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Abstract: Deep learning has dramatically enhanced remote sensing change detection. However,
existing neural network models often face challenges like false positives and missed detections due
to factors like lighting changes, scale differences, and noise interruptions. Additionally, change
detection results often fail to capture target contours accurately. To address these issues, we propose
a novel transformer-based hybrid network. In this study, we analyze the structural relationship in bi-
temporal images and introduce a cross-attention-based transformer to model this relationship. First,
we use a tokenizer to express the high-level features of the bi-temporal image into several semantic
tokens. Then, we use a dual temporal transformer (DTT) encoder to capture dense spatiotemporal
contextual relationships among the tokens. The features extracted at the coarse scale are refined into
finer details through the DTT decoder. Concurrently, we input the backbone’s low-level features into
a contour-guided graph interaction module (CGIM) that utilizes joint attention to capture semantic
relationships between object regions and the contour. Then, we use the feature pyramid decoder to
integrate the multi-scale outputs of the CGIM. The convolutional block attention modules (CBAMSs)
employ channel and spatial attention to reweight feature maps. Finally, the classifier discriminates
change pixels and generates the final change map of the difference feature map. Several experiments
have demonstrated that our model shows significant advantages over other methods in terms of
efficiency, accuracy, and visual effects.

Keywords: change detection; transformer; attention; graph convolutional network (GCN); remote
sensing

1. Introduction

Change detection (CD) is crucial in remote sensing image analysis. Its primary purpose
is to identify differences between images of the same area captured at different times. These
differences, or “changes”, refer to the appearance or disappearance of objects. CD methods
aim to isolate relevant changes, such as monitoring changes in buildings, while filtering out
irrelevant changes caused by factors like lighting, the season, and other areas of change not
of interest, such as roads and rivers. With the rapid progress of remote sensing technology,
change detection has become increasingly important in various fields, including geological
disaster monitoring [1,2], land cover analysis [3], and urban planning [4]. High-precision
change detection is essential in understanding remote sensing scenes, particularly in
conserving natural resources. Therefore, there is an urgent need to develop an efficient and
semi-automated method for detecting changes in remote sensing images.

In earlier research, many traditional algorithms such as linear predictors [5] and Clus-
ter Kernel [6] were widely used for hyperspectral change detection, achieving excellent
results. Ref. [7] provides a detailed introduction to some representative change detection
algorithms based on multispectral (MS) and hyperspectral (HS) images. In recent years,
with the booming development of artificial intelligence technology, remote sensing image
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change detection based on deep learning has achieved remarkable results. The Convolu-
tional Neural Network (CNN) can extract rich multi-scale spatiotemporal features from
remote sensing images through its powerful feature extraction capability. Many CNN-
based CD methods [8-10] have been proposed, providing better accuracy and efficiency
compared to traditional methods. Peng et al. [11] used Unet-type networks with dense skip
connections to fuse multi-scale semantic features. However, due to the limited receptive
field of convolution in CNN, it is difficult for these methods to model long-range con-
textual semantic relationships in images, making it hard to detect the complete boundary
of large-scale changed areas. Some subsequent works use pyramid structures, attention
mechanisms [12-14], and dilated convolutions [15] to expand the receptive field of con-
volutional operations. Despite numerous proposed improvements, the receptive field of
convolutional neural networks still remains limited.

The transformer was first proposed in Natural Language Processing (NLP), triggering
a new round of innovation in language processing technology. Inspired by this, ViT [16]
pioneered the introduction of the transformer architecture to large-scale image recogni-
tion with great success. Researchers have progressively applied it to change detection
tasks [17-20]. Self-attention is the core component of the transformer architecture, which
explicitly models one-dimensional sequence relations. Specifically, it first defines three
learnable weight matrices W2, WK, WY, then input X is first projected onto three weight
matrices to obtain Q = XW<,K = XWX, and V = XWV. Finally, it computes weighted
combinations of input elements for each element. However, these methods inadequately
explore the attention mechanism between bi-temporal images in the CD task. The self-
attention mechanism of [17-20] only models the non-local structural relations within a
single temporal phase in Figure 1a and indiscriminately weights combinations of features
in both changed and unchanged regions in the same way while ignoring the non-local
structural relationships between the dual-temporal images in Figure 1b,c.

(a) (b) ()

Figure 1. The non-local structural relationship of bi-temporal images. (a): Self-attention modeling

the relationship in a single temporal image. (b,c): The non-local structural relationships between the
dual-temporal images. The boxes of the same color represent two similar detection regions.

Figure 1 illustrates the non-local structural relationships within the images, with
the first row representing the “pre-change” image and the second row representing the
“post-change” image. In this context, each rectangular box represents a region within the
image, which can also be understood as a token within the transformer framework. The
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arrow lines indicate the relationships between two regions (tokens), where solid lines
indicate similarity between the regions and dashed lines indicate dissimilarity. Figure 1a
demonstrates the relationships between regions after modeling with the self-attention
mechanism in a single temporal image. In the “pre-change image”, regions P1 and P2 show
similarity, while P5 is dissimilar. Figure 1b shows that region P1 of the “pre-change image”
remains unchanged in the “post-change image”. As a result, the similarity relationship
between P1 and P8 in the “pre-change image” may be retained in the “post-change image”.
The dissimilarity between region 1 and region P4 is preserved as well. Figure 1c shows
that due to the change in region P1 in the “post-change image”, the similarity relationship
with region P8 is lost. Effectively extracting non-local structural relationships between
bi-temporal images will contribute to better modeling of spatiotemporal relationships and
more efficient change detection.

We propose a dual temporal transformer (DTT) based on dual temporal attention to
model the non-local structural relationships between dual-temporal images. Specifically,
we first use Siamese ResNet to extract the multi-scale features of the dual temporal remote
sensing images. Then, we use the tokenizer in BIT [17] to aggregate the high-level feature
maps of each temporal phase into some tokens. Next, the DTT encoder models the non-local
structural relationships between the tokens of the dual-temporal images. Immediately after,
we use the DTT decoder to reweight the original features based on the generated tokens to
obtain the refined features considering the dual-temporal contextual relationships. While
some works, such as [21-23], employ transformers based on cross-attention for change
detection, their proposed cross-attention merely involves the straightforward calculation
of attention matrices using the query (Q) from another temporal phase and the key (K)
from the current temporal phase. This approach fails to adequately model the non-local
structural relationships depicted in Figure 1.

However, transformer requires expensive computational resources and is time-consuming;
most existing transformer-based methods are similar to [17], only modeling the contextual
relationship of high-level features and ineffectively fusing low-level features. While [20]
introduced a transformer that incorporates multi-scale features, both the parameter count
and computational cost significantly increased (several tens of times that of BIT [17]).
Meanwhile, modeling only contextual information of the high-level features leads to
blurred and incomplete boundaries of the change detection results, as shown in Figure 2
row (1). To address this, we use a contour extraction module (CEM) to extract the bi-
temporal image’s contour, then use three improved CGRMs [24], named contour-guided
graph interaction modules (CGIMs), to extract multi-scale semantic features further. Then,
a simple feature pyramid decoder performs feature fusion on the multi-scale features
output from the CGIMs. We also utilize CBAMs [25] to reweight the feature map based
on the feature map’s channel attention and spatial attention. Finally, the difference feature
maps obtained from the feature pyramid decoder and the DTT decoder are fused to predict
the final change map. Meanwhile, the acquisition process of bi-temporal remote sensing
images frequently introduces extraneous variations like illumination and seasonal changes,
which can often result in false detections (Figure 2 row (2)). Therefore, we also explore
the transfer learning of unsupervised remote sensing pre-training weights based on the
seasonal comparison method [26] to the change detection task.

In summary, most previous methods still have shortcomings: (1) an inability to distin-
guish pseudo-changes like shadows, vegetation, and illumination in sensitive areas; (2) a
lack of boundary information in complex remote sensing regions, resulting in extracted
change areas being hollow and incomplete; and (3) insufficient exploration of spatiotem-
poral information in bi-temporal images. Our main contributions to this study can be
summarized as follows.

