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Abstract

Zhejiang Province is experiencing rapid land use/land cover (LULC) transitions driven by urban expansion, infrastructure development,
and increasing environmental pressures. Understanding historical dynamics and future trajectories of these changes is essential for
informed regional planning and ecological management. This study analyzes land use changes from 2000 to 2020 and forecasts future
patterns for 2025 to 2040 by integrating multi-temporal land use data with key spatial drivers, including elevation, slope, aspect,
Normalized Difference Vegetation Index (NDVI), and proximity to roads and built-up areas. Change detection results reveal
substantial declines in croplands and green spaces alongside rapid urban expansion, particularly around Hangzhou and Shaoxing and
along major transportation corridors, reflecting an early phase of accelerated urbanization from a relatively small baseline. Future land-
use dynamics were simulated using a hybrid Convolutional Neural Network - Long Short Term Memory (CNN-LSTM)-Cellular
Automata (CA)-Markov framework that captures complex spatiotemporal dependencies and neighbourhood interactions under
physical and anthropogenic constraints. Model projections indicate a more moderate growth regime from 2025 to 2040, with urban
land increasing by 1.7%, croplands decreasing by 2.2%, and modest gains in water bodies (1.9%) and forest cover (1.1%), suggesting
landscape saturation and policy-influenced land management. Validation using the observed 2025 land use map demonstrates strong
predictive performance, achieving an overall accuracy of 86% and a Kappa coefficient of 79%. The results provide spatially explicit
insights to support balanced development and enhanced ecological resilience.

1. Introduction

Understanding and forecasting land use/land cover (LULC)
dynamics is central to environmental research and spatial
planning, as they critically influence ecosystem stability,
hydrological processes, and sustainable development. In rapidly
developing regions, land use change reshapes landscape
connectivity, urban resilience, and environmental risk. Zhejiang
Province in eastern China has experienced accelerated land
transformation driven by urban expansion, infrastructure
development, and socioeconomic growth (Tian et al., 2019; Wu
et al., 2022; Koko et al., 2023).

Traditionally, LULC forecasting has been dominated by
transition-based models, particularly Cellular Automata (CA)-
Markov frameworks, which are effective for simulating broad
spatiotemporal trends and neighborhood-driven land transitions
(Rahnama, 2021). Despite their widespread adoption, these
models assume stationary transition probabilities and simplified
neighborhood structures, limiting their capacity to represent non-
linear interactions among environmental, socioeconomic, and
policy-driven drivers (Shirmohammadi et al., 2025). Such
assumptions are increasingly inadequate for heterogeneous,
rapidly evolving landscapes, where land use transitions are often
abrupt, multi-directional, and influenced by dynamic regulatory
and climatic conditions.

To overcome these limitations, several advanced modeling
frameworks have been developed, including CLUMondo (Yang et
al., 2022), multilayer perceptron-Markov, LandTrendr
(Parracciani et al., 2024), and the Patch-generating Land Use
Simulation (PLUS) model (Mutale et al., 2024). While these

approaches have improved long-term change detection and spatial 
realism, they continue to rely heavily on predefined transition 
rules, fixed neighborhood configurations, or linear extrapolation 
of historical trends. As a result, their ability to capture fine-scale 
spatial heterogeneity and non-stationary transition behavior 
remains limited, particularly in regions experiencing strong policy 
interventions or rapid urban transformation. Traditional platforms 
such as TerrSet and CA-Markov further exemplify these 
constraints by oversimplifying spatial interactions and lacking 
adaptability to multi-decadal and policy-driven land dynamics 
(Madhusudhan et al., 2024). For instance, Aliyu et al. (2020) 
projected a 38% increase in built-up areas in Akure, Nigeria, 
using CA-Markov analysis; while informative, such projections 
are constrained by static transition matrices and fixed 
neighborhood assumptions.

Recent years have seen growing interest in integrating deep 
learning into LULC forecasting to represent complex spatial and 
temporal dependencies better. Hybrid frameworks such as 
Cellular Automata - Convolutional Neural Network - Long Short 
Term Memory (CA-CNN-LSTM) models have shown improved 
predictive performance by learning hierarchical spatial features 
and temporal patterns (Patel et al., 2022; Aryan et al., 2025). 
Nevertheless, many of these approaches continue to assume 
spatially stationary transition behavior or rely on fixed 
neighborhood rules embedded in CA components (Yang et al., 
2025). For example, the Deep Spatiotemporal–Cellular Automata 
(DST)-CA model proposed by Yang et al. (2025) integrates a 3D 
Convolutional Neural Network (CNN) for short-term feature 
extraction with an Long Short-Term Memory (LSTM) for long-
term temporal learning. Despite its enhanced accuracy, the fixed 
neighborhood structure within the CA module limits its ability to
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capture fine-scale spatial variability and dynamic transition
processes in complex landscapes.

