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Abstract: Land use/cover change (LUCC) refers to the phenomenon of changes in the Earth’s
surface over time. Accurate prediction of LUCC is crucial for guiding policy formulation and
resource management, contributing to the sustainable use of land, and maintaining the health of the
Earth’s ecosystems. LUCC is a dynamic geographical process involving complex spatiotemporal
dependencies. Existing LUCC simulation models suffer from insufficient spatiotemporal feature
learning, and traditional cellular automaton (CA) models exhibit limitations in neighborhood effects.
This study proposes a cellular automaton model based on spatiotemporal feature learning and
hotspot area pre-allocation (VST-PCA). The model utilizes the video swin transformer to acquire
transformation rules, enabling a more accurate capture of the spatiotemporal dependencies inherent
in LUCC. Simultaneously, a pre-allocation strategy is introduced in the CA simulation to address
the local constraints of neighborhood effects, thereby enhancing the simulation accuracy. Using the
Chongqing metropolitan area as the study area, two traditional CA models and two deep learning-
based CA models were constructed to validate the performance of the VST-PCA model. Results
indicated that the proposed VST-PCA model achieved Kappa and FOM values of 0.8654 and 0.4534,
respectively. Compared to other models, Kappa increased by 0.0322–0.1036, and FOM increased by
0.0513–0.1649. This study provides an accurate and effective method for LUCC simulation, offering
valuable insights for future research and land management planning.

Keywords: land use change simulation; spatiotemporal dependence; VST-PCA; Chongqing metropolitan
area

1. Introduction

Land use/cover change (LUCC) refers to the phenomenon of changes over time
in the utilization and coverage of the Earth’s surface. On the one hand, LUCC is influ-
enced by human activities; on the other hand, it directly impacts various aspects such
as ecosystem health, carbon sequestration, climate change, and natural disaster preven-
tion [1–4]. Simulating LUCC allows for a better understanding and prediction of the causes
and consequences of these changes, thereby supporting sustainable development and
environmental conservation.

The model based on cellular automata (CA) is a widely used approach for simu-
lating LUCC. This model possesses characteristics of discreteness, dynamics, and self-
organization, enabling it to effectively simulate the discrete and temporally strong process
of land use change [5]. However, traditional CA models have some limitations, primarily
manifested in the following aspects: (1) they only consider direct interactions between land
use units, overlooking the complex relationships between human activities, policy changes,
climate variations, and land use [6], and (2) they are unable to handle highly nonlinear

ISPRS Int. J. Geo-Inf. 2024, 13, 100. https://doi.org/10.3390/ijgi13030100 https://www.mdpi.com/journal/ijgi

https://doi.org/10.3390/ijgi13030100
https://doi.org/10.3390/ijgi13030100
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/ijgi
https://www.mdpi.com
https://doi.org/10.3390/ijgi13030100
https://www.mdpi.com/journal/ijgi
https://www.mdpi.com/article/10.3390/ijgi13030100?type=check_update&version=1


ISPRS Int. J. Geo-Inf. 2024, 13, 100 2 of 20

relationships to thoroughly explore transformation rules [7]. In recent years, one focus of
research has been on integrating CA models with other modeling methods to construct
more applicable hybrid models. Existing studies have mainly concentrated on integrating
regression analysis [8], random forest (RF) [9–11], support vector machine (SVM) [12], neu-
ral networks [13,14], and other machine learning and deep learning methods to capture the
influences of changes and external factors as well as to unearth potential land use transition
rules [9]. Moreover, the integration of CA models with other geographical mechanistic
models (such as ecological models and climate models) to consider broader environmental
factors and ecosystem impacts and enhance model interpretability has also become a focus
of research [15,16].

In the process of researching LUCC, spatiotemporal factors are fundamental for under-
standing and predicting the dynamics of LUCC, which is crucial for constructing accurate
models. Spatial factors typically include topography (such as slope and elevation), the dis-
tribution of water bodies, and the spatial distribution of human activities like urbanization
or agricultural expansion. These spatial attributes determine the feasibility and sustain-
ability of land use types within a region, thereby directly influencing the patterns of land
use change [17,18]. Temporal factors encompass both long-term and short-term changes,
including population shifts, economic development levels, climate change trends, and vari-
ations in policies and regulations [19]. Spatial factors provide the physical and geographical
conditions for land use changes, while temporal factors reflect the evolution and dynamics
of these changes over time [20]. Considering these spatiotemporal factors comprehensively is
essential for a deep understanding of the dynamics of land use and its driving mechanisms.

The CA model is primarily composed of four elements: space, cell, neighborhood effect,
and transition rules [21]. In CA modeling, a significant amount of research attention has
been focused on exploring transition rules and neighborhood effects [22]. In CA models for
LUCC simulation, accurately calculated transition rules are a crucial factor determining the
predictive capability of the model. These rules determine the likelihood of cells transitioning
from one state to another in the simulation. Essentially, these rules represent spatiotemporal
transformation patterns governed by the complex relationships and feedback between
land use and driving factors. LUCC is a dynamic geographical process involving intricate
spatiotemporal dependencies. The conversion of target land units is influenced by both
spatial correlations and temporal dependencies. Spatial correlation can be understood
as the greater impact of closer grids on the target grid compared to those farther away,
while temporal dependency refers to the influence of past attributes on the future land
use type [23]. One current academic focus is how to leverage deep learning methods to
extract spatiotemporal features [24,25]. In terms of spatial correlation, convolutional neural
networks (CNNs) have been proven effective in capturing complex features of driving
factors within the neighborhood of each unit in urban expansion simulation [26,27]. In
the study of temporal dependency, traditional CA-based LUCC models often rely on the
Markov assumption, assuming that the state of a given cell in the next time step is only
related to its state in the previous time step [28]. However, land use change is a long-term
process, and this short-term temporal dependency assumption may lead to inaccurate
predictions. In recent years, recurrent neural networks (RNNs) have been considered an
effective approach, with a long short-term memory network (LSTM) [29] and a bidirectional
long short-term memory network (Bi-LSTM) [30] being employed to extract historical trends
from long-term sequence data.

