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Abstract—With the rapid advancements in deep learning
technology, the field of remote sensing change detection (RSCD)
has witnessed significant improvements and innovations. In this
context, bitemporal image processing, using features directly
extracted by the backbone for subsequent fusion operations,
may be obstructed by external environmental factors, potentially
limiting the effective capture of complex feature variations. More-
over, overlooking local features during the fusion of bitemporal
features can significantly affect the final detection results. As a
result, achieving accurate change detection (CD) still encounters
various challenges. To tackle these issues, this paper proposes a
CD network (AEGL-Net) with Adaptive Multiscale Enhancement
(AME) and Global-Local Feature Fusion (GLFF) modules. First,
AME enhances features at each stage of backbone extraction
through an adaptive strategy, balancing the enhancement of
semantic information and texture details. Then, GLFF is used
to fuse the bitemporal image features, which enhances the
modeling of global dependencies while also fusing shared and
context-aware weights to enhance the local features. Finally,
the merged features are fed into the decoder to generate
precise change maps. Experiments conducted with four open
RSCD datasets (LEVIR-CD, S2Looking, SYSU-CD, and UAV-
CD) demonstrate that our proposed AEGL-Net outperforms ten
state-of-the-art models in the RSCD field. Our code is available
at https://github.com/yikuizhai/AEGL-Net.
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I. INTRODUCTION

EMOTE sensing change detection (RSCD) corresponds

to identifying variations in changes between remotely
sensed images of the coherent territory across different histor-
ical periods [1]. Currently, RSCD methodologies have found
extensive application in land change science [2], disaster
evaluation [3], urban planning [4], cropland observation [5],
and ecological environment monitoring [6].

Current RSCD techniques can be categorized into conven-
tional methods and deep learning-based approaches. Conven-
tional RSCD methods can be further classified into three
main types: transform-based approaches, algebra-based ap-
proaches, and classification-based approaches [7], [8], [9],
[10]. Transformation-based methods commonly use techniques
such as change vector analysis [11] and principal component
analysis [12] to map image spectral combinations onto a
specific feature space aimed at recognizing altered pixels.
Algebra-based methods use techniques such as regression
analysis [13] and difference normalization to create image
variation maps, and then impose thresholds to categorize pixels
into either modified or unmodified groups. Classification-
based approaches commonly use strategies such as K-means
clustering and support vector machines to classify changed and
unchanged regions. These approaches depend on the quality
of the remotely sensed imagery (such as weather changes,
seasonal variations, and fluctuations in light intensity) and lack
robustness.

In recent years, deep learning has demonstrated exceptional
performance in the field of remote sensing, thanks to its
powerful capabilities in information mining and feature ex-
traction. As the diversity and complexity of remote sensing
data continue to increase, traditional methods have increas-
ingly shown limitations in handling high-dimensional data
and addressing environmental changes. Deep learning, through
automated feature learning, can extract high-level information
from large volumes of remote sensing images without manual
intervention. This makes it superior to traditional techniques
in tasks such as object detection, data classification, and
hyperspectral image super-resolution (HS-SR). For instance,
UIU-Net [14], by embedding a smaller U-Net within a larger
U-Net architecture, effectively enhances the detection of small
objects in infrared images, yielding significant improvements.
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Additionally, CCR-Net [15] achieves compact fusion repre-
sentations of multimodal remote sensing data through a cross-
modal reconstruction strategy, facilitating effective information
exchange and thereby improving classification performance.
DC-Net [16], by progressively fusing hyperspectral and mul-
tispectral information at the pixel, subpixel, image, and feature
levels, significantly enhances HS-SR performance. In change
detection (CD), early studies primarily used convolutional
neural networks (CNNSs) to construct foundational networks,
which were further enhanced by advanced techniques to
improve performance, such as the Siamese structure [17],
multiscale mechanism [18], [19], and attentional mechanism
[20], which contributed to the success of these RSCD net-
works. However, researchers have discovered that while CNN-
based RSCD networks excel in end-to-end feature extraction,
CNNs primarily sense and extract features in images through
local convolutional operations, restricting their capacity to
capture distant contextual information. The Transformer has
gained recognition for its outstanding performance in Nat-
ural Language Processing (NLP) tasks. Vision Transformer
(VIT) [21] was the first to apply the Transformer model to
image classification tasks. Unlike previous work on CNNs,
VIT divides an image into fixed-size blocks and treats the
pixels of each block as positional encodings in a sequence.
This approach enables the direct utilization of Transformer’s
self-attention mechanism to model the links between blocks,
thereby efficiently capturing contextual information.

Although existing CNN- and Transformer-based CD models
demonstrate strong performance in RSCD tasks, there re-
mains room for improvement. First, bitemporal RS imagery
is susceptible to ambient conditions such as weather changes,
cyclical variations, and fluctuations in light intensity. As a
result, most CD models, which rely solely on features ex-
tracted by the backbone for subsequent fusion, may fail to
capture complex feature variations, leading to inaccuracies
in representing subtle changes and potential loss of informa-
tion. Second, while Transformer-based CD models effectively
model global features, they tend to overlook certain local
features of bitemporal RS imagery, which complicates the
recognition of small objects or local changes, thereby affecting
the model’s effectiveness.

In response to the aforementioned issues, we explore our
research motivation in detail from two perspectives. First, the
acquisition of dual-temporal remote sensing imagery is often
influenced by environmental factors, which can introduce noise
unrelated to actual changes, thereby increasing the complexity
of change detection tasks. Existing change detection models
typically rely solely on the features output by the backbone
network for fusion, which struggles to effectively capture com-
plex feature variations across multiple scales. This limitation
is particularly evident when detecting subtle changes, where
there is a risk of distortion or information loss. In addition,
traditional multi-scale methods typically adopt static strategies,
making it difficult to adapt to multi-scale interference from
noise and lighting in remote sensing imagery, which leads to
issues such as loss of details or residual noise. To address
this, we propose an adaptive multi-scale feature enhance-
ment module, which dynamically evaluates the contribution

weights of multi-scale features and adaptively enhances them.
At the same time, it suppresses irrelevant features caused
by external environmental disturbances (such as noise and
lighting), thereby significantly improving detection robustness
and accuracy in complex change scenarios. Second, existing
RSCD methods often rely on simple feature fusion operations
(such as single-stage concatenation or difference operations) or
have limitations in the collaborative modeling of global and
local features. Therefore, more attention should be given to
enhancing the model’s ability to fuse global and local features,
in order to improve its adaptability and detection accuracy in
complex change scenarios. Global information helps the model
identify large-scale trends in changes, while local information
is vital for detecting small objects or subtle changes. A lack
of local information may result in missed detections of small
objects or subtle changes, while the absence of global informa-
tion can prevent the model from capturing spatial relationships
between regions and overall change trends. To address this,
we have designed a global and local feature fusion module.
The global branch enhances the model’s ability to perceive
large-scale changes and improves its capacity to model global
dependencies. The local branch, on the other hand, optimizes
the detection of fine-grained changes by combining shared
weights (By utilizing the same parameters to reduce model
complexity, the model can effectively learn the features of
dual-temporal imagery) with context-aware weights (Dynamic
adjustment of weight distribution based on the contextual
information of input features helps the model more accurately
identify changes in different regions and objects) mechanisms.
Through this fusion of global and local features, we effectively
enhance the model’s ability to perceive change regions, thereby
improving the accuracy and robustness of change detection.

Building on the two motivations outlined above, we propose
a CD network called AEGL-Net, which integrates a multi-
scale and dual-branch attention mechanism. In AEGL-Net,
we introduce the Adaptive Multi-Scale Enhancement (AME)
module and the Global-Local Feature Fusion (GLFF) module.
The key contributions of this work are as follows:

1) A innovative RSCD networks(AEGL-Net) is introduced,
which incorporates an Adaptive Multiscale Enhance-
ment Module (AME) and a Global-Local Feature Fusion
(GLFF) Module to efficiently and accurately detect
changed regions.

2) An Adaptive Multi-Scale Enhancement (AME) module
is used to enhance features, which differs from pre-
vious methods that utilize multi-scale mechanisms by
dynamically integrating multi-scale semantic and texture
information extracted by the backbone into each scale.

3) A Global-Local Feature Fusion (GLFF) module is em-
ployed for the fusion of bitemporal features. The global
branch boosts the model’s capability of processing
global information, thereby improving the network’s
modeling of global dependencies. Meanwhile, the local
branch, by integrating shared weights and context-aware
weights, enhances the representation of local features.

4) A detailed examination of the proposed method was
carried out using four different RSCD datasets through
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a sequence of rigorous experiments. The experimental
outcomes indicated that the approache surpasses the
current cutting-edge approaches in relation of both IOU
and F1 metrics across all four datasets.

