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Highlights

What are the main findings?

e  ASiamese network framework integrating CNNs and Transformers is proposed. Resid-
ual learning modules for differential structures and integrating the CSWin Transformer
enhance the model’s ability to extract local features and global dependencies, respectively.

e  Wepropose a rural land cover semantic change detection dataset comprising 2000 pairs
of pixelwise annotated samples, which includes 6 main rural land cover types.

What are the implications of the main findings?

e  The proposed method increases the accuracy of rural land cover change detection,
which adds an effective monitoring method for achieving accurate surveys of land
cover change in rural areas.

e  The proposed method can provide more accurate land cover change information in
rural areas of developed regions, which is of great significance for rural land use
planning and ecological environment monitoring.

Abstract

Deep learning-based methods for land cover semantic change detection utilizing
high-resolution, multi-temporal remote sensing imagery have emerged as a research
hotspot. However, traditional CNN methods often struggle to preserve long-range spa-
tial context information and face challenges in detecting land cover types with complex
semantic change patterns in natural scenes. To address these issues, this study proposes a
novel network architecture that integrates a Siamese network with differential structures
and a Transformer. First, we introduce residual learning modules to improve the extraction
of differential features and strengthen the representation of local features. Second, we
integrate the Cross-Shaped Window (CSWin) Transformer into a differential-based Siamese
network to enhance global feature extraction. To promote model training and evaluation,
we propose a rural land cover change detection dataset—a high-precision dataset compris-
ing 6 main rural land cover types. Ablation and comparative experiments were conducted
on the publicly available SECOND datasets and the self-built RLCD dataset. Ablation
studies on the RLCD dataset demonstrate that DSTNet achieves significant improvements
over the baseline, with increases of 1.77%, 1.95%, 2.57%, and 0.92% in mlIoU, Sek, Fscd,
and OA. Comparative experiments on the SECOND datasets reveal that the mloU, Sek,
Fsd, and OA scores of DSTNet surpassed the second-best accuracy by 1.04%, 2.15%, 2.28%,
and 0.72%.
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1. Introduction

Land cover change detection (LCCD) identifies the types and spatial changes in land
cover occurring across different time periods [1]. It can provide crucial geospatial data
support for decision-making and monitoring in various fields [2], including environmen-
tal monitoring [3], urban planning [4], natural damage assessment [5], and precision
agriculture [6]. High-resolution, multi-temporal remote sensing images and rapidly ad-
vancing data processing methods have created new opportunities for land cover change
detection [7]. However, the complex and diverse spatial information and temporal charac-
teristics of land cover across multiple periods in natural scenes make land cover change
detection highly challenging [8]. Therefore, achieving land cover change detection based on
high-precision remote sensing data and high-performance remote sensing models warrants
further in-depth research.

With the rapid rise in deep learning technology, data-driven deep learning models for
land cover change detection have gradually become a mainstream research direction [9,10].
Numerous well-annotated semantic change detection datasets have been extensively used
for training and validating semantic change detection models [11-13]. However, most
datasets focus on urban areas, while datasets for land cover change detection in vast rural
areas remain scarce. Unlike urban areas, rural regions possess extensive croplands and
forests. Moreover, in developed regions, rural areas are experiencing rapid industrialization
and urbanization, leading to the continuous expansion of facility agricultural land and
construction. Currently, there is not only a lack of change detection datasets that are
comprehensive in terms of rural land cover types, but also a shortage of holistic depictions
of unique semantic information changes in rural land cover types. The absence of a detailed
and annotated CD dataset focused on rural areas severely limits research on semantic
changes in rural land cover. Therefore, constructing a dataset that encompasses multi-
category changes in rural areas provides the necessary data support for research on methods
for detecting semantic changes in rural land cover.

In recent years, land cover semantic change detection models based on convolutional
neural networks (CNNs) have made great progress [14,15], particularly Siamese networks
with differential structures [16,17]. For example, the difference enhancement module [18]
extracted difference features by subtracting bitemporal encoded features and enhanced
them through channel attention. This approach aims to fully leverage dual-temporal images
to learn different information instead of complementary information, thereby reducing the
impact of irrelevant changes on detection results. Nonetheless, CNNs are constrained by
their propensity to lose long-range contextual information, whereas Transformer-based
semantic change detection models exhibit stronger capability in modeling global depen-
dency [19]. For instance, SMART [20] developed the multilayer Transformer encoders
and decoders to analyze global semantic relationships across different levels, thereby en-
hancing features. Additionally, many SCD methods integrating Siamese networks with
Transformer architectures have been developed [21-23]. For instance, MSTDSNet [24]
proposed a wider and deeper layer aggregation (WDLA) to improve the distinguishability
of multiscale features. Then, a Multiscale Swin Transformer (MST) is used to make the
available spatial information in the refined multiscale features. Although some methods
integrating Siamese networks with Transformer architectures are common, the spatial
contextual information of different features generated by the Siamese networks remains
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underutilized. Simultaneously, the Transformer architecture possesses unique capabilities
for capturing global dependencies. Therefore, it is worth exploring how to leverage the
Transformer architectures to extract spatial contextual information of differential features.
Despite significant advances in existing methods for detecting land cover changes through
remote sensing, achieving effective detection of rural land cover changes remains fraught
with multiple challenges. Influenced by sensors, vegetation phenology, and seasonal vari-
ations, the spatial characteristics of rural land cover across different time phases exhibit
complex diversity. Moreover, multi-category semantic information transformation types
are difficult to identify without sufficient contextual information. Therefore, developing a
semantic change detection model that simultaneously captures local features and spatial
contextual features is an essential issue for improving the accuracy of rural land cover
change detection.

To address the aforementioned issues, this study proposes a network framework
(DSTNet) that combines a Siamese network with differential structures and a Transformer,
leveraging the respective feature extraction strengths of CNNs and Transformers. Addi-
tionally, this research introduces a rural land cover change detection (RLCD) dataset for
studying rural land cover changes and developing semantic change detection models. The
main contributions of this study are as follows:

(1) We propose a CNN-Transformer fusion framework, designed to learn semantic in-
formation of change categories. The Siamese network with differential structures to
learn local features and the Transformers to capture spatial contextual features.

(2) We enhance the detail extraction capability by incorporating residual learning mod-
ules to augment the bitemporal and differential features. Integrating the CSWin
Transformer into the differential Siamese network enhances the model’s ability to
capture global dependency.

