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Abstract—Deep learning has profoundly advanced remote sens-
ing change detection (RSCD). However, effectively modeling the
temporal interdependencies between bi-temporal images remains
a challenge, often resulting in inadequate feature fusion, blurred
change boundaries, and missed detections of subtle changes. To
tackle these issues, we propose Multi-Scale Temporal Attention
Fusion Change Detection Network(MSTAF-CDN), a novel net-
work that pioneers a multi-scale temporal attention fusion strat-
egy. This network with the Two-stage Collaborative Attention As-
sembly (TCAA) module, which explicitly captures cross-temporal
contextual relationships to guide the dynamic fusion of multi-
scale features, and the Progressive Contour Sensing Augmenta-
tion (MFSA) module, which employs multi-branch architecture
to progressively sharpen boundary details and enhance sensitivity
to small targets. Improve separately from the intrinsic challenges
at the data level and the deep requirements of temporal modeling.
On three public benchmarks, MSTAF-CDN achieves competitive
results, with F1 scores of 91.54% on LEVIR-CD, 83.70% on
SYSU-CD, and 76.27% on UAV-CD, outperforming several recent
state-of-the-art methods, demonstrating superior performance in
both quantitative metrics and visual quality. Our code is available
at https://github.com/yikuizhai/MSTAF-CDN.

Index Terms—Two-phase Attention Collaboration (TCAA) ,
Remote Sensing Change Detection (RSCD) , Progressive Contour
Sensing Augmentation (MFSA) , Boundary Refinement , Feature
Enhancement

I. INTRODUCTION

REMOTE Sensing Change Detection (RSCD) focuses on
identifying and delineating surface changes within the

same area by comparing bi-temporal remote sensing (RS) im-
ages captured at different times [1]. Currently, RSCD methods
play an important role in real-world tasks of RS imagery, such
as land use change detection (CD) [2], disaster assessment
[3], urban planning [4], farmland observation [5], ecological
monitoring [6], and urban management [7] [8].

Early traditional methods for RSCD can generally be di-
vided into three main categories: transformational methods [9],
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algebraic methods [10] and classification methods [11]. These
methods primarily rely on manually designed features and
discriminative rules, which often lead to limited feature ex-
pressiveness and accuracy bottlenecks. Additionally, they are
highly susceptible to environmental variations such as weather
changes, seasonal transitions, and lighting fluctuations, result-
ing in the loss of image details and key features. As RS data
grow in diversity and complexity, these traditional approaches,
constrained by fixed prior knowledge, struggle to adapt feature
extraction strategies dynamically, thus exhibiting insufficient
generalization in complex environments. The advent of deep
learning has revolutionized computer vision tasks through its
powerful information mining and automatic feature extraction
capabilities. Compared to traditional techniques, deep learning
methods autonomously optimize feature representations from
data without human intervention, effectively capturing multi-
layer contextual information while preserving details and
enhancing semantic continuity. This paradigm shift has opened
new avenues for developing more precise and robust RSCD
methods.

In the early stages of deep learning-based RSCD, Con-
volutional Neural Networks (CNNs) became the predomi-
nant backbone, with performance further enhanced through
advanced techniques such as Siamese structures [12], multi-
scale mechanisms [13] [14], and attention mechanisms [15].
While CNN-based networks are powerful in end-to-end fea-
ture extraction, the locality of convolutional operations in-
herently restricts their capacity to model global contextual
relationships. To mitigate this drawback, Transformer mod-
els, which have achieved remarkable success in NLP, were
later adopted for computer vision tasks. Vision Transformer
(ViT) [16] pioneered this approach by dividing images into
patches and processing them as sequences, leveraging self-
attention to establish global relationships. Although CNN-
driven and Transformer-driven models have shown remarkable
progress in CD, considerable challenges remain unresolved.
Mainstream methods often oversimplify dual-temporal rela-
tionships through basic operations like feature differencing or
concatenation, failing to capture the gradual nature of changes
and spatial context connections. This results in a superficial
understanding of “change”, leading to poor detection of sub-
tle changes (e.g., small new buildings) and blurred change
boundaries. Furthermore, decoding processes typically rely on
simple upsampling and convolution, lacking iterative refine-
ment of preliminary predictions, which ultimately constrains
model performance.

