future trends,
single ecosystem types and processes rather than complex changes in multiple ecosystem
types, and environmental protection policy and environmental performance evaluation
rather than quantitative study of biocapacity.

Given the insufficient quantitative analysis of biocapacity, insufficient understand-
ing of spatial distribution laws, and insufficient clarity of future development trends in
the study of sustainable development of the Loess Plateau, this article applies the logistic
regression method to grasp the laws of LUCC based on authoritative land use data. Further-
more, we apply the CA–Markov model and biocapacity model to carry out a quantitative
and spatial analysis of the future land use and biocapacity of the Loess Plateau in Northern
Shaanxi. The research aims to answer the following three key questions:

(1) How to construct a set of biocapacity evaluation models suitable for the Loess Plateau
in Northern Shaanxi?

(2) What will be the spatial distribution pattern of the biocapacity of the Loess Plateau in
Northern Shaanxi in the future?

(3) In response to future changes in the biocapacity, what strategies should the govern-
ment take?

2. Study Area, Data, and Methods
2.1. Study Area

The Loess Plateau in Northern Shaanxi (Figure 1) includes 25 counties (districts)
in Shaanxi Province in administrative divisions, with a total area of about 80,000 km2,
accounting for about 39% of the total area of Shaanxi Province. It is located in the core area
of China’s Loess Plateau and is on the edge of the temperate monsoon climate zone. Its
latitude and longitude range are roughly 107◦15′ E–111◦15′ E and 35◦21′ N–39◦35′ N. The
annual average temperature is 7–11 ◦C, the annual precipitation is 300–600 mm, the climate
is dry, the evaporation rate is high, and the frost-free period is short. It is a typical arid and
semi-arid area in Northwest China. The terrain of the region is higher in the northwest
and lower in the southeast, and the altitude is mostly between 1000 and 2000 m. The basic
landform types include loess tableland, loess ridge, loess hill, and loess gully, which form
the plateau surface of the Loess Plateau after modern gully segmentation.

The Loess Plateau in Northern Shaanxi has many rivers and fertile soil. It is called
“the granary in the Loess Plateau”. In 2018, the Loess Plateau in Northern Shaanxi had
a total population of 6.18 million, accounting for 16% of Shaanxi Province, the GDP was
RMB 540.8 billion, accounting for 22% of Shaanxi Province; the per capita GDP was RMB
96,212—1.52 times the per capita GDP of Shaanxi Province; and the grain output was
3.36 million tons, accounting for 27% of Shaanxi Province.

2.2. Basic Data and Pre-Processing

The land use/cover data used in this study are from the Globeland30 data set provided by
the China State Geospatial Information Center (http://www.globallandcover.com/, accessed
on 28 September 2020) [35]. The resolution is 30 m. The Globeland30 data set has been
sent to the United Nations by the Chinese government for free use by all countries [36–39].
In this study, 10 land types in the original Globeland30 data were reclassified into six
categories (farmland, forest, grassland, water area, built-up land, and unused land), and
binary images of these six types of land were made.

http://www.globallandcover.com/
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Figure 1. The location and topography of the Loess Plateau in Northern Shaanxi.

Selecting and determining the driving factors of LUCC is the key to accurately sim-
ulating future scenarios. This study referred to the experience of scholars in similar
areas [40–42], and comprehensively considered the characteristics of economic and social
development in Northern Shaanxi. A total of 10 factors in four categories were selected as
the key driving factors for LUCC. The detailed information and processing methods of the
driving factors are shown in Table 1.

Table 1. Driving factors of LUCC of the Loess Plateau in Northern Shaanxi.

Categories Factors Data Sources Processing Methods Final Results

Economic and social
development

Per capita GDP

Resource and Environment Science
and Data Center

(http://www.resdc.cn/, accessed on 5
October 2020), National Per capita

GDP data with 1 km resolution in 2010
and 2015

Linear interpolation,
resample

Per capita GDP data in
2010 and 2020

Population density

Resource and Environment Science
and Data Center, National population
density data with 1 km resolution in

2010 and 2015

Linear interpolation,
resample

Population density data
in 2010 and 2020

Topography

Elevation
Geospatial Data Cloud

(http://www.gscloud.cn/, accessed on
8 October 2020), DEM data

Mosaic, clip, projection Elevation data

Slope Calculated by DEM data Slope data

Aspect Calculated by DEM data Aspect data

http://www.resdc.cn/
http://www.gscloud.cn/
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Table 1. Cont.