(8) This study introduces an RLCD dataset comprising 2000 pairs of pixel-labeled sam-
ples. This dataset includes 6 main land cover types with a spatial resolution of 1 m,
providing a benchmark dataset for semantic change detection models in rural areas.

The remainder of this paper is organized as follows. Section 2 introduces related work
about CNN-Transformer fusion methods and publicly available semantic change detection
datasets. Section 3 details data processing, semantic label creation, and an overview of
the rural land cover change detection dataset. Section 4 presents the specific network
architecture of the proposed method. Section 5 demonstrates ablation and comparative
experiments. Section 6 discusses the impact of the proposed model. Section 7 concludes
the paper.

2. Related Work
2.1. CNN and Transformer Integrated Methods

The CNN semantic change detection models based on differential structures were
first applied to remote sensing image change detection tasks [25]. However, following the
innovative application of Vision Transformers to image classification in 2020 [26], the mod-
els combining CNNs and Transformers were also rapidly introduced into remote sensing
image change detection tasks [27]. At the encoder stage, ICIF-Net [28] extracted local fea-
tures and global features in parallel using CNN and Transformer architectures. It enabled
interactive communication between CNN and Transformer features through a linearized
convolutional attention module. MTSCD-Net [29] first extracted multi-scale features using
the Siamese semantic-aware encoder based on Swin Transformer, then designed a feature
fusion module to combine features. At the decoder stage, the SCAD-Net [30] decoder com-
prised a Siamese Cross-Attention (SCA) module and a Multi-Scale Feature Fusion (MFF)
module. The SCA module extracted unchanged and changed feature information through
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a channel Transformer based on a multi-head cross-attention mechanism, while the MFF
module integrated the extracted multi-scale feature information. ICT-Net [31] introduced a
Transformer decoder based on a novel Cross-Gate Attention (CGA) module to filter key
multi-scale discriminative features, thereby enhancing change description performance.
MDEFENet [32] first inputs multi-scale encoded features into a difference enhancement
module to generate refined difference features. It then employed the Transformer decoders
to process semantic features at different scales, establishing long-range correlations of pixel
semantic changes to reduce “pseudo changes” in the change map. At both the encoder and
decoder stages, CTD-Former [33] constructed a CTD Transformer encoder based on multi-
head cross-temporal difference (CTD) attention to extract features from changed regions.
It further refined the coarse-scale features to fine scales using multihead cross-attention
mechanisms. MCTNet [34] employed a Transformer module with an encoder—decoder
architecture to capture long-range dependency among these visual tokens. Additionally,
the visual general model segment anything model (SAM) based on Transformers has begun
to be applied to remote sensing change detection tasks due to its robust visual recognition
capabilities [35-37]. For example, VFM-ReSCD [38] fine-tunes the fast segment anything
model (FastSAM) network by a Side Adapter (SA). It significantly enhances the ability to
extract spatial features from very high resolution (VHR) remote sensing imagery.

Semantic models combining CNNs and Transformers for land cover change detection
have become increasingly diverse. However, different CNN and Transformer architectures
exhibit distinct capabilities in feature extraction, fusion, and classification. Therefore,
further exploration is needed for CNN-Transformer fusion models tackling land cover
change detection tasks in complex scenarios.

2.2. Land Cover Semantic Change Detection Datasets

Land cover change detection datasets are crucial for training semantic change de-
tection models that quantitatively analyze surface changes [39]. Currently, land cover
change detection datasets have evolved to include diverse types such as optical (RGB),
point cloud, multispectral, hyperspectral, SAR data, and multimodal data [40,41]. Table 1
presents several publicly available optical datasets built for remote sensing land cover
change detection tasks. Detailed information that contains release year, image resolution,
image pairs, image size, and land-cover classes is summarized. HRSCD [11] is one of
the earliest published large-scale semantic change detection datasets, designed to train
and evaluate supervised deep learning models for semantic change detection tasks. It
comprised 291 pairs of 10,000 x 10,000 RGB images from urban and countryside areas in
France, serving as a classic benchmark dataset. However, the HRSCD lacks a detailed
classification for facility agricultural land used for agricultural production. Hi-UCD [42],
SECOND [12], CNAM-CD [43], WUSU dataset [44], ChangeNet [45], and FZ-SCD [46] were
constructed from high-resolution urban remote sensing images with a resolution of 1 m or
less. These datasets are used to detect land cover changes that reflect the spatial evolution
characteristics of urban areas, not rural regions. Landsat-SCD [13] was created from 30 m
resolution Landsat images that cover the Tumushuke City of Xinjiang from 1990 to 2020 to
monitor land cover changes in ecologically fragile regions. Although Landsat-SCD can pro-
vide medium-to-high-resolution datasets, it still lacks high-precision remote sensing data.
The DynamicEarthNet [47] dataset comprised daily multispectral satellite observations
from 75 selected global regions provided by Planet Labs, designed to monitor changes in
seven land cover categories across specific areas of interest at the global scale. Nevertheless,
the DynamicEarthNet struggles to depict rural land surfaces with sufficient detail at the
township scale.
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It is evident from the aforementioned datasets that land cover change detection
datasets for urban areas are already relatively abundant at the global and regional scales.
However, the rural land cover change detection dataset annotated with pixel-wise semantic
labels at the township scale remains scarce, and the remote sensing datasets encompassing

primary land cover types in rural areas still require further refinement.

Table 1. The publicly available optical land cover semantic change detection datasets.

