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Abstract

Remote sensing image change detection (RSCD) holds significant application value in
fields such as environmental monitoring, post-disaster assessment, and urban planning.
However, existing deep learning methods often face challenges of high computational
complexity and insufficient detail capture, particularly demonstrating limited performance
in detecting high-resolution images and complex change regions. To address these issues,
this paper proposes a novel network architecture, TIMA-Net, which is designed for efficient
remote sensing image change detection. By introducing the timing interaction enhancement
module and the progressive decoder based on multi-scale fusion, TIMA-Net improves the
accuracy of change detection while ensuring efficient computing performance. Specifically,
TIMA-Net designs a temporal interaction enhancement module based on dual-branch
and coordinate attention and combines channel segmentation and multi-scale features to
enhance the representation ability of the changed region. The comparative experimental
results show that TIMA-Net outperforms several state-of-the-art methods on multiple
remote sensing datasets, especially in terms of accuracy and computational efficiency. The
ablation experiment results show that each module contributes to the final performance.
In summary, TIMA-Net not only provides an efficient and accurate remote sensing im-
age change detection solution but also shows its strong potential and broad application
prospects in practical applications.

Keywords: remote sensing; change detection; lightweight; deep learning

1. Introduction

Remote sensing image change detection (RSCD) automatically identifies surface
changes by analyzing images of the same area taken at different times. This task has
important application value in environmental monitoring [1], resource management [2],
urban planning [3], and other fields.

Traditional change detection methods lay the foundation for RSCD tasks, including
algebra-based methods and transform-based methods. Algebra-based methods usually use
arithmetic operations, such as image difference [4] and image regression [5]. By calculating
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the pixel difference between two-phase images, the threshold or cluster analysis [6] is used
to generate the changed and unchanged difference map. Transformation-based methods,
such as principal component analysis (PCA) [7] and tasseled cap transformation (KT) [8,9],
map image features to specific spaces to highlight changed pixels [10]. Although traditional
methods can provide effective detection results in some scenarios, they often rely on
empirical feature selection and artificial threshold adjustment, and their performance is
often limited in high-resolution images, especially in complex object distribution and
diverse terrain scenes [11,12].

In recent years, deep learning (DL), as a powerful feature learning method, has
completely changed the task of remote sensing image change detection [13]. Deep learning
can achieve end-to-end change detection, and in high-resolution remote sensing images,
it transcends traditional machine learning methods. Many deep learning networks (such
as convolutional neural network (CNN) [14], generative adversarial network (GAN) [15],
recurrent neural network (RNN) [16], transformer (Transformer) [17]) have been applied
to change detection tasks. Among them, CNN has long dominated the field of change
detection with its excellent feature extraction ability [18,19]. However, a major drawback of
CNN is the potential loss of information, and it usually faces high computational overhead
and large-scale parameters [20].

Currently, lightweight convolutional neural networks (such as MobileNetV2 [21],
EfficientNet [22], etc.) have the design goals of reducing computational complexity and
the number of parameters. However, they are relatively weak in feature extraction ca-
pabilities, especially in capturing detailed and semantic information. Common remote
sensing image change detection methods calculate differences through direct absolute
value subtraction [23] or channel-level concatenation [24]. These methods easily introduce
noise and generate pseudo-changes and often fail to fully capture the complexity of tem-
poral changes. In addition, remote sensing image change detection not only requires the
accurate boundary identification of change regions but also needs to effectively fuse the
spatial contextual information of images [25]. Most CNN-based methods lack long-range
contextual modeling, resulting in the insufficient understanding of global semantics and
background information, thus undermining the robustness of detection.

In view of the above problems, this paper proposes a lightweight remote sensing
image change detection network called TIMA-Net, which aims to improve the perfor-
mance of change detection in high-resolution remote sensing images. By introducing a
lightweight backbone network and an innovative feature fusion strategy, the network
significantly reduces the computational overhead and improves the accuracy of change
detection. Compared with the existing methods, the experimental results of TIMA-Net on
multiple remote sensing datasets show that it has obvious advantages in detection accuracy
and computational efficiency. The main contributions of this paper are as follows:

(1) A new lightweight change detection method, TIMA-Net, is proposed. Based on
MobileNetV2 as the backbone network, Combining the Cross-Level Aggregation
Fusion Module (CAFM) and the Temporal Interaction Enhancement Module (TIEM),
Lightweight Multi-Scale Convolution Unit (LMCU), and Decoding Module (DM)
achieves a higher performance with fewer parameters.

(2) We proposed CAFM (Cross-Level Aggregation Fusion Module) to address the is-
sue of disconnection between deep semantic features and shallow detail features in
lightweight backbones (such as MobileNetV2), introducing a neighborhood aggre-
gation and dynamic attention mechanism. By aggregating adjacent feature layers
through sliding windows (reducing computational complexity from O(N?) to O(N))
and introducing adaptive weight allocation, this module alleviates the limitation of
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“dimensionality explosion caused by simple concatenation” in traditional multi-scale
fusion, thereby enhancing feature representation.

(3) We proposed TIEM (Temporal Interaction Enhancement Module), which adopts a
dual-branch structure to learn global and local multi-scale information of bi-temporal
features respectively. It uses a joint metric of Euclidean distance and cosine similarity
to replace traditional subtraction operations and introduces a Coordinate Attention
(CA) mechanism to reduce noise and pseudo-changes, highlighting change regions.

(4) We designed a lightweight progressive decoder based on multi-scale convolution,
including LMCU (Lightweight Multi-Scale Convolution Unit) and DM (Decoding
Module). We constructed LMCU through channel splitting and multi-directional
convolutions (1 x 9/9 x 1 convolutions to capture long-range dependencies), com-
bined with a DM module with self-attention reweighting. This decoder can extract
multi-scale contextual information with fewer parameters to adapt to change features
in different regions.

Compared with the existing state-of-the-art methods, TIMA-Net shows better detec-
tion accuracy and computational efficiency on three benchmark datasets.

2. Related Work

In related work, we introduced previous change detection technologies from the
following three aspects: traditional RSCD methods, deep learning-based RSCD methods,
and lightweight RSCD methods.

2.1. Traditional RSCD Methods

Early traditional methods for RSCD primarily focused on low- or medium-resolution
images, which captured relatively simple features, such as buildings, roads, and trees,
constrained by early sensor technologies. With advancements in remote sensing, various
RSCD methods emerged. These techniques generated difference images (DIs) through alge-
braic operations, transformations, and classification, followed by thresholding or clustering
to identify changed regions. For example, algebraic methods like image differencing [4],
image regression [5], and clustering analysis [6] computed pixel-wise differences between
bi-temporal images to produce change maps. Transformation methods, such as Principal
Component Analysis (PCA) [7], perform linear transformations on multi-temporal im-
ages to extract the main components that most effectively reflect changes in the images,
thereby reducing data dimensionality and enhancing the representation of change areas.
The Tasseled Cap Transformation [8] is a specific image transformation method primarily
used to convert spectral information from remote sensing images into indices sensitive to
changes. Classification-based methods, such as Decision Trees [10], are supervised learning
techniques that construct a tree-like structure by progressively dividing the image based
on different features. Random Forest (RF) [12] is an ensemble learning method composed
of multiple decision trees. By training several decision trees and combining their results, it
further improves the accuracy of change detection.