Specifically, Convolutional Neural Network (CNN)-based
Deep Learning Change Detection (DLCD) methods primarily
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utilize an encoder-decoder framework to enable efficient end-
to-end identification of change regions [17]. However, their
performance is fundamentally constrained by the limited re-
ceptive field (RF) inherent to convolutional operations [18].
In contrast, the Transformer architecture excels at modeling
global context through self-attention, albeit at the cost of high
computational complexity. A prevalent strategy to balance
these trade-offs involves hybrid CNN-Transformer designs,
which aim to integrate the local feature extraction prowess
of CNNs with the global modeling capacity of Transformers
[19] [20]. Recently, the Mamba architecture has emerged
as a promising alternative, offering superior global infor-
mation modeling with linear computational complexity and
enhanced scalability compared to Transformers [21]. Building
on this, Mamba-based models like the Mamba-based Se-
mantic Alignment Network (MSA) [22] and the Frequency-
Enhanced Mamba for change detection (FEMCD) [23] have
been developed for RSCD. MSA introduces a semantic shift
rectification module to address spatial misalignment, while
FEMCD incorporates frequency information to better capture
subtle textural changes. Nevertheless, a primary focus on
sequential modeling may still underemphasize the hierarchical
spatial structures and fine-grained local details critical for
precise boundary localization in RSCD.

Parallel to these advancements, foundational models like the
Segment Anything Model (SAM) have introduced powerful
new paradigms for generic segmentation. However, its direct
application to RSCD remains challenging. For instance, Tan et
al. [24] integrated SAM with CLIP for unsupervised CD, using
FastSAM for feature extraction and a semantic attention mech-
anism for refinement. A core limitation lies in SAM’s lack of
inherent mechanisms for modeling temporal correspondence
between bitemporal images, and its prompt-based design is
not naturally suited for deducing change-specific semantics
from low-level pixel differences, often leading to suboptimal
performance in discerning subtle changes.

However, these methods largely follow the paradigm of
traditional change detection and suffer from several inherent
issues: complicated processing steps, heavy reliance on dif-
ference images, difficulty in threshold determination, and sus-
ceptibility to error accumulation effects [25]. As a result, their
overall performance remains suboptimal, with limited practical
applicability. Fundamentally, many existing approaches rely on
relatively simplistic or implicit strategies for temporal feature
interaction and fusion, such as direct feature differencing,
concatenation, or basic attention mechanisms. These strategies
fail to explicitly model the progressive nature of changes
or the complex multi-scale contextual relationships across
time, leading to a coarse fusion of temporal information. This
is the root cause of blurred change boundaries and missed
detections, particularly for small and complex change regions.
Furthermore, mainstream decoding processes typically depend
on simple upsampling and convolution operations, lacking it-
erative refinement of preliminary predictions, which ultimately
constrains the overall performance of the models.

To address the above challenges in RSCD, we analyze the
motivation from two complementary perspectives. First, bi-
temporal images are often affected by noise and illumina-

tion variations, complicating detection tasks. Existing mod-
els that directly fuse backbone features tend to distort or
lose subtle changes, while static multi-scale fusion methods
struggle to adaptively suppress noise-induced interference.
To address this, we propose the Two-stage Collaborative
Attention (TCAA) module, which dynamically weights multi-
scale features through a dual-phase attention mechanism and
employs dilated convolutions to enhance receptive fields while
suppressing irrelevant noise, thus improving robustness in
complex scenarios. Second, current methods often fail to
adequately capture fine-grained boundary information and
structural details of change regions, leading to blurred change
boundaries and incomplete detection of small targets. To
enhance the perception of contour details and improve local-
ization accuracy, we design the Gradual Perceptual Feature
Fusion (MFSA) module. By incorporating multi-branch di-
lated convolutions and gated supervision mechanisms, MFSA
enables progressive refinement of boundary-aware features.
This structured modulation enhances the model’s sensitivity to
subtle changes and sharpens change region boundaries through
iterative feature enhancement.

Motivated by the above analyses, we design a novel CD
framework, termed MSTAF-CDN, which integrates a multi-
scale two-branch attention mechanism. In MSTAF-CDN, we
introduce a TCAA module and a MFSA module. The key
contributions of this work are as follows.