Categories Factors Data Sources Processing Methods Final Results

Climatic condition

Annual precipitation

Greenhouse Data Sharing Platform
(http://data.sheshiyuanyi.com/,

accessed on 16 October 2020), annual
precipitation observation data of 16
meteorological stations in the study

area and surrounding area from 2010
to 2019

Linear interpolation,
IDW interpolation

Annual precipitation
data from 2010 to 2020

Annual accumulated
temperature (>10 ◦C)

Greenhouse Data Sharing Platform,
annual accumulated temperature

observation data of 16 meteorological
stations from 2010 to 2019

Linear interpolation,
IDW interpolation

Annual accumulated
temperature data from

2010 to 2020

Spatial distance
relationship

Distance to main roads National Basic Geographic Information
Database Euclidean distance Distance to main roads

data

Distance to rivers National Basic Geographic Information
Database Euclidean distance Distance to rivers data

Distance to
built-up land GlobeLand30 dataset Resample and

Euclidean distance

Distance to built-up
land data in 2010 and

2020

The general statistical work of the basic data was completed in MS Excel; spatial statistics and interpolation analysis were completed in
ArcGIS 10.8; the final results were all raster data with a resolution of 30 m.

We standardized the driving factor data, and then used IDRISI32 software and logistic
regression to make suitability maps for various types of land.

2.3. Research Methods
2.3.1. Analytical Framework and Methods

The main analytical framework and methods of this study is shown in Figure 2.
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First, a logistic regression analysis based on the 2010 land use data and driving factor
data was performed and the suitability atlas was made. Subsequently, the CA–Markov
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model was used in IDRISI32 to carry out a land use scenario simulation, and the land
use simulation data in 2020 was obtained. The 2020 simulation data was compared with
the high-quality satellite remote sensing interpretation result (GlobeLand30 2020 data) to
verify the simulation accuracy. After ensuring that the model parameterization scheme is
feasible, based on the 2020 land use data, the CA–Markov model was used to carry out the
2030 land use scenario simulation. We then determined the yield factors and equivalence
factors in the biocapacity model. Finally, we analyzed the spatial pattern and changing
laws of biocapacity. This paper finishes with a discussion of the accuracy and uncertainty
of the results and the value of government decision-making.

2.3.2. Logistic Regression Method

Logistic regression is a commonly used statistical method to analyze multivariate
relationships [43]. As opposed to linear regression, the dependent variable of logistic
regression is discrete, and there is a logical relationship between the dependent variable
and the independent variable, so it is suitable for regression analysis of discrete values such
as land use type [44]. Using the multiple logistic regression method, we can determine
the weight of each driving factor on LUCC, exclude the factors with weak correlation, and
generate suitability images of various types of land. The model is shown below [45]:

logit(pi) = ln
(

pi
1− pi

)
= a +

n

∑
j=1

bjxj (1)

where pi is the probability of type i land appearing on the pixel; a is the regression constant;
xj is the selected jth driving factor; bj is the regression coefficient of the variable xj; and the
logit transformation effectively linearizes the model so that the dependent variable pi is
continuous in the range of 0–1.

2.3.3. CA–Markov Model

The CA model is a spatial dynamic model with discrete time, space and state, and
local spatial interaction and temporal causality [46]. It is based on a regular discrete grid.
Each cell has a limited number of discrete states and neighbors, and its future state depends
on the state of itself and neighbors in the previous time. Using the transformation rules
of cell state, we can simulate the spatial-temporal change process of land use and other
complex systems [28]. The model is shown below [46]:

S(t + 1) = F(S(t), N) (2)

where S(t) and S(t + 1) are the set of cellular states at times t and t + 1, respectively; F is
the transition rule of cellular state; N is the neighborhood filter.