Recent research has begun exploring the joint extraction of spatiotemporal features
to enhance the performance of LUCC simulation. Xing et al. [31] proposed a new model
called DL-CA, which combines deep learning techniques. DL-CA uses CNN to capture
potential spatial features, better representing neighborhood effects, and employs LSTM
to extract historical information from land use time series graphs. The research results
indicate that the DL-CA model can accurately capture long-term spatiotemporal depen-
dencies, providing more accurate LUCC prediction results. Xiao et al. [32] combined gated
recurrent units (GRU) and CNN models to extract spatiotemporal neighborhood features
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(SNF) and long-term dependencies (LTD) and conducted LUCC simulation in the eastern
Hexi Corridor. The study verified the importance of SNF and LTD in land use simulation.
These methods essentially involve coupling the model by separately extracting temporal
and spatial features and then combining them. However, there is a strong dependency
between temporal and spatial features in LUCC, and separating extraction may lead to
the loss of the coupling effect of spatiotemporal features during the LUCC process. More-
over, these methods only focus on extracting the temporal features of land use maps and
lack consideration of the time-dependent relationship between driving factor sequences
and current land use conditions. Geng et al. [23] innovatively proposed a hybrid cellular
automaton model based on spatiotemporal convolution, introducing a three-dimensional
convolutional neural network (3DCNN) to capture nonlinear driving mechanisms and
spatiotemporal dependencies in LUCC for more accurate simulation. However, the effec-
tiveness and efficiency of the 3DCNN model in spatiotemporal modeling are not ideal.
Additionally, for small-scale study areas, it is necessary to use more suitable driving factors
to describe the variability of global changes.

The CA model has a distinctive feature known as its neighborhood effect. The neigh-
borhood effect refers to the influence of the states of neighboring cells on the state update
of a central cell, reflecting the local interactions between the central cell and its adjacent
cells [33,34]. This imparts the CA model with the ability for local self-organization evo-
lution, which plays a crucial role in the model [35]. The neighborhood effect serves two
primary functions in CA models: accepting the influence of surrounding adjacent cells and
constraining the simulated landscape patterns [36,37]. This mechanism allows CA models
to exhibit local features in spatial simulations. However, it also imposes local constraints on
CA models during land simulation [38]. Specifically, when a certain land use type is absent
in a region, the neighborhood effect for that land type among all cells in the region is 0.
Therefore, even if there is significant potential for conversion of that land type, it is difficult
for that type to appear in the region due to the limitations imposed by neighborhood
effects. This is considered a drawback of the neighborhood effect, particularly noticeable
in simulations involving multiple land use types. In addressing this issue, some studies
have attempted to use convolutional neural networks to extract potential spatial features
as a replacement for traditional neighborhood effects [26,27]. However, fundamentally,
the neighborhood effect describes the dependence of land use at position (i, j) on land
use at other positions in the CA model [33]. Additionally, other studies have adopted a
top-down probabilistic ranking approach to allocate land use types without relying on the
CA model [32,39]. This method effectively utilizes extracted transition probabilities but
heavily depends on the accuracy of these probabilities. Moreover, it loses the dynamic
iterative characteristics of the simulation.

In response to the above issues, this study proposes a cellular automaton model based
on spatiotemporal feature learning and pre-allocation, named video swin transformer
pre-allocation CA (VST-PCA). The core of this model lies in leveraging the video swin trans-
former to deeply learn spatiotemporal features, aiming for a more accurate understanding
of the complex dependency between land use and driving factors, thereby determining
suitability for land development. Additionally, a pre-allocation strategy is incorporated into
the CA iterative simulation process. Before each round of iterative simulation, potential
hotspots with higher overall transition probabilities are pre-allocated to achieve more accu-
rate simulation results. To evaluate the effectiveness of the VST-PCA model, we selected
the Chongqing urban agglomeration as the study area and simulated the LUCC in 2020. We
extensively compared the simulation results with two traditional machine learning-based
CA models and two deep learning-based CA models. The subsequent sections of this paper
are organized as follows. Firstly, we introduce the study area and data sources, followed by
a detailed description of the overall framework of the model, core principles, and methods
to evaluate the simulation results. Then, we present the experimental results and compare
the performance of each model. Finally, we summarize the research findings and discuss
future research directions.
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2. Materials
2.1. Overview of the Study Area

The Chongqing metropolitan area is located in the western part of Chongqing and
the eastern part of the Chengdu–Chongqing urban agglomeration. It includes 21 districts,
including the central urban area and the main urban new area of Chongqing as well
as the entire administrative area of Guang’an City in Sichuan Province. The total area
covers 35,000 square kilometers, and in 2020, the permanent population was 24.4 million
people. The Chongqing metropolitan area is a significant urban cluster in the central-
western region of China. In 2022, a development plan was approved by the National
Development and Reform Commission and jointly issued by the People’s Government
of Chongqing Municipality and the People’s Government of Sichuan Province under the
title “Development Plan for the Chongqing Metropolitan Area”. This marks the first inter-
provincial urban cluster planning initiative in the central-western region, signifying a
crucial step in urbanization and economic cooperation in the area. The development of the
Chongqing metropolitan area will serve as a vital engine for the overall development of the
central-western region, demonstrating positive exemplary effects on regional cooperation
and urban development at the national and international levels. The geographical location
and scope of the study area are illustrated in Figure 1.
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2.2. Data Sources and Preprocessing
2.2.1. Data Types and Sources