Dataset Year Resolution Image Pairs Image Size Classes
Artificial surfaces, Agricultural areas,
HRSCD 2019 0.5m 291 10,000 x 10,000 Forests, Wetlands, Water
. Water, Grassland, Woodland, Bare land,
Hi-UCD 2020 0.Im 1293 1024 > 1024 Building, Greenhouse, Road, Bridge, Others
SECOND 2020 - 4662 512 x 512 LOW Yegetatlon, N.v.g surface, Tree, Water,
Building, Playground
Landsat-SCD 2022 30m 8468 416 x 416 Farmland, Desert, Building, Water
Impervious surfaces, Agriculture, Forest
DynamicEarthNet 2022 3m 600 1024 x 1024 and Other vegetation, Wetlands, Soil, Water,
Snow and Ice
CNAM-CD 2023 05m 2503 512 x 512 Impervious surfaces, Bare land, Vegetation,
Water, Others
6358 x 6382/ Road, Low building, High building, Arable
WUSU dataset 2023 1m 3 land, Woodland, Grassland, River, Lake,
7025 x 5500 !
Structure, Excavation, Bare surface
ChangeNet 2024 0.3m 31,000 1900 x 1200 Building, Farmland, Bare land, Water, Road
FZ-sCD 2024 0.8m 4480 512 x 512 Bare ground, Building, Vegetable, Water, Road

3. Rural Land Cover Semantic Change Detection Dataset
3.1. Research Area and Images

Tongxiang City is situated in the central region of the Hangjiahu Plain in the lower
part of the Yangtze River basin. It features a subtropical monsoon climate with flat terrain
and an intricate system of rivers, making it a quintessential water town of southern China.
As one of Zhejiang Province’s economically strong counties, Tongxiang exhibits balanced
urban-rural development and has maintained the smallest urban-rural income gap in
Jiaxing City for 11 consecutive years. Due to Tongxiang’s exceptional agricultural resources
and dynamic economic growth, significant changes in land cover types and areas have
occurred in recent years. Therefore, we select Tongxiang as the research area for detecting
rural land cover changes. Data collection and processing were conducted in the towns
governed by Tongxiang: Wuzhen Town, Chongfu Town, Shimen Town, Puyuan Town,
Gaogiao Town, Tudian Town, and Heshan Town, as shown in Figure 1.

High-precision land cover change detection labels constitute the basis for achieving
semantic land cover change detection. We utilized high-precision remote sensing images
and the land change survey data from Tongxiang City to manually create rural land cover
change detection labels. The before-and-after remote sensing images were 1 m resolution
GF-2 imagery from 2018 and 0.3 m resolution DOM imagery from 2023, with the DOM
resolution resampled to 1 m. Utilizing the land use vector data from the 2018 land change
survey as a foundation, we manually annotated land use categories to correspond with the
land cover categories in the GF-2 imagery. Similarly, we manually annotated the land cover
categories for the 2023 DOM imagery. Detailed descriptions of the land cover semantic
categories are provided in Table 2. Subsequently, we generated land cover change detection

https://doi.org/10.3390/rs18040557


https://doi.org/10.3390/rs18040557

Remote Sens. 2026, 18, 557

6 of 25

labels containing both categorical and spatial change information using relevant methods
from the ArcGIS 10.7 software toolbox.

&
s
e

(b) Tongxiang City

(c) 2018 GaoFen-2 (d) 2023 DOM

Figure 1. Research area and image data: (a) administrative boundaries of Zhejiang Province;
(b) administrative boundaries of Tongxiang City; (c) Tongxiang City 2018 Gaofen-2 (GF-2) satel-
lite imagery; and (d) Tongxiang City 2023 Digital orthophoto map (DOM) imagery.

Table 2. The land cover classes in the CLCD dataset.

Semantic Classes Description
Cropland Paddy field and dryland.
Forest Forest, shrubs, and landscaping seedlings.

Facility Agricultural Land  Greenhouse and livestock, poultry, and aquaculture facilities.
Rural dwellings, public buildings, production facilities,
and other structures.

Road Asphalt road and rural road.

Water River, lake, pond, aquaculture pond, and artificial lake, etc.

Construction land

3.2. Dataset Description
3.2.1. Overview

With the continuous advancement of rural revitalization policies, China’s rural land
use has experienced significant transformations. To better promote rural spatial governance
and land use management, detecting land cover changes in rural regions has become
increasingly important. However, existing datasets for detecting the rural land cover change
across all elements at the township level remain scarce. Therefore, we propose a rural land
cover change detection dataset using Tongxiang City in Zhejiang Province as the study
area, providing a foundational dataset for research on refined rural land cover changes.
We employed a sliding window cropping strategy to perform non-overlapping cropping
on images and labels, generating the original dataset samples without applying random
data augmentation. This dataset comprises 2000 pixel-labeled samples of 512 x 512 size,
with a spatial resolution of 1 m, making it a high-precision dataset for rural land cover
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change detection. To precisely represent authentic rural spatial features, we delineated
six main semantic categories: water, road, construction land, cropland, forest, and facility
agricultural land, as illustrated in Figure 2.

- Cropland - Forest - Water - Road l:l Construction Land - Facility Agricultural Land

Figure 2. Examples of the rural landcover change detection (RLCD) dataset and legends.

3.2.2. Categories Distribution

To illustrate changes in land cover categories across rural areas, we calculated the pro-
portion of area change for each category in 2018 and 2023 based on six predefined semantic
categories, as shown in Figure 3. It was evident that forest, cropland, and construction land
represent the primary change types, characterized by a significant reduction in forest and
increases in cropland and construction land. Furthermore, water showed a slight decrease
trend, while facility agricultural land and road exhibited a modest upward trend. Consid-
ering the mutual conversion between land cover categories across the two periods, this
dataset encompassed 30 types of land cover change. Among these, the conversion of forest
to other land types and the conversion of other land types to cropland and construction
land represented the primary change patterns. Roads, due to their minimal change area,
exhibited relatively infrequent conversions with other land types.

2018 2023
= Water = Road = Construction land = Cropland = Forest = Facility agricultural land

Figure 3. Proportion of area change by land cover categories.
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4. Methods

The overall architecture of the proposed model is illustrated in Figure 4. This model
primarily consists of three main components: the Siamese network framework with dif-
ferential structures, the CSWin Transformer embedded within the Siamese network, and
residual learning modules. First, we adopt a CNN change detection framework with differ-
ential features to obtain multiscale differential features from bitemporal remote sensing
images. Then, we introduce the CSWin Transformer to process a sequence of tokens that are
derived from multiscale feature transformations. Additionally, we enhance the learning of
bitemporal features and differential features by introducing the residual learning module
in the encoder, thereby strengthening the differential features representation. Furthermore,
we incorporate residual layers in the decoder stage to bolster feature recovery capabilities,
making it easier to preserve more feature details. Finally, we employ a classic three-branch
change detection classifier, comprising two semantic segmentation (SS) classifiers and one
binary change detection (BCD) classifier. The SS classifiers generate land cover maps (LCM),
while the BCD classifier produces the binary change map (BCM). BCM and LCMs generate
predicted bitemporal semantic change detection maps through dot product operations.