(1) We propose a novel dual temporal attention mechanism, considering non-local struc-
tural relationships between bi-temporal images and effectively modeling contextual
semantic relationships.
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(2) We propose a contour extraction module (CEM) based on the Sobel convolutional
block to effectively extract contours from remote sensing images. Additionally, we
introduce the contour-guided graph reasoning module (CGRM), which utilizes con-
tour maps to guide the generation of graph representations within contour-enclosed
regions. To enhance CGRM'’s graph reasoning, we employ a joint attention mech-
anism to improve information propagation between graph vertices, ensuring the
preservation of boundary integrity in change detection results.

(3) Extensive experiments on three CD datasets demonstrate that our proposed method
outperforms previous state-of-the-art methods in terms of accuracy and robustness.

SRR

Label BIT Ours

Figure 2. The first row illustrates the incomplete boundaries in the change detection results of existing
transformers, such as BIT [17]. The second row demonstrates results with pseudo-changes caused by
seasonal variations.

2. Related Work

Over the past few decades, change detection techniques have been increasingly de-
veloped and achieved great success. There are four main types of remote sensing change
detection techniques: traditional methods, convolutional neural networks, transformers,
and graph convolutional networks (GCN), respectively.

2.1. Traditional Methods

Early researchers used spectral information from remote sensing images to detect
changes and proposed many traditional CD methods [27-29]. Change Vector Analy-
sis (CVA) [28] calculates change vectors to determine the type and extent of surface
changes by analyzing the spectral changes of image elements across different bands. Bour-
dais et al. [27] used Constrained Optical Flow Techniques for Aerial Image Change De-
tection, and Nielsen et al. [29,30] proposed a novel change detection method based on
visual saliency and random forest, named Multivariate Change Detection (MAD). Principal
component analysis (PCA) [31] was used to process remote sensing data from multiple
time periods and different satellite sensors, reducing data dimensionality and extracting
critical information. Slow feature analysis (SFA) [32] extracts temporal features from multi-
temporal images while suppressing differences that reduce unchanged pixels. However,
achieving suitable thresholds for varying scenes in the decision stage is time-consuming
for most such methods. Therefore, many machine learning methods have been proposed to
obtain automatic decision models. For instance, Lv et al. [33] proposed an unsupervised
change detection method using a mixed-conditional random field model, analyzing spec-
tral features in high spatial resolution remote sensing images. This approach eliminates
the need for supervision during training. Support vector machines (SVM) [34] classify
changing and pseudo-changing pixels in remote sensing images. Im et al. [35] proposed a
Decision tree model for detecting changes, while [36] combined visual saliency and random
forest techniques to improve the effectiveness of change detection. Lastly, Moser et al. [37]
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proposed a multi-scale, unsupervised change detection method that combined Markov
random fields and wavelet transforms to identify surface changes in optical images. How-
ever, these methods depend on hand-crafted features, which confine their performance and
make it challenging to adjust information in real, intricate scenes.

2.2. CNN-Based Model

CNNs have been widely used in remote sensing due to their powerful local feature
extraction capability [38,39]. Daudt et al. [40] presented three fully convolutional neural
network architectures for change detection. However, their feature fusion strategy was too
simple to meet the needs of multi-scale change objects. Therefore, [11,41,42] introduced
denser skip connections for multi-scale feature fusion. Shi et al. [9] used deep supervision
to supervise the feature maps in the lower layers of the backbone to train the model stably.
Zhang et al. [43] proposed a dual-stream change detection network with a hierarchical
fusion strategy. In addition, due to the limited receiving field of convolutional networks,
many methods have been proposed to increase the size of the receiving field for convolu-
tional operations, such as stacking deeper structures [41], dilated convolutional [15], and
attention mechanisms [13,21,44]. Attention takes various forms: [21] uses self-attention
to explain temporal and spatial correlations on semantic relations. Peng et al. [13] ex-
tract information from features’ spatial and temporal dimensions, and Huang et al. [44]
consider global and local channel information simultaneously to fuse features. However,
CNN weakly models global dependencies and long-range contextual semantic relations.
Therefore, we use CNN only as a backbone for feature extraction while using transform-
ers and graph neural networks to model long-range contextual semantic relationships in
images better.

2.3. Transformer

Vaswani et al. [45] first proposed the transformer, which was a massive success in
Natural Language Processing (NLP) due to its ability to easily model remote dependencies
of one-dimensional sequences, even wholly replacing convolution-based Recurrent Neural
Networks (RNN) [46] and LSTM [47]. Chen et al. [16] (BIT) expressed a diachronic image
as multiple tokens and used a transformer encoder to model the compact marker-based
spatiotemporal space context. Liu et al. [19] and Song et al. [48] proposed a deep supervised
network based on the swin transformer (MST) for change detection. Bandara et al. [49]
proposed a hierarchically structured transformer to improve change detection performance
further. However, almost all of the above transformers ignore the multiscale features
extracted by the backbone. Liu et al. [19] proposed a method called MSCANet for detecting
agricultural changes in high-resolution images. MSCANet adopts a CNN-transformer
hybrid structure, combining the advantages of both CNN and transformer. It processes
features extracted from each layer of the backbone using transformer, which impacts the
network’s parameter and speed. TransUNetCD [50] is also a CNN-transformer hybrid
structure. However, it directly upsamples the low-level features extracted from the back-
bone, uses concatenation to interact between the low-level features from the two temporal
phases, and then fuses them with the features extracted by the transformer. It does not fully
exploit the information contained in the low-level features of the backbone. Inspired by
this, we use graph interaction modules to fuse multi-scale semantic features further.

2.4. Graph Convolutional Network

Unlike transformer, Graph Convolutional Networks (GCNs) can model long-term
dependencies among image regions with minimal computational cost. A GCN prop-
agates feature information through graph structures to capture relationships between
nodes, having applications in knowledge graphs (Li et al. [51]), recommendation systems
(Wang et al. [52]), and data mining (Gao et al. [53]). Recently, graph convolution has
been applied for semantic segmentation. Li et al. [54] transformed 2D images into graphs
in which each vertex represented a region. They used graph convolution operations to
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propagate information among all vertices, capturing long-term dependencies. For medical
image segmentation, Wang et al. [24] introduced a contour-guided graph reasoning mod-
ule (CGRM) that effectively captures semantic relationships between contours and object
regions, enhancing segmentation map quality.

In remote sensing, Liu et al. [55] utilized both CNN and GCN for feature learning in
small-scale regular regions and large-scale irregular regions, generating complementary
spectral-spatial features at pixel and superpixel levels. Zhang et al. [56] represented objects
as graph structures and used graph convolution to analyze inter-object relationships,
achieving accurate classification results. Liu et al. [57] proposed a graph-convolution-based
dual-flow change detection network. Inspired by [24,54], we introduce a novel contour-
guided graph interaction module (CGIM) leveraging graph convolution and joint attention
for capturing relationships between change regions and contours in bi-temporal images.

3. Materials and Methods

In this section, we first introduce the overall architecture of DTT-CGINet, followed by
the individual submodules that compose the network. Finally, we provide an overview of
the training approach and loss function used.

3.1. Qverall Architecture

As shown in Figure 3, the proposed network architecture utilizes a modified Siamese
ResNet18 as a feature extraction backbone for bi-temporal images. A contour extraction
module (CEM) subsequently obtains contour maps of images. We then employ three
differently sized contour-guided graph interaction modules (CGIMs) to accept the backbone
and contour map’s multi-scale feature maps. The CGIM captures semantic relationships
between changing regions and contours. The multi-scale outputs of each CGIM are fused
into a single feature map using a feature pyramid decoder, followed by two convolutional
block attention modules (CBAMSs) to obtain refined feature maps in both channel and
spatial dimensions. Furthermore, the deepest feature map from the backbone is fed into
a Siamese semantic tokenizer [17], which converts each temporal feature map into a set
of compact semantic tokens. These tokens are then processed through a dual temporal
transformer (DTT) encoder to model the context between the two token sets. The DTT
decoder projects the semantic tokens back into pixel space, yielding refined feature maps.
Next, feature difference maps are separately extracted from the outputs of the CGIM
and DTT decoder using absolute subtraction. Finally, these differencing features are
concatenated and processed through a pixel-wise classifier to obtain the final change map.
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Figure 3. Overall network structure.

