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Abstract: Modeling land use and land cover (LULC) change is important for understanding its
spatiotemporal trends and plays a crucial role in land use planning and natural resources management.
To this end, this study assessed the spatiotemporal characteristics of the LULC changes in Urumqi city
between 1980 and 2020. In addition, future LULC was successfully projected for 2030 and 2050 under
different scenarios based on the FLUS model. This model was validated using actual and simulated
land use data for 2020. The kappa coefficient and figure of merit of the simulation results for 2020
were 0.87 and 0.114, respectively, indicating that the simulation accuracy was satisfactory. The results
demonstrated that grassland was the major land use type, with the area accounting for more than
50% of the study area. From 1980 to 2020, urban land greatly expanded, while grassland decreased
significantly. Urban land increased from 353.51 km2 to 884.27 km2, while grassland decreased from
7903.4 km2 to 7414.92 km2 from 1980 to 2020. In addition, significant transitions mainly occurred
between grasslands, cultivated lands and urban lands. Grassland and cultivated land were converted
into urban land, resulting in rapid urban expansion over the last 40 years. From 1990 to 2000, grassland
was converted into urban land with an area of 341.08 km2. Finally, the simulation results of the
LULC showed that urban land is expected to increase under all three scenarios, and cultivated land,
grassland and forest land are effectively protected under the Cultivated Land Protection Scenario
(CPS) and Ecological Protection Scenario (EPS) compared to the Baseline Scenario (BLS). This study
assessed the spatiotemporal characteristics and transitions of LULC between 1980 and 2020, and
successfully projected LULC for 2035 and 2050 in Urumqi City in the arid and semi-arid regions of
northwest China based on the FLUS model, which has not been investigated in previous studies.

Keywords: LULC; arid region; FLUS model; urbanization

1. Introduction

Urbanization is an inevitable trend of social development and has become one of the
most important changes in human society since the 20th century [1]. According to the
World Urbanization Prospects: The 2018 Revision released by the United Nations Population
Division, the proportion of the world’s urban population reached 55% in 2018 and it is
expected to reach 68% by 2050 [2]. Rapid urbanization has not only changed the urban
landscape, but has also greatly improved the living conditions, public services and urban
infrastructure available for residents. However, the continuous expansion of industrial and
residential areas resulting from rapid urbanization has aggravated the shortage of land
resources and unreasonable utilization [3–5], as well as changed the hydrological systems
of cities by reducing the available permeable surface [6]. Additionally, other problems, such
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as ecological destruction, environmental pollution and traffic congestion, are becoming
more prominent with the acceleration of urbanization [7–9]. Therefore, understanding the
spatiotemporal changes and predicting future LULCs are essential to ensure sustainable
land management meets the increasing pressures of basic human needs and protects the
environment and natural resources.

The LULC modeling technique is an effective tool for understanding spatiotemporal
trends, which helps policy makers to implement necessary measures and sustainably pro-
tect valuable land resources [10]. Accurate modeling can enhance the understanding of land
use change processes and driving factors and can also predict alternative land use scenarios
that may lead to sustainable development goals. Many models and software packages
are available and widely used in future land use simulations under different scenarios,
including the Conversion of Land Use and its Effects at Small Region Extents (CLUE-S)
model [11–14], the Patch-Generating Land Use Simulation (PLUS) model [15,16], the Fu-
ture Land Use Simulation (FLUS) model [17–19], the Land Change Modeler (LCM) [20]
and the CA-Markov model [21,22]. Among these models, the FLUS model is frequently
applied in urban land use simulations owing to its simplicity and bottom-up approach. The
FLUS model has been successfully applied to land use simulation in many cities in China,
including Wuhan [23,24], Guangzhou [25,26] and Chongqing [27]. The results of these
studies showed that the FLUS model can simulate the future LULC with a high degree of
accuracy. However, all these studies focused on the cities in eastern China, and limited
research has been conducted in cities in the arid and semi-arid regions of northwest China.