Although these traditional methods achieved reasonable performance on low-
resolution images, they heavily relied on handcrafted features and struggled with high-
resolution imagery. The complex and diverse textures in high-resolution remote sensing
images made it challenging for these methods to accurately capture intricate changes.
Additionally, they were prone to introducing pseudo-changes or background noise under
varying seasonal, illumination, and sensor conditions.
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2.2. Deep Learning-Based RSCD Methods

Compared to traditional methods, deep learning approaches demonstrate superior
detection performance and generalization capabilities. These methods can be categorized
based on encoder—-decoder architectures, such as CNN-based [26], Transformer-based [17],
and hybrid CNN-Transformer models [27]. CNN-based methods, which predominantly
use convolutional neural networks for feature encoding and decoding, excel in local feature
extraction. For instance, three U-Net-based change detection frameworks—FC-EF [28],
FC-Siam-conc, and FC-Siam-diff—explored different input configurations and fusion strate-
gies for bi-temporal images. Subsequent research focused on enhancing change feature
extraction through attention mechanisms. However, the inherent limitations of local re-
ceptive fields in CNNs hindered their ability to capture global context. To address this,
deeper networks or dilated convolutions [29] were employed, albeit at the cost of increased
parameters and computational complexity.

Recent efforts integrated self-attention mechanisms into CNNs to mitigate receptive
field constraints. Transformers [30], with their capability to model long-range dependen-
cies, gained traction in change detection tasks. For example, SwinSUNet [31], a pure
Transformer-based U-shaped encoder-decoder, enhanced global context extraction across
spatiotemporal dimensions. However, the computational overhead of self-attention re-
mained prohibitive. Hybrid CNN-Transformer models combined CNNs’ local feature
extraction with Transformers’ global modeling, achieving better adaptability for change
detection tasks [32].

Despite their improved accuracy, deep learning methods often face challenges of
high computational complexity and excessive parameters, limiting their deployment on
resource-constrained platforms like UAVs or satellites. Consequently, research has increas-
ingly focused on designing lightweight networks to balance computational efficiency and
detection accuracy.

2.3. Lightweight RSCD Methods

With the complexity of remote sensing image processing tasks and the rapid growth
of data volume, the computational overhead of traditional deep learning methods has
become a bottleneck restricting practical applications, especially in resource-constrained
environments (such as drones and embedded devices). In order to cope with this challenge,
lightweight networks have gradually become an important research direction in the field
of change detection, especially in application scenarios with high real-time and low energy
consumption requirements.

In recent years, many lightweight networks (such as MobileNetV2 [21], ShuffleNet [33],
EfficientNet [22], etc.) have been widely used in remote sensing image change detection
tasks. By reducing the number of parameters and computing costs, these networks have
successfully improved the efficiency of image feature extraction and significantly reduced
the computational burden. For example, A2Net [34] proposed by Li et al. enhanced the
expression ability of temporal features by combining progressive feature aggregation and
supervised attention mechanism and achieved the efficient fusion of cross-layer features
through the neighborhood aggregation module (NAM), which significantly reduced the
computational overhead of the model and improved the accuracy of change detection. The
USSFC-Net proposed by Lei et al. [35] optimizes the feature extraction process through
multi-scale decoupled convolution (MSDConv) and the spatial-spectral feature coordi-
nation strategy (SSFC), which improves the feature representation ability while reducing
the computational cost. In addition, TinyCD [36] proposed by Codegoni et al. adopts a
smaller Siamese U-Net architecture, focuses on the spatial-temporal correlation of low-
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level features, and improves the accuracy of change detection through spatial-semantic
attention mechanisms.

Although lightweight networks perform well in change detection tasks, they still
face room for improvement in performance when dealing with high-resolution remote
sensing images, especially in the detection of complex change regions. SEIFNet [37]
proposed by Huang et al., while maintaining lightweight design, significantly improves the
ability to characterize complex change areas by introducing a spatio-temporal difference
enhancement module and improves change detection accuracy and boundary integrity.

Although the existing change detection methods can maintain the accuracy of change
detection while reducing the computational overhead, there is still room for further im-
provement in the extraction of detailed features and the reduction in the number of model
parameters. Based on the existing lightweight network, our study proposes a new efficient
remote sensing image change detection method by optimizing the network structure, com-
bining temporal feature enhancement and multi-scale fusion strategy, which provides a
more efficient solution for change detection tasks in resource-constrained scenarios.

3. Methods

The TIMA-Net proposed in this study uses the weight-shared MobileNetV2 to extract
features and then constructs innovative modules CAFM, TIEM, LMCU, and DM. In this
section, we first outline the proposed method TIMA-Net. Then, we give the specific
implementation details of the proposed module. Finally, the mixed loss function is given.
The architecture diagram of TIMA-Net is shown in Figure 1.
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Figure 1. This figure shows the architecture of the proposed TIMA-Net.
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3.1. Overall Framework

TIMA-Net is built on the popular encoder-decoder framework. The encoder includes
a feature extractor, CAFM, and TIEM. The decoder includes a lightweight LMCU and a
decoding module.

In the encoder, we use the lightweight backbone of MobileNetV2 as the Siamese feature
extractor to extract multi-level features from low to high layers of the bi-temporal images.
A pair of original images is denoted as I 4 and Ip, which are captured in the same area under
different conditions at time periods A and B. The corresponding pixel-wise annotated
ground truth is represented by W. The hierarchical features output by the backbone for
bi-temporal images can be expressed as follows:

F, — {P;,F,%Z,F;,Fi,z?ﬁz}, me {A, B} )

where A and B denote two periods of the same region. The backbone network extracts
features of 5 levels; that is, F,}T represents the feature of the first level extracted from the
image I of period A, and F,, denotes the set of features extracted by the backbone network.

To address the limitation of weak feature extraction capability in lightweight back-
bones, we propose the multi-scale feature fusion (CAFM) module to densely aggregate
shallow detail information and deep semantic information within change regions, achiev-
ing content complementarity. This allows the network to focus more on change areas in
images, particularly improving detection accuracy in complex backgrounds. The process is
formulated as follows:

Ci, = CAFM;(F,),m € {A,B},i € {2.3.45} 2)

Among them, i indicates the feature level extracted by the backbone network, and Ci,
denotes the enhanced features at level i for the image acquired at time m.