In this study, land use data were obtained from the LUCC dataset provided by the
Global Geospatial Information Products Platform. Based on the land use characteristics of
the study area, land use types were classified into six categories: cultivated land, forest land,
grassland, water bodies, construction land, and unused land. Land use change is a complex,
dynamic process influenced by various factors. The original data sources are presented
in Table 1. The Chongqing metropolitan area has a complex natural environment. In this
study, the digital elevation model (DEM) and slope were used to characterize the natural
environmental factors of the study area. DEM data were obtained from the ASTER GDEM
V3 (30 m) dataset jointly developed by the National Aeronautics and Space Administration
(NASA) and the Japan Aerospace Exploration Agency (JAXA), with the slope calculated
from the DEM. Transportation network data were sourced from OpenStreetMap (OSM).
Socio-economic conditions were primarily characterized by factors such as nighttime lights,
population density, and point-of-interest (POI) density. Nighttime light data typically come
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from two channels: NPP/VIIRS and DMSP/OLS. However, due to different data years
and compatibility issues between the two channels, the nighttime lights dataset created
by Wu et al. [40] was used. This dataset was generated by integrating DMSP-OLS and
SNPP-VIIRS data and correcting for discrepancies. Population density data were obtained
from the WorldPop population density dataset. Point-of-interest data, including hospitals,
schools, and living facilities, originated from the Gaode POI dataset.

Table 1. Description of research data sources.

Data Type Year Data Source

Land use data Raster From 2012 to 2020 Global Geographic Information Product Platform
(http://www.globallandcover.com/ (accessed on 1 March 2023))

DEM Raster 2020 Geospatial Data Cloud (https://www.gscloud.cn/ (accessed on 1 March 2023))
Slope Raster 2020 Calculated through DEM

Nighttime light Raster From 2012 to 2020 https://doi.org/10.7910/DVN/GIYGJU [40]
Road network data Vector From 2012 to 2020 OpenStreetMap (https://www.openstreetmap.org/ (accessed on 1 March 2023))

POI data Vector From 2012 to 2020 Gaode API (https://lbs.amap.com/ (accessed on 1 May 2023))
Population Raster From 2012 to 2020 WorldPop (https://www.worldpop.org/ (accessed on 1 March 2023))

2.2.2. Data Processing

This study aims to explore the complex dependency relationships between the driving
factor sequences and land use. Therefore, the selected driving factors should exhibit
differentiation in global changes over time. Drawing on previous research in land use
simulation, we comprehensively consider the influences of various factors, including
natural environmental factors, transportation accessibility, and socio-economic conditions.
A total of 12 driving factors were chosen, encompassing elevation, slope, nighttime lights,
distance to major roads, distance to railways, distance to train stations, distance to town
centers, distance to rivers, school point density, hospital point density, living facility point
density, and population density. The processed sequence data are illustrated in Figure 2.
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Distance data were obtained through Euclidean distance analysis of road network
data, while density data were derived through kernel density analysis of point-of-interest
(POI) data. The original data for multiple periods of driving factors were collected over a
two-year interval. After processing the data as described above, the unified and cropped
datasets resulted in five periods of driving factor sequence data within the study area. To
address potential spatial mismatch issues among different datasets, all data were uniformly
resampled to a 100 m resolution, and the driving factors were normalized to [0, 1]. All
data processing in this study was carried out using ArcMap 10.5 and Python 3.8 to ensure
consistency and accuracy.

3. Methods

The overall framework of the VST-PCA model is illustrated in Figure 3, mainly com-
prising four components: the data processing module, the model training and prediction
module, the dynamic iterative simulation module, and the model validation module. Firstly,
the data processing module is responsible for handling the collected multi-source hetero-
geneous data, including data format conversion and resolution standardization. In this
process, invalid values in the grid are removed, and a random stratified sampling of 5% of
the data is performed to obtain 175,000 samples. The corresponding driving factor sequence
data are obtained from these samples, forming the sample dataset. Among these samples,
70% are used as the training set for the next module, while the remaining 30% are reserved
for model validation. The processed driving factor sequences and land use data are loaded
into the model training and prediction module, which utilizes VST for feature extraction
and connects to MLP to obtain the development suitability for each land use type for every
grid. Subsequently, the dynamic iterative simulation module conducts simulations for
LUCC, incorporating a pre-allocation strategy within the CA model. After each simulation
round, if the land use requirements are not met, the rules of the pre-allocation strategy are
adjusted, initiating the next simulation round. This process continues until the demands
for all land categories are satisfied. Once this condition is met, the iteration is terminated,
and the simulation results are output. Finally, the model validation module is responsible
for evaluating the accuracy of the model.
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3.1. Extract Transformation Rules Based on Spatiotemporal Feature Learning

Based on the learning of spatiotemporal features to explore the dependencies between
LUCC and driving factors, we can more accurately extract transformation rules. This
paper introduces an innovative deep learning model, namely, the video swin transformer
(VST), based on spatiotemporal attention mechanisms to more effectively capture spa-
tiotemporal dependencies. Unlike traditional 3DCNN video classification models that use
3D convolutional kernels to extract features, VST adopts a pure transformer architecture.
Leveraging the self-attention mechanism in the transformer, this model comprehensively
captures spatiotemporal dependencies throughout the entire video. Treating the video as a
spatiotemporal sequence of image patches extracted from individual frames, VST utilizes
the self-attention mechanism of the transformer to process these image patches, achieving
a more comprehensive capture of spatiotemporal relationships in the video.