3.2. Feature Extraction Backbone

We adopted a Siamese network based on ResNet [58] with weight sharing. Compared
to the VGG architecture [59], ResNet addresses the issue of gradient vanishing and model
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degradation by introducing residual connections. Considering the model size, we used
a modified ResNet18 and loaded pre-trained weights from ImageNet [60]. Furthermore,
recognizing the domain gap between ImageNet and remote sensing images that can affect
the generalization of change detection models, we employed a self-supervised pre-training
method [26] on remote sensing images to mitigate this issue. In subsequent ablation
experiments, we explored the impact of fine-tuning our change detection model using
pre-trained weights from [26] via transfer learning.

Table 1 shows the detailed feature extraction backbone. The original ResNet18 consists
of 1 conv layer, 4 ResBlocks layers, and a fully connected layer. Each layer has a 2x
downsampling. A convolutional layer with a 7 x 7 kernel size extracts local features from
the input image, followed by batch normalization (BN) and ReLU activation. Then, to
further reduce feature dimensions and increase receptive fields, max pooling with stride 2 is
applied, halving feature map size. Following this, four layers of ResBlocks from ResNet18
are applied. For layer 4, the 2 x 2 stride is replaced with dilated convolution, expanding
receptive fields. Additionally, to preserve fine-grained details, we use an upsampling
operation to quadruple the feature map size. Given the computational complexity of the
transformer, a conv2 layer reduces the original 512-channel dimension to 32. Thus, the
feature map dimensions input to the DTT encoder are 32 x 64 x 64 (C x W x H).

Table 1. Detailed feature extractor backbone.

Layer Name Output Size (C X W X H) Details
Convl 64 x 128 x 128 7 x 7,64, stride 2
Max Pooling 64 x 64 x 64 3 x 3 max pool, stride 2
layerl 64 X 64 X 64 3x3,64
Y [ 3x364 | <2
layer2 128 x 32 x 32 [ 3x3,128
Y | 3x3,128 | 2
layer3 256 x 16 x 16 [ 3%3,256 ]
Y | 3x3,256 | 2
layerd 512 x 16 x 16 [ 3x3,512
Y | 3x3,512 | 2
Upsample 4 x 512 x 64 x 64
Conv2 32 X 64 X 64 3 x 3,32 stride 1

The input image size is 256 x 256.

3.3. Contour-Guided Graph Interaction Module

This module comprises three main parts, as shown in Figure 4, including (1) contour-
guided graph projection, (2) the graph interaction module, and (3) graph reprojection.
First, we input features extracted by ResNet18 from its first three layers into the contour
extraction module to obtain temporal image contours. Then, we introduced an improved
CGRM [24], named CGIM, that explicitly models relationships between contour and region
features through graph interaction, enhancing boundary completeness in change detection
results. We trained three distinct CGIMs with varying vertex numbers (16, 36, 64) to account
for multi-scale contextual relationships.
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Figure 4. Illustration of the contour-guided graph interaction module depicted in Figure 3.

3.3.1. Contour Extraction Module

We designed a contour extraction module based on the Sobel convolutional block
(SCB), effectively enhancing image details and emphasizing edges (Figure 5). Specifically,
we extract output feature maps from layers 1, 2, and 3 of the backbone. These maps
are individually processed through an SCB, consisting of a convolutional layer, batch
normalization, and Sobel enhancement operations. The Sobel convolutional kernel includes
horizontal and vertical kernels, detecting horizontal and vertical edges. The output feature
maps are upsampled to the same size and summed to produce the contour.
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Figure 5. Illustration of the contour extraction module depicted in Figure 3.

3.3.2. Contour-Guided Graph Projection

As shown in Figure 4a, the input consists of the current temporal feature map Fi] €
REXWxC(i = 1,2, j = 1,2,3) and the contour map C{ € RIXWx2(i = 1,2; j=123)
extracted by the contour extraction module (CEM) (where i represents two temporal images,
and j represents the output feature of layer 1, layer 2, and layer 3 of the backbone). It is noted
that this module is Siamese and shares parameters. To obtain the graph representation, we
project Fi] to the vertices guided by C{ to obtain the projection matrix Pi] € RKXN where K
is the number of vertices in the projected graphand N = H x W.

First, we upsample the contour to the same resolution as the input feature map Pl-] .
Then, we apply a 1 x 1 convolution to Fi] to reduce its dimension, yielding ¢; (Fl] ). Next, we
compute the Hadamard product of ¢, (Fl] ) and C{ , projecting contour information into the
feature dimension and obtaining X,,;sx. The Hadamard product assigns higher weights to
the building’s contours. Simultaneously, we apply an average pooling on X,,,sx, obtaining
Xanchors, Tepresenting regions in the image. Finally, we compute the similarity between
each pixel and the anchors using the matrix multiplication between ¢; (FIJ ) and Xyucnorss
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normalize using softmax, and derive the projection matrix Pl-j . The formal equation is
given by:
P! = Softmax (Avgpooling(gbl(Fl]) ®Ch- ¢1(P{)T) (1)

After obtaining the projection matrix, we use Equation (2) to obtain graph representa-
tions. . . 4
G = Plga(F)) 2)

where ¢, (-) isa 1 x 1 convolutional layer. This process assigns pixels with similar features
to the same vertices, with each vertex representing a region of the image. Ultimately, this
projects the feature map into the graph domain, resulting in Gf € RY*K | Specifically,
C! = 64,C? = 64,C% = 128, where C! represents the dimension of the features after graph
projection for the layer1 output of the backbone. K! = 64, K? = 36, K*> = 16 corresponds to
the number of vertices in the projected graph.

3.3.3. Graph Interaction Module

After projecting feature maps from pixel space to a graph representation, we utilize the
graph interaction module (GIM) to propagate information between dual-temporal images,
as illustrated in Figure 6. Specifically, the GIM initially employs joint attention [61] to
propagate global information and then further disseminates local information of a single
temporal image via graph convolution [62]. The operation is defined as:

(G})', (Gh)' = GCN(JointAtt(Gi, G5)) 3)

Here, G! (where i = 1,2,3) represents the graph representation from layer i of temporal 1.

*  Joint Attention: To facilitate information interaction between the graph representations
of bi-temporal images, we introduced joint attention from [61] to focus on graph nodes
that undergo genuine changes. Specifically, as the graph itself is a one-dimensional
sequence, we utilize a 1 X 1 convolutional operation to generate the query, key, and value
for the graph representations of temporal images 1 and 2, denoted as Q1, Ky, V1; Q2, Kz, V5.
Note that the channel dimension of Q needs to be halved. Subsequently, we concatenate
Q1 and Q; to obtain Qcat, and through sequential matrix multiplication and Softmax,
we obtain the similarity matrices Attn; between Q¢ and K; (where i = 1,2). As Qcat is
a joint query from both temporal phases, it enables dual temporal interaction among
graph nodes. Mathematically, JointAtt can be expressed as:

G1 = softmax|concat(Q1, Q2) - Ki] - V4

R (4)

Gy = softmax|concat(Q1, Qy) - Kp] - V»

*  Graph Convolution: The architecture of the graph convolution unit is illustrated in

Figure 6b, consisting of two 1D convolution layers that operate independently on the
channel and node dimensions. The final output can be expressed as:

G=((I1-AGW (5)

Here, I € RN*N denotes the identity matrix, A € RN*N represents the adjacency
matrix, and W denotes the updated parameters of the convolutional layer. A and W
are randomly initialized during training for gradient descent.
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Figure 6. Illustration of graph interaction module depicted in Figure 4. (a) The whole architecture of
the GIM. (b) The specific structure of graph convolution.