The Markov model is a classic statistical and quantitative prediction method [47],
proposed by the former Soviet Union mathematician Andrey Markov, applied in natural
language processing, human resource management, land use simulation, and other fields
widely. The process of using the Markov model to simulate land use change is as follows:

S(t + 1) = P·S(t) (3)

P =


p11 p12
p21 p22

. . . p1n

. . . p2n
...

...
pn1 pn2

...
...

. . . pnn

 (4)

where S(t) and S(t + 1) are the land use states at times t and t + 1, respectively; P is the
state transition probability matrix; pij is the probability of class i land transforming into

class j land, pij ∈ (0, 1), and
n
∑

j=1
pij = 1, (i, j = 1, 2, 3 . . . , n).
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In the field of land use simulation, the Markov model focuses on the prediction of
change quantity, but it cannot express the spatial distribution of land use or show the spatial
pattern of all kinds of land change [48]; the CA model can predict the spatial-temporal
change characteristics of all kinds of land [47], which makes up for the deficiency of the
Markov model. The model is as follows:

sij(t + 1) = F
(
sij(t), Qij(t), V

)
(5)

where sij(t) and sij(t + 1) are the states of the cell in row i and column j at times t and t + 1,
respectively; Qij(t) is the state of the neighbors of the cell in row i and column j at t time; V
is the suitability atlas; F is the cell transformation rule.

2.3.4. Biocapacity Model

Biocapacity is measured in global hectares (gha or ghm2). The biocapacity of 1 gha
represents 1 ha of land with the global average productivity level. Regional biocapacity
measures the biological productivity of regional land and waters [4]. The biocapacity
model transforms the biocapacity into a global unified and additive biophysical index,
which facilitates the study of biocapacity [16]. The model is as follows [3,5]:

BC =
n

∑
i=1

Ai ×YFi × EQFi (6)

where BC is the regional biocapacity; n is the number of types of bio productive land in the
region; Ai is the area of type i bio productive land (ha); YFi is the yield factor of type i bio
productive land (without unit); EQFi is the equivalence factor of type i bio productive land
(gha/ha).

In the calculation process of the biocapacity model, scientific and accurate yield factors
and equivalence factors are the key parameters, which need to be determined according to
the actual land use type, economic and social development stage, farming, grassland, and
forestry development level of the study area, and updated in time. In the Loess Plateau in
Northern Shaanxi, the unused land is generally bare desert, saline-alkali land, and sandy
land. In theory, these lands still have a low level of biological production capacity, but their
area is small and scattered, their output is very small, and their contribution to the total
biocapacity is very small [16]. Therefore, the yield factor of unused land was set as 0 in this
paper. The built-up land (such as housing area, industrial land, and infrastructure land) is
mostly converted from high-quality land suitable for cultivation, but it is no longer used as
bio-productive land. Therefore, this paper set its yield factor as 0. Finally, four types of
land were considered in the biocapacity model: farmland, forest, grassland, and water area.
The specific values of yield factors and equivalence factors can be seen in Table 2.

Table 2. Yield factors and equivalence factors of the Loess Plateau in Northern Shaanxi.

2000 2010 2020 2030

Yield
Factor

Equivalence
Factor

Yield
Factor

Equivalence
Factor

Yield
Factor

Equivalence
Factor

Yield
Factor

Equivalence
Factor

Farmland 2.12 2.15 2.21 2.39 2.02 2.50 2.02 2.50
Forest 1.18 1.36 1.18 1.24 1.18 1.28 1.18 1.28

Grassland 0.81 0.48 0.81 0.51 0.81 0.46 0.81 0.46
Water area 1.27 0.35 1.27 0.41 1.27 0.37 1.27 0.37

In Table 2, the yield factor in 2000 and 2010 quoted the average yield factor of China
in the year published by the Global Footprint Network (GFN); the yield factor in 2020
quoted the average yield factor of China in 2019 published by the GFN; the equivalence
factor in 2000 quoted the average value of world equivalence factors published by the
World Wildlife Fund (WWF) in 1999 and 2001; the equivalence factor in 2010 quoted the
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world equivalence factor published by the WWF in 2006; the equivalence factor in 2020
quoted the world equivalence factor published by the GFN in 2019; the yield factor and
equivalence factor in 2030 are assumed to be the same as in 2020.