When processing bi-temporal features, traditional methods such as absolute value
subtraction, summation, and concatenation may fail to capture fine-grained changes due
to ignoring temporal differences, leading to pseudo-changes affecting change detection
and reducing detection accuracy. To reduce the negative impact of pseudo-changes and
computational costs simultaneously, we designed a simple yet efficient Temporal Inter-
action Enhancement Module (TIEM) to fuse and enhance the bi-temporal features. The
TIEM module extracts meaningful temporal difference information through cross-level
feature comparison and the CA attention mechanism, which can significantly enhance the
representation of change regions at low computational costs. The formula can be expressed
as follows:

T, = TIEM(CL,, cg),i € {2,3,4,5} 3)

where Ci and C} denote the features enhanced by the CAFM module at times A and B,
respectively.

In the decoder, we design a top-down decoder incorporating the Lightweight Multi-
Scale Convolution Unit (LMCU) and the Decoding Module (DM) to generate the change
map. By leveraging channel splitting and multi-scale convolutions in different directions,
the proposed architecture enables the model to more accurately capture change information
at various scales and levels of complexity in remote sensing images. The Decoding Module
(DM) re-weights features through self-attention to provide precise guidance for decoding,
and the formula can be expressed as follows:

Output; = DMSC(T,) + DM (Output;_ ,),i € {2,3,4,5}
Output = Output,
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Finally, the output prediction and ground truth are used to compute losses in the deep
supervision strategy.

3.2. Cross-Level Aggregation Fusion Module (CAFM)

In multi-scale feature representation, low-level features (e.g., F») excel at capturing
detailed object boundaries and texture information due to their higher spatial resolution,
while high-level features (e.g., F5) retain contextual semantics critical for target localization
through deep abstraction. However, conventional multi-scale fusion methods face the
following three challenges: (1) simple feature concatenation causes channel dimension
explosion, leading to quadratic computational complexity growth; (2) fixed-weight fu-
sion struggles to adapt to dynamic feature contributions across diverse scenarios; and
(3) independent multi-layer upsampling introduces cumulative errors, degrading detail
preservation. To address these issues, we propose the CAFM, which innovates in the
following three aspects: neighborhood aggregation strategy, unified resolution alignment,
and dynamic attention guidance. The schematic diagram of CAFM is shown in Figure 2.

Stage 2

1x1 Conv

A 4

Stage 3

Stage 4 > 1

<+ Relu

1x1 Conv

Sigmoid

Attention
Map

@ element-wise multiplication

@ element-wise addition e e

Figure 2. Illustration of the proposed CAFM.

CAFM adopts a hierarchical progressive fusion architecture, and each module only ag-
gregates direct adjacent features to construct a local receptive field. Specifically, Submodule
1 fuses {F5,F3}, Submodule 2 fuses {F5,F3,F4}, Submodule 3 fuses {F3,F4,F5}, and Submodule
4 fuses {F4,Fs}. This design reduces global fusion complexity from O(N?) to O(N) (where N
is the number of feature layers) via sliding neighborhood windows. Unlike mainstream
layer-wise alignment strategies, CAFM upsamples all features to the resolution of F, for
the following two reasons:

(1) F, preserves the richest spatial details (e.g., building edges, road cracks), maximizing
high-frequency information utilization;
(2) Itavoids checkerboard artifacts caused by multi-level independent interpolation.

Taking the second CAFM submodule (with F3 as residual connection) as an example,

its workflow is as follows:
f2 = DSConv(F)

f3 = UP(DSConv(E3)) ®)
fa = UP(DSConv(Fy))
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where Up denotes upsampling, and DSConv represents a 3 x 3 depth-wise separable
convolution with batch normalization (BN) and ReLU activation.

We then concatenate the features f», 3, and f,4 along the channel dimension to enrich
the feature representation. We use a 1 x 1 convolution for residual learning to retain the
key information of f3 and adjust the channel number of the concatenated features using a
3 x 3 depth-wise separable convolution. This process can be expressed as follows:

F, = Convl1 x 1(f3)

F. = DSConv3 x 3(Concat(f3, f3, f1)) ©

Among them, Concat represents the feature concatenation operation, and
Convl x 1 represents a 1 X 1 convolutional layer with batch normalization (BN) and
ReLU activation function.

Finally, a simple dynamic weight mechanism is introduced. After performing element-
wise addition on F; and F, an attention map is generated through a 1 x 1 convolution
and a Sigmoid activation function. Then, this attention map is used to weight and fuse
the feature F;; that is, the importance of features at each position is adjusted according
to the output of the attention mechanism. If the value of the Attention_map at a certain
position is large (close to 1), the feature at that position will be assigned a higher weight;
otherwise, it will be weakened. Then, the weighted original feature F; ® Attention_map
is added element-wise to the fused feature F. to generate a new feature map Foutput- The
main operations can be expressed as follows:

Ffused =FEoFk
Attention_map = Sigmoid(Conv1 x 1(Fgyseqd)) (7)
Foutput = ReLU(F ® Attention_map & F;)

where @ represents element-wise addition, and ® denotes an elementwise multiplication
operation. Conv1l x 1 representsa 1 x 1 convolutional layer with batch normalization (BN)
and ReLU activation function.

Each CAFM adopts a similar operation. The only difference lies in the features used for
the residual connection. We obtain four levels of bi-temporal enhanced features. This design
weights the original features and fused features through an attention mechanism to enhance
the expression of key features, while retaining original information via residual connections.
This approach improves the model’s feature representation capability and robustness.

3.3. Temporal Interaction Enhancement Module (TIEM)

Currently, many methods focus solely on the extraction of multi-level features but
often overlook the interaction between bi-temporal features within the same level. Simple
operations like direct subtraction or summation are commonly used to fuse the bi-temporal
features. However, although subtraction-based methods can reduce computational com-
plexity, they often lead to the generation of pseudo-changes. The concatenation-based meth-
ods retain the features in the channel dimension, but they generate excessive redundant
information, making it difficult for the model to pay more attention to the changed areas.

To address this issue, we designed the TIEM. The TIEM learns both differential features
and concatenated features simultaneously, enabling it to obtain global change related
information and fine-grained local context. The schematic diagram of TIEM is shown in
Figure 3.

We first perform element-wise addition on features in the channel dimension and
utilize two convolutional blocks to extract local contextual information for detail supple-
mentation and noise interference suppression. The difference branch has innovatively
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improved the traditional direct subtraction operation; the difference features are calculated
by fusing the Euclidean distance and cosine similarity. Remote sensing images usually
have the characteristics of wide coverage and are susceptible to factors such as illumination,
seasons, and weather. The changes of ground objects in change detection tasks may mani-
fest as abrupt amplitude changes, morphological evolutions, or spatial displacements, and
these changes are often accompanied by complex background noise interference. Feature
fusion methods, such as traditional simple subtraction, are difficult to effectively capture
such complex change features and are prone to generating pseudo-change regions.