Urumqi, located in the center of the Eurasian continent, is the capital of Xinjiang Uygur
Autonomous Region. It is not only the political, economic and cultural center of Xinjiang
Uygur Autonomous Region, but also the important transportation hub of China’s “Belt
and Road” initiative. Additionally, Urumqi City is a typical oasis city characterized by
a temperate continental climate, which is completely different from most other Chinese
cities. Over the last 40 years, the urbanization process of Urumqi has accelerated. Rapid
urbanization not only causes a series of ecological and environmental problems, but also
puts great pressure on land resources. Therefore, understanding the spatiotemporal changes
and predicting future LULC in Urumqi City is essential for the rational allocation of land
resources. The objectives of the study were to: (1) assess the spatiotemporal characteristics
of the LULC from 1980 to 2020 in Urumqi City in the arid and semi-arid regions of northwest
China; (2) analyze the transitions in LULC from 1980 to 2020; and (3) simulate the future
LULC for 2030 and 2050 under different scenarios based on the FLUS model. The results of
this study may provide information on the LULC change hand scientific evidence for land
use planning and natural resources management.

2. Materials and Methods
2.1. Study Area

Urumqi (86◦37′–88◦58′ E, 42◦45′–44◦08′ N), the capital city of Xinjiang Uyghur Au-
tonomous Region, is located on the northern slope of the Tianshan Mountains and the
southern edge of the Junggar Basin (Figure 1). Being far from the ocean and surrounded by
mountains, the study area is characterized by a typical temperate continental climate. The
annual average temperature is 7.3 ◦C, while the annual average precipitation is 236 mm [28].
Urumqi City includes seven districts and one county with a total area of 14,200 km2. Ac-
cording to the official statistical data, the population of Urumqi City was found to be
2.22 million, of which the urban population was 2.003 million with the urbanization rate of
90.2% at the end of 2018, and the average annual natural growth rate of the total population
between 1980 and 2018 was 2.28%.
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Figure 1. Geographic location (a) and topographic map (b) of the study area.

2.2. Data Source and Processing

The LULC dataset was obtained from the Data Center for Resources and Environ-
mental Sciences, Chinese Academy of Sciences (RESDC), with a spatial resolution of
30 m × 30 m (https://www.resdc.cn, accessed on 25 October 2021). The LULC data for
1980, 1990 and 2000 were interpreted based on the LANDSAT TM/ETM remote sensing
images, while the LULC data for 2010 and 2020 were based on the LANDSAT 8 OLI remote
sensing images. The overall accuracy of the interpretation of the datasets were reported to
be above 90% for the entire time period. The LULC data were reclassified into six types:
cultivated land, forest land, grassland, water bodies, urban land and unused land. The
Digital Elevation Model (DEM) was obtained from the Geospatial Data Cloud site, Com-
puter Network Information Center, Chinese Academy of Sciences (http://www.gscloud.cn,
accessed on 10 April 2022), and a slope map was generated using the slope module of
ArcGIS 10.3 based on the DEM data. Vector data of transportation networks and settlements
were collected from the National Platform for Common Geospatial Information Services
of China (https://www.tianditu.gov.cn, accessed on 12 August 2022), and proximity to
human settlements, proximity to highways, proximity to other roads and proximity to
railway were calculated using the Euclidean distance module of ArcGIS 10.3. All data,
including reprojection and resampling, were pre-processed, because the data were obtained
from the various sources with different coordinate systems and spatial resolutions.

2.3. FLUS Model

The FLUS (Future Land Use Simulation) model was used to simulate future land use
in the study region. The FLUS model is based on the principle of cellular automata (CA)
and introduces an artificial neural network (ANN) algorithm that can obtain the suitability
probability of various types of changes according to the initial land use and various drivers.
The prediction task integrates the ANN algorithm with the CA and Markov Chain models.
An ANN is a nonparametric machine learning technique used to quantify and model
complex behaviors and patterns [29]. The neural network structure includes an input layer,
one or more hidden layers—each with a different number of neurons—and an output layer
that stores the predicted value [30]. Establishing the relationship between the initial land
use type and the spatial effects of various driving factors is the main simulation process of
the neural network, which can be written as:

p(p, k, t) = ∑j wj,k × sigmoid
(
netj(p, t)

)
(1)

https://www.resdc.cn
http://www.gscloud.cn
https://www.tianditu.gov.cn
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sigmoid
(
netj(p, t)

)
=

1

1 + e−netj(p,t)
(2)

netj(p, t) = ∑ wi,j × c (3)

p(p, k, t) represents the occurrence probability of land use type k at the grid p and time t,
and wj,k represents the weight between the output and the hidden layers. sigmoid

(
netj(p, t)

)
represents the association function from the hidden layer to the output layer, whereas
netj(p, t) represents the signal sent by the hidden layer j to neuron j at the grid p and time t.
wi,j represents the signal between the input and hidden layers.