II. RELATE WORK
A. Traditional RSCD networks

Over the past few decades, numerous traditional RSCD
networks have been developed, with transform, algebraic,
and classification methods serving as prominent examples.
Transform methods include change vector analysis (CVA)
[11], principal component analysis (PCA) [12], and indepen-
dent component analysis (ICA) [22]. Change Vector Analysis
(CVA) technology identifies and quantifies change regions by
comparing differences in corresponding pixel values between
images taken at different times. Principal Component Anal-
ysis (PCA) obtains the principal change features from the
bitemporal images, reducing dimensionality to minimize noise
impact. Independent Component Analysis (ICA) is another
linear transformation method that, unlike PCA, decorrelates
and makes the output components statistically independent,
thereby more effectively highlighting change regions. Alge-
braic methods include image disparity, image scaling, and
image regression analysis [23], [24], it precisely locates
subtle differences in bitemporal images through summation
and subtraction operations. The summation and subtraction
modules quantify channel changes and capture spatial dif-
ferences, respectively, which are then analyzed in depth by
the Transformer model. Finally, heterogeneous modulation
blocks integrate and enhance the channel and spatial feature
differences, such as k-means algorithm, and random forests,
[25]. Traditional CD methods are straightforward but fail to
deeply explore the features of bitemporal images. They rely
heavily on the quality of RS images and lack robustness,
making them unsuitable for handling CD tasks in complex
scenarios.

B. Deep learning-based RSCD networks

Lately, deep learning-based RSCD has demonstrated strong
feature extraction capabilities [26], [27], [28], [29]. RSCD
networks, such as CNNs, have shown significant potential
in the context of RSCD thanks to their powerful feature
extraction capabilities [17]. For instance, Daudt et al. [17]
proposed three networks based on the UNet [30] architecture:
FC-EF, FC-conc, and FC-diff. The FC-EF network stitches
bitemporal images in the channel dimension for incorporation
as input. FC-conc processes images before and after changes
separately by sharing parameters through a twin network and
then splices them with the generated features at the decoding
layer. FC-diff splices images with generated features at the
FC-conc based on the disparity between the features of the
before and after images, and then splices them with the
generated features at the decoding layer. Li et al. [31] put
forward a network based on a multi-scale framework, which
inputs multi-level bitemporal features captured by CNN to the
difference enhancement module, and then fuses the refined
difference features before inputting them to the decoder to

generate the change map. Lei et al. [19] proposed a multiscale
decoupled convolution module that extracts multiscale features
of change objects by means of cyclic multiscale convolution.

Due to the local convolutional operation of CNN, its re-
ceptive field is limited and cannot capture distant contextual
details information. To tackle this problem, researchers have
incorporated the Transformer model into the RSCD task to
boost the model’s ability to obtain remote contextual infor-
mation. Chen et al. [32] were among the first to introduce an
RSCD network based on the Transformer model (BIT), effec-
tively capturing spatio-temporal context information between
bitemporal images by combining the Transformer structure and
semantic tokenization techniques. Zhao et al. [33] extracted
features from bi-chronological images using single-stream
and dual-stream encoders, achieving cross-phase fusion of
the encoder-extracted features through the attention module,
significantly improving the model’s detection accuracy of the
changed regions. Zhang et al. [34] utilized the Swin Trans-
former [35] to model the multiscale feature context informa-
tion of the bitemporal phase image, with the decoder and Swin
Transformer blocks recovering detailed information of the
change area. Jiang et al. [36] proposed a Visual Change Trans-
former model that utilizes a graph neural network to model
feature maps, optimizes the Top-K tokens, and integrates self-
cross attention with the APA module to ultimately generate
change maps. Wang et al. [37] introduced the CD Adder
Network, which accurately identifies differences between dual-
temporal remote sensing images through addition and subtrac-
tion operations, quantifies channel and spatial variations, and
conducts in-depth analysis using a Transformer model. It is
important to note that the effectiveness of deep learning-based
RSCD methods heavily depends on feature representation, as
the quality of this representation directly impacts detection
performance. Therefore, enhancing feature representation is
crucial for optimizing model performance. In this process,
feature enhancement and fusion play critical roles. Feature
enhancement aims to strengthen the representational capac-
ity of features, thereby preventing overfitting and improving
generalization. Meanwhile, feature fusion effectively integrates
features from two temporal phases, fully extracting change-
related information and enhancing the model’s accuracy in
detecting areas of change.

C. Feature enhancement

Feature enhancement in change detection improves the
distinguishability and expressiveness of change features, effec-
tively highlighting information in change regions while reduc-
ing noise interference. This enhancement ultimately increases
the accuracy of model detection in these areas. Additionally,
feature enhancement contributes to the robustness of the model
and helps prevent overfitting. Li et al. [38] proposed a multi-
scale differential feature enhancement network that generates
multi-scale bi-temporal features through a shared weighted
concatenated encoder. These features are then passed through
a differential enhancement module to refine the difference
features. Finally, the features are reconstructed into a change
map via a decoder. The differential enhancement module
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enhances information transfer between features at different
scales using multi-layer encoders and transformer decoders.
Lei et al. [39] designed a differential enhancement module
that effectively learns the difference representations between
the foreground and background, thereby reducing the inter-
ference from irrelevant changes in detection results. Song
et al. [40] proposed a context and differential enhancement
network, designing a content differential enhancement module
to handle bi-temporal features at each layer of the encoder.
By introducing a spatial attention mechanism, this module
effectively enhances the focus on change regions, improves
the expression of change difference features, and reduces
irrelevant interference, thus increasing the robustness and
accuracy of the model in complex environments. It is important
to note that although these methods have yielded satisfactory
results in change detection tasks, most focus on enhancing the
difference features in bi-temporal images. While this approach
helps capture change regions, it may overlook the feature
information of each temporal phase. By solely enhancing the
difference features, the detailed information of each temporal
phase may not be fully utilized, which limits the model’s
ability to handle complex change scenarios.

D. Feature fusion

Feature fusion plays a crucial role in RSCD models. Its
primary objective is to accurately capture differential infor-
mation by merging the features of bitemporal remote sens-
ing images, thereby enabling more effective identification of
change regions. Le et al. [41] proposed a change detection
network for remote sensing images that utilizes asymmetric
convolutional residual blocks and multi-scale fusion. The
encoder employs asymmetric convolutions to extract feature
edges, demonstrating enhanced robustness to rotation, flipping,
and aspect ratio distortions. The decoder further improves
the detection accuracy of edge change regions by integrating
multi-scale feature maps. Li et al. [42] designed a temporal
interaction module, which distinguishes itself from previous
methods that relied solely on single-stage concatenation or
subtraction for feature fusion. This module fuses bi-temporal
features by leveraging difference features and a series of
arithmetic operations. Jiang et al. [43] proposed a novel
joint learning framework that combines a fusion subnetwork
and a differential subnetwork. The fusion subnetwork focuses
on extracting and integrating bi-temporal features, while the
differential subnetwork emphasizes processing the detailed
differences in change regions. It is worth noting that, although
these methods have achieved satisfactory results, most rely
on simple feature fusion operations. When performing change
detection in complex scenarios, this fusion approach remains
insufficient, failing to capture subtle differences in changes.
Therefore, greater attention should be given to the model’s
ability to fuse global and local features to enhance its adapt-
ability and detection accuracy in complex change scenarios.

III. METHOD

In this part, we outline the overall structure of our put
forward AEGL-Net in subsection A. To enhance the features of

the bitemporal in subsection B, we introduce an AME module.
For better integration of the features of the bitemporal, we
present our proposed GLFF module in subsection C. Finally,
we introduce the decoder and loss function of AEGL-Net
in subsections D and E, respectively. In addition, we have
conducted a theoretical analysis in subsection F to further
enhance the theoretical depth of the manuscript.

A. AEGL-Net Overall Structure

This section describes the AEGL-Net structure, as shown in
Fig. 1, which is based on the MobileNetV2 backbone, AME,
GLFF, and decoder components.

We use a lightweight backbone, MobileNetV2, which is
capable to efficiently extracting features from bitemporal RS
images despite the fact that MobileNetV2 has fewer parame-
ters compared to traditional deeper and more complex network
structures [44]. This benefits from the deep separable convo-
lution [45] and residual concatenation [44] in its structure,
which are designed to effectively preserve important feature
information.

Given the inputs of the bitemporal RS image 71,72 €
R3%256%256 the bitemporal features of the five-scale outputs
are denoted as {Si_T1,i = 1,2,3,4,5} and {Si_T2,i =
1,2,3,4,5} (i represents the corresponding scale). To prevent
the large amount of noise in the initial phase from interfering
with the model, only the features of the last four phases are
utilized. To further enhance the expressive power of these
features, an AME is introduced to ameliorate and augment the
features of the last four stages extracted from the backbone.
Subsequently, the enhanced bi-temporal phase features are fed
into the GLFF, where efficient feature fusion operations are
performed. Finally, the fusion results of GLFF are input into
the decoder, responsible for generating accurate change maps,
thus enabling the precise identification and analysis of change
regions.