The swin transformer mimics the hierarchical mapping approach used by CNNs.
In the initialization stage, the input image is segmented into non-overlapping blocks
through the patch partition module, and adjacent blocks gradually merge into deeper
transformer layers. By performing local self-attention computations within these non-
overlapping windows, the swin transformer reduces the computational complexity from
quadratic to linear. However, this partitioning leads to a reduction in connections for
each window. To address this issue, the swin transformer introduces the concept of a
sliding window to enhance information interaction between windows [41]. In this way,
the model can better capture global features of the input image while maintaining lower
computational complexity.

VST is essentially a three-dimensional extension of the swin transformer, strictly
following the hierarchical structure of the swin transformer but expanding the scope of
local attention computations from spatial to spatiotemporal domains. LUCC, to some extent,
reflects the spatiotemporal dynamic variations of land use patterns and can be considered
a special type of motion. Therefore, predicting future LUCC is akin to addressing a
classification problem from a geographical perspective. In this context, the study regards a
single-period driving factor as a frame image, while multiple-period driving factors are
likened to a sequence of frames decomposed from a video. Consequently, VST can be
utilized to extract the developmental suitability of each grid by treating these frames as
spatiotemporal sequences. This extension into the spatiotemporal domain enables the
model to more effectively capture the spatiotemporal features of changes in driving factors,
resulting in a more accurate prediction of the future evolution of land use patterns.

This study employs a miniature version of VST (Swin-T) for feature extraction, and
the overall architecture of the model is illustrated in Figure 4, divided into four stages
for feature extraction. The size of the input sample’s driving factor data is defined as
T × H × W × N, where T represents a sequence composed of T periods. Each period
contains H × W × N grids, with H and W denoting the height and width of the input grid
image, and N representing the number of driving factors. After passing through the 3D
patch partition layer, the input driving factor data is segmented into several 3D tokens.
In Stage 1, a linear embedding layer projects the features of each token into an arbitrary
dimension represented by C [42], which is then input into the VST block. In Stages 2, 3,
and 4, the patch merging layer combines adjacent 2 × 2 patches, applying linear layers to
achieve down sampling and feature doubling effects, followed by input into the VST block.
Through the staged feature extraction process, the model gradually extracts and merges
spatiotemporal feature information from the driving factor sequence.
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The main components of the model consist of the VST module, which is composed
of an alternating 3D window multi-head self-attention (3D W-MSA) module and a 3D
shifted-window multi-head self-attention (3D SW-MSA) module. The specific structure
of the VST block and the connection between two consecutive VST blocks are illustrated
in Figure 5. Each VST block is comprised of a 3D (shifted) window-based MSA module
and an MLP. Layer normalization (LN) is applied before each MSA module and MLP
module, and residual connections [43] are applied after each module. Based on the shifted-
window partitioning method, the feature maps in two consecutive VST blocks are calculated
as follows:

ẑl = 3D W − MSA(LN(zl−1)) + zl−1 (1)

zl = MLP(LN(ẑl)) + ẑl (2)

ẑl+1 = 3D SW − MSA(LN(zl)) + zl (3)

zl+1 = MLP(LN(ẑl+1)) + ẑl+1 (4)

where ẑl and zl represent the output features of the 3D (S)W-MSA module and the MLP
module of the l-th block, respectively.
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The final output features of the VST model will undergo processing through an MLP
to generate probability distributions for six different land use types. All grid data are input
into the model and processed to obtain the suitability layer for the development of each
land type.

3.2. Dynamic Iterative Simulation of Coupling Pre-Allocation Strategy
3.2.1. The Overall Simulation Process

In the dynamic iterative simulation module, this study proposes a pre-allocation
strategy and couples it with the CA model to simulate LUCC. The specific process of
dynamic iterative simulation is illustrated in Figure 6.
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In each iteration, we first calculate the probability TPt
k on which pre-allocation de-

pends. Subsequently, considering the demand for each land use, based on the principle
of prioritizing the higher probability TPt

k, we pre-allocate a certain proportion of land
transformation for each land use type. The calculation method for TPt

k is as follows:

TPt
k = Pk × Ck × It

k (5)

where Pk represents land development suitability generated by the VST model. Ck repre-
sents the constraint factor, which restricts land changes in specified areas (such as open
water bodies and some natural reserves) according to local policies. When a cell is within a
restricted development area, the value of Ck is 0; otherwise, it is 1. It

k represents the inertia
coefficient, whose main function is to dynamically increase the heritability of a specific land
use type when the development trend of that type contradicts macro demand, ensuring
consistency between the development trend of land use changes and future demand [44].
The calculation method for It

k is as follows:

It
k =


It−1
k i f |Dt−1

k | < |Dt−2
k |

It−1
k × Dt−2

k
Dt−1

k
i f Dt−1

k < Dt−2
k < 0

It−1
k × Dt−1

k
Dt−2

k
i f 0 < Dt−2
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k

(6)

where It
k is the inertia coefficient for type k at the t-th iteration, It−1

k is the coefficient at
the (t − 1)th iteration, Dt−1

k represents the difference between the allocation demand and
the target demand for type k at the (t − 1)th iteration, and Dt−2

k represents the difference
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at the (t − 2)th iteration. When the evolutionary trend matches the macro demand, the
inertia coefficient remains unchanged; otherwise, the inertia coefficient will be dynamically
adjusted to correct the development trend in subsequent iterations [45].