1) A two-stage collaborative attention (TCAA) module that
was used to augment the features, in contrast to previous
approaches employing multiscale mechanisms, which achieved
augmentation at each scale by dynamically integrating mul-
tiscale semantic and texture information extracted by the
backbone.

2) The progressive perceptually supervised attention
(MFSA) module fuses diachronic features through multi-scale
context modeling. By integrating dilated convolutions and a
multi-branch strategy, it maintains spatial resolution while
capturing long-range dependencies and local edge details. Su-
pervised guidance signals are further incorporated to improve
the localization accuracy of changing regions.

3) MSTAF-CDN is introduced in this paper, a novel change
detection network that utilizes multi-scale temporal attention
fusion to address key shortcomings in existing approaches,
such as insufficient temporal dependency modeling and in-
distinct change boundaries. Experiments across three public
benchmarks confirm its superior accuracy and robustness
compared to current state-of-the-art methods.

II. RELATED WORK

A. Traditional RSCD Methodologies

Traditional change detection (CD) methodologies primarily
rely on hand-crafted features, encompassing transformation-
based methods (e.g., CVA [26], PCA [27], and ICA [28])
and algebraic operations. Although computationally efficient,
these methods are often sensitive to radiometric fluctuations
and lack the capacity to represent complex semantic infor-
mation in high-resolution imagery. The field has subsequently
shifted toward deep learning (DL) paradigms, which leverage
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hierarchical representation learning to autonomously extract
robust spatial-temporal features, significantly outperforming
traditional techniques in complex urban and environmental
monitoring scenarios.

B. Deep learning based RSCD network
Recently, deep learning-based methods have demonstrated

remarkable ability in extracting discriminative features for
RSCD [29] [30] [31]. CNN-based networks, in particular,
exhibit great potential in this field. For instance, Daudt et al.
[32]introduced three UNet-derived models [33]: FC-EF, which
concatenates bi-temporal images channel-wise; FC-conc, using
siamese networks to extract features separately before con-
catenating them in the decoder; and FC-diff, which combines
feature differences with concatenated features for fusion. Li et
al. [34] proposed a multi-scale framework where bi-temporal
features are fed into a disparity enhancement module and
fused before decoding. Lei et al. [14] designed a multi-scale
decoupled convolution module that employs recurrent multi-
scale convolution to extract features of changing targets.

Due to the local nature of convolution, CNNs have a
limited receptive field and struggle to capture long-range
context. To overcome this, Transformers have been introduced
for RSCD. Chen et al. [18] pioneered a Transformer-based
network (BIT) that uses semantic tokenization to efficiently
capture spatio-temporal context between bi-temporal images.
Zhao et al. [35] employed single-stream and dual-stream
encoders with an attention module for cross-phase feature
fusion, boosting detection accuracy. Jiang et al. [36] proposed
a visual change Transformer that models features with GNNs,
applies Top-K labeling, and uses self-cross-attention with an
APA module to generate the change map. Wang et al. [37]
designed a CD additive network that identifies differences
via addition/subtraction, quantifies changes, and leverages a
Transformer for analysis. Notably, the performance of deep
learning-based RSCD methods heavily depends on the quality
of feature characterization.

Therefore, enhancing feature representation is crucial for
optimizing model performance. Feature enhancement strength-
ens expression ability to prevent overfitting and improve gen-
eralization, while feature fusion integrates bi-phasic features
to extract change information and enhance detection accuracy.
Song et al. [38] proposed a context–difference enhancement
network with a spatial attention mechanism, which highlights
change regions, improves characterization of difference fea-
tures, and reduces irrelevant interference, thereby boosting
robustness in complex environments. Beyond internal repre-
sentation, recent studies address external challenges such as
style differences and data scarcity. To reduce style-induced
false alarms, SAFDNet introduces a style alignment module
and layer-exchange fusion mechanism [39]. Meanwhile, Meta-
CD adopts a few-shot paradigm by integrating a lightweight
adapter with foundation models like FastSAM, enabling effec-
tive adaptation with limited annotated data [40].