DConv(r=1,3,5,7)

@ Diff Operation @ Element-Wise Addrtion

© Channel-Wise Connection Coordinate Attention

Figure 3. Illustration of the proposed TIEM.

From the perspective of theory and mathematical principles, the combination of
Euclidean distance and cosine similarity has significant advantages. First, it is the joint rep-

. N2
resentation of amplitude and direction; the Euclidean distance (Deyc = Zﬁl (Xll — Xlz) )

quantifies the geometric distance of feature vectors, which is sensitive to changes, such
as abrupt spectral intensity changes, caused by building demolition; the cosine similarity
(Scos = %) measures the directional consistency of vectors, which can resist the
same-direction amplitude noise caused by illumination fluctuations of ground objects.
Combining the two can capture both “amplitude differences” and “directional differences”.
When water pollution causes the spectral curve to tilt (the amplitude remains unchanged
but the direction changes) or the building shadow changes (the direction remains un-
changed but the amplitude changes), this combination can more accurately characterize
real changes, and the F1 score is increased by 0.63% compared with single subtraction.

We also adopt a new attention mechanism proposed by Hou et al., called Coordinate
Attention (CA) [38]. This mechanism embeds positions into channel attention, which can
balance efficiency and spatial location perception with a relatively low number of parameters.

The expressions for the concatenated feature Con and the difference feature Diff. Here,
the difference feature Diff is obtained by concatenating the Euclidean distance and cosine
similarity along the channel dimension, which can be expressed as follows:

Con = DSConv1 x 1(DSConv3 x 3(X; & X»))

3 (Xi - x1)?

Deyc =
i=1 8)
S — X1-Xp
x|

Diff = CA(Cat(D ., Scos))
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Among them, (X; @ X») represents the element-wise addition operation, X;-X, rep-
resents the dot product of X; and Xj, || X1]||| Xz || represents the norm of X; and X, CA
represents the coordinate attention module, and Cat represents concatenation along the
channel dimension. DSConv3 x 3 and DSConv1l x 1 represent 3 x 3 depth-separable
convolution operations and 1 x 1 depth-separable convolution operations with batch
normalization (BN) and ReLU activation functions, respectively.

The calculation method combining Euclidean distance and cosine similarity has signifi-
cant advantages in feature difference measurements. The Euclidean distance can effectively
capture the geometric distance between features and retain the information of spatial po-
sition changes between features, enabling the model to identify the details of amplitude
changes. The cosine similarity, on the other hand, focuses more on the directional differ-
ences between features and can reflect the relative directional changes of features, even
when the amplitude differences between them are small. By combining these two mea-
surement methods, the model can simultaneously focus on both amplitude and direction
differences, thereby enhancing its ability to perceive details and global changes.

In addition, after concatenating the concatenated features and differential features
in the channel dimension, the TIEM sets up four parallel branches, each with a different
dilation rate r€{1,3,5,7}, to expand the receptive field and capture changes at different
scales. This design of multi-scale perception enables the model to learn change features
from different scales, thus better identifying changes of various scales.

In summary, the TIEM module significantly improves the ability to capture change
features through its innovative dual-branch structure, the difference calculation method
combining Euclidean distance and cosine similarity, and the introduction of the coordinate
attention mechanism. This module can not only effectively extract global change informa-
tion but also further enhance the model’s performance through fine-grained local context
learning and multi-scale perception strategies. The TIEM demonstrates strong advantages
in change detection tasks, with efficient computational performance and accurate change
recognition ability.

3.4. Lightweight Multi-Scale Convolution Unit (LMCU)

In the context of change detection tasks, existing methods often encounter several
challenges. Firstly, traditional models typically rely on single-scale feature representa-
tions, which limits their ability to effectively capture multi-scale contextual information
within complex scenes. For instance, when processing high-resolution satellite imagery,
focusing solely on local details may overlook crucial global structural information. Sec-
ondly, many current solutions tend to employ large convolution kernels or stack multiple
convolutional layers to enhance the receptive field. However, this inevitably increases
computational overhead and model complexity, leading to prolonged training times and
higher resource consumption.

To address these issues, this paper proposes a Lightweight Multi-Scale Convolution
Unit (LMCU), designed to enhance the model’s understanding of multi-scale contextual
information while maintaining computational efficiency. By introducing the combination
of depth-wise separable convolution and convolution kernels of different sizes, LMCU can
effectively capture multi-level context information from local to global, thus enhancing
the accuracy and fine-grained perception of change detection. Compared with traditional
methods, LMCU not only significantly improves the recognition ability of the model to
complex scene changes but also reduces the computational overhead through efficient
design, making the model more suitable for real-time applications in resource-constrained
environments. The schematic diagram of LMCU is shown in Figure 4.
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Figure 4. Illustration of the proposed LMCU.

Firstly, the input feature map is split into multiple sub-feature maps along the channel
dimension (as shown in the figure, {1, fp,f3, and f4. The first branch processes sub-feature
map f; using a 3 x 3 depth-wise separable convolution kernel, which facilitates the capture
of detailed features within local regions. The second branch f, employsa 1 x 9 convolution
kernel to process sub-feature map, focusing on extracting long-range dependencies in
the horizontal direction. The third branch utilizes a 9 x 1 convolution kernel to handle
sub-feature map f3, aiming to identify global associations in the vertical direction. The
fourth branch directly passes sub-feature map f; without modification, preserving the
original feature information and ensuring that critical details are not lost.

After processing by these four branches, the resulting feature maps are concatenated
along the channel dimension for integration, generating the final output feature map.
By incorporating convolution kernels of different sizes, the LMCU effectively captures
multi-scale contextual information ranging from local to global scales, thereby enhancing
the model’s ability to perceive changes in complex scenes. Despite the introduction of
multiple convolutional branches, the design of channel splitting and depth-wise separable
convolutions allows the LMCU to achieve performance improvements, while maintaining
efficient computation.

This design ensures that the LMCU can efficiently extract rich feature representations
at various scales without significantly increasing computational complexity, making it
particularly suitable for tasks requiring high accuracy and efficiency in change detection.

3.5. Decoding Module (DM)

In change detection tasks, accurately extracting and enhancing change features is the
key to achieving efficient detection. To overcome the noise and inconsistency issues faced
by traditional methods in multi-scale feature fusion, we propose an innovative Decoding
Module (DM). This module combines the self-attention (SA) and the inverse operation
method to effectively weight the change regions, thereby improving detection results. The
schematic diagram of DM is shown in Figure 5.