3.3.4. Graph Reprojection

To project the graph representation back to the original feature map space after graph
interaction, for the graph representation G € RC*X, the projection matrix from the graph
to the feature map is Q € RHW*K Intuitively, one could think of the reprojection matrix
Q as the inverse of the projection matrix P, denoted as P~!. However, since matrix P is
not square, it is non-invertible. According to [54], Q can be viewed as the transpose of
the projection matrix PT, where Pg represents the similarity between pixel i and vertex
j. lﬁl] = (Pl] )TG{ is used to project the graph back into pixel space, followed by a 1 x 1
convolution operation to restore the channel dimension to match the input feature map.
Simultaneously, the original feature map is introduced through residual connections to
obtain the final feature map X{ . The above process can be defined as

x| =F +¢((P)TG)) ©)

We perform graph projection on the feature maps from the first three layers of the back-
bone to establish multi-scale contextual relationships. In summary, after CGIM processing,
we obtain three multi-scale output features, denoted as:

= Greproj (Ginteract (Gproj (F 11 ,F 2l ) ) )
X3, X3 = CGIM(F, B ) = Greproj (Ginteract ( Geroj (2, F2 ) ) ) @)
=G

reproj (Ginteract (Gproj (F%’ FS ) ) )

x1,x} = cGM(F, H)

x3, X3 = CGIM (Ff, F23>

3.4. Feature Pyramid Decoder

We utilize two simple feature pyramid decoders (FPDs) to aggregate the multi-scale
features obtained from the CGIM for the two temporal images. For temporal 1, the FPD
takes inputs X, X3, X3 and produces fusion feature f;. The FPD achieves this by restoring
original resolution through upsampling and parallel convolutions, as shown in Figure 7.
Specifically, we first employ three separate convolutions to adjust the channel dimensions
of feature maps X1, X2, X3 to 64 for the current temporal image. Then, we individually
upsample X7 and X3 by a factor of 2 and 4 to match the resolution of X]. Finally, we utilize
two convolution blocks, each consisting of convolution, Batch Normalization, and ReLU
activation, to obtain merged feature F;.
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Figure 7. Illustration of feature pyramid decoder depicted in Figure 3.

3.5. Convolutional Block Attention Module (CBAM)

After using the feature pyramid decoder for multi-scale feature fusion, we obtained the
output features F; (i = 1,2). To further enhance feature representation and model perception,
we introduced two different Convolutional Block Attention Modules (CBAMs) [25], which
incur negligible memory and computational overhead. As shown in Figure 8a, the CBAM
comprises two modules: the Channel Attention Module (b) and the Spatial Attention Mod-
ule (c). The CBAM employs a sequential approach, where input features pass through the
Channel Attention Module and then to the Spatial Attention Module. Formally, this process
can be represented by the following equation:

Mc(Fiy) = 0(MLPghare (AvgPool(Fiyy) ) + MLPghare (MaxPool (Fyy,)))
Fe = MC(Fin) ® Fiy
M (F.) = o(f7*7) (AvgPool(F. ); MaxPool(F,)))
Fout = MS(FC) ® F

(8)

where F;,, denotes the input feature, M. and M; are the channel attention and spatial
attention, respectively, and F,;; is the final output feature. The CBAM helps to refine and
augment the feature map, improving model performance.

Input Feature (a) Maxpooling (b)

Sigmoid (
—_—
/

Spatial Attention

_‘ =
N
AUOD /XL

Channel
Attention
Module

1L

(c)

Spatial
Attention
Module

Shared MLP 5—|
Sigmoid @
Channel Attention
Shared MLP E—'

L

Input Feature

Refined Feature

Figure 8. Architecture of CBAM block depicted in Figure 3. (a) CBAM block; (b) Channel Attention
Module; (c) Spatial Attention Moudule.

3.6. Dual Temporal Transformer

For the first three layers of the backbone, we used the contour-guided graph interaction
module (CGIM) to model semantic relationships within contours and regions. However, the
output features from layer 4 of the backbone, denoted as X} (where i = 1,2), still need devel-
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opment. We introduced a transformer to model long-range semantic contextual relationships
to address this. Inspired by BIT [17], we propose a dual-temporal transformer (DTT) that
considers relations between bi-temporal images, as shown in Figure 9. The DTT consists of
three main components: (1) a tokenizer, (2) DTT encoder, and (3) DTT decoder.

Tokens T, Tokens T, X NE X ND
IEEI IE’EI Refined Featurs f;
- — 1
T :
MLP MLP

P :

Normalization oL
Normalization

— Y 1
t t
Multi-head Dual Temporal |
Attention Multl-heat':i K;
ot Kkt vt o Kf vt Cross-Attention  ~———
I I

Normalization & I

1

Normalization

1
EREN OOOOOEEE] OO0

Tokens T, Tokens T, Featurs f; TokensT;

Positional Encodingf sitional Encoding]

(a) Dual Temporal Transformer Encoder (b) Dual Temporal Transformer Decoder

Figure 9. Illustration of dual temporal transformer depicted in Figure 3.

3.6.1. Tokenizer

To capture long-range contextual relationships within images, transformer-based
methods typically start by partitioning the image into multiple image patches and then
modeling the relationships between these patches using attention mechanisms. To achieve
this, we introduce the Semantic Tokenizer from BIT [17], which uses a Siamese semantic
tokenizer to extract compact semantic tokens for each temporal feature map.

Specifically, the tokenizer divides the 2D image into several patches and represents
each patch with a single token. Figure 10 illustrates this process. In Figure 10, we apply
convolution to bi-temporal feature maps fi, f» € REHW. A softmax operation then
computes spatial attention maps My, My € RE*HW_ The convolution output channel size is
the number of tokens, denoted by L. Finally, matrix multiplication takes place between X;
and attention map M; to compute a weighted sum, yielding tokens that aggregate semantic
relations, namely semantic tokens T;.

B
|

Backbone
—

Xewljos

AUOD TXT
7

|

Features: f;*

K

Attention Maps: M; Tokens: T;

Figure 10. Illustration of tokenizer depicted in Figure 3.
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3.6.2. DTT Encoder

1. Self-Attention in Transformer

In most transformer networks such as BIT [17] and ChangeFormer [20], self-attention
is applied to model the relationship between tokens from single temporal images. The
attention output T! of the i-th token from temporal one is first multiplied with weight
matrix Wj to obtain the query q. Similarly, by multiplying with weight matrices W and
Wy, we obtain the key k and value v:

g =t W,
Ky =t W 9)
Ull - tll . W‘U

Finally, we obtain T! by summing the self-attention weighted contributions from other

tokens’ values v]lz

Ny 7k
T! = ) softmax ) v (10)
1 ]; ( NG 1

For all tokens in temporal one and temporal two, the final self-attention output can be
calculated as follows:

R KT
T = softmax( Ql\/a; )

o (11)
T, = softmax( Q2K )- Vo

Vi
In this formula, the query, key, and value are defined as Q; = X;Wp(i = 1,2), K; =
XiWk, and V; = X;Wy where dj represents the dimension of the key, corresponding to the

. . kI T .
scaling factor. The matrix Wj ; = softmax( Q\;di ) represents the similarity matrix between
k

the tokens in temporal one.
2. The Dual Temporal Attention in DTT Encoder

However, applying self-attention to model semantic relationships between tokens in a
single temporal image does not consider information integration across bi-temporal images,
as shown in Figure 1b,c. Therefore, we propose dual-temporal attention to model the
relation changes between bi-temporal images, as shown in Figure 11. We first compute the
similarity between t] and all tokens in T, using cross-attention by the following formula:

i kT
7182 ) (1 2)
e

Intuitively, in Figure 1b, region P8 of temporal one is similar to region P1 of temporal

two, hence W, [8,1] ~ 1. Similarly, in Figure 1c, region P2 of temporal one is dissimilar

W{,z = softmax(

to region P1 of temporal two, so W12,2 [2,1] ~ 0. Similarly, we compute the similarity
relationships between all tokens in temporal one and all tokens in temporal two using the
following formula:

QiKY
Vi
Q.KT
Vi

)

M; 5 = softmax(
(13)

)

M, 1 = softmax(
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Figure 11. (a) Structure diagram of dual temporal attention in DTT encoder (Figure 9a); (b) Structure
diagram of cross-attention in DTT decoder (Figure 9b).