B. Adaptive Multiscale Enhancement (AME)

In deep learning research, it is widely recognized that
semantic information is essential for enhancing high-level
features. This is crucial for object localization, as it aids in pin-
pointing an object’s location and understanding its contextual
relationships. On the other hand, the fine-grained details of ob-
ject boundaries and textures predominantly make up the low-
level features, providing a detailed description of the object’s
precise shape and surface properties [46], [47], [48]. From this
perspective, much of the work on multiscale approaches has
focused on employing a series of multiscale operations for the
fusion of bitemporal features [49], [50], [51]. This approach
overlooks the potential benefits of enhancing each stage of the
feature acquisition flow from the backbone by incorporating
both elementary and advanced features. This augmentation can
enhance semantic information while preserving detailed infor-
mation, making it more conducive to the subsequent fusion of
bitemporal phase images. Multi-scale features are enhanced
through a combination of convolution, normalization, and
activation operations, progressively improving the expressive
power of features at each scale. First, convolution is applied to
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Fig. 1. AEGL-Net structure shows the generation of bitemporal images using the MobileNetV2 network to create multi-scale bitemporal features. The adjacent
scales undergo feature enhancement through AME, followed by fusion of the enhanced bitemporal features using GLFF. The fused features from each scale
are then fed into the decoder to produce the mask map. Subsequently, the change map from each scale undergoes upsampling and merging processes to
generate the ultimate change map. Finally, upsampling and merging operations are conducted on each scale to produce the final change map.
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Fig. 2. AME Structure, the values of W and H are both 256.

extract features, followed by normalization to ensure consis-
tency, and activation to enhance the model’s representational
capacity. Next, the features at the current scale are processed
alongside the fused features through additional convolution,
normalization, and activation operations to further strengthen
the feature representation. Finally, the Sigmoid function is
applied to evaluate the fused and current scale features. A
value close to 1 indicates a significant contribution to the
task (beneficial), while a value close to O indicates a smaller
contribution (non-beneficial). During training, the model learns
which features are most important for the change detection
task through optimization techniques such as backpropagation,
thereby achieving enhanced feature representation.

The structure of AME is displayed in Fig. 2. As an example,
we use features extracted from the second, third, and fourth
phases of the backbone. Feature maps {Si,i = 2,3,4} are
processed through the sequence of 3x3 convolution, batch
normalization (BN), and ReLU layers to construct features

S3 and Si. The 3x3 convolution effectively captures low-level
features such as textures, angles, and edges at each stage of the
image. The BN tier normalizes the output of the convolutional
layer, accelerating convergence during network training and
decreasing sensitivity to initialization. The ReLU activation
function prevents gradient vanishing and enhances the model’s
ability to represent non-linearities. Then, upsampling is ap-
plied to S} and downsampling to S3 to ensure their dimensions
are consistent with Si. Finally, feature {S},i = 2,3,4} is
concatenated with others to form the multi-scale feature S_F,
which can be represented as:

S2 = Down(ReLU (BN (Convzx3(S2)))) (1)
S} = ReLU(BN(Convzx3(S3))) 2)

S; = UP(ReLU(BN(Convsx3(S4)))) 3)
S_F = Cat(S3, 5%, 5}) )

where Down(-) stands the downsampling operation, U P(-)
stands the upsampling operation, C'at(-) represents the con-
catenation operation, and S_F represents the aggregated
multi-scale features.

After aggregating multi-scale features S_F', to achieve
enhancement purposes distinct from directly adding S_F' to
S53. We first process S_F' through a series of operations
including a 3x3 convolution, BN tier, and ReLU to generate
feature S_F2. Meanwhile, S3 is processed through a 1x1
convolution and a BN tier to produce feature S3. Subsequently,
features S_F? and S7 are element-wise multiplied, With
the application of a 1x1 convolution and BN tier afterward
to produce the enhanced feature S5_A. Let the pixels from
S_F and S3 in feature S3_ A be denoted as 175_ r and 1753,
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Fig. 3. GLFF Structure, {?, W i =4,8,16, 32}, the values of W and H
are both 256, with the value of j corresponding to i. For example, when i =
2,j=4,wheni=3,j=28, and so on.

respectively. The output of the Sigmoid function can then be
expressed as:

S2 = BN(Conv;x1(S3)) &)

S_F? = UP(ReLU(BN (Convsx3(S_F))))  (6)
S5_A = BN(Convsxs3(S_F? - S2)) (7

o = Sigmoid(S_F (Vs r) - §3(Vs3)) (8)

where o represents the probability that two pixels in S_F' and
S3 belong to the same object.

If o is high, it means that adding ‘737 F to S3 enhances
it, and vice versa. Thus, S3 can adaptively filter and absorb
beneficial features from the multi-scale features in S_F’, while
suppressing irrelevant or useless ones for enhancement. The
output of he third scale AME can be expressed as:

S3 A=0-Vsp+(1—0) Vs 9)

C. Global-Local Feature Fusion (GLFF)

The input for the RSCD task consists of bitemporal images.
However, capturing these images can be influenced by factors
unrelated to the RSCD task, including seasonal variations,
changes in lighting conditions, and building renovations. Ad-
ditionally, in cases of foreground-background category imbal-
ance, the model tends to predict more background categories,
which can result in various issues. On one hand, the model
may misclassify some foreground samples as background,
leading to underdetection. On the other hand, the model may
also misclassify some background samples as foreground,
resulting in misdetection. All these challenges impact the
accuracy and reliability of the model in RSCD tasks. To
tackle these issues, we have developed a GLFF, as illustrated
in Fig. 3. The global branch enhances the model’s ability
to process global information and improves its capacity to
model global dependencies, while the local branch effectively
integrates shared weights and context-aware weighting mecha-
nisms. By fusing dual-temporal features and combining global
and local feature extraction modules, the model’s capability
for remote sensing change detection is significantly improved.
The global branch captures large-scale change information,
thereby enhancing the model’s ability to represent global

|

! ﬁ 1x1 Conv @ Avgpool @ Dropout ® Matrix multiplication I
|
-/

Fig. 4. GBA Structure, { W j = 4,8,16,32}, the values of W and H
are both 256, with the value of7 j corresponding to i. For example, when i =
2,j=4,wheni=3,j=38, and so on.

dependencies. In contrast, the local branch dynamically adjusts
feature weights through shared weights and context-aware
weighting mechanisms. Through operations such as feature
fusion, convolution, and residual connections, the expressive
power of the features and the stability of the model are further
enhanced, resulting in increased precision in change detection.

Firstly, {S}_A,i = 2,3,4,5} and {S?_A,i = 2,3,4,5}
(i represents the corresponding scale)are multiplied by 1x1
convolution and BN layer to enhance the feature expression
ability and reduce the internal variable offset. Then, the S_F is
obtained by multiplying the bitemporal features. The S_F' is
inputted to the GBA and the LBA to obtain low-frequency
global features and high-frequency local features. Subse-
quently, the information is fused into the dual-branch by using
Concat to further enhance the extracted feature information.
Further enhancement is achieved by using 1x1 convolution
and Dropout to get the feature Sz _F. The extracted feature
information is further improved by 1x1 convolution and
Dropout. Leveraging the excellent performance of the residual
structure [44] in deep learning, the residual structure is used
to multiply the S_F' with the fused two-branch features to
enhance feature utilization. The Global-Local attention feature
fusion flow can be expressed as follows:

S_F = BN(Convix1(S;_A))- BN(Convyx1(S?_A))
(10)
Sar_F = Dropout(Convix1(Cat(X giobal, Xioear))) (11)

Si_ F =8¢, F-S_F (12)

where X ;44 stands the output of the Global Branch Atten-
tion (GBA), Xj,cqi represents the output of the Local Branch
Attention (LBA), Dropout(-) represents the regularization
operation, and S;_ F' represents the fused features.

The Global Branching Attention (GBA) first enhances spa-
tial invariance through operations such as convolution and
global pooling, and then utilizes an attention mechanism
to highlight key region features. By incorporating Dropout,
it prevents overfitting, thereby effectively capturing global
information. Specifically, the GBA structure is shown in Fig. 4.
First, S maps the features through 1x1 convolutional layers
and reshapes them into query (Q). S_F' is then downsampled
in spatial dimensions through AvgPool, which enhances spatial
invariance of the features. Next, it maps the features using 1x 1
convolutional layers and reshapes the key (K) and value (V).
Subsequently, matrix multiplication is used between them to

Authorized licensed use limited to: UNIVERSITA DEGLI STUDI DI MILANO. Downloaded on June 04,2025 at 08:13:25 UTC from IEEE Xplore. Restrictions apply.
© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Geoscience and Remote Sensing. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TGRS.2025.3575591

JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

generate an attention map through a softmax layer. To prevent
overfitting, Dropout is applied before the attention map and
V matrix multiplication. Finally, the result X34, is output.
The process of GBA output X ;,,4; can be represented as:

Q = Convi . (S_F) (13)

K = Convix1(Avgpool(S_F)) (14)

V = Convix, (Avgpool(S_F)) (15)

X, =V ® Avgpool(Softmaz(Q @ K™)) (16)

where Avgpool(-) represents the average pooling operation
and ® represents matrix multiplication.