3. Results and Analysis
3.1. Quantity and Distribution of Land Use/Cover

Historical data and future scenario simulation results (Figure 3 and Table 3) show that
the land use/cover situation in 2030 will be roughly the same as the historical period (2000,
2010, and 2020). Grassland (about 47% of the total area) and farmland (about 32% of the
total area) are the main types of land of the Loess Plateau in Northern Shaanxi. The order
of each type of land area is grassland > farmland > forest > unused land > built-up land >
water area. The grassland is mainly distributed in the hilly and gully areas of the central
and northern parts (Wuqi, Zhidan, Ansai, Zichang, Jingbian, Yuyang, Shenmu, Fugu). The
farmland is mainly distributed in the riparian land in the middle and east (Jiaxian, Mizhi,
Suide, Wubao, Zichang, Qingjian), the loess ridge, hill, and gully in the middle and west
(Dingbian, Jingbian), and the valley terraces in the middle and south (Huangling, Fuxian,
Luochuan). The forest is mainly distributed in the southern mountainous area (Baota,
Ganquan, Zhidan, Yichuan). The unused land is mainly distributed in the northwest.
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Table 3. Land use area of the Loess Plateau in Northern Shaanxi in 2000–2030 (km2).

2000 2010 2020 2030

Farmland 25,736 25,636 25,555 25,547
Forest 14,448 14,512 14,575 14,637

Grassland 37,667 37,637 37,600 37,561
Water area 311 259 228 208

Built-up land 318 479 609 716
Unused land 1581 1539 1495 1392

3.2. Spatial Distribution of Biocapacity

According to Formula (6), biocapacity depends on land use/cover type, the yield
factor, and the equivalence factor. Therefore, the spatial distribution pattern of regional
biocapacity (Figure 4) is similar to that of land use/cover under the condition of little change
of yield factor and equivalence factor. The high-value area of biocapacity corresponds well
with the distribution of farmland, mainly distributed in the riparian land in the middle and
east, the loess ridge, hill, and gully in the middle and west, and the valley terrace in the
south; the middle value corresponds well with the distribution of forest, mainly distributed
in the southern mountain; the low value corresponds well with the spatial distribution of
grassland, which is mainly distributed in the hilly and gully areas in the middle and north.
The zero value of biocapacity is mainly distributed in the windy sandy land, saline and
alkaline land in the northwest, and the central urban area of each county.
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3.3. Spatial-Temporal Changes of Biocapacity

By analyzing the change tendency of biocapacity in the study area (Figure 5), it can
be seen that, from 2000 to 2030, the total amount of biocapacity of the Loess Plateau in
Northern Shaanxi remains stable (the multi-year average value is 1.645 × 107 gha, and the
coefficient of variation is 4.26%). However, there was a significant increase of 9.98% during
2000–2010. During 2010–2020, it decreased slowly, with an amplitude of 4.14%. From 2020
to 2030, the change is small, with an increase of 0.03%. The biocapacity change of farmland
and grassland is the same as the change in total biocapacity. The biocapacity change trend
of the forest is as follows: decreased from 2000 to 2010 (range 8.42%), and increased from
2010 to 2020 and from 2020 to 2030 (increases of 3.67% and 0.43%, respectively). The
biocapacity of the water area showed a continuous decline. Studies have shown that,
continuing the changing trend in land use from 2010 to 2020, the farmland on the Loess
Plateau in Northern Shaanxi will continue to decrease from 2020 to 2030, and the forest
will show an increasing trend. The regional biocapacity will show a slight increase.
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From the perspective of the spatial distribution pattern of biocapacity change from
2020 to 2030 (Figure 6), the areas with decreased biocapacity are mainly distributed in the
middle (Ansai, Baota, Zhidan) and the north (Yuyang, Shenmu, Fugu), the main reason
being that built-up land will increase, leading to the loss of farmland, grassland, and forest.
In the middle (Dingbian, Wuqi) and the south (Luochuan, Huangling, Huanglong), there
are more intensive descending grids. The reason for this is that the implementation of
the GGP resulted in the conversion of more farmland to forest and grassland. The areas
with increased biocapacity include Jiaxian, Mizhi, Zizhou, Suide, Wubao, and Qingjian in
the middle and east—the reason being that these lands with low biocapacity (grassland,
forest) will convert to farmland, and farmland will be more concentrated—and Zhidan in
the middle, with the conversion of grassland to forest being the reason.
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3.4. Change Matrix of Biocapacity