Finally, to comprehensively consider W; ; and W , we calculate the cross-attention
map using the following formula, denoted as Wy, Wy, and compute the output T; and T,
based on the obtained attention maps:

(QlKl—QZKl):| T WiV
\/a 741 1 1

(Q2K; — Qle)} "
W, = softmax { yTHh =WV,
vy

e  Situation of unchanged: As shown in Figure 12a, if (QZl K]1 - leKjl) > 0, and assuming
token i at temporal 2 is similar to token j at temporal 1. The Q - K in transformer can be
intuitively understood as calculating the similarity between two tokens; thus, we have

Wy = softmax[
(14)

|Q12K]1| = a > 0, where 4 is a relatively large positive value. It can also be obtained
that |Q’1K]1| = a > 0, indicating that token i in temporal 1 is similar to token j. At
il
the same time, we have Wi [i,j] = b < Softmax[Ql—\/I;}. Through transitive similarity,
k
it can be inferred that token i is similar in both temporal images. In the context
of bi-temporal images, this also implies that the region represented by token i has
remained unchanged. Consequently, when the attention output of token j is computed
by weighted summation, the feature component from token i will be suppressed.

. Situation of changed: As shown in Figure 12b, assuming that tokens i and j of temporal
image 1 are dissimilar, we have |Q{ K} | — 0. If W1 [i, j] = (Q{K| — Q5K}) = a > 0, this
indicates the region represented by token i has remained changed. At the same time,

% .
we have Wi, j] > Softmax[%]. It means that when computing attention output 7",

A



Remote Sens. 2024, 16, 844

15 of 29

the features of token i will be strengthened to highlight changed regions. In contrast,
for self-attention in Equation (11), the tokens representing changed and unchanged
regions are treated equally when calculating attention output. We think this is not
conducive to highlighting features of changed regions while suppressing features of
unchanged regions.

similar token’l dissimilar token’l
T1 i i
token} tokenj

] []

/ /
similar similar
unchanged changed
©) ©)
Ty
token), token),
(a) (b)

Figure 12. (a) One unchanged situation in cross-attention. (b) One changed situation in cross-attention.

Based on the cross-attention in Equation (14), we designed the DTT encoder to extract
features of the changed regions in the bi-temporal image pairs. Specifically, this encoder
consists of a multi-head DTT attention block and a multilayer perceptron (MLP) block,
repeated for N layers, as illustrated in Figure 9a. The process can be represented as follows:

a; = MDTTAtt(LN(Tl),LN(Tz)) + Tl<l = 1,2)
Ty = MLP(LN(ay)) + a4 (15)
T» = MLP(LN(ay)) + a,

3.6.3. DTT decoder

Through the encoder shown in Figure 10a, dual temporal relationships are aggregated
in two sets of new tokens T; (i = 1,2). To project this high-level semantic information
represented by these tokens back into two-dimensional pixel space, we constructed the
DTT decoder, obtaining refined feature maps f;, as shown in Figure 10b. Unlike MSA, we
do not use f; to compute key K and value V, as computing attention maps over the original
input sequence f; would require numerous computations. Instead, we first compute the
query Q using the feature maps f;, then compute the key K and value V using the tokens
T;, resulting in a similarity matrix M. Then, a softmax operation is performed to obtain an
attention matrix W, which is used to weight and sum the values V to obtain the refined
features. The DTT decoder comprises a multi-head DTT attention (MDTTA) and MLP
blocks, stacked for Np layers. Formally, MDTTA for the decoder is defined as:

a; = MDTTAtt(LN(f;), LN(T})) + fi(i = 1,2)
F; = MLP(LN(ay)) + oy (16)
E; = MLP(LN(ay)) + a,
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3.7. Loss Function

Given a set of training image pairs X, = {(xf!,x2),n = 1,..., N} and ground truth

Y, = {yn,n=1,...,N}, where N represents the number of training bi-temporal images,
we use a hybrid loss consisting of three components: (1) focal loss, (2) dice loss, and (3) con-
trastive loss:

L= ‘Cfocal + Laice + ALcon (17)

3.7.1. Focal Loss

We analyzed the ratio of changed and unchanged pixels in all three datasets, as shown
in Table 2. The number of pixels in the changed region was significantly smaller than in
the unchanged region. Change detection is a binary classification problem, with a severe
class imbalance between positive and negative samples. To address this, we introduced
focal loss [63], which effectively mitigates the class imbalance problem. Formally, it can be
defined as

Local(Xn, Yn) = —a(1 = 1;,)"log(F; ) (18)

where a and 1y are fixed constants, and we set « = 2 and y = 0.2. §j; ; is the predicted value
at position (i, ).

Table 2. Statistical characteristics of WHU-CD, LEVIR-CD, and CDD datasets.

Dataset Pairs Size Change Pixels Change Ratio
WHU-CD [64] 1 32,507 x 15,354 21,352,815 4.27%
LEVIR-CD [65] 637 1024 x 1024 30,913,975 4.62%

CDD [66] 7 and 4 4725 x 2700 and 1900 x 1000 9,198,562 and 400,279 9.91%

3.7.2. Dice Loss

The dice loss is a similarity-based loss function that measures the overlap between
predicted and ground truth masks. It excels in tasks where precise definition of object
boundaries is critical. Therefore, we introduced it to further ensure the boundary integrity
of the change detection result. The dice loss encourages the model to generate segmentation
masks with distinct, well-defined boundaries by penalizing discrepancies in the overlap
between predicted and ground truth masks. Mathematically, dice loss is defined as follows:

o5

Lpice(Xa Vo) = 1= 25 (19)

Here, 7/ is a positive example of model prediction and y is a positive example of ground

truth. It is obvious that the calculation of the F1 score is the same as the dice. Thus, we can
optimize the F1 metrics by calculating dice loss.

3.7.3. Contrastive Loss

The contrastive loss [67] is often used to measure the similarity between two sets
and can effectively handle paired data relationships in a Siamese network for change
detection. Its core idea is distinguishing different categories or entities by learning feature
representations, bringing similar samples closer, and pushing dissimilar samples further
apart in feature space. However, the original formulation requires computing Euclidean
distances in feature space for paired segmentation maps to obtain a distance map. We find
this introduces extra computational overhead and hinders network optimization. Therefore,
we directly compute contrastive loss between the predicted map and the ground truth. The
contrastive loss can be expressed formally as follows:

M1

Leon(Xn, Yn) =) 7 (1 —yij) - argmax(9;;) + v, - max(argmax(§;;) —m))?]  (20)
ij=0
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where M is the size of the predicted map, 0 denotes unchanged, while 1 denotes changed,
and m is the margin to filter out pixel pairs with a greater distance.

4. Results

In this section, we provide a comprehensive comparison on three CD datasets with other
state-of-the-art methods to demonstrate the effectiveness of the proposed DTT-CGINet.

4.1. Description of Datasets

e  WHU-CD [64] is a public building CD dataset from Christchurch, New Zealand, with
a spatial size of 32,507 x 15,354 pixels at a resolution of 0.2 m. It comprises images
in the red (R), green (G), and blue (B) bands. To facilitate efficient handling, we
divided the large image into non-overlapping slices of 256 x 256 pixels. Then, the
training/validation/test sample numbers were 6096/762/762, respectively.

* LEVIR-CD [65] consists of 637 very high-resolution (VHR, 0.5 m/pixel) Google Earth
image patch pairs with a size of 1024 x 1024 pixels. These bi-temporal images with a
time span of 5 to 14 years have significant land-use changes, especially construction
growth. LEVIR-CD covers various types of buildings, such as villa residences, tall
apartments, small garages, and large warehouses. We followed the default configura-
tion to facilitate model training and partitioned the input images into smaller patches
of 256 x 256 pixels. The dataset was split into 7120 image pairs for training, 1024 for
validation, and 2048 for testing.

e CDD [66] is a dataset of 11 pairs of multispectral images for remote sensing change
detection. The dataset contains seven pairs of seasonal images with a dimension of
4725 x 2200 pixels and four pairs of images with a dimension of 1900 x 1000 pixels.
The spatial resolution of these images varies from 3 to 100 cm per pixel. The authors
divided the image pairs into non-overlapping image patches of 256 x 256 pixels to
make them suitable for processing. They obtained 15,998 pairs of bi-temporal remote
sensing images and split them into training, validation, and test sets with 10,000, 2998,
and 3000 pairs, respectively.