The Local Branching Attention (LBA) module effectively
aggregates local information through depthwise separable
convolutions, thereby improving the ability to extract local
features. At the same time, the introduction of Swish and
Tanh activation functions further enhances the representation
of features in local change regions, significantly improving the
detection capability of change areas. Specifically, the structure
of LBA is illustrated in Fig. 5. Global branching enhances
the global receptive field, effectively capturing low-frequency
global information, but lacks the ability to process high-
frequency local information. In LBA, we first map the features
using 1x1 convolutional layers. Then, we aggregate the local
information using Depthwise (DW) convolution, where the
DW convolution weights are shared. After this, we reshape
the features into Q, K, and V matrices. The resulting sum
is then subjected to Hadamard multiplication. In contrast to
some previous methods for capturing local information [52],
[53], [54], [55], the only nonlinear operator in the process
of generating context-aware weights for local self-attention is
Softmax. However, we incorporate Swish in addition to Tanh,
and the stronger nonlinear function can produce higher quality
context-aware weights. The process of LBA output Xj,.q; can
be represented as:

Q = DWeonv(Convy 1 (S_F)) (17)
K = DWconv(Convyx1(S_F)) (18)
V = DWeonv(Convyx1(S_F)) (19)
Xiocar = V - Dropout(Tanh(Swish(Q - K)))  (20)

where DWconv(-) represents a 5x5 DW convolution,
Tanh(-) and Swish(-) represents two different activation
functions.

D. Decoder

The decoder’s structure is presented in Fig. 6, inspired by
the decoder in the paper [56]. The decoder consists of four
stages {Di,i = 2,3,4,5}( stands for the stage number of the
decoder). The output of each stage contains both global and
local information of the current stage {dp;,? = 2,3,4,5}@
represents the features outcome at the ith phase of the de-
coder). Additionally, we have the change mask map {P;,i =
2,3,4,5}( represents the variation mask map outcome at the
ith stage of the decoder) . To fully exploit the deep and shallow
feature information from various stages, we feed the output of

Q q w
LA S SH S

4
| 2 |
| 1x1 Conv g MemoryEfficientSwish @ Dropout @Tanh @ Element-wise Multiplication J

Fig. 5. LBA Structure, {%, W i = 4,8, 16, 32}, the values of W and H

are both 256, with the value ofi j corresponding to i. For example, when i =
2,j=4,wheni=3,j=38, and so on.
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Fig. 6. Decoder Structure, {?, %,j = 4, 8,16, 32}, the values of W and
H are both 256, with the value of j corresponding to i. For example, when i
=2,j=4,wheni=3,j=38, and so on.

GLFF {S;_A,i = 2,3, 4,5}(i stands for the scale number) into
the relevant stage of the decoder, such as S;_A into D5, and
so forth. For instance, in the case of Dy, d5 is up-sampled to
match the resolution size of d4. Then, d5 and d4 are combined
and fused, resulting in the fused feature information dﬁ. This
fused information is further enhanced through convolution,
normalization, and activation operations. Subsequently, di is
transformed into a variation mask map Pj.

In addition, we generate a change mask map PI using the
Sigmoid activation function for df: after convolution. Simulta-
neously, we generate a reverse change mask map P} through
an inverse operation. The obtained Pf and P} contain the
context information of the current stage change object, after
concatenating features P4f and P?. We generate feature d}
through convolution and other operations and then multiplying
them with df: through operations such as convolution to
enhance feature utilization. Finally, we use 3x3 convolution
and other operations to obtain more feature information in dp4.
The generation process of dps can be described as follows:

df = ReLU(BN (Convix1(ds + UP(ds)))) (21
Py = Convy 1 (df) (22)

P = Sigmoid(Conlel(dff)) (23)

P = Invert(Sigmoid(Conle1(d£))) (24)
d? = ReLU(BN (Convix1(Cat(P], P))))  (25)
dps = ReLU (BN (Convsyxs(d] - d}))) (26)

where Invert(-) symbolizes the inversion operation, and
Cat(-) symbolizes the concatenation operation.
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E. Loss Function

Loss functions are vital in deep learning models, particularly
for the RSCD task, which requires pixel-level prediction. To
tackle the issue of class imbalance that can hinder the learning
of changing object features, a hybrid loss function is utilized.
This hybrid loss function combines the binary cross-entropy
loss function L., with the dice loss function Lg;.. [57]. The
total loss function L;,¢,; can be denotes as:

Lyce(fy,r) =71 -log f+ (1 —7) - log(1l — f) 27
2 . 7” . f
Liice(fi7) =1 — 28
diee(S:7) = 1= L 28)
5
Liotar(£,7) = Y Loee(fis7) + L(fi,7) (29)

=2
where f is the forecast change map and r is the real change
map, ||-|| represents the ¢; norm.

F. Theoretical Analysis

Threshold Effect of Sigmoid:

The Sigmoid function o(z) = - maps the input to the
interval (0,1), forming a nonlinear soft threshold” adjustment
mechanism. The derivative of the Sigmoid function, ¢'(z) =
o(z)(1—o(x)), always lies within (0,0.25], providing a stable
gradient for backpropagation. This ensures the stability of the
optimization process for o, further supporting the effectiveness
of the threshold effect. Additionally, we conduct a theoretical
analysis from the perspectives of convex optimization and the
bias-variance trade-off in statistical learning.

1) Stability from the convex optimization perspective Define
the objective function L(c) as the mean squared error between
the enhanced feature S3_A and the true change feature Y:

Lo)=E[|Y —(c-Ver+(1—0)-Vs3)l3]  (30)

where E[] denotes the expectation operation, and ||||2 repre-
sents the L2 norm.
The second derivative of the objective function is:

0?L - -,
Ol o BllVsr - Vsl a1
Since the second derivative of L(o), 2272 > 0 it indicates

that L(o) is a strictly convex function with a unique global
minimum. By ensuring o € (0, 1) through the sigmoid func-
tion, the stability of the optimization process is guaranteed.
For example, in the LEVIR-CD dataset, when the difference
between multi-scale features (deep semantics) and features
at the current scale (shallow texture) is significant, the strict
convexity ensures that the model can quickly converge to the
optimal weight distribution, avoiding being trapped in local
extremes.

2) Bias-Variance Trade-off in Statistical Learning. The mean
squared error (MSE) of the augmented features, denoted
as MSE(S3_A), is expressed as follows:

Bias =0 (E[Vs p]—Y)+(1—0)- (E[Vss] = Y) (32)

Variance = 02 - Var[Vs p] + (1 — 0)% - Var[Vss]  (33)

MSE(S3_A) = Bias® + Variance (34)

where Bias represents the bias term, Variance denotes the
variance term, and Var() is the variance operator.

From the perspective of the bias-variance trade-off in statis-
tics, optimization of model performance is achieved by balanc-
ing bias and variance. For instance, when multi-scale features
exhibit high variance due to factors like illumination or noise,
o approaches 0, prioritizing the use of smooth features at the
current scale (e.g., unobstructed local textures). Conversely,
when current-scale features are affected by shadows or noise,
o tends toward 1, relying instead on the global consistency
of multi-scale features. Experiments involving the addition
of random illumination and noise (Table VIII) validated the
robustness of AEGL-Net against illumination and noise per-
turbations.

Dynamic Weight Allocation:

In AEGL-Net, the fusion of global and local features
effectively enhances the model’s capability to perceive change
regions. Specifically, local features dynamically adjust weight
distribution based on the contextual information of input fea-
tures, enabling the model to more accurately identify changes
in diverse regions and objects. The following presents a theo-
retical analysis from the perspectives of dynamic adaptability
and locality constraints.

1) Dynamic Adaptability. The local branch captures local
neighborhood feature information via depthwise separable
convolution, generating query Q, key K, and value V. The
context-aware weight w is produced through the nonlinear
activation of Q and K, with its generation process defined
as:

w = Tanh(Swish(Q - K)) (35)

For any input feature x, the context-aware weight w; ; of the
local branch output Xj,.q; is expressed as:

w; ; = Tanh(Swish( Z wy-x(k)- Z wy-x(1))) (36)

kEN () lEN(j)

where N(i) denotes the neighborhood centered on pixel i, and
wy, represents the shared weight of DWConv.