To overcome the quadratic complexity of Transformers,
Mamba-based architectures have recently emerged as a state-
of-the-art alternative. Xing et al. [23] proposed a frequency-
enhanced Mamba-based method for remote sensing change

detection (FEMCD). FEMCD integrates frequency-enhanced
mechanisms with a difference-guided state-space model to
capture subtle textural changes, while Huang et al. [22]
introduced a Mamba-based Semantic Alignment Network
(MSA) for remote sensing change detection. MSA utilizes
the Mamba backbone to enhance global dependency modeling
while addressing spatial misalignment through semantic offset
correction.

However, despite these advancements, most existing meth-
ods, including those discussed above—tend to focus narrowly
on enhancing discrepancy features or addressing isolated chal-
lenges such as style shift or data scarcity. Such approaches
often fail to fully leverage the fine-grained temporal details
embedded in each phase of imagery and lack the capacity to
form a holistic understanding of complex changes. This limi-
tation leads to insufficient modeling of temporal dependencies,
blurred change boundaries, and insensitivity to subtle or small-
scale changes.

C. Feature fusion and Emerging Learning Strategies
Feature fusion plays a key role in the RSCD model. Its

main goal is to accurately capture the difference information
by fusing features from dual-temporal RS images to identify
the change regions more efficiently. Effectively capturing
significant changes and subtle local differences in complex
contexts has always been a major challenge in the field of CD.
The MapsNet model [41]. This system efficiently aggregates
multiple levels of contextual information. Multidirectional
Fusion and Perception Network [42] enhances information
dissemination within the network through a refined feature
fusion module and an adaptive weighted fusion strategy. The
DGFNet model [43] employs an encoder-decoder architecture
with a feature enhancement module and a two-gate fusion
module to narrow the semantic gap between different levels
of features, thus improving the performance of land cover
classification. In addition, the MSGFNet model [44] which
combines the EfficientNetB4 model based on the Siamese
network in order to efficiently extract the diachronic features
and uses the MSGFM module to maintain boundary details
and accurately detect changing targets.

Sample efficient and spatial consistency learning are in-
creasingly import. Addressing data scarcity and spatial mis-
alignment is a growing trend. Recent reviews highlight the
shift toward label-efficient CD. For example, Zhou et al.
[45] proposed a fine-tuning strategy called the Semantic
Change Network (SChanger), which enforces spatial consis-
tency through large-kernel convolutions and employs single-
temporal pre-training to acquire instance-level prior knowl-
edge. Simultaneously, Huang et al. [46] proposed a Multiview
Complementary Learning Network (MVCL), which introduces
multiview complementary learning to simultaneously model
change and background features, thereby reducing false pos-
itives in complex scenes. Methods like RS-NormGAN [47]
tackle this at the data level using a GAN-based normalization
approach, which complements feature-level fusion strategies
aimed at enhancing temporal semantics and boundary details.

Based on the above analysis, existing methods often lack
the ability to dynamically integrate multi-scale temporal fea-
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tures during feature fusion, and their perception of boundary
structures and subtle changes remains insufficient in com-
plex scenarios. To address this, we propose the Multi-Scale
Temporal Attention Fusion Network based on the Two-Stage
Collaborative Attention (TCAA) and Multi-Feature Spatial
Attention (MFSA) modules, aiming to more effectively fuse
dual temporal features and enhance the discriminative power
of change boundaries, thereby comprehensively improving the
accuracy and robustness of CD.

III. METHOD

This section begins with an overview of the overall architec-
ture of MSTAF-CDN, as presented in Subsection A. In order to
enhance the bi-temporal feature extraction capability, a TCAA
module is introduced in subsection B. Subsection C elaborates
the proposed MFSA module for a better integration of the bi-
temporal features.

A. Overall architecture of MSTAF-CDN.

This section describes the MSTAF-CDN network architec-
ture (shown in Fig.1), which consists of the MobileNetV2
backbone network, the two-phase Attention Collaboration
(TCAA) module, the Progressive Boundary-Feeling Enhance-
ment (MFSA) module, and the decoder component.