Moreover, hybrid models that combine CA with machine learning
or artificial neural networks (ANNs) have improved spatial
realism by incorporating neighborhood effects (Kamaraj et al.,
2022; Mishra et al., 2025b). However, these approaches often
struggle to represent non-linear temporal dependencies and rarely
integrate multi-temporal environmental sequences alongside static
and dynamic drivers. For instance, Madhusudhan et al. (2024)
successfully forecasted LULC patterns for 2030 with low
deviation using CA-Markov analysis but relied on static transition
assumptions and excluded climate and socioeconomic variables,
limiting its ability to capture emerging land-use pressures.

The emergence of advanced deep learning architectures, such as
CNN-LSTM and ConvLSTM, offers new opportunities for
modeling non-linear, multi-scale spatial patterns and long-term
temporal dependencies (Boulila et al., 2021; Das et al., 2025).
Although recent hybrid systems, including CNN-LSTM-PLUS
frameworks, have demonstrated high spatial accuracy in regional
case studies (Li et al., 2025), many remain constrained by short
historical time series, single-region analyses, and limited
integration of multi-sensor and multi-decadal datasets.

These limitations highlight the need for high-resolution, multi-
period, and multi-parameter land- use forecasting frameworks to
support scenario-based planning and sustainable land
management better. To address these gaps, this study introduces a
hybrid CNN-ConvLSTM–Markov CA framework implemented in
Python for long-term land use forecasting. The proposed approach
integrates (i) patch-based CNN encoders to capture fine-scale
spatial heterogeneity, (ii) ConvLSTM modules to learn multi-
decadal spatiotemporal dependencies, and (iii) a Markov CA
module to constrain land transitions using empirically derived
probabilities. By incorporating both static drivers (elevation, slope,
aspect, distance to roads) and dynamic drivers (NDVI, built-up
areas), the framework captures realistic, policy-influenced, and
non-linear land use dynamics. Accordingly, the objectives of this
study are to (a) develop an advanced deep spatiotemporal
modeling framework that overcomes the limitations of stationary
and fixed-rule approaches, and (b) generate scenario-based land
use forecasts for 2025-2040 to support sustainable planning and
flood risk management in heterogeneous landscapes.

2. Materials and Methods

2.1. Study Area

The study area is located in northern Zhejiang Province, eastern
China, encompassing the cities of Hangzhou and Shaoxing, as
well as parts of the Qiantang Jiang River. To capture key urban
dynamic interactions, a rectangular spatial subset was extracted,
bounded by latitudes 29°37′28.87″N to 30°51′10.28″N and
longitudes 119°43′56.28″E to 120°54′25.37″E. This subset
represents a highly heterogeneous landscape characterized by
extensive croplands, rapidly expanding urban areas, dense river
networks, and patches of mountainous forest, making it a
representative sample of dominant land use patterns in northern
Zhejiang Province. The coexistence of urban development and
agricultural land makes the area particularly suitable for
investigating land use dynamics and their environmental
implications. The Qiantang Jiang River has historically served as
a primary axis of urban development, and sustained urban
expansion along its corridor in recent decades has intensified the
conversion of croplands and peri-urban green spaces into built-up
areas, making it a key hotspot of land use transformation within
the region (Figure 1).