The Swish function Swish(z) = z - o(z) (where o is
the sigmoid function) exhibits non-monotonic properties. Let
matrix M = Q- K, with its element m; ; = ZkeN(i) wy-x(k)-
>_1en(j) wrrx(l). Swish operates element-wise on M, retaining
only weights of strongly correlated features with m; ; > 0
Based on feature correlation strength, it achieves “invalid
correlation filtering” aligning with the optimization goal of
“retaining features with high mutual information” in informa-
tion theory.

The Tanh function maps inputs to [—1, 1], normalizing the
output of Swish(Q - K). Let z = Swish(Q - K), after Tanh
transformation, || w || < 1 ensuring stable element values in
the weight matrix W = [w; ;]. From an optimization theory
perspective, this normalization satisfies the Lipschitz condition
for gradient updates. That is, there exists a constant L such that
the weight update step Ay satisfies | Aw |[|[<n- L- || V£ ||
(I V£ || is the gradient norm, and n is the learning rate),
guaranteeing training stability.
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Due to the Swish function’s characteristics, wy, iS non-zero
only when -, c vy wi - (k) - 3 oje gy wi - 2(l) > 0. Let
the rank of matrix Q - K be r. its non-zero elements are dis-
tributed across at most r rows/columns. Thus, the non-zero el-

. . nnz(W) rank(Q-K)

ement proportion satisfies =5 < N -max; j(w; ;)
where nnz(W) is the number of non-zero elements in weight
matrix W, and N is the total number of matrix elements. This
inequality demonstrates that dynamic weights retain key local
features via sparsity, reduce redundant correlations, achieve
efficient feature space compression, and preserve task-relevant
mutual information.

2)Locality Constraints. The value of the output X;,.q; from
the local branch relies on local neighborhood information. For
any input feature X, Xj,cq; 1S expressed as:

V(j) = DWeconvsys5(Convyxi(x)) (37)
Xigear(i) = Y wij-V(j) (38)
JEN()
where V(j) involves the neighborhood of j. There-

fore, V(j) contains the local contextual information of j.
According to the definition of locality constraints, when
j & N(@), wi; = 0. Thus, Xjoeq(i) only aggregates
features within the neighborhood N(i), that is: Xjpeqi(i) =
2jen 0 V() + 2 ¢ne) wiy - V(7). This characteristic
theoretically excludes the interference of distant irrelevant
features, ensuring that dynamic weights focus on the features
of the change region.

IV. EXPERIMENTS

To fully evaluate the effectiveness of AEGL-Net, we carried
out comprehensive experiments on four widely recognized
RSCD datasets that cover various scenarios and challenges,
fully reflecting the adaptability and stability of our model.
We contrasted AEGL-Net with the current best approach on
these datasets, and the results of the comparison experiments
clearly illustrate the advantages of our model in terms of
performance. Subsequently, we supply detailed depictions of
the experiments and evaluation metrics of the RSCD task.
To present the experimental results more clearly, we also
conducted visual analyses, enabling a clear comparison of our
model’s performance on different datasets with other methods.
Lastly, we undertook ablation experiments to more thoroughly
authenticate the performance of AEGL-Net.

A. Data Description

We provide an overview of four influential datasets: LEVIR-
CD, S2Looking, SYSU-CD, and UAV-CD, for evaluating
the performance of AEGL-Net. These datasets embrace raw
bitemporal images and their respective ground truth.

1) LEVIR-CD [58]: It is collected from Google Earth,

consists of building change detection data spanning from
2002 to 2018 and includes various types of structures.
This dataset includes 637 image pairs, where each image
has a resolution of 1024 x 1024 pixels and an optical
resolution of 0.5 meters. The images are subsequently
cropped to a size of 256 x 256 pixels.

2) S2Looking [59]: It comprises 5,000 rural bitemporal
images and 65,920 instances of global change, each with
a size of 256 x 256 pixels. The images exhibit char-
acteristics such as wide viewing angles and significant
lighting variations.

3) SYSU-CD [60]: It comprising 20,000 pairs of aerial
images from Hong Kong, collected between 2007 and
2014, each image is 256 x 256 pixels in size with a
resolution of 0.5 meters.

4) UAV-CD! : Based on the UAV-BCD [61], it further
enhanced sample diversity and increased the sample size
by including land changes alongside building changes,
expanding the total from 2024 to 2660 samples. Specif-
ically, UAV-CD consists of a total of 2660 pairs of 768
x 768 pixel , spatial resolution of 0.06m.

B. Evaluation Metrics

To meticulously assess the AEGL-Net model’s performance
in the RSCD task, we apply four prevalent evaluation metrics:
precision (P), recall (R), FI score (F1), and Intersection
over Union (IOU). Among these metrics, IOU and F1 are
considered the primary evaluation criteria. P measures the
fraction of true positives among all the samples that the model
has identified as positive. R measures the fraction of true
positive predictions among all the actual positive samples
identified by the model. F1 merges the P and R metrics of
the model, with a higher F1 reflecting better performance in
the RSCD task. IOU indicates the ratio of the intersection of
the predicted and actual change areas to their combined area.
Each metric is calculated as follows:

. Tp

Precision = ———— 39
Tp+ Fp 5%

Tp
Recall = ———— 40
eca Tp 1 Fx 40)

Tp
o= ———— 41
Tp+ Fy + Fp 1)
Fl—9x Precision x Recall 42)

Precision + Recall

where Tp stands the total number of pixels correctly recog-
nized as a change, Fp stands the total count of unchanged
pixels that were falsely classified as changed, and Fy refers
to the number of pixels that experienced a change but were
mistakenly categorized as unchanged.

C. Implementation Details

A single NVIDIA Geforce RTX 3060 (12G) GPU was
employed for all the experiments conducted in this study.
In the course of training, the PyTorch framework and Adam
optimizer are utilized, with momentum set to 0.9 and weight
decay configured at 0.0001, parameters (1, B2 of 0.9 and
0.99, where the initial learning rate is 0.0005, the batch
size is 32, respectively. a poly learning strategy is used,
i.e., (1 — (cur_iteration/ max _iteration))P°*e" x lr, where

Uhttps://github.com/yikuizhai/UAV-CD
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power and max_iteration. The model was trained for 40000
iterations on each dataset. Dropout was used to prevent over-
fitting. By randomly dropping a portion of neurons during the
training process, it reduces the model’s excessive reliance on
specific neurons, thereby preventing overfitting.

D. Comparison with SOTA Models

The proposed model was compared with ten SOTA models
on four different datasets, which include FC-EF [17], FC-Conc
[17], FC-Diff [17], BIT [32], ChangeFormer [62], FCCDN
[63], ICIF-Net [54], DMINet [64], VcT [36], and S2-CD [37].
It is important to note that in the RSCD task, the IOU and
F1 values serve as key metrics for evaluating the model’s
performance. These metrics provide an intuitive reflection of
the accuracy and robustness of the model. Therefore, we have
chosen IOU and F1 values as the primary criteria for assessing
model quality. To ensure a fair comparison, we have re-
implemented these models based on their open-source codes.
The following sections offer a detailed overview of these
models:

1) FC-EF: It is a structure, based on the U-Net model,
which has been adjusted to accept image pairs spliced
together in the channel dimension.

2) FC-Conc: It is a fully convolutional Siamese network
that identifies change regions by combining the feature
maps of bitemporal images. The network consists of
two weight-sharing branches that analyze images from
different temporal phases.

3) FC-Diff: It is a fully convolutional Siamese network
that identifies change regions by computing the variance
between bitemporal image features. The network com-
prises two branches with shared weights that analyze
images from different temporal phases.

4) BIT: It is an early model that introduces the concept of
Transformer models into change detection. This model
represents bitemporal images as tokens, leveraging a
Transformer encoder to model the contextual relation-
ships. Contextual tokens learned during the process are
then reintroduced to the pixel space, where a Trans-
former decoder is applied to enhance the original fea-
tures.

5) ChangeFormer: It is a Transformer-based Siamese net-
work architecture that utilizes an advanced Vision Trans-
former model as the encoder. By incorporating a hierar-
chical Transformer encoder and an MLP decoder within
the Siamese network framework.

6) FCCDN: It employs a dual encoder-decoder architec-
ture along with a non-local feature pyramid for multi-
scale feature fusion, while a densely connected module
enhances the integration of temporal features. Further-
more, self-supervised learning is utilized to enhance the
model’s performance and generalization capabilities.

7) ICIF-Net: It represents a feature fusion network that
combines mechanisms for intra-scale cross-interaction
with those for inter-scale interaction, utilizing CNN and
Transformer models to extract both local and global
features. The network concludes by fusing global-local
features through attention-based inter-scale fusion.