The CA model has a strong ability to simulate the spatiotemporal characteristics of
complex systems [31]. The CA model can provide insights into local and global patterns of
land use and land cover dynamics that link new states to their previous and neighboring
states [32,33]. Most importantly, as an analytical engine, the CA model supports dynamic
modeling in GIS and remote sensing environments [34,35]. The mathematical expression
can be written as [36]:

S(t, t + 1) = f (s(t), N) (4)

where S represents the cellular states, while N represents the cellular field, t, t+ 1 represents
the different times and f is the rule of the transformation for cellular states.

A Markov chain (MC) is a random process describing a sequence of events in which
future events depend only on current and previous events without considering the history
of the entire event [37]. Predicted future LULC changes depend on the probability of
subsequent transitions created from past or current LULC changes [38]. However, one of
the limitations is that the MC model only predicts the quantity of the LULC changes and
cannot provide the spatial distribution of the LULC changes [39]. Hence, many studies
have applied hybrid models that integrate the MC and CA models for future land use
simulations. The mathematical expression can be written as [40,41]:

S(t+1) = Pij × S(t) (5)

Pij =

p11 · · · p1n
...

. . .
...

pn1 · · · pnn

 (6)

where Pij represents the probability matrix of transition, while i and j represent the LULC
type at the time of t and t+1, n is the number of LULC types and S(t) and S(t+1) are the
status of the LULC at the time of t and t+1.

2.4. Selection of the Driving Factors

LULC is a complex system and process that is affected by natural, socioeconomic and
accessibility factors. According to the existing studies on the LULC driving mechanism, six
factors including elevation, slope, proximity to human settlement, proximity to highway,
proximity to other roads and proximity to railroad were selected in this study (Figure 2).
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2.5. Scenario Development

In this study, three scenarios were developed, namely the Baseline Scenario (BLS), Cul-
tivated Land Protection Scenario (CPS) and Ecological Protection Scenario (EPS). The BLS
assumes that the land use changes during 2020–2050 are not affected by policy interference
to a large extent, and that the land use changes are consistent with that between 1980 and
2020. Based on the BLS, the CPS strictly controls the total amount of urban land, improves
the land utilization rate and controls the conversion of cultivated land to urban land. EPS
strengthens the protection of grassland and forest land and strictly controls the conversion
of the grassland and forest land with ecological functions to construction land. Developing
these three scenarios was based on parameterizing the transition cost matrix in the model.
Cost matrix settings of three scenarios are shown in Table 1. In the cost matrix, 1 indicates
that a land use type is allowed to be converted to another land use type, while 0 indicates
that a land use type is not allowed to be converted to another land use type.

Table 1. The cost matrix of three scenarios.

Scenario
Settings

BLS CPS EPS

CL FL GL WB UL UnL CL FL GL WB UL UnL CL FL GL WB UL UnL

CL 1 1 1 0 1 0 1 0 0 0 0 0 1 1 1 0 1 0
FL 1 1 1 0 1 0 1 1 1 0 1 0 0 1 0 0 0 0
GL 1 1 1 0 1 0 1 1 1 0 1 0 0 1 1 1 0 0
WB 0 0 0 1 0 0 0 0 0 1 0 0 0 0 0 1 0 0
UL 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

UnL 1 1 1 1 1 0 1 1 1 1 1 0 1 1 1 1 1 0

Note: CL, FL, GL, WB, UL and UnL represent cultivated land, forest land, grassland, water bodies, urban land
and unused land, respectively.
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2.6. Kappa Coefficient and FoM

The kappa coefficient and FoM are the most frequently used and well known validation
indices with reliable evaluation criteria and clear physical significance for assessing the
accuracy of land use simulations [42,43]. The kappa coefficient can express the relationship
between correct and incorrect simulations from the model and the actual situation [44].
The FoM expresses the agreement between the actual and simulated land use changes. The
FoM ranges from 0 to 1; the higher the value is, the better the simulation results are. The
mathematical expression can be written as [45,46]:

FoM = B/(A + B + C + D) (7)

where A indicates the quantity of errors that the actual transformation took place but the
simulation does not change; B indicates correct quantity where both the actual and the
simulated transformation occur; C indicates quantity of inconsistency of simulated and
actual changes; and D indicates the area where the actual transformation does not take
place but the simulation does change. D also indicates the quantity of errors in which the
actual transformation does not occur but the simulation changes.