Based on the analysis of the change matrix of biocapacity from 2020 to 2030 (Table 4), the
overall biocapacity will increase by 4392 gha, with an increased rate of 0.03%, due to changes
in land use/cover from 2020 to 2030. The land type with the largest net loss of biocapacity is
farmland, with a loss of 4770 gha, accounting for 0.04% of the total biocapacity of farmland
in 2020. The land type with the largest net increase in biocapacity is forest, with an increase
of 9398 gha, accounting for 0.43% of the total biocapacity of forest in 2020. In addition, the
increase in grassland biocapacity is greater than its transfer out, and the conversion of unused
land to farmland, forest, and grassland also improves the biocapacity.

Table 4. Biocapacity change matrix of the Loess Plateau in Northern Shaanxi in 2020–2030.

Biocapacity (gha)

Farmland Forest Grassland Water Area Built-up Land Unused Land

Farmland 12,517,700 * (43,417) 12,985 (330,412) 24,378 (4245) 395 (7625) 0 (1743) 0
Forest (8849) 29,586 2,189,684 * (2310) 570 (140) 44 (90) 0 (44) 0

Grassland (23,830) 322,973 (1720) 6974 1,375,479 * (312) 394 (34) 0 (612) 0
Water area (681) 7322 (100) 321 (788) 625 8471 * (54) 0 (568) 0

Built-up land (0) 9722 (0) 170 (0) 216 (0) 10 0 * (0) 0
Unused land (0) 13068 (0) 371 (0) 1388 (0) 444 (0) 0 0 *

The value in brackets is the biocapacity of the land before the transfer in 2020, the value outside the brackets is the biocapacity of the new
type of land in 2030, and “*” indicates the conservation of biocapacity of unchanged land.
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The results show that in 2020–2030, a large number of farmlands will be transferred
to grassland and forest. On the one hand, this shows the continuation of the GGP in
Loess Plateau and the gradual effectiveness of existing ecological projects. This change is
conducive to reducing regional soil erosion, improving the local climate and ecological
environment, and has important ecological significance. On the other hand, it should
be noted that the rapid transfer of farmland to built-up land, and continuous and high-
intensity conversion of farmland to forest and grassland, may affect regional food security.

4. Discussion
4.1. Simulation Accuracy Analysis

In the process of the CA–Markov simulation, the cycle number and CA filter are
important parameter settings [49]. After many experiments, the authors finally decided
to use a 5 × 5 filter and 10 cycles, taking into account the running speed and simulation
accuracy. Before the scenario simulation of land use/cover in 2030, the authors used the
historical data of 2000 and 2010 to simulate the land use/cover in 2020 and compared it
with the satellite remote sensing interpretation data (Globeland30 2020 data). The results
show that, compared with the reference Globeland30 2020 data, the Kappa coefficient of
the simulated data in 2020 is 0.9033 (it is generally believed that the simulation results are
reliable when the Kappa coefficient is not less than 0.75 [50]), and there is no significant
difference in the spatial distribution pattern between the simulation results and the satellite
remote sensing interpretation data.

Further accuracy analysis on a pixel scale (Table 5) shows that the overall accuracy
(OA) of the simulation results in 2020 is 93.77%, the user accuracy and producer accuracy
of farmland, forest, and grassland are higher than 90%, the user accuracy and producer
accuracy of unused land are higher than 88%, and the user accuracy of built-up land and
water area is relatively low (76.67% and 79.83%, respectively). This is because the area base
of built-up land and water area in the study area is very small, and a small area difference
will lead to a large error ratio. Because farmland, forest, and grassland constitute the main
ecosystem type of the study area (the total area of the three accounts for more than 97%), it
can be considered that the CA–Markov model can meet the requirements of this research,
and the selected driving factors, filter, and cycle times are reliable.

Table 5. Error analysis matrix for land use simulation.