10

8) DMINet: It adopts a cross-period joint attention mech-
anism, integrating self-attention and cross-attention
mechanisms through the JointAtt module to effectively
guide image features and suppress interference. It uti-
lizes difference feature acquisition and multi-level dif-
ference aggregation technology to achieve accurate de-
tection of image changes.

9) VcT: It is a Visual Change Transformer network de-

signed for CD. This network treats feature map pixels as

graph nodes and models structured information using a

graph neural network. It utilizes clustering algorithms to

mine and refine Top-K tokens. Additionally, it employs
self-cross-attention mechanisms along with the Anchor-

Prompt Attention (APA) learning module to enhance

features. In the final stage, a prediction head generates

detailed change maps.

S2-CD: It precisely locates subtle differences in bitem-

poral images through summation and subtraction oper-

ations. The summation and subtraction modules quan-
tify channel changes and capture spatial differences,
respectively, which are then analyzed in depth by the

Transformer model. Finally, heterogeneous modulation

blocks integrate and enhance the channel and spatial

feature differences.

1) Experiments on LEVIR-CD: Table I details the results
for LEVIR-CD. The FCCDN model, among the ten baseline
models, achieves the highest scores with IoU and F1 at
83.52%, and 91.02%, respectively. In comparison, our pro-
posed AEGL-Net model achieves 84.55%, and 91.63% for
these metrics, surpassing FCCDN. Specifically, our model
outperforms FCCDN by 1.03% in IoU, and 0.61% in FI.
Fig. 7 shows our method effectively reduces false positives and
false negatives in LEVIR-CD, with AEGL-Net outperforming
advanced methods. In (a), (c), (e), most methods miss change
areas (blue regions) under cluttered environments, illumination
variations, or dense changes, while ours accurately detects
them, demonstrating superior detail-handling and detection
performance.

2) Experiments on S2Looking: Table I details the results
for S2Looking, the offered AEGL-Net model outperforms the
DMINet model, which is the best among the ten baseline mod-
els,with reference to both IoU and F1. Specifically, AEGL-Net
achieves improvements of +1.91% in IoU and +1.76% in F1.
Fig. 8 on S2Looking shows AEGL-Net’s superior detection
performance: our method accurately identifies changed areas
across (a)—(f), uniquely detecting small changes surrounded
by complex environments in (a), (c), and (e), where state-of-
the-art methods fail.

3) Experiments on SYSU-CD: Table I details the results for
SYSU-CD, the AEGL-Net model surpasses the other ten base-
line models, including the best-performing DMINet model,
in both IoU and F1, which are key performance indicators.
Specifically, our model achieves a 2.17% betterment in IoU
and a 1.53% betterment in F1. These results clearly prove
that AEGL-Net performs better than other baseline models in
accurately detecting change areas in the SYSU-CD. Fig. 9 on
SYSU-CD shows our method’s consistent superiority: it re-
duces false positives (red in (a)), minimizes missed detections

10)
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TABLE I
QUANTITATIVE EVALUATION RESULTS OF THE LEVIR-CD, S2LOOKING, SYSU-CD, AND UAV-CD DATASET ARE PRESENTED. THE BEST VALUES
ARE HIGHLIGHTED IN BOLD, AND ALL VALUES ARE EXPRESSED AS PERCENTAGES

Method LEVIR-CD S2Looking SYSU-CD UAV-CD
10U F1 R P 10U F1 R P 10U F1 R P 10U F1 R P

FC-EF 58.66 7394 7099  77.16 11.79  21.09 1536 33.64 | 5487 70.86 69.74  72.01 46.15 63.15 5749  70.06
FC-Conc 7393  85.01 85.17  84.85 1622 2792 2208 3797 | 60.05 7504 7838 7198 | 4475 61.83 5547 69.84
FC-Diff 76.69  86.81 84.80  88.91 16.68 2859  23.64 36.15 | 51.65 68.12 5998  78.81 4853 6535 5731 76.00
BIT 81.72  89.94 8955 9032 | 45.88 6290 5538 7280 | 6331 77.53  75.03  80.21 54.09 7021 6594  75.07
ChangeFormer 82.01 90.11 88.77 9150 | 4391 61.03 53.00 7192 | 6091 7570  71.15  80.88 | 47.73  64.61 6231  67.09
FCCDN 83.52 91.02 883l 93.91 4129 5845 48,66 73.16 | 6423 7822 7922 7724 | 5754 73.05 7048 7581
ICIF-Net 81.73 8996 8922 90.69 | 38.85 5596 4586 71.77 | 62.44 7688 7295 8126 | 5605 71.83 67.55 76.70
DMINet 83.44 9097 89.82  92.16 | 4645 6343 55.09 7476 | 67.58 80.65 76.16 8571 | 57.61 73.11 6942 7720
VcT 81.28 89.67 86.75 92.80 | 4538 6243 55.63 71.12 | 6550 79.15 7729  8l.11 54.03 70.16 63.87 77.82
S2-CD 81.31 89.69 87.78 91.68 | 4347 60.59 51.14 7434 | 6425 7823 76.11 80.47 | 56.58 7227 6725 < 78.09
AEGL-Net(Ours) | 84.55 91.63 90.78 9248 | 4836 6519 60.96 70.05 | 69.75 82.18 8140 8296 | 60.23 7518 72.15 7847

(b)
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Fig. 7. Visual comparison of AEGL-Net with other advanced methods on the LEVIR-CD. In the Fig, white represents true positives, black represents true

negatives, blue represents false negatives, and red represents false positives.

in dense environments (d), and excels in handling changed
objects’ edges and structures (e), outperforming state-of-the-
art methods.

4) Experiments on UAV-CD: Table I details the results for
UAV-CD, the AEGL-Net model outperforms ten other bench-
mark models, including the top-performing DMINet model, in
both key performance metrics: IOU and F1 score. Specifically,
our model leads by 2.62% in IOU and by 2.07% in F1 score.
These results clearly indicate that AEGL-Net exhibits stronger
performance compared to other benchmarks in identifying
change regions within the UAV-CD. Additionally, Fig. 10
demonstrates the effectiveness of our method. Compared with
state-of-the-art methods, which exhibit numerous blue-marked
missed detection areas, our approach significantly minimizes
such omissions and achieves a notably lower miss rate, reflect-
ing its superior detection capability.

To further assess the efficiency of AEGL-Net, we compared

it with several other models across four datasets: LEVIR-
CD, S2Looking, SYSU-CD, and UAV-CD. The compari-
son focused on model parameters, floating-point operations
(FLOPs), and inference time. As shown in Table II, AEGL-
Net outperforms most of the compared models in terms of
both parameter size and inference time. Although our method
has slightly more parameters than FC-EF, FC-Conc, and FC-
Diff, it demonstrates a significant performance improvement.
Moreover, AEGL-Net achieves the lowest number of floating-
point operations among all the models compared. Therefore,
considering parameters, FLOPs, inference time, and overall
performance, AEGL-Net clearly outperforms the other models.

In a nutshell, the visualization results presented in Fig. 7,
8, 9, 10 confirm that our model, through the AME module,
enhances feature representation, enabling more accurate detec-
tion of change region boundaries. Additionally, the use of the
GLFF module allows for the modeling of global features while
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Fig. 8. Visual comparison of AEGL-Net with other advanced methods on the S2Looking. In the Fig, white represents true positives, black represents true

negatives, blue represents false negatives, and red represents false positives.
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Fig. 9. Visual comparison of AEGL-Net with other advanced methods on the SYSU-CD. In the Fig, white represents true positives, black represents true

negatives, blue represents false negatives, and red represents false positives.

retaining local feature information, thereby enabling precise
identification of small objects and localized changes.

E. Ablation Study

In this section, to validate the efficacy of AME and
GLFF, we performed ablation experiments on the LEVIR-CD,
S2Looking, SYSU-CD, and UAV-CD. Table III provides the
results, and the visualization results are displayed in Fig. 11.
The baseline model, which does not include the AME and
GLFF modules, employs 1x1 convolutions and element-wise
addition to perform alignment and feature fusion operations.