In the DM, the model first utilizes the SA to dynamically focus on relevant features,
capturing long-range dependencies and enhancing the representation of important areas
in the image. The core of this process lies in generating Query, Key, and Value through
convolution operations and calculating the similarity between them to obtain the atten-
tion weight of each position. The feature map d3 output from the SA is processed by a
1 x 1 convolution layer and mapped to the range of [0, 1] through the Sigmoid activation
function to generate the change map c3. Assuming the input feature of this module is
dinput, the process is expressed as follows:

3 = Sigmoid (Conv1 x 1(SA (dinput))) )
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Figure 5. Illustration of the proposed DM.

To further enhance the ability to distinguish between the background and change
regions, we introduce an inverse operation module. The inverse operation generates the
inverse change map c3' by reversing the change map c3. This process is accomplished
through a subtraction operation. The generated inverse change map ¢3’ has opposite
weights to the change map c3, which can effectively eliminate background information and
retain only the features of the change regions, as follows:

3/ = reverse(c3) (10)

After the inverse operation, we concatenate the change map c3 and the inverse change
map c3’ and then further process them through a 1 x 1 convolution to generate a compre-
hensive change mask a3. Finally, we use the generated attention mask a3 to weight the
feature map d3. The feature map is refined and rescaled by element-wise multiplication,
and finally, a 3 x 3 convolution is used again for feature extraction and refinement.

d3 = Conv3 x 3(Convl x 1(Cat(c3,c3')) ® d3) (11)

This operation can effectively enhance the perception of the change regions and
suppress background noise. Through this mechanism, the supervised attention module
can clearly distinguish the change information from the background information, thereby
enhancing the robustness and accuracy of change detection.

3.6. Loss Function

For change detection tasks, in most cases, the proportion of change regions is much
smaller than that of unchanged regions, which leads to the problem of class imbalance. To
mitigate this issue and guide the network to learn from complex scenarios, we adopt a
hybrid loss, including the Binary Cross Entropy (BCE) loss Lgcg and the Dice loss Lpjce [39].
The BCE loss can be expressed as follows:

Lice(p,q) = g-logp+ (1 —7)log(1 —p) (12)
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In the formula, - represents the dot product operation, and p, q are the predicted
change map and the corresponding ground truth, respectively. The Dice loss can be
expressed as follows:

2.p-g
et (13)

I+l

where ||-|| represents the L1 norm. The total loss is expressed as follows:

EDice (P, ﬁ) =1

5
'CTotal(p/q) = Z{Ebce(pi/ﬁ) + L:Dice(pi/q)} (14)
i=2

Among them, i€{2,3,4,5}, and they, respectively, represent the predicted change maps
at four stages.

4. Results

4.1. Configuration
4.1.1. Implementation Details

We use the PyTorch 1.8.0 framework to implement the proposed method and use a
single 24 GB NVIDIA RTX 3090 GPU for training/inference.

In the training parameter settings, we employed the Adam optimizer with a weight
decay of 1 x 107#, an eps parameter of 1 x 1078, and momentum parameters of 0.9 and
0.99, respectively. The initial learning rate was set to 5 x 10*, the batch size was 16, and
the max_iteration was configured as 40,000. To further enhance the model’s generalization
capability, several data augmentation techniques were adopted during the training phase,
including normalization, random scaling, cropping, flipping, and exchanging. All images
were uniformly scaled to a resolution of 256 x 256, randomly cropped into small patches of
approximately 8 x 8 pixels, and flipped /exchanged randomly with a 50% probability.

4.1.2. Datasets

We use three benchmark datasets for remote sensing image change detection, as follows:

LEVIR [40]: This is a building change detection dataset, consisting of 637 pairs of
bi-temporal RS images with a spatial size of 1024 x 1024 and a spatial resolution of 0.5 m.
We crop the images into 256 x 256 patches with overlaps and split the dataset in a 7:1:2
ratio, resulting in 7120/1024 /2048 image pairs for training/validation/testing.

SYSU [41]: This dataset contains 20,000 pairs of bi-temporal RS images with a spatial
size of 256 x 256 and a spatial resolution of 0.5 m. We split the dataset in a 6:2:2 ratio. This
dataset encompasses a variety of complex change scenarios, such as road widening, the
development of new urban buildings, changes in vegetation, and suburban growth.

BCDD (http:/ /study.rsgis.whu.edu.cn/pages/download /building_dataset.html, ac-
cessed on 7 November 2024): This building change detection dataset contains a pair of
images with a size of 32,507 x 15,354 and a high resolution of 0.075 m. We cropped the im-
ages and overlapped them into patches of size 256 x 256. Then, we obtained 6095/762/763
pairs of images for training/validation/testing.

4.1.3. Evaluation Metrics

We adopt four widely used evaluation metrics, namely intersection over union (IoU),
Fl-score (F1), recall (Rec), and precision (Pre), to evaluate the performance of remote
sensing image change detection. Among them, Tp, Fp, Tn, and Fn represent the numbers
of true positives, false positives, true negatives, and false negatives, respectively.
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4.2. Comparative Studies of SOTA Methods

We compare the proposed model with seven state-of-the-art RSCD methods, including
five CNN-based methods: FC-Siam-diff (ICIP, 2018) [28], DMINet (TGRS, 2023) [42] and
SEIFNet (TGRS, 2024) [37], and Transformer-based method: BIT (TGRS, 2021) [17]. In
addition, the methods ICIF-Net (TGRS, 2022) [30], STFF-GA (TGRS, 2024) [43], and RaHFF-
Net (JStars, 2025) [44] combining CNN and Transformer are also considered.

The model parameters and computational cost of the above method are also reported.
All experiments were conducted on NVIDIA GeForce RTX 3090 (NVIDIA Corporation,
Santa Clara, CA, USA).

4.2.1. Quantitative Comparison

Table 1 reports the quantitative comparison of IoU, F1, Rec, and Pre of different
methods on two RSCD datasets. We used F1 and IoU as the main evaluation indicators.
The top three values are marked in bold red, bold green, and bold blue, respectively. We
also reported the size of model parameters (Params) and computational costs (FLOPs) in
Table 1.

Table 1. Quantitative comparisons of IoU, F1, Rec, and Pre on three RSCD datasets.