- v
| —»@—»
k® o |
N

Classifier

CD

Decoder
Classifier
x .

Classifier

' Residual Layer Residual Learning (D Transformer @ Addition © Difference & Masking ——» Skip Connection

Figure 4. The proposed model architecture.

4.1. The Siamese Network Framework with Differential Structures

CNN frameworks with differential layers can effectively extract change information
between bitemporal images in semantic change detection tasks [48]. The difference features
generated by Siamese network encoders can highlight the differences in deep features
of bitemporal images to improve CD accuracy [49]. Therefore, we construct a Siamese
network architecture incorporating different layers as the primary framework for land

cover change detection tasks.
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The network extracts bitemporal features X, Xi2 (i=1,2,3,4)atstage i through a series
of convolutional and pooling layers within the Siamese network encoders. The difference
feature X} is obtained by the subtraction of X} and X}. The formula is as follows:

Xi =X

L= i=1234) 1)
where |-| denotes the absolute value, and i represents different stages. Subsequently, skip
connections are introduced to effectively compensate for the loss of detailed information
in the decoder. Furthermore, the difference features are added to the deep features at
corresponding stages in both decoders to enhance the diversity of semantic information.
The decoders adopt transposed convolutional layers to perform upsampling operations,
gradually restoring the resolution of the feature maps.

4.2. The CSWin Transformer Embedded Within the Siamese Network

Recently, hybrid models that combine CNNs and Transformers have demonstrated
strong performance on semantic change detection tasks [50]. CNNs may efficiently extract
local features through convolution operations but struggle to capture the long-range depen-
dency. However, although the Transformer can capture the global dependency through the
self-attention mechanism, it exhibits weaker capability in capturing local features. There-
fore, this study introduces the Cross-Shaped Window Transformer [51] with cross-shaped
self-attention and locally enhanced position encoding to further improve the Siamese net-
work with differential structures. The horizontal and vertical self-attention mechanisms,
combined with locally enhanced positional encoding, expand the model’s receptive field
and its ability to capture global dependency. The integrated schematic diagram is shown in

Figure 5.
N //’-7 ______________________ 7"\\
/ S
(] |r/ |
=D g !{ Multiscale Transformer Block i =
- . |
]
g ! |
E._. i MLP i
S| S |
5 F | = !
=1 E | |
g | Cross-Shaped Window i
22 i Self-Attention |
= ! |
2 e
=} I‘\ /"I
A e xN _,/I
Encoder Encoder

Figure 5. The Integration of CNN and Transformer.

The multi-scale features X!, Xiz, and Xid (i=1, 2, 3, 4) at stage i extracted by the
CNN encoders are divided into many subgraphs and mapped to semantic tokens x. The
Transformer encoder takes these tokens as input and generates encoded feature maps.
The Transformer encoder consists of encoding blocks at different scales, each containing
N stacked identical layers. Each layer contains a cross-shaped self-attention mechanism
block and a multi-layer perceptron block. Each layer contains a cross-shaped window
self-attention mechanism block and a multilayer perceptron (MLP) block. MLP handles
the nonlinear transformation and high-dimensional feature combination for each token,
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endowing the model with enhanced expressive power and compensating for the linear
limitations of the attention layer. The cross-shaped window self-attention mechanism
block is used to process feature maps generated by tokens. When feature maps from each
layer are input into the self-attention mechanism block, they are divided into multiple
feature subspaces by N cross-shaped window self-attention heads. Each self-attention head
transforms the input vector into queries (Q), keys (K), and values (V). The formula for
calculating attention is as follows:

Attention(Q, K, V) = softmax Q—KT \Y )
o Vdx

The cross-shaped window self-attention mechanism is implemented by executing
self-attention operations in parallel across horizontal and vertical strips that collectively
form a cross-shaped window. Its calculation formula is as follows:

X =[x, x%...,xM],
i = Attention(X'WZ, XIWK, Xiw}), (3)
H — Attention, (X) = [YL, YZ,...,YM])

CSWin — Attention(X) = Concat(head, . .., headx ) W®

H — Attention (X)k =1,...,K/2 4)
heady = .

V — Attention (X)k =K/2+1,...,K

where M denotes the number of horizontal or vertical stripes, k represents the kth detection
head, and W© denotes the projection matrix of the self-attention results. The projection
matrix is used to fuse multiple head results. Due to the permutation invariance of self-
attention operations, positional encoding or biased attention weights based on distance
must be employed [52]. To efficiently restore positional information lost by the self-attention
mechanism, locally enhanced positional encoding (LePE) introduces the per-channel bias,
imposing the positional information upon the linearly projected values and integrating
positional information within each Transformer module. The output of the cross-shaped
window self-attention mechanism is subsequently fed into a multilayer perceptron (MLP)
module, which possesses activation functions enabling it to learn nonlinear features.

When the output of the Transformer encoder is fed into the decoder, the Transformer
decoder converts attention results into pixel features. The Transformer decoder also consists
of N stacked identical layers. Each layer incorporates a masked self-attention mechanism,
an encoder—decoder attention mechanism, and a multilayer perceptron block. The semantic
information input is mapped to the pixel space through the decoder’s attention mechanism
to generate pixel features.

4.3. Residual Learning

To further enhance the expression of differential features, this study incorporates a
residual learning module into the Siamese network with differential structures to perform
enhanced learning on bitemporal and differential features. More details of the residual
learning module are shown in Figure 6. The residual learning module first performs resid-
ual learning on the bitemporal features extracted by the Siamese encoders, then conducts
residual learning again on the difference features obtained by subtracting the bitemporal
features. The residual learning layer primarily consists of 3 convolutional layers, 3 batch
normalization layers, 2 Relu layers, and 1 skip connection, representing common operations
for enhancing feature learning capabilities. Residual learning modules are added at all four
scales to extract multiscale features, and then these multiscale features are concatenated
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into the decoder features of the corresponding stage through skip connections. Upsampling
operations are performed through residual layers to help restore more feature details.

il s an -
S AL RCPE

T —{i[p— HTH —p

i ~ FlorF2 Conv BN Relu I’ Difference layer

Figure 6. Residual learning modules for differential structures.