After pre-allocation, the neighborhood effects are calculated based on the land use
layers obtained from pre-allocation. Subsequently, the overall probability is determined by
combining TPt

k . The calculation methods for neighborhood effects and overall probability
are defined as follows:

Ωt
k =

Σn2con
(
St = k

)
n2 − 1

(7)

OPt
k = TPt

k × Ωt
k (8)

where Ωt
k represents the neighborhood effect for type k at the t-th iteration. con

(
St = k

)
is the conditional function, taking the value 1 when the cell state is of type k after pre-
allocation and 0 otherwise. OPt

k represents the overall probability for type k at the t-th
iteration, essentially calculated from Pk, Ck, It

k, and Ωt
k.

The overall probability is applied to a roulette wheel selection mechanism to determine
the target allocation type for cells. The principle of the roulette wheel selection mechanism
in land use simulation involves constructing a roulette wheel based on the overall transition
probabilities of various land use types. On this wheel, each sector represents a different land
use type, with its area proportional to the transition probability of that land use type. The
stopping position of the wheel is determined by generating a random number uniformly
distributed between 0 and 1, thereby selecting a specific land use type. This random
selection process ensures that land use types with higher probabilities have a greater
chance of being selected, while those with lower probabilities still retain the possibility of
selection. The random nature of this mechanism allows the model to reflect the uncertainty
of real-world land use change dynamics [44,46]. In the end, the results of this iteration are
obtained, and when the simulation results meet the overall demand, the model’s iteration
will terminate; otherwise, it enters a new iteration.

3.2.2. Implementation Method of the Pre-Allocation Strategy

During land use simulation, CA models, by considering neighborhood effects, can
exhibit spatially localized features. However, this local constraint may lead to a problem
where, if a certain land use type does not exist in a particular area, even if the transition
probability for that type is high, it may be challenging to simulate the occurrence of that land
use type in subsequent simulations. The key issue with this phenomenon lies in overcoming
the process from nonexistence to existence to ensure the smooth progression of subsequent
simulations. In general, manually adding some cells at the beginning of the simulation
or designing initialization rules can be considered. This paper proposes a strategy where,
based on the priority principle of selecting cells with higher transition probability values
TPt

k , a portion of cells with higher transition probabilities is pre-allocated before each round
of iterative simulation. These selected cells are referred to as “hotspot cells”. In this way,
we can ensure the early appearance of land use types with higher transition probabilities
in the simulation, thus avoiding difficulties in transitions during subsequent simulations.
This approach facilitates the model to better reflect the real situation of LUCC.

The overall process of the pre-allocation strategy is illustrated in Figure 7. Specifically,
the target type k is sequentially chosen for allocation, excluding land use types with
reduced demand from pre-allocation. Subsequently, the number Np,k of hotspot cells pre-
allocated for target type k are calculated; the cells are sorted in descending order based
on the probability TPt

k ; and then, according to the sorting results, cells of non-target types
are consecutively selected for allocation until the allocated quantity reaches Np,k. After
completing the pre-allocation for the current target type, we move on to the next target
type, repeating the aforementioned steps until the pre-allocation for all types is completed.



ISPRS Int. J. Geo-Inf. 2024, 13, 100 11 of 20

This yields the pre-allocation results for the current round of iterative simulation. The
quantity Np,k for pre-allocating target type k is defined as follows:

Np,k = γ × (Nd,k − Nc,k) (9)

where Nd,k represents the demand for land use type k, Nc,k represents the current quantity
of land use type k, and γ denotes the pre-allocation ratio. γ is a customizable parameter
with a range of 0 to 1. A higher value indicates a greater influence of pre-allocation on the
overall simulation. In this study, it was set to 0.1.
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After the pre-allocation is completed, the current round of the CA model undergoes
iterative simulation. The simulation continues until the demand for a certain land class
is reached and the demand for all land uses is satisfied. If this condition is not met, the
simulation proceeds to the next iteration, and the allocation ratio for the next round is
adjusted. This process is repeated until the demand for all land uses is met. A mechanism
similar to adjusting learning rates in deep learning is adopted to modify the pre-allocation
ratio γ. γ gradually decreases with the number of iterations, allowing the impact of each
round of pre-allocation to diminish in the overall iterative simulation, enabling a more
natural evolution of the simulation. In this study, the pre-allocation ratio γ was adjusted
through exponential decay, with a decay rate of 0.9.

3.3. Model Accuracy Evaluation

Based on relevant literature, this study selected overall accuracy (OA), Kappa coeffi-
cient, figure of merit (FOM), and F1 score to evaluate the accuracy of the constructed model.
OA intuitively informs us about the accuracy of the model’s simulation across the entire
study area, but when there is a class imbalance, overall accuracy may exhibit bias. The
consideration of randomness in the Kappa coefficient makes it more robust, allowing for a
better assessment of model performance in situations with different sample distributions
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and class imbalances. Therefore, it is widely used for evaluating land use classification or
modeling [47]. The formula for calculating the Kappa coefficient is as follows:

po =
r
t

(10)

pe =
Σn

i=1ai × bi

t2 (11)

Kappa =
p0 − pe

1 − pe
(12)

where r represents the number of correctly simulated grids, t represents the total number
of grids, i represents the type of land use, ai represents the number of grids of land use
type i in actual observation data, and bi represents the number of grids of type i in the
prediction results.

The FOM index can comprehensively measure the modeling accuracy of simulated
changes, as it focuses on the accuracy of the changing areas rather than the entire study
area [48]. The range of FOM is from 0 to 1, where a higher FOM indicates a higher
simulation accuracy. The calculation formula for the FOM index is as follows:

FOM =
B

A + B + C + D
(13)

Here, A represents the number of grid cells where actual changes occurred but were not
predicted to change, B represents the number of grid cells where actual changes occurred
and were correctly predicted, C represents the number of grid cells where actual changes
occurred and were captured as changes but were incorrectly predicted, and D represents
the number of grid cells where actual changes did not occur but were predicted to change.