Farmland
(Pixel)

Forest
(Pixel)

Grassland
(Pixel)

Water Area
(Pixel)

Built-up
Land (Pixel)

Unused
Land (Pixel)

User
Accuracy

(%)

Producer
Accuracy

(%)

Farmland 2,617,1695 335,526 1,736,978 13,340 54,776 81,836 92.17 92.90
Forest 253,096 15,568,195 278,692 9031 26,460 56,827 96.15 94.17

Grassland 1,659,608 540,227 39,487,858 36,306 59,701 24,244 94.45 94.88
Water area 17,211 16,359 19,639 193,303 3168 2438 76.67 69.11

Built-up land 23,390 27,250 35,031 14,433 512,724 29,437 79.83 75.07
Unused land 46,753 44,905 59,396 13,310 26,143 1,469,643 88.52 88.30

In the simulations performed by scholars using other models, the OA of the CLUE-S
model was 79.25% [51], the OA of the FLUS model reached 83% [52], and the OA of the
Agent–CA model reached 90.40% [53]. In this study, the OA of the simulation result of the
CA–Markov model is higher than 93.77%, which shows that the CA–Markov model has an
excellent effect.

4.2. Uncertainty Analysis

In terms of the selection of driving factors for LUCC, we refered to previous stud-
ies [40–42], and comprehensively considered the actual economic and social development
of the study area. A total of 10 driving factors in four categories, including population
density, per capita GDP, elevation, slope, precipitation, temperature, and distance to the
road network, were selected. Some unconsidered secondary factors (such as agricultural
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industry structure, soil types, nutrients, and real estate prices) may also affect potential
changes in land use. However, if new impact factors are added in the future, they may still
have an impact on the results [54].

Further analysis of the goodness of fit (Table 6) of the simplified land change driving
model in this study shows that the area under the ROC curve of the logistic regression
results of each category is greater than 0.87. It is believed that the explanatory power
of the regression results is very good, and the selected 10 driving factors are reliable (it
is generally believed that when the area under the ROC curve is not less than 0.7, the
explanatory power of the regression results is good [55]).

Table 6. The goodness of fit analysis of regression results.

Farmland Forest Grassland Water Area Built-Up Land Unused Land

Per capita GDP −0.681 0.576 −0.452 - 8.991 -
Population density 0.143 0.331 - - 6.552 -
Elevation −1.429 6.539 −1.190 −9.529 0.917 −1.145
Slope 0.104 - 0.222 0.380 2.698 0.301
Aspect 0.140 −0.087 - −0.155 0.205 0.112
Annual precipitation −1.873 7.357 −3.633 0.588 −0.208 −9.355
Annual accumulated
temperature −0.713 27.742 −9.578 −34.892 1.796 7.923

Distance to main
roads −0.449 0.208 0.242 0.477 0.106 0.596

Distance to rivers - −0.410 −0.301 −0.352 0.122 0.106
Distance to built-up
land - 0.193 - −0.270 −15.090 −0.333

ROC 0.870 0.971 0.903 0.915 0.908 0.912

“-” represents that the correlation is not strong and has not been used.

The basis of the CA–Markov model simulation is to determine future land targets
based on historical change laws of land use [21]. This foundation is based on the assumption
that the comprehensive environmental conditions remain unchanged. If the central and
local governments make major adjustments to land use policies on the Loess Plateau in
Northern Shaanxi in the future, or the economic and sociological basis of land use changes
undergo major changes, the simulation results of the CA–Markov model will have major
deviations. Taking into account the determination of the Chinese government to carry
out the construction of ecological civilization and the steady development of China’s
regional economy and society, the authors believe that the GGP in the Loess Plateau will
continue to be consolidated, and the level of regional economic and social development
will also be steadily improved. Therefore, the environmental conditions of the Loess
Plateau in Northern Shaanxi will not change significantly, and the simulation results of
the CA–Markov model will be feasible. This is consistent with the research conclusions of
scholars on the Loess Plateau [10,40].