4.4. Loss Function

This study employs a composite loss function to train the proposed network. The loss
comprises three components: Ly4, Lss, and Lgc. Lyq represents the loss function for the
binary change detection network, Lgs denotes the loss function for the segmentation net-
works, and L. refers to the semantic consistency loss function. The formula for calculating
L is as follows:

L= Lbcd + Lgs + Lgc (5)

The binary change map is primarily used to refine semantic change results in semantic
change detection tasks. As the loss function for the binary change detection task, the Lyq
serves to quantitatively measure the deviation between the true binary change map y and
the predicted binary change map y. The calculation formula for Ly,4 is as follows:

Loea= — [ylog(y) + (1 — y)log(l — §)] 6)

To mitigate the impact of sample imbalance, we selected a weighted class balance loss
as the loss function Lgs for the segmentation network. The calculation formula for L is
as follows:

1 n
Les= — a Y wiy;log¥; (7)
i-1

where i represents the category i, n represents the number of categories. y; and #j; repre-
sent the ground truth and the predicted value of category i. w; represents the weight of
category i.

Considering the semantic correlation between temporal images X; and X;, we in-
corporate a semantic consistency loss function Ls. [45]. The calculation formula for Lg.
is as follows:

1 — cos(Xy, Xa),

Lsc = Y
cos(Xy, Xz), y =

(®)

where y represents the change label (setting the annotation of changed regions to 0 and
no-changed regions to 1).
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5. Experiments and Results
5.1. Evaluation Metrics and Experimental Settings

To assess the segmentation accuracy of the proposed method, we employed four
metrics commonly used in semantic change detection tasks: Overall Accuracy (OA), Mean
Intersection over Union (mloU), Separation Kappa (SeK), and F1 score based on the seman-
tic change detection task (Fscd). Before calculating the evaluation metrics, it is essential to
compute the confusion matrix Q = {q; j} based on the prediction results and labels, where
qi,j represents the number of pixels that are classified into class i while their ground truth
indexisj (i,j € {0, 1, ..., N}). (The unchanged class is set as class 0.) OA denotes the
proportion of correctly classified pixels out of the total number of pixels. Its calculation
formula is as follows:

N N N
OA =) aqi/) ) i )
i=0  i=0j=0

OA is a common evaluation metric in remote sensing image classification and change
detection tasks [53], measuring a model’s overall classification performance. However,
semantic change detection tasks contain a large number of pixels belonging to unchanged
categories. Therefore, additional evaluation metrics are needed to balance the segmentation
performance of unchanged and changed categories. To balance the change detection per-
formance between changed and unchanged categories, this study employs mloU and SeK
to discriminate semantic information across multiple change types. The mloU calculation
formula is as follows:

mloU — ToU; ;—IOUZ (10)
_ qo00
oU; = — N (11)
Y. qio+ X qoj — q00
i=0 j=0
N N
Y. Y qij
i=1j=1
ToUp = —— (12)
Y. X gij — 400
i=0j=0

The mloU is calculated as the average of the Intersection over Union for unchanged
categories (IoU1) and the Intersection over Union for changed categories (IoU2). It compre-
hensively evaluates classification accuracy for both changed and unchanged categories. To
further evaluate segmentation performance across multiple change categories, we select
SeK to assess the classification of change categories, with its calculation formula as follows:

SeK = e'°U2~! x Kappa (13)
Kappa = Pli: Z (14)
N A
'Zo dii
— 1=
Y X i
i=0j=0
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N . N .
2 Gij * ,;0 Gij
— (16)

2
N N
<Z ‘71‘]’)
i=0j=0

Sek is derived from the intersection over union for changed categories (IoU2) and the

Kappa coefficient. Before calculating the Kappa coefficient, a confusion matrix Q = {tji]'}
must be computed, where §;; = ¢;; except that joo = 0. The unchanged category is excluded
from Sek calculations to address class imbalance. To evaluate the accuracy of land cover
classification in change areas, we introduce Fscd to measure the semantic information
transformation of change categories. More details about Fscd are as follows:

o 2>X<Pscd"‘Rscd

Foca = Pseq + Rsed 17
N
L qii
Psed = I\;ZlN (18)
Y X dij
i=1j=0
N
L gii
Ryed = — (19)
Y X qij
i=0j=1

Fscd is derived from the Precision (Pscd) and Recall (Rscd) of the change categories,
enabling a more balanced quantification of classification accuracy for the change cate-
gories. The four metrics above can provide a comprehensive assessment of the model’s
performance and the classification accuracy of SCD results.

Based on the aforementioned rural land cover change detection dataset, we randomly
split the dataset into a training set and a testing set based on the ratio train: test = 9:1. Sub-
sequently, we performed image normalization and applied random flipping and rotation
techniques for image enhancement. For model training settings, we employed consistent
experimental parameters, including a batch size of 8, training epochs of 50, and an initial
learning rate of 0.1. The optimizer utilized a stochastic gradient descent (SGD) algorithm
with a momentum value of 0.9 and weight decay of 0.0005. All experiments were imple-
mented through Python 3.8 and the PyTorch 1.10.0 framework and trained on an NVIDIA
RTX A6000 GPU equipped with 48 GB of memory.

We selected the publicly available SECOND dataset and the self-built RLCD dataset
for ablation studies and comparative experiments. The SECOND dataset [12] is a high-
resolution SCD dataset comprising 4668 pairs of 512 x 512 images, with 2968 pairs pub-
licly available. These image pairs were collected from multiple Chinese cities, including
Hangzhou, Chengdu, and Shanghai, featuring spatial resolutions ranging from 0.5 to 3 m.
The SECOND dataset encompasses six land cover categories: water, non-vegetated ground
surface, low vegetation, trees, buildings, and playgrounds. During training, the SECOND
and RLCD datasets were randomly split into training, validation, and test sets based on the
ratio train:validation:test = 8:1:1.

5.2. Comparison Methods

We selected nine different networks based on CNN or Transformer for comparison
with the proposed method, comprehensively evaluating its performance on the rural land
cover change detection dataset. The compared methods are as follows:
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(1) FC-Siam-diff [25]: This network initially derives difference features by subtracting the
encoder features of the bitemporal images, then concatenates difference features to
the Siamese decoders by skip connections.

(2) FC-Siam-conc [25]: This network concatenates the encoder features of the bitemporal
images to the Siamese decoders by skip connections.