In this study, the F1 score was used to evaluate the simulation accuracy of each land
use type. The F1 score is a harmonic mean that comprehensively considers precision and
recall and is calculated as follows:

F1 − score =
2 × Precision × Recall

Precision + Recall
=

2 × TP
TP+FP × TP

TP+FN
TP

TP+FP + TP
TP+FN

(14)

where TP represents the number of true positive predictions (correctly predicted positive
samples), FP represents the number of false positive predictions (negative samples incor-
rectly predicted as positive), and FN represents the number of false negative predictions
(positive samples incorrectly predicted as negative).

4. Results
4.1. Evaluation of Development Suitability Maps

A development suitability map is a spatial visualization layer generated based on
conversion rules. Development suitability reveals the spatial distribution and patterns
of land use changes. Accurate land development suitability ensures that the simulation
reflects the trends and patterns of actual land use changes, directly impacting the simulation
accuracy of the model. If the extracted development suitability is not accurate, it may
significantly reduce the accuracy of the simulation. Receiver operating characteristic (ROC)
curves and area under the curve (AUC) values have been proven useful for evaluating
the quality of development suitability maps in CA models [48]. The ROC curve is created
by plotting the true positive rate (TPR, sensitivity in machine learning) against the false
positive rate (FPR, estimated by 1-specificity) at various threshold selections [44]. In theory,
if the AUC value is closer to 1, indicating a larger area under the curve, it signifies a higher
accuracy of the predictive model. Conversely, a lower AUC value suggests lower accuracy.
When AUC is 1.0, it indicates a perfect classifier model.
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After processing the data through the data processing module, a unified dataset is
obtained. In this study, 5% of the data was randomly stratified as samples, resulting in a
final set of 175,000 samples. Among these, 70% of the samples were used as the training
set, while the remaining 30% were used for model validation. Table 2 presents detailed
information about the dataset. Currently, most research related to LUCC simulation tends
to use traditional machine learning models as tools for extracting development suitability,
and these models are favored by researchers for their simplicity and efficiency. In this
regard, we compared the development suitability maps generated in this study with those
generated by ANN and RF. The ROC curves for each model are shown in Figure 8, where
the red dashed line represents a random classifier. Table 3 lists the AUC values for the
development suitability maps generated by each model. The results indicate that the VST
model used in this study achieved the best performance across various land use types. The
AUC values for cropland, forest land, water bodies, and construction land all exceeded 0.9,
demonstrating that VST can generate more accurate development suitability maps, laying
the foundation for subsequent simulation stages and improving the predictive performance
of the model.

Table 2. The elements of the dataset.

Number of Samples
Number of Samples for Each Land Use Type

Arable Forest Grass Water Construction Unused

Train 122,500
116,418 32,265 11,677 3868 10,411 361Validate 52,500

Total 175,000
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Figure 8. ROC curves of each model.

Table 3. AUC values of each model.

Arable Forest Grass Water Construction Unused

ANN 0.8552 0.8639 0.8211 0.8921 0.9565 0.8287
RF 0.8624 0.8699 0.8287 0.9025 0.9577 0.8566

VST 0.9021 0.9003 0.8606 0.9184 0.9662 0.8737

4.2. Model Accuracy Comparison
4.2.1. Comparison of Accuracy with Mainstream Models

To validate the effectiveness of the model, this study constructed two traditional
CA models, namely, ANN-CA and RF-CA, as well as two deep learning CA models that
consider spatiotemporal dependencies, namely, CNN-LSTM-CA [19,31] and ST-CA [23].
These models were compared in detail with the VST-PCA model proposed in this paper.
Table 4 presents the accuracy comparison of each model.
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Table 4. Comparison of simulation accuracy among different models.

Model OA Kappa FOM

ANN-CA 0.8792 0.7618 0.2885
RF-CA 0.8823 0.7702 0.2905

CNN-LSTM-CA 0.9140 0.8297 0.3858
ST-CA 0.9145 0.8332 0.4021

VST-PCA 0.9311 0.8654 0.4534

According to the data in Table 4, we can observe that the accuracy of the two tradi-
tional CA models (ANN-CA and RF-CA) was relatively low. The widespread application
of traditional machine learning models is mainly attributed to their simplicity and ease
of use, and therefore, their lower complexity may limit their performance in handling
complex data patterns, resulting in lower simulated accuracy. In contrast, the two deep
learning models (CNN-LSTM-CA and ST-CA) showed a significant improvement in per-
formance. This indirectly proves the effectiveness of deep learning models in extracting
spatiotemporal dependencies. These models take into account the complex spatiotempo-
ral dependencies between land use and driving factors, allowing them to better capture
complex features and patterns in the data, resulting in superior simulation performance.
The VST-PCA model proposed in this paper achieved the best results among the compared
models, with an overall accuracy (OA) of 0.9311, a Kappa coefficient of 0.8654, and a figure
of merit (FOM) index reaching 0.4534. Compared to other models, the Kappa coefficient in-
creased by 0.0322–0.1036, and the FOM index increased by 0.0513–0.1649. The outstanding
performance of the model validates the effectiveness of the model proposed in this paper.

Table 5 presents the F1 score for each land use type. Similar to the overall accuracy,
VST-PCA performed the best in terms of simulation effectiveness, further validating the
effectiveness of the model proposed in this paper. In terms of land use types, cropland and
construction land exhibited higher simulation accuracy. However, in the case of grassland,
although VST-PCA showed some improvement in accuracy compared to other models,
it still remained relatively low compared to other land use types. This phenomenon is
attributed to specific geographical and land use characteristics in the region. A detailed
analysis revealed that grassland was mainly distributed in the southeastern region of the
Chongqing metropolitan area, where various land use types exhibited a more fragmented
and scattered distribution pattern. This dispersion posed a greater challenge for the
model when predicting and simulating grassland because of the higher likelihood of
overlap between grassland and other land use types, making it difficult to clearly delineate
boundaries and ultimately resulting in a decrease in simulation accuracy.