2.7. Validation of FLUS Model

To validate the accuracy of the FLUS model for the simulation of future land use in
Urumqi City, spatial patterning of land use in 2020 was simulated using the land use data
for 2000 and 2010 as the initial data. The spatial distribution of the actual and simulated land
use in 2020 in the study region is shown in Figure 3. The results showed that the simulated
and actual land use patterns in 2020 were highly consistent. The simulated and actual land
use maps were compared, and the kappa coefficient and FoM were calculated. The results
showed that the kappa coefficient and FoM of the simulation results for 2020 were 0.87 and
0.114, respectively, indicating that the accuracy of the simulation is satisfactory. Therefore,
the FLUS model can simulate the future land use in the study area with a high degree
of accuracy.
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3. Results and Discussion
3.1. LULC Change Analysis

Figure 4 and Tables 2 and 3 present the spatial distributions of the LULC classes
and statistics of the areas between 1980 and 2020 in Urumqi City. The results showed
that grassland was the major land use type, with the area accounting for more than 50%,
followed by the unused land accounting for almost 30% of the study area. From 1980
to 2020, significant changes occurred in grassland and urban land. The urban land was
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greatly expanded (530.76 km2) and urban expansion was rapid, whereas the grassland was
decreased from 7903.4 km2 to 7414.92 km2. The other land use types, including cultivated
land, water bodies and unused land, decreased slightly with the changes of−1.14%,−0.95%
and −0.70%, respectively, whereas forest land showed a slight increase (0.47%) from 1980
to 2020.
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Table 2. LULC classes distribution of Urumqi City from 1980 to 2020.

Classes
1980 1990 2000 2010 2020

km2 % km2 % km2 % km2 % km2 %

Cultivated land 1136.43 8.00 1219.55 8.59 1221.16 8.60 1235.15 8.70 1123.48 7.91
Forest land 405.02 2.85 414.78 2.92 402.41 2.83 408.84 2.88 406.91 2.87
Grassland 7903.4 55.65 7628.41 53.71 7589.62 53.44 7543.51 53.11 7414.92 52.21
Water bodies 222.66 1.57 222.69 1.57 234.75 1.65 229.59 1.62 220.55 1.55
Urban land 353.51 2.49 518.1 3.65 583.93 4.11 625.73 4.41 884.27 6.23
Unused land 4181.57 29.44 4199.06 29.57 4170.72 29.37 4159.77 29.29 4152.46 29.24

Table 3. The changes in area in km2 of LULC from 1980 to 2020.

Classes
41980–1990 41990–2000 42000–2010 42010–2020

km2 % km2 % km2 % km2 %

Cultivated land 83.12 7.31 1.61 0.13 13.99 1.15 −111.67 −9.04
Forest land 9.76 2.41 −12.37 −2.98 6.43 1.60 −1.93 −0.47
Grassland −274.99 −3.48 −38.79 −0.51 −46.11 −0.61 −128.59 −1.70
Water bodies 0.03 0.01 12.06 5.42 −5.16 −2.20 −9.04 −3.94
Urban land 164.59 46.56 65.83 12.71 41.8 7.16 258.54 41.32
Unused land 17.49 0.42 −28.34 −0.67 −10.95 −0.26 −7.31 −0.18