4.2. Metrics

Change detection primarily distinguishes changed and unchanged pixels, comprising
a fundamental binary classification task. We evaluated using multiple metrics, precision
(P), recall (R), F1 score (F1), Overall Accuracy (OA), and Intersection over Union (IoU),
providing a comprehensive assessment of the proposed method. We also report the pa-
rameter count and FLOPs (Floating Point Operations Per Second) for each comparative
model. We utilized MACC (Multiply-ACCumulate) operations to approximate a model’s
computational speed (FLOPs). They are expressed as follows.

P = TP/ (TP + FP)
R = TP/(TP +FN)
F1 = 2PR/(P +R) 1)
OA = (TP 4+ TN) /(TP + TN + FP + FN)
IoU = TP/(TP + FP + FN)

where True positive (TP) refers to the number of pixels correctly identified as changed.
True negative (TN) represents the number of pixels correctly identified as unchanged.
False negative (FN) signifies the number of pixels that genuinely underwent a change but
were erroneously categorized as unchanged. False positive (FP) indicates the number of
pixels that remained unchanged but were incorrectly identified as having changed. F1 is
a comprehensive measurement metric that performs weighted average reconciliation on
precision and recall, better reflecting the comprehensive performance of the model. The
Intersection over Union (IoU) measures the extent of overlap between the predicted change
pixel area and the actual change pixel area.
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4.3. Experimental Settings

All experiments were conducted using the PyTorch 1.7.1 library on one NVIDIA
GeForce RTX 3090 GPU and Xeon E5-2680 CPU. We employed the AdamW optimizer to
train our model. The optimizer was configured with a learning rate (Ir) of 0.0004 and a
weight decay of 5 x 10~%. We utilized a custom learning rate scheduler, which adjusted
learning rates based on step count and number of epochs. The learning rate scheduler
implemented a warm-up strategy, gradually increasing the learning rate during initial
epochs. Specifically, the warm-up spanned five epochs, during which the learning rate
factor gradually increased from 1 x 1073 to 1. After the warm-up phase, the learning
rate was reduced with a power factor of 0.9, ensuring a smooth decrease throughout the
training process. This configuration was instrumental in achieving a balance between rapid
convergence during the initial training stages and fine-tuning the model parameters in
later epochs.

The batch size was set to 32, and the model was trained for 100 epochs. To enhance
the diversity of our training samples, we employed the following data augmentation
techniques: (1) random cropping, (2) random flipping, and (3) random exchange.

4.4. Compared Methods

e  FC-EF [40]: FC-EF is a change detection network that employs early fusion, based on
the U-Net architecture of a fully convolutional network.

¢  FC-Siam-Conc [40]: FC-Siam-Conc is a variant of FC-EF that employs a late fusion
strategy during the decoding stage, using concatenation as the fusion method.

¢  FC-Siam-Diff [40]: FC-Siam-Diff is another FC-EF variant, utilizing the difference’s
absolute value as the feature fusion method.

e STANet [65]: STANet improves remote sensing image change detection by capturing
spatial-temporal dependencies at different scales.

*  SNUNet [41]: SNUNEet is a Unet-type network that introduces dense skip connections.

e DMINet [61]: DMINet is a novel dual temporal change detection network based on
joint attention.

e BIT [17]: BIT enhances high-resolution remote sensing change detection by efficiently
capturing spatial-temporal contexts through a transformer-based approach.

e ICIF-Net [68]: ICIF-Net is a hybrid network that combines CNN and transformer in
parallel, aiming to leverage the respective strengths of CNN and transformer.

*  ChangeFormer [20]: ChangeFormer introduced a novel multi-scale transformer.

4.5. Evaluation Results
4.5.1. Quantitative Comparisons

¢ On the LEVIR-CD dataset, Table 3 shows our method demonstrates significant im-
provement, achieving precision, recall, and F1 values of 92.45%, 89.83%, and 91.12%,
respectively. FC-Diff achieves the highest F1 score among the first three compari-
son methods, reaching 85.72%. Compared to the second-best method, our approach
increases the F1 value by 0.8%.

. On the WHU-CD dataset, our method demonstrates significant improvement, as
shown in Table 4. It shows enhancements in all evaluation metrics, with precision,
recall, and F1 values being 95.51%, 92.80%, and 94.14%, respectively. Simultaneously,
our model has a relatively small number of parameters, 4.65M. Consequently, our
approach achieves a commendable balance between model complexity, time cost,
and accuracy. In contrast, earlier methods such as FC-EF, FC-Conc, and FC-Diff
show less satisfactory performance. The results also indicate that concatenation
preserves more useful information for change detection on the WHU-CD dataset
than the difference operation. Moreover, our approach exhibits notable advantages
over transformer-based methods, including BIT [17] and ChangeFormer [20]. It also
outperforms the hybrid network ICIF-Net [68], which employs a parallel structure of
CNN and transformer.
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Table 3. Quantitative results on LEVIR-CD dataset.

Model Precision Recall F1 IoU OA Params (M) FLOPs (G)
FC-EF [40] 86.69 77.95 82.09 77.95 98.28 1.35 3.58
FC-Siam-Conc [40] 84.37 81.51 82.91 70.80 98.49 1.55 5.33
FC-Siam-Diff [40] 89.33 82.39 85.72 75.00 98.61 1.35 4.73
STANet [65] 70.88 96.01 81.56 68.86 97.79 16.89 16.9
DMINet [61] 91.09 85.26 88.08 78.70 98.82 6.24 14.55
SNUNet [41] 91.21 86.69 88.89 78.83 98.82 12.04 54.83
BIT [17] 89.10 89.16 89.13 80.68 98.92 3.50 10.63
ICIF-Net [68] 91.63 88.10 89.83 81.54 98.98 23.83 25.37
ChangeFormer [20] 91.94 88.81 90.34 82.37 99.04 41.03 202.79
Ours 92.45 89.83 91.12 83.50 99.12 4.71 18.42

All metrics are based on the category “change” and computed on the test set. Color convention: best, 2nd-best,

and 3rd-best.

Table 4. Quantitative results on WHU-CD dataset.

Model Precision Recall F1 IoU OA Params (M) FLOPs (G)
FC-EF [40] 77.67 77.16 7742 63.16 98.08 1.35 3.58
FC-Siam-Conc [40] 36.49 82.75 50.65 40.03 93.40 1.55 5.33
FC-Siam-Diff [40] 45.18 82.28 58.33 41.17 94.98 1.35 4.73
STANet [65] 79.37 85.50 82.32 69.95 98.66 16.89 16.9
DMINet [61] 83.98 91.09 87.39 77.61 98.88 6.24 14.55
SNUNet [41] 91.72 86.75 89.16 80.43 99.10 12.04 54.83
BIT [17] 90.46 77.55 83.51 71.69 98.69 3.50 10.63
ICIF-Net [68] 92.25 89.28 90.74 83.04 99.22 23.83 25.37
ChangeFormer [20] 94.18 89.14 91.86 89.24 99.37 41.03 202.79
Ours 95.51 92.80 94.14 88.93 99.51 4.71 18.42

All metrics are based on the category “change” and computed on the test set. Color convention: best, 2nd-best,

and 3rd-best.

*  On the CDD dataset, our method also achieved the best performance, with an F1
score of 95.78%, as shown in Table 5. Due to the larger training set of the CDD dataset,
which consists of 10,000 images compared to 6096 pairs for WHU-CD and 7120 pairs
for LEVIR-CD, neural network models can better learn feature representations, leading
to superior generalization capabilities. Consequently, almost all methods significantly
improve their F1 scores on the CDD dataset, with transformer-based approaches
showing particularly notable enhancements.

Table 5. Quantitative results on CDD dataset.