LEVIR (%) SYSU (%) BCDD (&) FLOPs Params
Methods

IoU F1 Rec Pre 1IoU F1 Rec Pre IoU F1 Rec Pre G) ™)

FC-Siam-diff 75.18 85.84 8459 87.12 52.06 6847 55.89 88.36 7194 83.68 77.76 90.57 9.42 1.35
BIT 8276 90.57 8940 91.77 65.84 7940 76.68 8232 88.38 93.83 92.03 95.70 16.88 3.01
ICIF-Net 82.03 90.13 88.89 9140 6220 76.70 7699 7639 88.45 93.88 9212 95.61 25.41 23.84
DMINet 8292 90.67 88.89 9254 68.11 81.19 78.10 84.19 88.72 9395 9230 95.65 14.55 6.24
STFF-GA 83.39 9093 9134 9055 69.45 8197 80.14 83.89 89.11 9424 92.68 95.82 8.22 12.28
SEIFNet 83.40 90.95 89.46 9249 69.96 8232 7998 84.81 88.95 94.10 9255 95.75 837 2791
RaHFF 80.85 89.41 89.35 89.46 66.73 80.04 79.79 80.30 81.86 90.03 86.64 93.68 33.95 16.48
AFRNet (ours) 8396 91.28 89.97 9262 7049 83.01 80.31 85.88 89.43 9442 93.65 95.84 6.05 4.31

The method we proposed achieved competitive scores on all four evaluation met-
rics on the three datasets. A more detailed description is that the IoU/F1/Rec/Pre
scores of TIMA-Net on the LEVIR-CD dataset are 83.96%/91.28%/89.97%/92.62%. It
exceeds 80.85%/89.41%/89.35%/89.46% of the recently proposed RaHFF and is superior to
83.40%/90.95%/89.46%/92.49% of SEIFNet.

On the LEVIR-CD dataset, the RaHFF method proposed in 2025 requires 16.48 M
parameters and 33.95 G FLOPs to obtain 89.41% of the F1 measurement, while the method
proposed in this paper only requires 4.31 M parameters and 6.05 G FLOPs to obtain 91.28%
of the F1 measurement. The main reason lies in that the CAFM module innovatively
enhances the fusion effect of low-level and high-level features while maintaining computa-
tional efficiency through the neighborhood aggregation strategy and dynamic attention
guidance. This design significantly enhances the feature representation ability of TIMA-Net
in complex backgrounds, avoiding the explosion of computational complexity and informa-
tion loss caused by simple feature concatenation in the RaHFF method, thereby improving
the accuracy of change detection. Compared with the lightweight method SEIFNet, the
method proposed in this paper improves the detection accuracy while reducing the number
of parameters. The main reason lies in that the method proposed in this paper further
enhances the detail perception of the changed area through the self-attention mechanism in
the DM module and successfully optimizes the detail representation of the change graph.
In the detection of change areas, TIMA-Net can better distinguish the background from
the change areas, effectively suppress noise, and significantly improve the accuracy of
change detection.
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On the SYSU dataset, the IoU, F1, Rec, and Pre of the method proposed in this paper
are always superior to all other methods. Compared with the STFF-GA proposed in
2024, although the method in this paper only slightly leads the STFF-GA in detection
accuracy, the number of parameters in this paper is reduced to one-third of that of the
STFF-GA method. The main point is that the STFF-GA method uses complex convolution
operations and feature fusion strategies, but this design leads to a relatively high number
of parameters and computational overhead. In contrast, the method proposed in this
paper pays more attention to lightweight in design. Especially through the CAFM and
TIEM modules, unnecessary computations have been successfully reduced, and excellent
detection performance has been maintained through efficient multi-level feature fusion.
Compared with other methods, the method proposed in this paper also achieves the best
performance with almost the lowest model parameters and cost. All these indicators
strongly demonstrate the superiority of the proposed lightweight TIMA-Net method.

4.2.2. Qualitative Evaluation

We show the visual comparisons between the proposed TIMA-Net and different sota
methods on three RSCD datasets in Figures 6-8. We use several colors to represent true
positives (white), false positives (red), true negatives (black), and false negatives (blue).

(© (d) (e) (f) (8)

I true positive [ negatives L false posmves false negatlves

Figure 6. LEVIR dataset. (a) t1 images (b) t2 images (c) Ground truth (d) FC-Diff (e) BIT (f) ICIF-Net
(g) DMINet (h) STFF-GA (i) SEIFNetNet (j) RaHFF (k) Ours.

The results indicate that the method proposed in this paper exhibits superiority in the
following aspects:

(1) Advantage in reducing the occurrence of pseudo-changes: In the fourth row of
Figure 6, many methods fail to distinguish pseudo-changes on roads with appearances
similar to buildings. In contrast, the proposed method can effectively identify the
boundaries and main bodies of building changes. In the third row of Figure 7, areas
near changed buildings exhibit different colors at different times, leading to pseudo-
changes irrelevant to actual building changes. Many methods such as DMINet,
STFF-GA, SEIFNet, and RaHFF cannot eliminate these pseudo-changes, while the
method in this paper handles pseudo-changes caused by the diversity of land cover
appearances effectively. In the first row of Figure 8, due to seasonal differences, roads
show different colors at different times. Methods like BIT, ICIF-Net, DMINet, STFF-
GA, and SEIFNet fail to identify these pseudo-changes, whereas the proposed method
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demonstrates the best recognition effect for it. This advantage can be attributed to the
TIEM method, which enhances temporal difference features based on a dual-branch
path, reducing false detections.

Advantage in detecting edges and details: In the second row of Figure 6, the changing
objects are small in area and densely arranged. Methods such as FC-Diff and DMINet
have difficulty identifying details like the edges between densely clustered buildings.
In the fourth row of Figure 7, methods such as DMINet and RaHFF struggle to
recognize the differences between roads and buildings with similar colors. Although
DMINet and RaHFF achieve relatively good change detection results, changes in the
edge areas are easily overlooked.

In contrast, our DMTI-Net can effectively identify the boundaries and objects. These
results can be attributed to the multi-scale context fusion capability of the LMCU and
the inverse change map operation of the DM, which enhance the completeness of the
content and improve the accuracy of boundary detection. In the visualization results
of the LEVIR-CD dataset (Figure 6), to more prominently show that our method
has the best detection performance for large-sized, small-sized, or densely clustered
objects, we stitched 16 images of 256 x 256 into an image of 1024 x 1024 for display,
demonstrating the overall optimal detection performance of our method.
Advantage in more complete detection of large objects: As shown in the first row
of Figure 7, first and second rows of Figure 8, compared with the limitation of the
comparison methods that are prone to miss detections in the recognition of complex
semantic changes, this method can achieve a more complete change detection effect.
This is mainly due to the following three aspects: Firstly, through the adjacent temporal
feature fusion mechanism, the spatial semantic information in the temporal dimension
is effectively integrated. Secondly, a multi-level temporal difference representation
system is constructed, and the hierarchical feature capture mechanism is used to
extract context features at different abstraction levels. Thirdly, based on the attention-
guided feature refinement strategy, a progressive fusion method from global to local is
adopted, and finally, a RSCD map with a fine edge structure is generated. This multi-
level progressive fusion architecture ensures the complete perception of complex
object changes in the RSCD task.

NANAAA

(d) (e)

Figure 7. BCDD dataset. (a) t1 images (b) t2 images (c) Ground truth (d) FC-Diff (e) BIT (f) ICIF-Net
(g) DMINet (h) STFF-GA (i) SEIFNetNet (j) RaHFF (k) Ours.
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Figure 8. SYSU dataset. (a) t1 images (b) t2 images (c) Ground truth (d) FC-Diff (e) BIT (f) ICIF-Net
(g) DMINet (h) STFF-GA (i) SEIFNetNet (j) RaHFF (k) Ours.