(3) SCDNet [48]: This method utilizes a Siamese network with differential features. It
incorporates encoder features and differential features into two Siamese decoders by
skip connections, achieving improvements through attention mechanisms and a deep
supervision strategy.

(4) SSD-I [54]: This method first extracts bitemporal features based on the Siamese
encoders, then feeds them into three decoder branches that generate a single change
map and two temporal semantic change maps.

(5) Bi-SRNet [54]: This method enhances semantic information extraction by incorporat-
ing two Siamese semantic reasoning (Siam-SR) blocks and a cross-temporal semantic
reasoning (Cot-SR) block on top of the SSD-1. It coordinates semantic representations
with change representations through a semantic consistency loss (SCLoss).

(6) MTSCD [29]: This method first extracts multi-scale features based on the Siamese
semantic-aware encoder originating from Swin Transformer. Then deeply fuses the
two-level differential features through an information exchange module. Finally,
it fully leverages the correlation between the two subtasks with a spatial feature
enhancement module.

(7) SCanNet [55]: This method develops a semantic change Transformer (SCanFormer) to
explicitly model the spatial dependency in semantic transitions between bitemporal
images. It then leverages temporal consistency as a prior constraint to extract semantic
information from bitemporal images.

(8) SSCLNet [56]: This method extracts contextual information using HRNet and change
information through an absolute difference to form the baseline model. It then incor-
porates a semi-supervised contrastive learning module for semantic segmentation
to enhance class discriminability, employing a self-training (ST) method to achieve
semi-supervised semantic segmentation.

(9) STS-FINet [57]: This method extracts multilevel features through a Multi-Scale Feature
Extraction Encoder (MS-FEE) equipped with Mixed Spatial Reasoning Convolution
blocks (MixSrc). It then leverages a Transformer-based Multilevel Feature Interaction
module (TML-FI) to capture long-range dependencies and spatial information within
multi-level features. Finally, a Multilevel Feature Fusion Decoder (MLFFD) integrates
multilevel features to generates semantic change maps.

5.3. Ablation Experiment

To evaluate the effectiveness of the proposed method, we conducted ablation ex-
periments on its three core components: Residual Learning (RL), CSWin Transformer
(hereafter referred to as Transformer), and the RL-Transformer Fusion Framework. This
resulted in four variables for the ablation experiment: the Baseline model, Baseline-RL,
Baseline-Transformer, and Baseline—-RL-Transformer.

Table 3 presents the evaluation results of the ablation experiments on the SECOND
dataset. The Baseline-RL-Transformer achieved the greatest improvement over the baseline,
followed by the Baseline-Transformer, while the Baseline-RL model showed the smallest
gain over the Baseline. The Baseline-RL-Transformer improved mloU, Sek, Fsd, and OA
by 3.91%, 8.21%, 7.37%, and 3.60%, respectively. This demonstrates that the fusion of
the Siamese network based on residual learning modules and the Transformer effectively
enhances network performance. The Baseline-Transformer achieves great improvements
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over the baseline model, with increases of 2.62%, 5.79%, 4.58%, and 2.79% in mIoU, Sek,
Fsd, and OA, respectively. The Baseline-RL achieved improvements of 1.04%, 1.52%, 1.36%,

and 1.56% over Baseline in mloU, Sek, Fsd, and OA, respectively.

To visually demonstrate the performance of the aforementioned network on the
SECOND dataset, we present visualizations of several sample pairs, as shown in Figure 7.
Experiments demonstrate that the change detection results of the Baseline-RL-Transformer
are significantly superior to those of the Baseline-Transformer and Baseline-RL, while the

Baseline-Transformer outperforms Baseline-RL.

Table 3. Evaluation results for ablation experiments on the SECOND dataset.

Models mloU Sek Fscd OA
Baseline 71.19 20.51 60.50 85.11
Baseline-RL 72.23 22.03 61.86 86.67
Baseline-Transformer 73.81 26.30 65.08 87.90
Baseline-RL-Transformer 75.10 28.72 67.87 88.71

Images

- Water

Labels Baseline Baseline-RL Baseline-Transformer Baseline-RL

- Ground - Low vegetation - Tree

Figure 7. Ablation experiment results on the SECOND dataset. (al-c2) represent three different pairs

of images.

Bl Building

-Transformer

- Playground
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The Baseline-RL-Transformer enhances the detection capability of semantic change
information. For instance, it can accurately identify low vegetation in Figure 7(al,a2).
The Baseline-Transformer captures contextual information more effectively than the Base-
line model. It more readily identifies the contours of the ground in Figure 7(b1,b2). The
Baseline-RL captures more local features compared to Baseline. It can identify more build-
ings in Figure 7(c1,c2).

Table 4 presents the quantitative outcomes of the ablation experiments on the RLCD
dataset. The experiments demonstrate that the RL module, the embedded Transformer,
and the CNN-Transformer fusion framework all exhibit differing levels of performance
enhancement compared to the baseline model. Among them, Baseline-RL-Transformer
achieves the highest accuracy, followed by Baseline-Transformer, while Baseline-RL only
slightly outperforms the baseline model. Specifically, compared to the Baseline-RL model,
Baseline-Transformer achieves improvements of 0.72%, 0.87%, 1.11%, and 0.23% in mloU,
Sek, Fscd, and OA, respectively. This indicates that Baseline-Transformer demonstrates
significantly enhanced segmentation performance in semantic change detection compared
to Baseline-RL. Meanwhile, Baseline-RL achieved improvements of 0.21%, 0.41%, 0.58%,
and 0.15% over the Baseline model in mloU, Sek, Fscd, and OA, respectively, demonstrating
that the RL module can be helpful in detecting semantic change information.

Table 4. Evaluation results for ablation experiments on the RLCD dataset.