Figure 1. Study area

2.2. Data Collection and Preparation

Historical land use maps for Zhejiang Province from 2000 to 2020
were used as the primary datasets for model training, with 4
classes: cropland, forest, water, and urban, and a real land use
map 2025 for validation (Yang et al., 2021). To enhance the
performance of the hybrid land use forecasting framework, a set
of environmental and anthropogenic driving factors was
incorporated, following established practices in recent LULC
modeling studies (Floreano et al., 2021; Kamaraj et al., 2022;
Yang et al., 2022; Aldileemi et al., 2023; Mutale et al., 2024).
Elevation data were obtained from the Shuttle Radar Topography
Mission Digital Elevation Model (SRTM DEM, 30 m) and
processed in Google Earth Engine (GEE). Based on the DEM,
slope and aspect layers were derived in ArcGIS to represent
terrain-related constraints. Distance-to-road layers were also
generated in ArcGIS to characterize accessibility and the
influence of transportation infrastructure as a static driver of land
use change. Dynamic variables were produced for each target year
to capture temporal processes. These included the Normalized
Difference Vegetation Index (NDVI), calculated in GEE using
Landsat 7, Landsat 8, and Sentinel-2 imagery to represent
vegetation dynamics, and distance to built-up areas, derived using
Euclidean distance analysis in ArcGIS to reflect urban expansion.
All maps and ancillary environmental layers were resampled and
harmonized to a uniform 30 m spatial resolution to ensure
consistency across model inputs and minimize scale-related
uncertainty. Integrating these static and dynamic variables with
historical landuse data improved the model’s ability to capture
spatial heterogeneity and the temporal drivers of land use
transitions across the study area (Figure 2).

2.3. Proposed Advanced Framework for Land Use
Forecasting

This study proposes an advanced, multi-stage land use
forecasting framework designed to capture the complex, non-
linear, and spatially heterogeneous dynamics of land use. To
address the limitations of traditional CA-Markov and fixed-
neighbourhood deep learning approaches, the framework uses a
hybrid CNN-ConvLSTM-Markov CA architecture. Training
deep spatiotemporal models on full-resolution, multi-decadal
raster datasets presents substantial computational challenges,
particularly when incorporating multiple static and dynamic
drivers. To overcome Graphics Processing Unit (GPU) memory
constraints while preserving fine-scale spatial detail, a patch-
based sampling strategy was employed. Unlike earlier studies
that used patches solely for computational efficiency, this
approach systematically partitions the full raster stack into
information-rich samples that enhance spatial diversity and
model generalization.
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Figure 2. Ancillary Environmental Parameters (a) Elevation,
(b) Slope, (c) Aspect, (d) Distance from roads, (e) Distance

from build-up, (f) NDVI.

The complete 20-layer raster stack was tiled using a sliding-
window approach with a patch size of 256 × 256 pixels and a
stride of 128 pixels. From the generated patches, 2,000 spatially
distributed samples were randomly selected for training. This
strategy improved computational efficiency and allowed the
model to better learn heterogeneous landscape patterns across the
study area. Formally, the dynamic input tensor is defined as D ∈
RT×H×W×C, where T is the number of temporal layers, H and W are
the spatial dimensions, and C denotes the dynamic features.
Corresponding land use maps are represented as L ∈ RT×H×W.
After tiling, each patch produces spatiotemporal samples Xp ∈
RT×P×P×C and Yp ∈ RT×P×P. Padding was applied where necessary to
ensure full spatial coverage. To model temporal land use
evolution, spatiotemporal sequences were constructed from the
extracted patches. A temporal window of S = 3 years was selected,
allowing the model to learn both short-term dynamics and longer-
term dependencies. Each training sample consists of three
consecutive multi-feature patches used to predict the land use
state of the following year:

�� � = �� � , �� � + 1 , �� � + 2 , �� � = �� � + 3 (1)

The CNN extracts spatial features at each time step, while the
ConvLSTM learns temporal dependencies across the sequence,
improving the model’s ability to forecast abrupt or non-linear land
use transitions.

The CNN–ConvLSTM architecture combines TimeDistributed
CNN layers for spatial feature extraction with ConvLSTM layers
for temporal modeling. At each time step t, the dynamic input
patch Xt is processed by the CNN:

Ft = CNN(Xt) (2)

The resulting feature maps {F1, F2, F3} are passed to the
ConvLSTM:

H = ConvLSTM (F1, F2, F3) (3)

Transposed convolution layers restore the original spatial
resolution, and pixel-wise class probabilities are computed using a
softmax function. The model is trained using categorical cross-
entropy loss, ensuring accurate multi-class land use prediction. A
Markov transition matrix was derived from historical land use
maps to quantify class-to-class transition probabilities between
consecutive time steps:

Mij = P (Lt+1 = j \ Lt = i) (4)