Note: 4—Change in area in km2.
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The general trend of the LULC changes in the study region between 1980 and 2020
reveal that urban land increased consistently, and urban expansion was rapid. This result is
consistent with fact that most Chinese cities experienced rapid urban expansion—especially
after the “Reform and Opening-up” policy in 1970s, as reported by Zhang et al., who
studied the urban expansion of 60 typical Chinese cities from 1970 to 2013 using remote
sensing data [47]. Generally, urban expansion results from the various factors including
natural and anthropogenic factors [48]. Natural factors mainly include topography and soil
characteristics, which contribute to spatial heterogeneity. Anthropogenic factors include
population growth and economic and urban transportation development [49]. Lin et al.
studied the spatial changes and driving factors of land urbanization in 658 Chinese cities,
and found that population growth, industrial development and investment rates were the
major driving factors of land urbanization from 2000 to 2010 [50]. Wang and Lu studied
the urban land expansion and driving factors of 55 Chinese mountain cities and identified
that economic development, population growth, transportation development and urban
development policy were the major driving forces of the urban land expansion. According
to official statistical data, the total population of Urumqi increased from 1.19 million people
to 2.22 million people between 1980 and 2018, while the total GDP of Urumqi increased
from RMB 1.13 billion to RMB 309.98 billion from 1980 to 2018.

3.2. LULC Transitions

A Sankey diagram was used to illustrate the transitions between the different land
use types presented in Figure 5. From 1980 to 1990, a notable share of grassland was
converted into urban land and cultivated land with an area of 148 km2 and 131.98 km2,
respectively. Additionally, grassland was converted into unused land with an area of
29.67 km2, whereas cultivated land was converted into grassland with an area of 28.90 km2.
No significant transitions were observed in the rest of the land use types between 1980
and 1990. From 1990 to 2000, fewer significant transitions were detected compared to the
previous period. Cultivated land was converted into urban land with an area of 33.59 km2,
whereas grassland was converted into cultivated land with an area of 27.58 km2. From
2000 to 2010, transitions between all land use types were not obvious. Grassland was
converted into cultivated land and urban land with an area of 25.32 km2 and 14.28 km2,
respectively. Considerable transitions occurred between cultivated land, grassland and
urban land between 2010 and 2020. Grassland was converted into urban land with an area
of 154.80 km2, whereas cultivated land was converted into urban land and grassland with
an area of 95.39 km2 and 36.51 km2, respectively.

In summary, these results showed that significant transitions mainly occurred between
grassland, cultivated land and urban land. Grassland and cultivated land have been
converted into urban land, resulting in rapid urban expansion over the last 40 years. These
results were consistent with the findings of Doe et al. [51], He et al. [52] and Lu et al. [53].
Tan et al. studied 145 major Chinese cities and found similar results—that urban land was
expanded by 39.8%, with 70% of it being converted from cultivated land in the 1990s [54].
In addition, other negative impacts of rapid urban expansion have been reported in recent
studies. Qi et al. investigated the positive and negative impacts of urban expansion on
vegetation. They found that the negative impacts of urban expansion were much higher
than the positive impacts [55]. Wei et al. assessed the relationship between urban expansion
and habitat quality in 11 cities in China, and found that urban expansion was negatively
correlated with habitat quality [56]. Wang et al. studied the impacts of urban land expansion
on the regional environment of Yangon City and Nay Pyi Taw City in Burma and found
that urban expansion led to an increase in land surface temperature, loss of tree cover and
a decrease in net primary productivity [57].
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3.3. LUCC Future Predictions

To explore land use changes for 2030 and 2050, the FLUS model was applied to predict the
spatial distribution of land use for 2030 and 2050 under different scenarios (Figures 6 and 7).
Under the BLS, urban land was found to increase by 227.37 km2 in 2030 and 614.55 km2 in 2050,
while unused land decreased by 35.39 km2 in 2030 and 69.74 km2 in 2050 compared to 2020. On
the contrary, grassland was observed to decrease by 105.55 km2 in 2030 and 335.20 km2 in 2050,
while cultivated land decreased by 89.58 km2 in 2030 and 208.61 km2 by 2050 compared to 2020.
Additionally, the water bodies and forest land showed few changes in 2030 and 2050.

Under the CPS, major changes will occur in urban land and grassland by 2030 and 2050.
The urban land increased by 121.10 km2 in 2030 and 350.82 km2 in 2050, while grassland
decreased by 132.64 km2 in 2030 and 350.82 km2 in 2050 compared to 2020. Changes of
other land use types, including cultivated land, forest land, water bodies and unused land,
were not obvious. Moreover, the expansion rate of the urban land declined, while the area
of cultivated land increased significantly compared with the BLS. This is mainly because
the development of urban land will be constrained to a certain extent by the transfer and
change restrictions of cultivated land to other land use types. In addition, grassland became
a major source of urban expansion under the CPS.