Model Precision Recall F1 IoU OA Params (M) FLOPs (G)
FC-EF [40] 88.46 49.73 63.67 46.70 92.99 1.35 3.58
FC-Siam-Conc [40] 89.71 58.73 70.98 55.02 94.21 1.55 5.33
FC-Siam-Diff [40] 90.16 51.38 65.46 48.65 93.31 1.35 4.73
STANet [65] 76.97 94.55 84.86 73.71 95.84 16.89 16.9
DMINet [61] 96.02 95.23 95.61 91.88 98.89 6.24 14.55
SNUNet [41] 94.46 89.72 92.03 85.23 98.08 12.035 54.83
BIT [17] 95.46 90.68 93.01 86.94 98.32 3.50 10.63
ICIF-Net [68] 95.04 93.79 94.41 89.41 98.03 23.83 25.37
ChangeFormer [20] 95.47 94.31 94.88 90.27 98.74 41.03 202.79
Ours 96.79 94.78 95.78 91.90 98.92 4.71 18.42

All metrics are based on the category “change” and computed on the test set. Color convention: best, 2nd-best,
and 3rd-best.

4.5.2. Qualitative Comparisons

LEVIR-CD dataset: To further demonstrate the effectiveness of our approach, Figure 13
shows the visual results of different methods in three types of regions. These regions
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include isolated regions, dense regions, and large-span regions, demonstrating our
method’s superiority over others. In particular, Figure 13(1,2) suggests that our method
can effectively capture isolated regions, while many previous methods fail to provide
complete segmentation results (d—f). Furthermore, our approach outperforms other
methods in detecting dense regions, as shown in Figure 13(3,4). The change results
effectively ensure boundary integrity, with more obvious gaps between boundaries.
Our result is more consistent than other transformer-based methods regarding large-
span area boundaries in complex scenes, as Figure 13(j6,k6,16) shows. At the same
time, some previous methods (FC-EF, FC-Siam-Conc, FC-diff) exhibit not only unclear
boundaries but also significant voids in changing regions, as shown in Figure 13d-f.
These experiments show that DTT-CGINet performs excellently on the LEVIR-CD
dataset, with clear, complete boundaries, sensitivity to small targets, and no holes in
large-area detection.

Crrrrrr el
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Figure 13. Visualization comparisons on LEVIR-CD dataset. (1-6) Different image pairs; (a) image
T1; (b) image T2; (c) ground truth; (d) FC-EF; (e) FC-Siam-Conc; (f) FC-Siam-Diff; (g) STANet;
(h) DMINet; (i) SNUNet; (j) BIT; (k) ICIF-Net; (1) ChangeFormer; (m) ours.

WHU-CD dataset: Consistent with LEVIR-CD, we selected three region types rep-
resenting independent, dense, and large-span areas to evaluate our method visually
from diverse perspectives. For the independent area in Figure 14(1,2), many previous
methods tended to produce more false positives and false negatives. Additionally,
previous methods commonly exhibited boundary sticking issues for the dense area in
Figure 14(3,4), whereas our results were more accurate. As for the large-span area in
Figure 14(5,6), although most methods detected it fairly well, our approach had fewer
holes, higher boundary integrity, and clearer boundaries.

CDD Dataset: We also selected three different types of regions: (1) isolated regions,
(2) dense regions, and (3) large-span regions—to visually validate our method’s
performance. Some early methods, like FC-EF, FC-Conc, and FC-Diff, could not detect
changes in isolated or dense regions and performed poorly in large-span regions.
Subsequent methods, like STANet and SNUNet, could more completely detect isolated
region changes but had sticking phenomena in dense regions and unclear, incomplete
boundaries for large spans. The latest transformer-based methods could provide
relatively satisfactory results, but our method outperformed them in maintaining
boundary integrity, as demonstrated in Figure 15(m6,m3).
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Figure 14. Visualization comparisons on WHU-CD dataset. (1-6) Different image pairs; (a) image
T1; (b) image T2; (c) ground truth; (d) FC-EF; (e) FC-Siam-Conc; (f) FC-Siam-Diff; (g) STANet;

(a) (b) () (d) (e) (f) (g) (h) (i) (0] (k) (U} (m)

Figure 15. Visualization comparisons on CDD dataset. (1-6) Different image pairs; (a) image T1;
(b) image T2; (c) ground truth; (d) FC-EF; (e) FC-Siam-Conc; (f) FC-Siam-Diff; (g) STANet; (h) SUNNet;
(i) BIT; (j) ICIF-Net; (k) ChangeFormer; (1) DMINet; (m) ours.

5. Discussion

5.1. Ablation Study on the Network Components

To evaluate each component’s contribution to overall performance and prove our
method’s effectiveness, we conducted four ablation experiments on the LEVIR-CD dataset.
Table 6 displays each ablation experiment’s results.

Table 6. Quantitative results of the different ablation experiments on the LEVIR-CD dataset.

Model Precision Recall F1
No CGIM 90.19 89.43 89.80
No FPD 91.35 89.43 90.38
NO CBAM 91.28 90.24 90.76
NO DTT 90.47 86.51 88.45
Ours 92.45 89.83 91.12

e In Ablation 1, we removed the CGIM module to validate its effectiveness. The CGIM
module is crucial in constraining graph projection to generate graph nodes within
edge regions, yielding well-defined boundary segmentation results. As indicated in
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Table 6, removing CGIM led to a decrease in all evaluation metrics for the network. In
particular, the primary evaluation metric, F1, declines 1.32%. Figure 16(1,2) illustrates
boundary blurring resulting from CGIM absence.

e In Ablation 2, to demonstrate the effectiveness of the Feature Pyramid Decoder (FPD)
in DTT-CGINet, we conducted an ablation study by removing it. Since the FPD can
aggregate features from multiple scales, its absence would result in the network solely
using the CGIM on the output features from the backbone’s layer 3, underutilizing the
shallow output features from layers 1 and 2. Therefore, as indicated in the second row
of Table 6, removing the FPD led to an overall performance decline in the network,
with the F1 score experiencing a decrease of 0.74%. Visually, this impacted the model’s
ability to detect changes across regions of varying scales. Figure 16(d3) shows that
many small regions are fused, and the network fails to capture finer local details.
Figure 16(d4) illustrates missing detections for small objects.

e In Ablation 3, we conducted an ablation study by removing the CBAM submodule.
CBAM reweights feature maps based on channel and spatial attention, guiding the
network to focus on relevant changes and ignore irrelevant ones. Removing CBAM
resulted in an overall performance decline, as shown in Table 6, with a 0.36% decrease
in the F1 score.

* In Ablation 4, we conducted an ablation study to demonstrate the efficacy of the
dual temporal transformer (DTT). As described in Section 3.6, DTT can model non-
local structural relationships between bi-temporal images. The fourth row of Table 6
indicates overall performance declines when DTT is absent, with the F1 score dropping
2.67%. Visually, as shown in Figure 16(5,6), the lack of DTT hinders the network’s long-
range context modeling capability, impacting change detection in large-span regions.

(d)

Figure 16. Visualization comparisons of ablation experiments. (1,2) Different image pairs of Ablation
1; (3,4) Different image pairs of Ablation 2; (5,6) Different image pairs of Ablation 4; (a) image T1;
(b) image T2; (c) ground truth; (d) prediction results of ablation operation; (e) prediction results for
networks with all components.
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5.2. Parameter Analysis of Loss

In Section 3.7, we utilized a hybrid loss for network training, combining focal loss, dice
loss, and contrastive loss. To reduce the tuning burden, we introduced a single parameter,
A, to balance the impact of the contrastive loss. We conducted ablation experiments to
explore the effects of different A values on training. Specifically, we varied A from 0 to 1 to
observe performance changes on the WHU-CD dataset. The results of these experiments
have been collected and are presented in Table 7.

Table 7. Ablation study of the the loss function on the WHU-CD dataset.

A Precision Recall F1

0 95.18 91.33 93.31
0.1 95.52 91.07 93.54
0.3 95.94 91.63 93.74
0.5 95.67 92.80 94.14
0.7 95.51 91.25 93.63

1 95.48 91.66 93.79

A is the coefficient of contrastive loss in the hybrid loss function and the bolded data represents the best results.

5.3. Ablation on the CGIM

We conducted an ablation study on the quantity of the contour-guided graph interac-
tion module (CGIM) and the number of vertices from the graph projection in CGIM. As
shown in Table 8, we varied the number of CGIM modules, with the corresponding quanti-
ties of graph vertices after projection set to 64, 36, and 16. It is observed that employing
multiple CGIM modules enhances model performance. Furthermore, introducing three
CGIM modules brings only 0.30 M parameters and 0.23 GFLOPs. In Table 9, we explore
the impact of three sets of different vertices on model performance. Our intuition suggests
that the number of vertices in the graph projection should align with the dimensions of
the feature map (H/W). Additionally, adding more nodes increases run-time and memory
costs, yet does not seem to improve the performance.