4.2.3. Comparison of Efficiency

In addition to the aforementioned quantitative and qualitative evaluation indicators,
the efficiency of the model is also a crucial evaluation criterion. Efficiency is usually
measured by the following two indicators: the number of model parameters (Params)
and the number of floating-point operations (FLOPs). Figure 9 shows the comparison
of the performance, parameters, and FLOPs of different models on the LEVIR-CD and
SYSU-CD datasets. In the figure, the X-axis represents the efficiency indicators, and the
Y-axis represents the evaluation accuracy indicator, where the F1 value is used here.

It can be seen from Figure 9 that models such as ICIF-Net, DMINet, and RaHFF, by in-
troducing attention mechanisms or advanced feature extraction modules, have significantly
improved the detection performance, although they have increased the overhead of the
number of parameters and FLOPs. In contrast, models such as SEIFNet, STFF-GA, and BIT
can still provide good detection accuracy while maintaining a low number of parameters
and FLOPs.

Compared with these methods, our TIMA-Net model has a lower number of parame-
ters and FLOPs than SEIFNet, STFF-GA, and BIT and at the same time performs excellently
in terms of the F1 value, highlighting that while ensuring high detection accuracy, it has
successfully balanced the detection performance and computational efficiency. This advan-
tage is mainly attributed to the lightweight backbone network and the efficient module
design. TIMA-Net employs MobileNetV2 as its backbone, which significantly reduces both
the number of parameters and computational cost through depth-wise separable convolu-
tions and linear bottleneck structures. Compared with networks based on conventional
convolutions, MobileNetV2 offers higher computational efficiency and fewer parameters,
thereby reducing the overall computational burden.

TIEM incorporates a lightweight spatiotemporal difference enhancement strategy,
which effectively suppresses noise interference and focuses on changed regions through
a dual-branch architecture and the Coordinate Attention (CA) mechanism. This module
improves the accuracy of change detection while avoiding the redundant computation
associated with subtraction-based methods in traditional approaches, further lowering
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the computational overhead. Through the channel splitting design in LMCU, TIMA-
Net can effectively aggregate multi-scale features without significantly increasing the
computationa cost.
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Figure 9. On the LEVIR and SYSU datasets, the model complexity of different methods in terms of
Params (memory cost), FLOPs (computational cost), and F1 is compared. (a,b) are for the LEVIR
dataset; (c,d) are for the SYSU dataset.

4.3. Ablation Experiments

To validate the effectiveness of the modules and components in the proposed AFRNet,
we conducted a comprehensive ablation study on the LEVIR dataset.

(1) Effectiveness of CAFM

To overcome the limitations of the lightweight backbone in feature extraction, we
designed the CAFM module, which enhances the representation capability of bi-temporal
features by combining adjacent information extracted from different stages of the Mo-
bileNetV2 backbone. To verify the effectiveness of CAFM, we replaced it with a 3 x 3
convolution layer with unchanged input and output, labeled as “w/o CAFM” (Table 2,
#02). The quantitative comparison results are shown in Table 2. The experimental results
demonstrate that after removing CAFM, the IoU and F1 on the LEVIR-CD dataset decreased
by 0.92% and 0.86%, respectively, and on the SYSU dataset, IoU and F1 decreased by 1.53%
and 1.37%, respectively, indicating that the effective aggregation of multi-level features
plays an important role in the TIMA-Net model.

Moreover, to systematically evaluate the contribution of the Feature Weighting (FW)
strategy in the CAFM module for multi-level feature aggregation, we conducted an ablation
experiment by removing the adaptive weighting mechanism (“CAFM w/o FW”, #03). The
results demonstrate significant performance degradation across datasets; on LEVIR-CD, the
IoU and F1-score decreased by 0.68% and 0.57%, respectively, while on SYSU, the declines
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were more pronounced at 1.03% and 0.72%. This discrepancy is attributed to SYSU’s higher
complexity (e.g., more diverse land cover types and finer change patterns), which amplifies
the need for FW to prioritize discriminative features. Mechanistically, FW enables the model
to dynamically suppress redundant low-level features (e.g., homogeneous background
textures) and emphasize high-level change-related semantics (e.g., boundary details of
construction sites).

Table 2. A quantitative comparison of IoU, F1, Rec, and Pre for different structural settings on two
RSCD datasets was conducted.

) LEVIR(%) SYSU(%)
NO. Variants IoU F1 Rec Pre IoU F1 Rec Pre
#01 Tﬂgf— 83.96 91.28 89.97 92.62 70.06 82.39 80.49 84.38
Cross-Level Aggregation Fusion Module (CAFM)
w/o
#02 CAEM 83.04 90.42 88.95 91.93 68.53 81.02 79.11 83.02
#03 CAFM 83.28 90.71 89.03 92.45 69.03 81.67 79.87 83.51
w/o FW
Temporal Interaction Enhancement Module (TIEM)
#04 Sub 83.13 90.65 89.32 92.01 69.14 81.78 80.04 83.62
#05 Cat 82.95 90.41 88.93 91.94 68.71 81.28 79.42 83.25
#06 w/o 83.31 90.89 89.84 91.98 69.18 81.91 80.35 83.52
DConv
Lightweight Multi-Scale Convolution Unit (LMCU)
w/o
#07 LMCU 82.98 90.42 88.96 91.93 68.14 80.66 78.67 82.76
Decoder Module (DM)
#08 w/o DM 83.19 90.71 89.25 92.19 68.45 81.01 78.34 83.87
Loss Function
#09 BCE 83.29 90.74 89.17 92.36 68.18 81.09 78.89 83.41
#10 Dice 83.54 90.93 89.46 92.45 68.85 81.71 79.24 84.33
We also directly compared CAFM with a similar strategy NAM (Table 3), and #02
in Table 4 represents the result of replacing our CAFM with NAM. The results show that
compared with the NAM in the A2Net model, our CAFM can not only reduce the number
of parameters but also has a better detection effect on the changing targets.
Table 3. A quantitative comparison using different feature aggregation modules on the LEVIR-CD
dataset.
NO. Modules IoU F1 Rec Pre FIOPs (G)  Params (M)
#01 CAFM(Ours) 83.96 91.28 89.97 92.62 6.05 4.31
#02 NAM(A2Net) 82.57 90.45 89.26 91.68 6.21 4.52
Table 4. A quantitative comparison of IoU, F1, Rec, and Pre for different Backbones on the LEVIR-CD
dataset.
NO. Backbones IoU F1 Rec Pre FIOPs (G)  Params (M)
#01 ResNet18 83.72 91.15 90.28 92.03 23.41 19.13
#02 EfficientNet 83.69 91.08 90.04 92.14 7.49 6.21
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(2) Effectiveness of TIEM

TIMA-Net incorporates the TIEM module. To validate whether the TIEM module
helps improve detection performance, we first replaced the TIEM module with a simple
absolute subtraction operation, labeled as “Sub” (Table 2, #04), and reported the four
evaluation metrics. The results show that after replacing TIEM with simple subtraction, the
IoU and F1 on the LEVIR-CD dataset decreased by 0.83% and 0.63%, respectively, and on
the SYSU-CD dataset, they decreased by 0.92% and 0.61%, respectively. Next, we replaced
the TTEM module with channel-level concatenation, labeled as “Cat” (Table 2, #05), and
obtained TIEMilar results showing performance degradation.