Under the EPS, significant changes still occurred in urban land and cultivated land.
Urban land was found to increase by 69.75 km2 in 2030 and 187.16 km2 in 2020, while the
cultivated land showed a decreasing trend, and its area decreased by 89.61 km2 in 2030 and
185.34 km2 in 2050 compared to 2020. Compared to 2020, forest land increased by 32.90 km2

and 32.24 km2 in 2030 and 2050, and grassland decreased by 15.93 km2 and 28.33 km2 in
2030 and 2050. The results show that the expansion of urban land is obvious; however,
the expansion rate is effectively controlled. Additionally, grassland and forest land were
effectively protected compared to the other two scenarios.
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In summary, urban land is expected to increase over the next 30 years under all three
scenarios. Other land use types, including forest land, grassland, water bodies, unused
land and cultivated land showed different change characteristics under different scenarios.
These results are consistent with the findings of Liu et al. who studied the potential
impacts of urban land use changes on supply and demand of water resources in Yulin city,
Shanxi province, China [58]. Under the BLS, urban land will continue to expand, while the
grassland and cultivated land will have a trend to decrease in 2030 and 2050 compared
with in 2020. Such significant changes in land use may trigger a series of environmental
problems, including an increase in the urban heat island effect and loss of the ecosystem
services, as reported in other studies [59–64]. Additionally, the decline in cultivated land
may have affected the self-sufficiency of agricultural products in the study area. Under
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the CPS and the EPS, the expansion of urban land is obvious, but its expansion rate is
effectively controlled compared with that of the BLS. In addition, cultivated land, grassland
and forest land were effectively protected under the CPS and the EPS compared to the BLS.

Our research results revealed historical and future spatiotemporal patterns of LULC
of Urumqi City, which was helpful for tracking the progress towards the United Nations’
Sustainable Development Goals (SDGs), including the preservation of healthy ecosystems
and the biological diversity supported by land resources (SDGs 12, 15), mitigation of the
urban heat island effect caused by climate change (SDGs 13) and intensive and efficient use
of urban land resources (SDGs 2, 9). In conclusion, decision makers may consider policy
options including strictly protecting the cropland and grassland, limiting the disorderly ur-
ban expansion and developing an ecological economy-based society to achieve sustainable
development and land use.

4. Conclusions

This study assessed the spatiotemporal characteristics of LULC during the time inter-
vals between 1980, 1990, 2000, 2010 and 2020. Moreover, future LULC was successfully
projected for 2030 and 2050 under different scenarios based on the FLUS model. The results
demonstrated that grassland was the major land use type, with the area accounting for
more than 50% of the study area. From 1980 to 2020, urban land expanded significantly
while grassland decreased significantly. In addition, significant transitions mainly occurred
between grassland, cultivated land and urban land. Grassland and cultivated land have
been converted into urban land resulting rapid urban expansion over the last 40 years.
Finally, as per the simulation results of LULC, urban land is expected to increase under
all three scenarios, and cultivated land, grassland and forest land are effectively protected
under the CPS and the EPS, compared to the BLS. Therefore, it may be the feasible op-
tion to consider multiple policies to achieve sustainable land management and prevent
environmental problems caused by the land use changes in this study area.

Future LULC was successfully projected for 2030 and 2050 under different scenarios,
based on the FLUS model. The simulation accuracy was satisfactory according to the kappa
coefficient and FoM. However, only six driving forces were considered in the simulation
process. Some important socioeconomic and policy factors were not included because
of data availability and spatial resolution. This may have an impact on the accuracy of
predicting the future land use in Urumqi City. Therefore, more comprehensive driving fac-
tors, including gross domestic product (GDP) and population, etc., are needed to improve
simulation accuracy of the FLUS model in the future research. In addition, climate change
also has a great impact on LULC changes, especially in arid and semi-arid regions. Future
work is required to evaluate how LULC changes under different climate change scenarios.
Finally, many models and software packages are available and are widely used in future
land use simulations, as described above. Future research should focus on comparing the
simulation accuracy and differences of these models for predicting future LULC in arid
and semi-arid regions.
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