In biocapacity calculations, the yield factor, the equivalence factor, and land use/cover
type are the key factors. In this study, the average yield factor for China is used to represent
the yield level of the Loess Plateau in Northern Shaanxi. Verification by the China Statistical
Yearbook shows that China’s average production level is slightly higher than that of the
Loess Plateau in Northern Shaanxi. In future research, this can be optimized in terms of
regional downscaling correction of yield factors, or field measurement of yield levels. On
the other hand, this study assumes that the yield factor and equivalence factor in 2030 will
remain at the 2020 level. With the development of the national economy and science and
technology, the overall level of biological production of various types of land will continue
to increase, and the growth rate will be different. Therefore, it can be expected that the
actual biocapacity in 2030 will be slightly higher than the predicted results of this study.
However, on a 10-year scale, the authors believe that the changes of the above factors
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will not have a significant impact on the changing trend and spatial distribution pattern
of biocapacity.

4.3. Policy Suggestions

From 2000 to 2020, the forest area of the Loess Plateau in Northern Shaanxi increased
from 1.45× 106 ha to 1.46× 106 ha, an increase of 0.88%. In the next 10 years, it is predicted
that the forest will continue to increase by 0.43%, and the biocapacity of the forest will
correspondingly increase by about 9707 gha. This is the main source of the increase in the
biocapacity of the Loess Plateau in Northern Shaanxi. Grassland is the ecosystem with
the highest area in the Loess Plateau in Northern Shaanxi. From 2000 to 2030, the area of
grassland has not changed much, but the area transferred from other land types (especially
farmland and unused land) is the same as the area transferred from grassland (especially
forest). This reflects the natural process of arable land being abandoned first and then
naturally forming shrubs.

These changes were combined with the ecological restoration and construction project
of the GGP in the Loess Plateau from 2000 to 2020 for analysis. Strongly promoted ecological
protection policies are conducive to improving the coverage and biocapacity of regional
forest and grassland and have a positive effect on reducing regional soil erosion, improving
the local climate and the overall ecological environment [26]. It is also a prerequisite for
improving the capacity of regional sustainable development and an important measure to
build a “Beautiful China”. Therefore, from the perspective of environmental protection, the
authors recommend that the central and local governments continue to coordinate relevant
policies and continue to stably implement ecological projects such as the GGP.

However, it should be noted that ecological restoration and ecological management
projects, and expansion of built-up land will lead to a decrease in farmland, especially
high-quality farmland around cities. Our research shows that from 2000 to 2020, the
area of farmland on the Loess Plateau in Northern Shaanxi reduced from 2.57 × 106 ha to
2.55 × 106 ha. In the next 10 years, it is predicted that the farmland will be reduced by about
745 ha, and the biocapacity of farmland will be reduced by 3763 gha. This is an important
reason hindering the improvement of the biocapacity of the Loess Plateau in Northern
Shaanxi. Therefore, to ensure regional food security and the stability of biocapacity, it is
necessary to scientifically and rationally plan the conversion ratios of farmland, grassland,
and forest, while increasing the degree of intensification of built-up land, and reducing the
occupation of surrounding farmland by urban and rural construction.

5. Conclusions

In this study, we used 30-m-resolution land use/cover data from 2000, 2010, and
2020 to analyze the laws of LUCC of the Loess Plateau in Northern Shaanxi from 2000 to
2020. We comprehensively considered social development, topography, climate conditions,
and spatial distance, and used the logistic regression method and CA–Markov model
to simulate land use in 2030. After that, we used the biocapacity model to analyze the
spatial distribution and change characteristics of regional biocapacity. Thus, we draw the
following conclusions:

(1) From 2000 to 2020, the forest of the Loess Plateau in Northern Shaanxi increased
by 0.88%; the amount of grassland did not change much, but its transformation
with farmland and forest reflects the process of returning farmland to grassland and
developing into forest; farmland was reduced by 0.7%; forest and grassland have
been well protected, and the effect of the GGP is obvious.

(2) The biocapacity of the Loess Plateau in Northern Shaanxi increased by 9.98% from
2000 to 2010, and decreased by 4.14% from 2010 to 2020, and the total amount re-
mained stable. It is predicted that in the next 10 years, the regional biocapacity will
continue to increase by 0.03%, reaching 16.52 × 106 gha.

(3) To cope with the potential impact of changes in land use and biocapacity, local
governments should continue to implement ecological restoration projects such as
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the GGP, and rationally plan the conversion ratio of farmland, grassland, and forest
to maintain regional food safety and biocapacity stability.
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