To further demonstrate the effectiveness of the TIEM design, we removed the dilated
convolutions in the module and retained only the result of concatenation as the output
of TIEM, labeled as “w/o DConv” (Table 2, #06). We found that after removing dilated
convolutions, the IoU and F1 on the LEVIR-CD dataset decreased by 0.65% and 0.39%,
respectively, and on the SYSU dataset, the IoU and F1 decreased by 0.78% and 0.48%,
respectively. This shows that dilated convolutions can effectively search for fine-grained
change features under different scale-receptive fields.

(3) Effectiveness of LMCU

To verify the effectiveness of the LMCU, we replaced it with a standard 3 x 3 convolu-
tion (denoted as w/o LMCU, #07 in Table 2). This substitution resulted in a decrease of
0.98% in IoU and 0.86% in F1 score on the LEVIR-CD dataset and a decrease of 1.92% in
IoU and 1.71% in F1 score on the SYSU dataset. These results indicate that the multi-scale
convolutions in different directions within the LMCU contribute significantly to the overall
performance improvement of the module.

(4) Effectiveness of the DM

The DM module uses a self-attention mechanism to weight the feature maps and
enhance the recognition of change regions. To validate the effectiveness of the DM module,
we replaced it with a regular convolution layer, denoted as “w/o DM” (Table 2, #08).
Quantitative results showed that after removing the DM module, the IoU on the LEVIR-CD
dataset decreased by 0.77% and F1 decreased by 0.57%, indicating that the weighting of
feature maps by the DM module plays an important role in improving change detection
accuracy. This result suggests that the self-attention mechanism effectively helps the model
focus on the change regions, thereby further improving the accuracy of change detection.

(5) Effectiveness of the Loss Function

To study the impact of the loss function on performance, we used traditional binary
cross-entropy (BCE) loss and Dice loss as baselines and compared them with the hybrid loss
(BCE + Dice). The results are reported in Table 2, #09 (BCE) and #11 (Dice). The TIMA-Net
model using the hybrid loss (Table 2, #10) outperformed those using only BCE loss or
Dice loss. These results indicate that the hybrid loss function significantly improves the
model’s performance, especially in handling imbalanced classes, as it better balances the
contributions of each class and enhances detection accuracy.

(6) Comparison of Different Backbone Networks

To verify the rationality of selecting the backbone network, we compared the perfor-
mances of ResNet18, EfficientNet, and MobileNetV2 on the LEVIR-CD dataset (Table 4).
The results show that although the model using MobileNetV2 as the backbone network
is not optimal in terms of the Recall metric, its F1 and IoU metrics outperform those of
ResNet18 and EfficientNet. Moreover, in terms of FLOPs and Params, it has a significant
advantage over ResNet18 (23.41 G, 19.13 M) and EfficientNet (7.49 G, 6.21 M) in terms
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of computational cost and parameter count. Considering the lightweight positioning of
TIMA-Net, MobileNetV2, with its depth-wise separable convolution and linear bottleneck
structure, balances feature extraction and computational efficiency, making it more suitable
for the actual deployment requirements of remote sensing change detection.

5. Discussion

We propose a lightweight remote sensing image change detection network, TIMA-Net,
aiming to improve the accuracy and computational efficiency of change detection in high-
resolution remote sensing images. By introducing the Cross-Level Feature Aggregation
Module (CAFM), the Spatio-Temporal Interaction Enhancement Module (TIEM), and the
Lightweight Multi-Scale Convolution Unit (LMCU), TIMA-Net can effectively capture
subtle changes in remote sensing images while reducing computational costs and adapting
to resource-constrained application environments.

Specifically, TIMA-Net enhances the representation ability of change regions through
multi-scale feature fusion and spatio-temporal difference enhancement techniques and
shows strong robustness, especially in capturing complex change regions and details.
Ablation experiments further verify the contribution of each module to the final perfor-
mance, demonstrating the crucial role of adaptive dilated convolution and spatio-temporal
difference enhancement strategies in reducing noise and improving detection accuracy.

Although this study has achieved satisfactory results in the task of change detection of
high-resolution remote sensing images, one of the key compromises related to lightweight
networks is the potential trade-off between computational efficiency and feature extraction
ability. Although TIMA-Net is designed to reduce computing costs and memory usage,
this may lead to the loss of some fine-grained features, especially in the field of highly
complex changes.

6. Conclusions

This study presents TIMA-Net, a lightweight remote sensing image change detection
network designed to balance accuracy and computational efficiency in high-resolution
imagery. By integrating the Cross-Level Feature Aggregation Module (CAFM), Spatio-
Temporal Interaction Enhancement Module (TIEM), and Lightweight Multi-Scale Convo-
lution Unit (LMCU), TIMA-Net achieves efficient feature fusion and noise suppression.
Experimental results on LEVIR, SYSU, and BCDD datasets demonstrate its superiority,
with an Fl-score of 91.28% on LEVIR-CD using only 4.31 M parameters—significantly
outperforming state-of-the-art methods in both accuracy and computational efficiency. Ab-
lation studies validate that each module contributes to improved performance, particularly
CAFM'’s reduction in complexity and TIEM’s joint metric of Euclidean distance and cosine
similarity, which enhances resistance to seasonal pseudo-changes.

TIMA-Net’s implications lie in its practical utility for resource-constrained scenarios,
such as UAV-based monitoring or edge device deployment, where traditional heavyweight
networks are infeasible. However, the lightweight design introduces trade-offs; while it
efficiently captures macro-scale changes, fine-grained details in highly complex scenes (e.g.,
small infrastructure modifications) may be underrepresented, when processing densely
clustered objects. This highlights the need for balanced feature extraction that preserves
both semantic context and spatial detail.

Future research will focus on further reducing the number of parameters of the model
while improving the accuracy. Specifically, by optimizing the network structure and
adopting more efficient feature extraction methods and quantization techniques, the com-
putational overhead of the model can be further reduced. In addition, combining the
adaptive learning mechanism with new optimization algorithms will help improve the ac-
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curacy and robustness of the model in complex scenarios and further enhance the practical
application potential of the model.
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