1) Ablation of AME: The purpose of AME is to enable
adaptive integration of multi-scale semantic and texture infor-
mation extracted from the backbone network into features at
each stage. The AME module enhances the ability to capture
and utilize semantic details and texture variations at different
scales, thereby improving the features at each scale. The
results of experiments with the baseline model incorporating
AME, referred to as baseline+AME, on the four datasets are
shown in Table III. Specifically, after incorporating AME, the
F1 for baseline+ AME on the LEVIR-CD, S2Looking, SYSU-
CD, and UAV-CD are 91.13%, 63.59%, 81.07%, and 73.28%,
respectively, representing increases of 1.07%, 0.95%, 2.4%,
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Fig. 11. Visualization results of ablation experiments for different modules in
AEGL-Net. In the figure, white represents true positives, black represents true
negatives, blue represents false negatives, and red represents false positives.

and 1.7% compared to the baseline model. The IoU also
show improvements of 1.78%, 1.02%, 3.32%, and 2.09%,
respectively. Visualization results in Fig. 11 demonstrate that
adding the AME module to the baseline model allows for the
detection of more change areas (blue). For example, in Fig. 11,
on the SYSU-CD, despite some false detections, the model

TABLE 11
PARAMETERS(PARAMS), FLOATING-POINT OPERATIONS PER
SECOND(FLOPS) AND INFERENCE TIME ON THE LEVIR-CD,
S2LOOKING, SYSU-CD, AND UAV-CD DATASETS

Method Params(M) | FLOPS(G) LEVIR-CD  S2Looking SYSU-CD  UAV-CD
Inference Time(S)

FC-EF 1.35 3.57 3.60 26.25 7.09 4.24
FC-Conc 1.54 532 445 31.06 8.47 5.01
FC-Diff 135 4.72 4.35 32.69 8.78 5.07
BIT 11.95 3.55 2445 188.94 47.11 27.71
ChangeFormer 43.97 202.79 106.68 838.04 209.51 125.72
FCCDN 6.31 6.66 14.83 161.95 39.31 27.84
ICIF-Net 25.85 25.36 47.27 375.22 90.27 52.87
DMINet 6.75 14.42 23.50 179.44 45.43 27.18
VT 12.40 10.64 61.00 495.27 129.01 74.98
S2-CD 12.16 9.26 21.69 166.42 42.79 25.59
AEGL-Net 3.85 1.26 17.11 131.47 33.29 20.05

can accurately identify more change areas compared to the
baseline. Overall, both the improvements in IoU and F1 shown
in Table III and the visualization results in Fig. 11 indicate that
the AME module effectively enhances feature representation.

2) Ablation of GLFF: The purpose of GLFF is to enhance
the modeling of global dependencies when fusing bitemporal
features in AEGL-Net. GLFF effectively integrates shared
weights and context-aware weights to enhance local features,
which helps reduce false negatives for minor changes. The
results of experiments with the baseline model incorporating
GLFF, referred to as baseline+GLFF, on the four datasets are
shown in Table III. Specifically, after incorporating GLFF,
the IoU and F1 for baseline+GLFF are 1.78% and 1.07%
higher, respectively, on the LEVIR-CD, 0.59% and 0.55%
higher on the S2Looking, and 1.78% and 1.29% higher on
the SYSU-CD, and 2.55% and 2.06% higher on the UAV-CD
as opposed to the baseline. visual display results are presented
in Fig. 11. The introduction of GLFF into the baseline model
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TABLE III
QUANTITATIVE EVALUATION RESULTS OF THE ABLATION EXPERIMENTS FOR AME AND GLFF ON THE LEVIR-CD, S2LOOKING, SYSU-CD, AND
UAV-CD. THE BEST VALUES ARE HIGHLIGHTED IN BOLD, AND ALL VALUES ARE EXPRESSED AS PERCENTAGES

Method LEVIR-CD S2Looking SYSU-CD UAV-CD
10U F1 R P 10U F1 R P 10U F1 R P 10U F1 R P
baseline 81.92  90.06 8838  91.81 4560 62.64 59.15 66.57 | 64.84 78.67 7523 8244 | 5573 7158 7402  69.29
baseline+AME 83.70  91.13  89.92 9236 | 46.62 6359 60.69 66.78 | 68.16 81.07 77.30 8523 | 57.82 7328 70.58  76.19
baseline+GLFF | 83.70  91.13  89.72 92,58 | 46.19 63.19 5955 6729 | 66.62 7996 7893 81.03 | 5828 73.64 7544 7193
AEGL-Net 84.55 91.63 90.78 9248 | 4836 6519 60.96 70.05 | 69.75 82.18 8140 8296 | 60.23 75.18 7215 7847
TABLE IV

QUANTITATIVE EVALUATION RESULTS OF ABLATION EXPERIMENTS WITH LBA AND GBA ON THE LEVIR-CD, S2LOOKING, SYSU-CD, AND
UAV-CD.THE BEST VALUES ARE HIGHLIGHTED IN BOLD, ALL VALUES ARE EXPRESSED AS PERCENTAGES

Method LEVIR-CD S2Looking SYSU-CD UAV-CD
10U F1 R P 10U F1 R P 10U Fl1 R P 10U F1 R P
Without LBA 84.10 91.36  89.77  93.02 | 47.72 64.61 6231 67.09 | 66.78 80.08 74.88  86.07 | 57.86 73.30 72.60 74.01
Without GBA | 83.88  91.24 8998 9253 | 47.79 64.67 59.65 70.61 67.20  80.38  76.51 84.66 | 5833  73.68 7333 74.04
AEGL-Net 84.55 91.63 90.78 9248 | 4836 65.19 60.96  70.05 69.75 82.18 8140 8296 | 60.23 7518  72.15

improves the accuracy in identifying and localizing change
areas. Additionally, Fig. 11 indicate improved edge detection
capabilities. The improvements in experimental metrics shown
in Table III and the visualization results in Fig. 11 demonstrate
that integrating bitemporal features with GLFF and utilizing
global-local attention enhances both local and global feature
learning.
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Fig. 12. Visualization results of ablation experiments With LBA and GBA On
in AEGL-Net. In the figure, white represents true positives, black represents
true negatives, blue represents false negatives, and red represents false
positives.
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Fig. 13. Heatmap results of ablation experiments for different modules in
AEGL-Net. Red areas indicate regions of higher attention, while blue areas
indicate regions of lower attention.

From the visualizations of the four datasets in Fig. 11, we
observe that incorporating either the AME or GLFF module
into the baseline model improves the identification of change
areas. However, the results displayed in Fig. 11, while demon-
strating progress in reducing missed detections, also introduce
some false detections. When both AME and GLFF modules
are used together, the model not only accurately identifies
more change areas but also effectively reduces false detections.
To further illustrate the impact of AME and GLFF modules,
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TABLE V

15

QUANTITATIVE EVALUATION RESULTS OF ABLATION EXPERIMENTS WITH DIFFERENT ACTIVATION FUNCTIONS ON THE LEVIR-CD, S2LOOKING,
SYSU-CD, AND UAV-CD.THE BEST VALUES ARE HIGHLIGHTED IN BOLD, ALL VALUES ARE EXPRESSED AS PERCENTAGES

Method LEVIR-CD S2Looking SYSU-CD UAV-CD
10U F1 R P 10U F1 R P 10U F1 R P 10U F1 R P
Softmax 84.05 9133 90.06 9265 | 46.06 63.07 6091 65.38 | 66.71 80.03  76.67 83.7 56.48 7219 7052 73.94
Tanh 84.12  91.37  90.68  92.07 | 4725 6418 61.14 6754 | 66.87 80.15 7504 8599 | 5893 7416 75.68 72.70
Swish 84.13 9138 91.09 91.67 | 47.60 6452 60.82 68.70 | 6695 80.20 7545 85.60 | 59.17 7435 7436 7434
Swish+Tanh | 84.55 91.63 90.78 9248 | 4836 6519 6096 70.05 | 69.75 8218 81.40 8296 | 60.23 7518 7215 78.47
TABLE VI

QUANTITATIVE EVALUATION RESULTS OF ABLATION EXPERIMENTS WITH DIFFERENT BACKBONES ON THE LEVIR-CD, S2LOOKING, SYSU-CD,
AND UAV-CD.THE BEST VALUES ARE HIGHLIGHTED IN BOLD, ALL VALUES ARE EXPRESSED AS PERCENTAGES

LEVIR-CD S2Looking SYSU-CD UAV-CD
Backbone Params
10U Fl1 R P 10U F1 R P 10U F1 R P 10U Fl1 R P

ResNet18 17.64M 83.82 9120 91.00 9140 | 47.07 64.01 60.56  67.89 | 68.11 81.03  79.76  82.35 5553 7141 68.53  74.54

ResNet34 27.75M 84.24 9145 9034 92,57 | 4698 6393 60.62 67.61 67.74  80.77 7623  85.88 | 58.64 7393 69.08 79.51

ResNet50 44.4T™M 84.00 91.31 90.19 9245 4322 6035 5692  64.23 68.79  81.51 78.70  84.52 59.99  75.00 7529 84.52
MobileNetV2 3.85M 84.55 91.63 90.78 9248 | 4836 6519 6096 70.05 | 69.75 82.18 8140 8296 60.23 7518 72.15 7847

TABLE VII

QUANTITATIVE EVALUATION RESULTS OF ABLATION EXPERIMENTS WITH DIFFERENT BATCHSIZE ON THE LEVIR-CD, S2LOOKING, SYSU-CD,
AND UAV-CD.THE BEST VALUES ARE HIGHLIGHTED IN BOLD, ALL VALUES ARE EXPRESSED AS PERCENTAGES