These probabilities were estimated across all pixels and time
steps, normalized so that each row sums to one. The Markov
matrix captures long-term transition tendencies and provides
prior knowledge that complements deep learning predictions. The
CNN–ConvLSTM suitability map SDLwas fused with the Markov
transition probabilities using a linear mixture: Shybrid = αM + (1 -
α) SDL. An optimal weight of α = 0.6 was selected based on
experimental performance, balancing historical transition
behavior 60% and data-driven suitability 40%. Final land use
classes were assigned by selecting the class with the highest
hybrid suitability, followed by a 3 × 3 majority filter to reduce
salt-and-pepper noise while preserving spatial structure. To
ensure realistic urban expansion, historical urban growth rates
were incorporated. Target urban extents were calculated for each
future time step, and if predicted urban areas fell below these
targets, high-suitability cropland pixels were selectively
converted to urban. This adjustment ensured consistency with
observed growth trends while maintaining spatial plausibility.
Overall, the proposed hybrid framework integrates deep
spatiotemporal learning, historical transition modeling, and rule-
based adjustments to produce spatially coherent and realistic
future land use simulations suitable for land management and
planning applications (Figure 3).

Figure 3. Workflow methodology
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2.4. Accuracy assessment of the hybrid CNN-ConvLSTM-

Markov Cellular Automata (hybrid CA) model

The performance of the 2025 land use forecast was evaluated by
comparing the predicted land use map with the reference 2025
map (Yang et al., 2021). Both rasters were first aligned to a
common spatial grid using nearest-neighbor resampling to ensure
pixel-wise correspondence, and pixels with NoData values in
either map were excluded from the analysis. Overall agreement
between the predicted and reference maps was quantified using
OA, while Cohen’s Kappa coefficient (κ) was computed to
account for agreement occurring by chance. A confusion matrix
(C) was generated to evaluate class-specific performance. From
this matrix, both producer’s accuracy (PA, recall) and user’s
accuracy (UA, precision) were calculated for each land use class �
as follows (Yomo et al., 2023):

Producer's Accuracy (PA)� = ���

�
 � ���

× 100

User's Accuracy (UA)� = ���

�
 � ���

× 100
(5)

where ��� represents the number of pixels of class � in the
reference map that were classified as class � in the forecast. This
systematic accuracy assessment provides quantitative metrics of
model performance, providing robust validation of the hybrid
CNN-ConvLSTM-Markov CA (hybrid) framework for accurately
simulating future land use dynamics.

3. Results and Discussion

3.1. Spatiotemporal land use patterns 2000-2020

The historical land uses for 2000, 2005, 2010, 2015, and 2020,
with 4 classes (cropland, forest, water, urban) (Figure 4), provide
a clear, spatially coherent representation of landscape patterns
across the study area. These maps reveal both persistent land
characteristics and significant transitions occurring over the last
two decades. Spatially, cropland remained dominant across the
region, while dense forest cover continued to occupy the south,
north and western highlands. The main water body was clearly
detected along the Qiantang Jiang River. Urban areas expanded
around city centers, particularly Hangzhou and Shaoxing,
confirming the trajectory of continuous demographic and
infrastructural growth.

 

Quantitatively, the percentage changes from 2000 to 2020 indicate 
pronounced land use transitions: cropland and forest areas 
experienced substantial declines of 23% and 12.3%, respectively, 
reflecting increasing pressure from human activities and land 
conversion processes. In contrast, water bodies expanded by 
11.4%, likely associated with hydrological alterations, reservoir 
development, and flood-related landscape changes. Most notably, 
urban areas exhibited a 100% increase, underscoring the rapid 
pace of urbanization across the study region over the past two 
decades. This dramatic expansion highlights the dominant role of 
urban growth as a driving force of land use change, often 
occurring at the expense of agricultural and natural land covers, 
and signals intensifying anthropogenic influence on regional 
landscape structure and environmental sustainability (Figure 5).

Figure 5. Percentage change of land use classes from 2000 to

2020

Figure 6 illustrates the directional pattern of urban expansion
between 2000 and 2020 using a polar (rose) diagram. The results
reveal a highly anisotropic urban growth pattern, with pronounced
expansion toward the northeast (NE), west (W) and southwest
(SW) directions, indicating these corridors as the dominant
pathways of urban development over the study period. Moderate
growth is also observed toward the west (W) and east (E) sectors,
while comparatively limited expansion occurs toward the east (E),
southeast (SE), and north (N). This directional asymmetry
suggests that urban growth has been strongly guided by
underlying geographic, infrastructural, and socioeconomic drivers,
including major transportation axes, river corridors, and favorable
terrain. The concentration of urban expansion along specific
directions reflects constrained spatial development rather than
uniform outward growth, highlighting the role of planned
infrastructure and natural barriers in shaping long-term
urbanization patterns.