Table 5. F1 scores for each land use type in each model.

Arable Forest Grass Water Construction Unused

ANN-CA 0.9359 0.8060 0.6516 0.7202 0.8303 0.8312
RF-CA 0.9411 0.8202 0.6602 0.7809 0.8595 0.8301
CNN-

LSTM-CA 0.9579 0.8591 0.6951 0.8202 0.8904 0.8449

ST-CA 0.9597 0.8614 0.6904 0.8211 0.9029 0.8589
VST-PCA 0.9673 0.8744 0.6983 0.8549 0.9322 0.8663

Figure 9 illustrates the simulation results of each model, focusing on a relatively typical
region to demonstrate the differences in the simulated outcomes of each model. From the
figure, it can be observed that the simulation results generated by the proposed VST-PCA
model better reflected the current land use status and demonstrated superior performance
in terms of detail. During the period from 2010 to 2020, significant changes in land use
occurred in the selected region, particularly with the emergence of multiple grassland areas
showing a development trend of “from absence to presence”. This complex change made



ISPRS Int. J. Geo-Inf. 2024, 13, 100 15 of 20

the performance of other models relatively poorer, while the VST-PCA model, with its
adopted cellular pre-allocation strategy, achieved more realistic and accurate simulation
results. The VST-PCA model excelled at capturing land use changes, and its cellular
pre-allocation strategy contributed to better simulating the formation of emerging areas.
This example region highlights the unique advantage of the VST-PCA model in handling
dynamic land use changes.
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4.2.2. Ablation Studies

To validate the effectiveness of the VST-PCA modules, we constructed multiple models
for ablation studies, including (1) RF-CA, serving as a baseline model, using random
forest (RF) to generate development suitability maps without incorporating pre-allocation
strategies; (2) VST-CA, utilizing VST to generate development suitability maps without
employing pre-allocation strategies; (3) RF-PCA, employing RF to generate development
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suitability maps and incorporating pre-allocation strategies; and (4) VST-PCA, the complete
model incorporating all key modules.

The ablation experiment results are shown in Table 6. In both VST-CA and VST-PCA,
we employed VST to extract spatiotemporal dependencies and generate suitability maps
for development, replacing the traditional RF model in the baseline. Without using a
pre-allocation strategy for simulation, VST-CA increased the Kappa coefficient and FOM
index of the simulated results from 0.7702 and 0.2905 to 0.8501 and 0.4167, respectively,
representing improvements of 0.0799 and 0.1262. When using a pre-allocation strategy
for simulation, VST-PCA increased the Kappa coefficient and FOM index of the simulated
results from 0.8137 and 0.3622 to 0.8654 and 0.4534, respectively, showing improvements of
0.0517 and 0.0912.

Table 6. Comparison of ablation models.

Model OA Kappa FOM

RF-CA 0.8823 0.7702 0.2905
VST-CA 0.9232 0.8501 0.4167
RF-PCA 0.9062 0.8137 0.3622

VST-PCA 0.9311 0.8654 0.4534

In RF-PCA, RF is employed to generate development suitability maps, but a pre-
allocation strategy is incorporated to address issues arising from neighborhood effects in
CA simulations. The introduction of the pre-allocation strategy resulted in an improvement
in the Kappa coefficient and FOM index of the simulation results, increasing from 0.7702
and 0.2905 to 0.8137 and 0.3622, respectively, representing improvements of 0.0435 and
0.0717. When using the VST model, compared to simulations without the pre-allocation
strategy, the results with the pre-allocation strategy showed that the Kappa coefficient and
FOM index increased from 0.8501 and 0.4167 to 0.8654 and 0.4534, respectively, representing
improvements of 0.0153 and 0.0367.

From the perspective of the Kappa coefficient, overall, the improvement in spatiotem-
poral effects resulted in a performance enhancement ranging from 5.17% to 7.99%, while the
improvement in pre-allocation effects manifested as an increase of 1.53% to 4.35%. Simulta-
neously, from the perspective of the FOM index, the enhancement in spatiotemporal effects
led to a performance improvement ranging from 9.12% to 12.62%, and the improvement in
pre-allocation effects also resulted in a performance increase of 3.67% to 7.17%. The results
indicate that the improvements made to both components of VST-PCA are beneficial for
the construction of land use simulation models.

4.3. Time Performance Evaluation and Analysis

A comparative analysis of the temporal performance of different models was con-
ducted to further evaluate our proposed VST-PCA model. LUCC prediction simulations
generally consist of two stages, namely, the suitability extraction stage and the simulation
stage. We evaluated these two stages separately. All comparative experiments were based
on the same hardware foundation.

Table 7 presents the time consumption for each model during the development suit-
ability extraction stage. Model-specific parameter settings were as follows: ANN had
two hidden layers with 256 neurons in each layer; RF comprised 800 decision trees with
a maximum depth of 40; and the parameters for CNN-LSTM and 3DCNN were adopted
from existing literature. In terms of time consumption, both ANN-CA and RF-CA exhibited
lower time requirements, while deep learning-based CA models necessitated longer pro-
cessing times—sometimes even dozens of times higher than RF-CA. While acknowledging
that using time consumption as the sole evaluation indicator may have some limitations,
the experimental results generally reflect the overall trend in model performance. Despite
the notable accuracy improvements achieved by the three deep learning-based CA models,
this comes at the expense of higher computational costs. Among these models, the ST-CA
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model is the most time-consuming. This is primarily because the ST-CA model employs
3DCNN to extract spatiotemporal dependencies. By extending convolutional layers along
the temporal dimension, 3DCNN can directly handle and learn the spatiotemporal features
of sequential data. While this model effectively captures temporal dynamics when process-
ing sequential data, it typically involves a large number of parameters and computations,
resulting in higher time consumption.