Method LEVIR-CD S2Looking SYSU-CD UAV-CD
10U F1 R P 10U F1 R P 10U Fl1 R P 10U F1 R P
batchsize=64 | 84.16 91.40 89.58 9330 | 48.13 6499 6242 67.77 | 6846 8128 78.69 84.04 | 5789 7333 7579 71.03
batchsize=24 | 84.15 9139  90.79 9199 | 47.07 6401 59.10 69.81 68.44 8126 7673 8636 | 59.12 7431 7246 7625
batchsize=16 | 84.18  91.41 90.45 9239 | 4595 6297 59.83 6645 | 67.88  80.87 79.61 85.64 | 59.49 7460  72.71 76.59
batchsize=8 83.27 90.87 9049  91.26 | 4322 6035 5944 6129 | 6836 8120 8036 82.06 | 57.58 73.08 7629  70.13
batchsize=32 | 84.55 91.63 90.78 9248 | 4836 6519 6096 70.05 | 69.75 82.18 8140 8296 | 60.23 7518 7215 78.47

Fig. 13 presents heatmaps showing the changes in the model’s
attention areas before and after incorporating these modules.
Fig. 13 indicates that models with AME or GLFF modules
are more effective in focusing on change areas compared to
the baseline model. When both AME and GLFF modules are
introduced, the attention areas of the model closely align with
the actual change areas. Fig. 13 shows that while models
with AME or GLFF modules significantly focus on change
areas, they also attend to some non-change areas. However,
the simultaneous use of AME and GLFF modules not only
increases the focus on change areas but also eliminates the
attention to non-change areas observed with individual module
usage. These results demonstrate that both AME and GLFF
modules play crucial roles in AEGL-Net.

3) Ablation of LBA and GBA: To gauge the efficacy of the
global and local branches in the GLFF module, we conducted
experiments as detailed in Table IV. The results imply that
AEGL-Net consistently outperforms models without the LBA
or GBA modules across the LEVIR-CD, S2Looking, SYSU-
CD, and UAV-CD. Relying solely on global features tends
to overlook detailed changes, leading to decreased detection
accuracy. Conversely, the absence of local feature analysis
restricts the model’s performance in detecting small or subtle
changes, adversely affecting overall detection accuracy. On

the other hand, relying exclusively on local features ignores
the broader contextual information of the image, making it
challenging to identify changes over extensive areas, which
may result in inconsistent and erroneous detections. The lack
of global features increases the risk of false positives and
missed detections, reducing the model’s ability to handle
complex scenarios. In addition, the visualization results in
Fig. 12 show that, compared to AEGL-Net, the absence of
GBA or LBA leads to more false negatives and false positives,
further validating the effectiveness of GBA and LBA.

4) Ablation of Activation Functions: To evaluate the ef-
fectiveness of the Swish and Tanh activation functions used
in LBA, we conducted experiments as shown in Table V.
The results indicate that replacing either Swish or Tanh
with Softmax leads to a significant decrease in performance
across the LEVIR-CD, S2Looking, SYSU-CD, and UAV-CD.
While using Swish or Tanh alone results in slightly better
performance compared to Softmax on these datasets, it is still
significantly inferior to AEGL-Net. The performance metrics
presented in Table V also confirm that the non-monotonic
nature of Swish enhances non-linearity, which is beneficial for
capturing complex changes. Additionally, the smoothness of
Tanh improves gradient flow, mitigates the vanishing gradient
problem, and enhances model stability.
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TABLE VIII

16

QUANTITATIVE EVALUATION RESULTS OF VARIABILITY EXPERIMENTS ON LEVIR-CD, S2LOOKING, SYSU-CD, AND UAV-CD UNDER NOISY OR

LIGHTING CONDITIONS

Method LEVIR-CD S2Looking SYSU-CD UAV-CD
10U Fl1 R P 10U F1 R P 10U F1 R P 10U Fl1 R P

baseline 8192 90.06  88.38  91.81 4560 62.64 59.15 6657 | 64.84 78.67 7523 8244 | 5573 7158  74.02  69.29
baseline+noise 8120 89.62 88.61 90.66 | 41.05 5820 5476 62.11 54.68  70.70 71.86  69.57 | 5247 6883 6136 7835
baseline+light 81.09 89.56 88.59 90.55 | 4350 60.63 5560  66.65 52.41 68.77 7876  61.03 | 51.72  68.18 6541 71.19
baseline+noise+light 78.82  88.15 8631  90.08 3588  52.81 4638 6130 | 4693 63.88 60.19 68.05 | 4454 61.63 61.05 6222
AEGL-Net+noise 8445 9157 90.29 9288 | 4754 6444 5992  69.71 67.65 80.70  75.67 86.46 | 5837  73.71 70.56  77.16
AEGL-Net+light 84.44 9156 9026 9290 | 4690 6385 59.09 6944 | 6855 8134 7754 8553 | 56.80 7245 68.13  77.36
AEGL-Net+noise+light | 84.08  91.35 90.15 9258 | 4571 62.74 60.60 65.04 | 6747 8058 7749 8392 | 5561 7147 79.05 6522
AEGL-Net 8455 91.63 90.78 9248 | 4836 65.19 6096  70.05 69.75  82.18 81.40 8296 | 60.23 7518  72.15 7847

F. Discussion

In this section, we will thoroughly examine the performance
of AEGL-Net under different conditions. Specifically, we ana-
lyze the variations in AEGL-Net’s performance when different
Backbone networks are used, as well as the model’s training
effectiveness and generalization ability with varying Batch
sizes. Additionally, we discuss AEGL-Net’s performance un-
der the influence of environmental factors such as noise and
lighting variations. To validate the robustness and stability of
AEGL-Net.

1) Scalable Experiment: We conducted further validation
of the proposed method using commonly employed back-
bones in the RSCD field, including ResNet18, ResNet34, and
ResNet50. Due to memory limitations on the experimental
machine when using ResNet50, a batch size of 16 was used,
while other experiments used a batch size of 32. As shown
in Table VI, our proposed method, despite having only 3.85M
parameters, outperforms models using ResNetl8, ResNet34,
and ResNet50 as backbones in terms of IoU and F1 on the
LEVIR-CD, S2Looking, SYSU-CD, and UAV-CD. This fur-
ther underscores the advantages of AEGL-Net. Additionally,
we examined the effect of varying batch sizes on model
performance by setting the batch sizes to 64, 24, 16, and 8,
and comparing the results with AEGL-Net (batch size = 32).
As shown in Table VII, the model’s performance was slightly
inferior to that of AEGL-Net when the batch size was either
greater than or less than 32, further indicating that AEGL-Net
achieves optimal performance with a batch size of 32.

2) Variabilities Experiment: Inspired by [65], we manually
introduced noise and illumination variations into four datasets
to further evaluate the robustness and performance of AEGL-
Net under different variability conditions. The experimental
results are presented in Table VIII. As indicated in the ta-
ble, AEGL-Net outperforms the baseline model in terms of
IoU by 5.26%, 9.83%, 20.54%, and 11.07% across the four
datasets, respectively. Additionally, it achieves improvements
in the F1 of 3.20%, 9.93%, 16.70%, and 9.84%. These
results demonstrate that AEGL-Net significantly enhances
change detection performance in the presence of noise and
illumination variations, showcasing strong resistance to in-
terference. Furthermore, a detailed analysis of the data in
Table VIII reveals that AEGL-Net consistently surpasses the

baseline even when noise or illumination changes are applied
independently. This suggests that AEGL-Net not only excels
under various variability conditions but also maintains robust
detection accuracy despite local image quality degradation.

V. CONCLUSION

In this research, we propose a model incorporating Adaptive
Multi-Scale Enhancement (AME) and Global-Local Feature
Fusion (GLFF) modules for remote sensing change detection
(RSCD). This network leverages AME to refine multi-scale
features extracted by the backbone, thereby improving the
capture and utilization of semantic details and texture changes
across various scales.. Additionally, we introduce GLFF to
effectively fuse bitemporal features. Unlike other attention
mechanisms, this module enhances global dependency model-
ing through global-local attention while also integrating shared
and context-aware weights to enhance local features. A wide
range of tests was conducted using four public datasets, and
the findings indicate that the approach we introduced surpasses
other leading-edge change detection techniques in terms of
performance.

However, as a fully supervised model, AEGL-Net’s per-
formance is contingent on having labeled training data. In
the absence of such labels, the model cannot be trained,
which limits its applicability, especially in scenarios requir-
ing rapid responses or where data labeling is challenging.
This dependency necessitates ample labeled data to facilitate
comprehensive training, making it unsuitable for unsupervised
or semi-supervised learning contexts. Furthermore, given the
widespread application of large-scale models, our future work
will focus on integrating these large-scale models with self-
supervised, semi-supervised, and unsupervised RSCD net-
works to address complex challenges encountered in practical
applications effectively.
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