Models mloU Sek Fscd OA
Baseline 67.02 15.77 58.78 85.67
Baseline-RL 67.23 16.18 59.36 85.82
Baseline-Transformer 67.95 17.05 60.47 86.05
Baseline-RL-Transformer 68.79 17.72 61.35 86.59

Baseline-RL-Transformer achieves improvements of 1.77%, 1.95%, 2.57%, and
0.92% over Baseline in mloU, Sek, Fscd, and OA, respectively, demonstrating that
Baseline-RL-Transformer significantly enhances change detection precision. However,
Baseline-Transformer improved mloU, Sek, Fscd, and OA by 0.93%, 1.28%, 1.69%, and
0.38%, respectively, compared to Baseline. Therefore, this reveals that the accuracy im-
provement of the Baseline-RL-Transformer model compared to the Baseline is significantly
greater than that of the Baseline-Transformer model compared to the Baseline, exceeding
the accuracy improvement of the Baseline-RL model compared to the Baseline. This situa-
tion indicates that the fusion model of CNN and Transformer showcases the effectiveness
of the complementary advantages of CNN and Transformer, producing a synergistic effect
where the whole exceeds the sum of its components.

To compare the segmentation performance of the aforementioned models on the RLCD
dataset, we visualized several image pairs, as shown in Figure 8. It is evident that the Base-
line model exhibits the least satisfactory segmentation results. Both Baseline-Transformer
and Baseline-RL significantly reduce misclassifications compared to the Baseline model.
Furthermore, the segmentation quality of Baseline-RL-Transformer is markedly superior
to that of both Baseline-Transformer and Baseline-RL.

Baseline-RL-Transformer first significantly reduces misclassified areas, such as wa-
ter, cropland, and forest misclassified by Baseline-RL in Figure 8(b1,b2), and forest and
construction land misclassified by Baseline-Transformer in Figure 8(c1,c2). Moreover,
Baseline-RL-Transformer enhances segmentation accuracy, enabling more precise iden-
tification of change areas. For example, it accurately identifies facility agricultural land
in Figure 8(al,a2) and the detected roads in Figure 8(c1,c2). Baseline-RL outperforms
Baseline-Transformer in identifying unchanged areas, such as cropland and forest in
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Figure 8(b1,b2) and forest and construction land in Figure 8(c1,c2). Baseline-Transformer
outperforms Baseline-RL in capturing details and contours, such as well-identified crop-
land, forest, and facility agricultural land in Figure 8(al,a2).

(al)

(a2)

(bD)

(b2) | |

(ch)

(c2)

Images Labels Baseline Baseline-RL Baseline-Transformer ~ Baseline-RL
-Transformer

- Cropland - Forest - Water - Road |:| Construction Land - Facility Agricultural Land

Figure 8. Ablation experiment results on the RLCD dataset. (al—-c2) represent three different pairs
of images.

5.4. Comparison Results with Different Methods

The evaluation results compared with advanced methods on the SECOND dataset
are shown in Table 5. Compared to other methods, the model structures of FC-Siam-
diff and FC-Siam-conc are relatively simple; therefore, they failed to outperform other
approaches. SCDNet, SSD-1, and Bi-SRNet are all improved models of the Siamese network
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architecture, achieving excellent change detection accuracy. MTSCD, SCanNet, and STS-
FINet are all models that integrate Siamese networks with Transformer architectures,
achieving higher accuracy. DSTNET achieved the highest accuracy results, outperforming
the second-best SSCLNET by 1.04%, 2.15%, 2.28%, and 0.72% in terms of Miou, Sek, Fscd,
and OA, respectively.

Table 5. Evaluation metrics compared to different methods on the SECOND dataset.

Methods mloU Sek Fscd OA
FC-Siam-diff 67.78 15.05 56.83 84.21
FC-Siam-conc 68.06 15.19 56.89 84.44
SCDNet 71.29 20.70 60.71 85.69
SSD-1 72.41 22.47 61.93 86.87
Bi-SRNet 72.50 22.63 62.21 87.09
MTSCD 72.61 22.72 62.51 87.14
SCanNet 73.35 23.67 63.53 87.80
SSCLNet 74.06 26.57 65.59 87.99
STS-FINet 73.02 22.79 63.08 87.26
DSTNet 75.10 28.72 67.87 88.71

To intuitively demonstrate the change detection performance of the compared methods
on the SECOND dataset, we present visualization results for several sample pairs, as
depicted in Figure 9. DSTNet demonstrated superior performance compared to other
methods. DSTNET effectively extracts change information of different categories. For
example, it more accurately classifies ground and trees in Figure 9(al,a2), as well as
ground and low vegetation in Figure 9(c1,c2). Additionally, DSTNet possesses a stronger
ability to extract details. It can distinguish the complex contours of ground, trees, and
buildings in Figure 9(b1,b2). SSCLNet also demonstrates excellent model performance,
but exhibits some misclassifications in unchanged regions. STS-FINet, SCanNet, MTSCD,
Bi-SRNet, SSD-1, and SCDNet demonstrate strong classification performance but exhibit
more misclassifications in changed categories.
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Figure 9. Comparison results of different methods on the SECOND dataset. (al-c2) represent three
different pairs of images.
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The evaluation results compared with advanced methods on the RLCD dataset are
shown in Table 6. FC-Siam-diff and FC-Siam-conc are traditional Siamese network archi-
tectures applied to land cover change detection, achieving impressive accuracy metrics.
SCDNet and SSD-1 demonstrated comparable accuracy, while Bi-SRNet achieved higher
accuracy than SSD-1 by incorporating two semantic reasoning modules and semantic con-
sistency loss. MTSCD and STS-FINet are both semantic change detection models based
on Transformer—CNN fusion, achieving commendable accuracy. SCanNet attained the
third-best accuracy by incorporating SCanFormer and a semantic learning scheme. The
proposed method achieved the highest accuracy, with improvements of 0.47%, 0.15%,
0.44%, and 0.39% over SSCLNet in mloU, Sek, Fscd, and OA, respectively.

Table 6. Evaluation metrics compared to different methods on the RLCD dataset.