Table 7. Model development suitability extraction time comparison.

ANN-CA RF-CA CNN-LSTM-CA ST-CA VST-PCA

Train time/s 723 126 6288 9793 8173

Table 8 shows the time consumption during the simulation stage, where Model I
incorporated the pre-allocation strategy during iterative simulations, while Model II did not
utilize the pre-allocation strategy. Both approaches were based on the same development
suitability map and overall simulation requirements. Multiple experiments were conducted
for different development suitability maps, and the average time consumption was taken
as the result. The research results indicated that the time consumption of Model I was
significantly lower than that of Model II, suggesting that the pre-allocation strategy can
enhance simulation efficiency to a certain extent. Before each iteration of simulation, the
pre-allocation strategy rapidly assigns a portion of the requirements, aiding in the quicker
exploration of new areas and faster fulfillment of simulation needs. This effectively reduces
the overall time of the simulation.

Table 8. Comparison of simulation time consumption.

Model I Model II

Train time/s 136 286

5. Discussion

The VST-PCA model utilizes the video swin transformer to deeply learn spatiotempo-
ral features, which is a promising attempt at LUCC simulation. This approach surpasses
traditional CA models in accurately capturing the complex dynamics of land use changes.
While recent studies have integrated deep learning techniques, the VST-PCA model excels
at capturing long-term and complex spatiotemporal dependencies, reflected in improved
simulation accuracy. However, it is undeniable that deep learning-based CA models are
generally time-consuming, and achieving high precision with low time consumption re-
mains a challenging issue. Introducing a pre-allocation strategy is a major innovation of the
VST-PCA model, optimizing the simulation process of land use changes in traditional CA
models. Compared to previous research, the VST-PCA model significantly enhances simu-
lation accuracy and practicality through this strategy, demonstrating its powerful capability
in simulating complex geographical processes in real-world applications. By comparing
the VST-PCA model with other CA-based models, its advantages in simulation precision
and detail capture are evident. The VST-PCA model predicts land use dynamics more
accurately than other models based on traditional machine learning and deep learning,
especially in capturing long-term trends and subtle spatial changes.

Despite the significant effects achieved by VST-PCA, there are still aspects worthy
of further discussion. Firstly, the model has relatively strict requirements for driving
factor data, and obtaining the extensive and long-term time series data the model needs is
challenging. In future work, it may be worth considering methods for predicting driving
factor data to access a broader range of long-term time series data. Additionally, as a deep
learning model, although VST shows some improvement in training speed, its cost remains
relatively high compared to traditional machine learning models. In future work, it will be
necessary to consider how to enhance simulation accuracy while minimizing associated
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computational costs. This requires further optimization of the model and more efficient
utilization of computational resources.

6. Conclusions

This paper introduces a novel land use change simulation model, VST-PCA, which
integrates two key modules: spatiotemporal feature learning and pre-allocation strategy.
Through extensive ablation studies and comparative analysis with existing models, this
research not only validates the accuracy and effectiveness of the VST-PCA model but also
highlights its unique contributions and advantages in the LUCC simulation domain.

The VST-PCA model employs VST to extract complex spatiotemporal features, thereby
capturing the temporal and spatial dependencies between driving factors and land use
more accurately, resulting in more precise suitability maps for development. The land
development suitability maps produced by this method are significantly superior to those
generated by traditional approaches, with AUC values for all land use types exceeding 0.8.
For cropland, forest land, water bodies, and built-up areas, the AUC values were no less
than 0.9, providing a solid foundation for subsequent simulations.

The pre-allocation strategy introduced in VST-PCA optimizes the spatial simulation
stage and addresses the constraints of conventional neighborhood effect calculations. Espe-
cially in the expansion of new districts, this strategy improves the model’s representation
and accuracy by identifying and prioritizing areas with high transition probabilities. This
approach demonstrated superior performance in specific regions compared to other models,
underscoring the importance of the pre-allocation strategy.

Using LUCC observation data from the Chongqing metropolitan area from 2010 to
2020 as an example, this study conducted an in-depth performance evaluation of the
VST-PCA model, confirming its superior performance compared to other models through
comparative analysis. The results show that the VST-PCA model significantly outper-
formed other models, with Kappa coefficients and FOM indices reaching 0.8654 and 0.4534,
respectively. The exceptional performance of the VST-PCA model is attributed not only
to its fine-grained spatiotemporal feature extraction capability but also to its unique land
pre-allocation strategy. Notably, the precision improvement offered by VST-PCA is not a
simple additive effect of spatiotemporal and configuration effects. The precision gain from
pre-allocation is clearly less than the improvement brought by the spatiotemporal effect of
adopting the VST model. By employing land pre-allocation, the model not only enhances
accuracy but also contributes to improved simulation operational efficiency. Moreover, it
represents a method that more closely aligns with actual land conversion processes. The
application of the VST-PCA model not only elevates the precision of LUCC simulations
but also provides a new direction for future research, namely, exploring the potential of
spatiotemporal feature learning in geospatial simulation. This approach offers a powerful
and flexible tool for understanding and predicting land use changes, aiding more accurate
decision-making in urban planning, ecological conservation, and climate change studies,
among other fields.
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