Table 8. Performance comparison with different numbers of CGIM on LEVIR-CD.

Number Precision Recall F1 Params (M) FLOPs (G)
0 90.25 89.28 89.76 441 18.21
1 91.19 89.45 90.40 4.62 18.26
2 91.83 89.94 90.72 4.67 18.31
3 92.45 89.83 91.12 4.71 18.42

Table 9. Performance comparison with different vertices of graph projection on LEVIR-CD.

Number Precision Recall F1 Params(M) FLOPs(G)
(16,16,16) 90.25 89.28 89.76 4.56 18.39
(64,36,16) 92.45 89.83 91.12 4.71 18.42
(64,64,64) 91.83 89.94 90.88 4.93 18.66

5.4. Ablation on the Tokenizer

As shown in Tables 10 and 11, we conducted an ablation study by varying the num-
ber of tokens output by the tokenizer. Specifically, we tested different token quantities
L €0,2,4,8 on the LEVIR-CD and WHU-CD datasets to assess their impact on the model.
When the token number is 0, it implies the direct removal of the tokenizer. Using a larger
number of tokens allows for better extraction of refined details. However, it may weaken
the model’s ability to capture large-scale changes in regions and introduce higher computa-
tional complexity. Conversely, a smaller number of tokens can yield more concise semantic
representations, reducing computational complexity, but may cause the model to overlook
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changes in some small areas. Observing the results, it is evident that our model achieves
the best performance when L is set to 4.

Table 10. Impact of different token numbers on the LEVIR-CD dataset.

Number Precision Recall F1
0 92.62 88.79 90.66
2 92.53 89.16 90.81
4 92.45 89.83 91.12
8 91.71 89.85 90.77

Table 11. Impact of different token numbers on the WHU-CD dataset.

Number Precision Recall F1
0 92.13 91.80 92.95
2 95.63 92.07 93.82
4 95.51 92.80 94.14
8 95.08 91.65 93.33

5.5. Ablation Study on Pre-training

Many recent studies have focused on remote sensing pre-training. The authors of [26]
proposed Seasonal Contrast (SeCo), an effective pipeline for pre-training in the remote
sensing domain using unlabeled data. The results in Table 12 compare the performance
of the backbones using pre-trained weights from ImageNet and pre-trained weights from
Seco [26]. Notably, the transformer branch is trained entirely from scratch. When using
only 10% of the samples from the LEVIR-CD training set to supervise our model’s training,
fine-tuning our network with Seco’s pre-trained weights resulted in a 1.46% improvement
in the F1 score compared to ImageNet. However, when supervising the model with all
samples from the training set, using Seco’s pre-trained weights led to a slight decrease in
the F1 score compared to ImageNet’s pre-trained weights. This may be because there is
still a gap between the Sentinel-2 multispectral images and RGB aerial images. Figure 17
presents two visual change detection results.

Table 12. Performance comparison on the effect of pre-training on LEVIR-CD.

10% Samples of Training Set 100% Samples of Training Set
Pre-Training
Precision Recall F1 Precision Recall F1
ImageNet [60] 87.46 80.70 83.95 92.45 89.83 91.12
Seco [26] 87.99 82.98 85.41 91.73 90.11 90.91

(@) (b) © (d) (e) () (2
Figure 17. Visual change detection results on LEVIR-CD. (a) Image T1; (b) image T2; (c) ground

truth; (d) training by ImageNet pre-trained weights and 10% of the training set; (e) training by Seco
pre-trained weights and 10% of the training set; (f) training by ImageNet pre-trained weights and
100% of the training set; (g) training by Seco pre-trained weights and 100% of the training set.
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5.6. Model Efficiency Analysis

In Figure 18, we present the detection accuracy in terms of the F1 score, model pa-
rameters (Params), and computation costs (FLOPs) for all the compared methods. As
observed from the results, foundational models like FC-EF achieve minimal computational
resource utilization but exhibit shortcomings in detection accuracy. Subsequently, pro-
posed methods such as ICIF-Net [68] and DMINet [61] enhance detection accuracy further.
ChangeFormer [20] closely approximates our approach regarding the F1 metric. How-
ever, the model parameters and computation costs are several tens of times higher than
our method. Consequently, our proposed approach strikes a favorable balance between
accuracy and computational expenditure, highlighting its effectiveness and efficiency in
change detection.
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Figure 18. Comparison of compared methods in terms of Params (memory cost), FLOPs (computa-
tional cost), and F1 score on the LEVIR-CD, WHU-CD, and CDD dataset, respectively. (a,d) LEVIR-CD
dataset; (b,e) WHU-CD dataset; (c,f) CDD dataset.

5.7. Visualization of Network

To further illustrate the effectiveness of our network, we utilized Grad-CAM [69] to
visualize the predicted change map by our network. Grad-CAM is a visualization method
that utilizes gradients to calculate the importance of spatial positions in the convolutional
layer. Simultaneously, we employed heatmaps to visualize the output features of the main
modules. Given a pair of temporal images (Figure 19a), the Siamese ResNet extracts multi-
scale features, and we visualized the deep features of layer3 (Figure 19b). Subsequently, we
used the CGIM to aggregate boundary features while employing the FPD to fuse multi-scale
features, resulting in X; and X; (Figure 19d). Furthermore, we enhanced the features using
the CBAM (Figure 19).

Simultaneously, we visualized the token attention map obtained via the tokenizer
(Figure 19f), demonstrating effective highlighting of building pixels by the tokenizer. Fur-
thermore, we presented the refined features obtained through the DTT decoder (Figure 19g).
Figure 19h,i, respectively, show the difference feature maps after processing through the
CGIM module and dual temporal transformer. Finally, we used Grad-CAM to visualize the
change probability map obtained via the classifier (Figure 19j). It can be observed that the
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CAM assigns high density only in the center of the changed region, and DTT-CGINet can
label almost the entire shape of changed landscapes with the highest weight.
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Figure 19. An example of network visualization. (a) Input images; (b) deep features extracted by the
backbone; (c) features after the CGIM; (d) features before the CBAM; (e) features after the CBAM;
(f) token visualization; (g) refined features map by DTT decoder; (h) bi-temporal feature differencing
image from CGIM; (i) bi-temporal feature differencing image from dual temporal transformer;
(j) Class Activation Map (CAM) by the Grad-cam [69]; (k) ground truth.

6. Conclusions

In this paper, we propose a novel hybrid network called DTT-CGINet. Our network
utilizes dual temporal attention to model non-local structural relationships between bi-
temporal images. To alleviate the computational complexity of attention calculations in
transformers, we introduce a tokenizer to transform high-level features from the backbone
into tokens with rich contextual semantic information. Subsequently, we map the tokens to
a two-dimensional pixel space to obtain refined features considering contextual information.
Additionally, to fully leverage the local information extracted from the low-level feature
maps by the backbone. We use the CGIM to capture fine-grained details and preserve the
integrity of change boundaries. Simultaneously, FPD is used to fuse multi-scale feature
maps, and the CBAM is introduced to emphasize important pixels. Finally, experiments
on three publicly available change detection datasets demonstrate that our approach
outperforms several other methods.

Limitation

In Section 5.5, we explored the impact of using remotely sensed pre-trained weights
on the performance of DTT-CGINet, though no significant improvement was observed. We
analyze that this is due to the current lack of effective large-scale pre-training weights for
aerial remote sensing images, which inevitably limits the fine-tuning performance of down-
stream aerial scene tasks. However, in remote sensing, the exploration and development of
large-scale pre-trained models remains a hot topic, and we will continue following research
progress to improve our work. In the future, we will focus on proposing a more lightweight
change detection model or using techniques such as knowledge distillation to compress the
original model to make it more suitable for practical applications. Additionally, we plan to
extend the application of our method to other object types, such as roads, vegetation, and
rivers. We also intend to explore the use of DTT-CGINet for multi-class change detection.
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