Figure 4. Classified land use maps for 2000-2020
Figure 6. Urban growth direction from 2000 to 2020 derived from 

land use maps.
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3.2. Future land use dynamics 2025-2040

The projected land use changes for the period 2025–2040
reveal distinct but more moderate transformation trends compared
with the historical period (Figure 7). Cropland is expected to
decline by 2.2%, indicating continued but decelerating conversion
of agricultural land, largely associated with urban expansion and
land reallocation. In contrast, forest cover is projected to increase
by 1.1%, suggesting relative stability and the potential influence
of ecological restoration and land protection policies. Water
bodies are forecast to expand by 1.9%, reflecting hydrological

Figure 7. Predicted land use maps for 2025-2040 generated
using the Hybrid CNN-ConvLSTM-Markov Cellular Automata

(Hybrid CA) model in Python.

adjustments, surface water dynamics, and the possible impacts of
climate variability and water management practices. Urban areas
are projected to increase by 1.7%, confirming the persistence of
urban growth and infrastructure development, albeit at a markedly
slower pace than observed during 2000-2020 (Figure 8). Overall,
these results indicate a transition from rapid land transformation
to a more regulated and policy-constrained development trajectory,
characterized by moderated urban expansion and increased
emphasis on ecological and water-related land uses. Figure 9
presents the projected directional pattern of urban expansion for
the period 2025–2040 based on the forecasting results. Similar to
the historical period, urban growth remains highly directional
rather than isotropic, with the most pronounced expansion
projected toward the northeast (NE) and southwest (SW) sectors.
However, compared to 2000–2020, the overall magnitude of
expansion is substantially reduced, indicating a deceleration of
urban growth under future scenarios. Moderate expansion is
expected toward the east (E) and south (S), while limited growth
is projected in the southeast (SE) and northwest (NW) directions.
The persistence of NE–SW-oriented growth suggests the
continued influence of existing urban cores, transportation
corridors, and river-aligned development, while the reduced
intensity reflects increasing spatial constraints, regulatory policies,
and the saturation of available land. This shift highlights a
transition from rapid outward expansion to more controlled,
corridor-focused urban development in the study area.

Figure 8. Percentage changes of land use classes from 2025
to 2040 in the forecasted land use maps.

Figure 9. Urban growth direction from 2025 to 2040 derived from

forecasted land use maps.

3.3. Evaluation of the hybrid model

The Hybrid CNN-ConvLSTM-Markov CA (Hybrid CA) model
was trained using a patch-based approach, dividing the entire
study area into smaller patches. This technique allows the
model to learn from a larger number of samples, improving its
ability to capture local spatial features and enhancing overall
predictive accuracy. Using this patch-based approach, the
model achieved an OA of 98% and a training and validation
loss of 0.12, demonstrating strong predictive performance. This
performance indicates that the model can effectively capture
both spatial and temporal patterns of land use change, providing
reliable inputs for subsequent integration with Markov
transitions and suitability-based adjustments.
To evaluate forecasting performance, the 2025 predicted land
use map was compared with the observed land use. The
forecasted map achieved an overall accuracy of 86% and a
Kappa coefficient of 79%, indicating a high level of agreement
between the predicted and observed land use patterns. These
results suggest that the model can reliably simulate near-future
land use dynamics and can be applied to similar environmental
regions worldwide. Moreover, class-specific evaluation further
demonstrates the model’s effectiveness at capturing the spatial
distribution of individual land use classes. Forest class achieved
the highest accuracy, with producer’s accuracy (recall) values
of 0.94 and user’s accuracy (precision) values of 0.95. Urban
areas also performed well, with recall and precision of 0.82 and
0.90, respectively, reflecting the model’s ability to predict
concentrated anthropogenic land use. water, and cropland
exhibited moderate performance, with user and producer
accuracy ranging from 0.84 to 0.85, indicating some
misclassification between ecologically similar or spatially
fragmented classes (Figure 10).
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Thus, the evaluation confirms that the Hybrid CNN-
ConvLSTM-Markov CA framework is robust, combining
temporal sequence learning, spatial feature extraction, and
historical trend integration to generate accurate, spatially
coherent land use predictions. These validated projections
provide a strong foundation for analyzing future landscape
changes and their potential implications for flood susceptibility
and land management.