Methods mloU Sek Fscd OA
FC-Siam-diff 63.82 12.29 53.52 84.17
FC-Siam-conc 63.90 12.45 53.69 84.21
SCDNet 66.87 15.57 58.51 85.60
SSD-1 66.95 15.68 58.63 85.65
Bi-SRNet 67.57 16.65 59.85 85.92
MTSCD 67.99 17.20 60.53 86.08
SCanNet 68.22 17.51 60.88 86.15
SSCLNet 68.32 17.57 60.91 86.20
STS-FINet 68.08 17.39 60.70 86.12
DSTNet 68.79 17.72 61.35 86.59

To intuitively demonstrate segmentation performance, we present visualization results
for several sample pairs, as depicted in Figure 10. The proposed method outperforms
other approaches in both segmentation accuracy and change detection capability. SCanNet
and MTSCD also achieve satisfactory segmentation performance, while Bi-SRNet exhibits
strong change detection ability, showing significant improvement over SSD-1 and SCDNet.
FC-Siam-diff and FC-Siam-conc yield less satisfactory segmentation results.
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Images Labels FC-Siam-diff FC-Siam-conc SCDNet SSD-1 Bi-SRNet MTSCD SCanNet SSCLNet STS-FINet DSTNet
[ Cropland [ Forest [ Water [ Road [ Construction Land [ Facility Agricultural Land

Figure 10. Comparison results of different methods on the RLCD dataset. (al—-c2) represent three
different pairs of images.
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The proposed method can identify changes in smaller features, such as cropland
and forest in Figure 10(al,a2), and construction land and cropland in Figure 10(b1,b2).
Simultaneously, the proposed method leverages spatial contextual information to more
accurately distinguish between changed and unchanged areas, such as cropland and forest
in Figure 10(c1,c2) and construction land and cropland in Figure 10(b1,b2). STS-FINet,
SCanNet, and MTSCD demonstrate excellent change detection capabilities, but they show
a slight disadvantage in extracting complex category change information. For instance, it
failed to accurately identify changes in forest and cropland in Figure 10(al,a2). SSCLNet
achieves segmentation performance nearly equivalent to the proposed method but exhibits
slight deficiencies in detecting fine contours and small-object changes, such as the unde-
tected cropland and forest in Figure 10(al,a2). Bi-SRNet shows significant segmentation
improvements over SSD-1, SCDNet, FC-Siam-diff, and FC-Siam-conc. SSD-1 and SCD-
Net outperform only FC-Siam-diff and FC-Siam-conc, exhibiting certain misclassifications.
FC-Siam-diff and FC-Siam-conc demonstrate relatively basic segmentation performance.

6. Discussion
6.1. Advantages of Our Proposed Model

The proposed framework that integrates a Siamese network with differential structures
and the CSWin Transformer achieved superior segmentation performance on the rural
land cover change detection dataset. To illustrate the positive impact of this framework,
we visualized several representative sample pairs, as shown in Figure 11. The proposed
method effectively captures local features and their spatial contextual information, reduc-
ing misclassifications to some extent. For instance, in Figure 11(al,a2), it produces fewer
misclassifications of cropland and forest, whereas other methods exhibit more misclas-
sifications in these areas. Moreover, the proposed method excels at learning semantic
transformation information in changing regions. For instance, it achieves more accurate
segmentation of cropland and forest in Figure 11(b1,b2), whereas other methods fail to
distinguish between cropland and forest effectively. These positive effects are due to the dif-
ferential features extracted from the differential structure enhanced by the residual module,
as well as the stronger modeling capability of the Transformer for global dependency.
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Images Labels FC-Siam-diff FC-Siam-conc SCDNet SSD-1 Bi-SRNet

SCanNet SSCLNet STS-FINet DSTNet

- Cropland - Forest - Water - Road I:l Construction Land - Facility Agricultural Land
Figure 11. Benefits of DSTNet. (al-b2) represent two different pairs of images.

6.2. Implications

The proposed method can provide more accurate land cover change information in
rural areas of developed regions, which is of great significance for optimizing the alloca-
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tion of rural land resources. Rural land cover change contains semantic transformation
information of various land cover types, which can accurately explore the spatiotemporal
characteristics and evolution patterns of rural land cover patterns and is the basic data
for optimizing national land spatial layouts. The land cover change information detected
by this method can strengthen rural land use planning, such as exploring the spatiotem-
poral evolution characteristics of blue-green space [58]. In addition, this method can also
help with ecological environment monitoring and biodiversity conservation, such as the
identification of mangroves [59]. The proposed method reveals the effectiveness of the
fusion framework of CNNs and Transformers [60]. This method not only helps to improve
the performance of semantic change detection models and increase the accuracy of rural
land cover change detection but also adds an effective monitoring method for achieving
accurate surveys of land cover change in rural areas.

6.3. Limitations

Although the proposed method achieves excellent classification accuracy on the rural
land cover change detection dataset, its change detection capability in complex scenarios
still requires further improvement. To illustrate the negative impact of this structure, we
visualized several representative sample pairs, as shown in Figure 12. When the dual-
temporal semantic information of a certain category is relatively complex, the segmentation
capability of the proposed method decreases. For example, in Figure 12(b1,b2), cropland
and forest were either unrecognized or misclassified because it is difficult to distinguish
similar local features and spatial contextual information in dual-temporal features. When
image features of a certain category are easily confused with those of other categories,
the recognition capability of the proposed method decreases. For example, water and
cropland in Figure 12(al,a2) were not fully recognized, and cropland and construction land
in Figure 12(b1,b2) were similarly overlooked. This may be due to the proposed method
failing to correctly classify their semantic categories. The substantial intra-class variations
in rural land cover categories contribute to the suboptimal segmentation results of the
proposed method, indicating that accurate and efficient remote sensing change detection
models for rural land cover still require further refinement.

7./
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Images Labels FC-Siam-diff FC-Siam-conc SCDNet SSD-1 Bi-SRNet MTSCD SCanNet SSCLNet STS-FINet DSTNet
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Figure 12. Limitations of DSTNet. (al-b2) represent two different pairs of images.

7. Conclusions

In this study, we propose a network architecture that integrates a Siamese network
with differential structures and the CSWin Transformer. This architecture enhances the
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extraction of differential features through residual learning modules and integrates the
CSWin Transformer by sequential fusion, thereby strengthening the ability to capture
global dependency. In addition, we propose a high-precision rural land cover change
detection dataset, encompassing six main semantic categories: cropland, forest, facility
agricultural land, construction land, water, and road. Ablation experiments conducted
on the RLCD dataset demonstrate that the proposed method achieves improvements of
1.77%, 1.95%, 2.57%, and 0.92% over the baseline in mloU, Sek, Fscd, and OA, respectively,
indicating a significant enhancement in change detection accuracy. In comparison to
other methods, the proposed approach achieves the highest change detection accuracy,
demonstrating the model’s superiority. This study represents only an initial exploration of
rural land cover change detection. Given the significant intra-class variations in rural land
cover categories, high-precision and efficient semantic change detection models warrant
further investigation.
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