Figure 10. Class-wise confusion matrix of the hybrid model

3.4. Discussion

This study provides an integrated assessment of historical and
future land use dynamics in Zhejiang Province using a hybrid
CNN-ConvLSTM-Markov CA framework. The results reveal a
clear transition from rapid, extensive land transformation during
2000-2020 to a more stabilized and regulated development pattern
projected for 2025–2040. Similar transitions from rapid expansion
to controlled growth phases have been reported in corridor- and
policy-constrained urban systems across China and other rapidly
developing regions (Wu et al., 2022; Koko et al., 2023; Mutale &
Qiang, 2024).

Historical analysis indicates intense urban expansion
accompanied by substantial losses of cropland and forest,
reflecting accelerated economic growth, infrastructure
development, and population pressure in northern Zhejiang. The
observed 100% increase in urban land, despite a small initial base,
highlights the dominant role of urbanization as the primary driver
of landscape change, consistent with previous findings for canal-
and corridor-oriented urban systems (Tian et al., 2019).
Concurrent declines in cropland (-23%) and forest (-12.3%)
underscore increasing pressure on agricultural and natural
landscapes, a pattern widely documented in CA-Markov and deep
learning-based LULC studies (Floreano & de Moraes, 2021;
Rahnama, 2021). The expansion of water bodies (+11.4%) likely
reflects hydrological modifications, canal management
interventions, and improved surface water detection using multi-
temporal satellite data, as also noted in recent GEE-based studies
(Yang et al., 2022).

Directional analysis shows that historical urban growth was
highly anisotropic, with dominant expansion toward the northeast,
west, and southwest, emphasizing the influence of transportation
corridors, waterways, and terrain suitability rather than uniform
radial growth. Such corridor-driven expansion patterns are
characteristic of linear heritage and infrastructure landscapes,
including canal systems and major river basins (Wu et al., 2022).
In contrast, projections for 2025-2040 suggest a marked
slowdown in land conversion, with modest urban growth (+1.7%),
reduced cropland loss (-2.2%), and slight increases in forest

(+1.1%) and water bodies (+1.9%). This shift indicates a
transition toward more regulated development, likely influenced
by land-use planning policies, ecological restoration programs,
and increasing land constraints. Directional projections for 2025–
2040 further support this interpretation. Although urban growth
remains concentrated along northeast–southwest corridors, the
overall magnitude of expansion is significantly reduced compared
to 2000-2020. This persistence of directional growth indicates the
continued influence of existing urban cores and infrastructure
networks, while the reduced intensity reflects landscape saturation,
stricter zoning policies, and limited availability of suitable land
for expansion. The hybrid model demonstrates strong predictive
capability, achieving an overall accuracy of 86% and a Kappa
coefficient of 79%. Comparable accuracy levels have been
reported in recent LSTM, CNN-LSTM-, and hybrid CA-based
LULC forecasting studies, particularly for spatially coherent
classes such as urban and forest (Patel et al., 2022; Aryan et al.,
2025). Lower performance for cropland and water highlights
persistent challenges related to spectral confusion, seasonal
variability, and inconsistencies in historical land cover products,
especially in irrigated and seasonally inundated agricultural areas
(Parracciani et al., 2024).

Overall, the findings highlight the effectiveness of combining
deep spatiotemporal learning with transition-based constraints for
realistic land use forecasting. The projected trends have important
implications for sustainable land management, flood regulation
and providing valuable spatial insights to support balanced urban
development and ecological conservation.

4. Conclusion

In this study, an integrated CNN-ConvLSTM-Markov CA
framework was developed to investigate historical trends and
forecast future land use dynamics in Zhejiang Province. The
proposed approach effectively captures complex spatial patterns,
nonlinear temporal dependencies, and realistic transition
constraints, enabling reliable simulation of long-term land use
trajectories.

Results indicate rapid urban expansion and substantial cropland
and forest loss during 2000-2020, driven by economic growth and
corridor-oriented development. Directional analyses reveal highly
anisotropic urban expansion aligned with transportation networks
and water-based development pathways. In contrast, projections
for 2025-2040 suggest a clear slowdown in land conversion, with
more moderate urban growth and slight recovery of forest and
water areas, reflecting increasingly regulated development and
ecological protection efforts.

Model validation demonstrates strong predictive performance,
with high overall accuracy and agreement between observed and
simulated patterns. While urban and forest classes were modeled
reliably, remaining uncertainties for cropland and water highlight
the need for improved historical datasets and dynamic indicators
in future studies.

Overall, the findings underscore the value of hybrid deep
learning–CA models for supporting sustainable spatial planning,
flood risk management. The proposed framework is transferable
and can be applied to other regions.
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