The input of the network is a pair of registered bi-
temporal images (size H × W × 3), referred to as ‘Pre-
Change’ and ‘After-Change’ images. This backbone network
hierarchically extracts multi-scale features, generating a set of
feature maps for each image, denoted as Pre f1 to Pre f5
(before change) and After f1 to After f5 (after change),
where the increasing numerical index corresponds to deeper
network layers and features with more abstract semantics.
Subsequently, the extracted bi-temporal multi-scale features
are fed into a Two-stage Collaborative Attention mechanism
(TCAA) module, which aims to highlight significantly dif-
ferent regions and suppress irrelevant background changes by
computing the correlation between features, thereby effectively
enhancing the quality and discriminative ability of the fused
features. In this module, features from the two time points are
gradually fused at various levels. Based on this, the Progressive
Supervision Feature Fusion (MFSA) module fused multi-level
features undergo progressive upsampling and reconstruction
by a Decoder. The Decoder consists of multiple stages (Stage
5 to Stage 2), with each stage upsampling the fused features
and performing skip connections with the corresponding same-
scale features from the encoder’s intermediate layers to restore
spatial detail information. Finally, the Decoder outputs a
change probability map that has the same dimensions as the
input image, representing the likelihood of change occurring
at each pixel location.

B. Two-stage collaborative attention assembly module

In deep learning research, it is widely recognized in the
academic community that semantic information is crucial for
enhancing high-level features. This is particularly critical for
target localization as it helps to pinpoint the location of objects

and understand their contextual relationships. On the other
hand, fine-grained details of object boundaries and textures
mainly constitute low-level features that provide detailed de-
scriptions of the precise shape and surface properties of objects
[48] [49] [50] [51]. From this perspective, most research on
multiscale methods has focused on the use of a series of
multiscale operations to achieve bitemporal feature fusion [52]
[53]. In order to further enhance the modeling capability of
contextual information and the accuracy of attention expres-
sion during the multi-scale feature aggregation process, this
paper proposes a novel TCAA module.

The module innovatively employs a dual-stage collaborative
attention mechanism to enhance the expressive capacity of
local fine-grained features and improve cross-scale semantic
fusion. At each scale fusion stage, the TCAA module first
standardizes the channel dimensions of input features via
convolutional layers, while using bilinear interpolation for
upsampling and max pooling for downsampling to align spatial
resolutions. An attention mechanism jointly modeling channel
and spatial dimensions is then applied to initially emphasize
salient regions in the feature maps, strengthening the semantic
contribution of key areas. Subsequently, dynamic convolution
fuses the multi-scale features, combined with identity mapping
to preserve original information and facilitate gradient propa-
gation. By incorporating contextual relationship modeling, the
module further explores implicit dependencies among local
regions, increasing sensitivity to edge details and structural
changes. An adaptive attention module is introduced after each
scale fusion to enhance change-sensitive features and suppress
redundant information. Ultimately, the module outputs four
enhanced multi-scale features that retain detail, incorporate
global context, and provide rich representations for subsequent
temporal fusion.

The TCAA structure is shown in Fig. 2. We take the features
extracted in the second, third and fourth stages of the backbone
network as an example. This module enhances feature repre-
sentation capability by aggregating multi-scale neighborhood
features, as shown in the core processing flow in the figure.
Given the input features {F2,F3,F4}, the module first aligns
the features of different scales to the same scale through spa-
tial transformation operations: it downsamples the high-level
feature F2 using MaxPooling, processes the same-level feature
F3 with a Conv3x3 convolution, and upsamples the low-level
feature F4. All features undergo BatchNormalization(BN) and
ReLU activation function processing to obtain a scale-unified
feature representation. Subsequently, the module concatenates
the aligned features along the channel dimension through a
Concatenation operation, forming the multi-scale aggregated
feature s−f , mathematically expressed as:

s f = Concat[Down(F2),Conv(F3),Up(F4)] (1)

Among them, Down(·) represents the down-sampling opera-
tion, Up(·) represents the up-sampling operation, and Conv(·)
represents the convolution operation.

The aggregated multi-scale features S F are adaptively
fused through the DynamicConvolution module. The Dy-
namicConvolution employs a multi-scale convolution kernel
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MobileNetV2（Backbone）

TCAA : Two-stage Collaborative Attention 

MFSA :Progressive  Supervision Feature Fusion
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Fig. 1. The MSTAF-CDN structure demonstrates the use of the MobileNetv2 network to generate bi-temporal images to create multi-scale bi-temporal
features. Adjacent scales enhance features through TCAA, and then use MFSA to fuse the enhanced bi-temporal features. The fused features from each scale
are subsequently sent to the decoder to generate the mask map. Then, the change maps from each scale undergo upsampling and merging processes to generate
the final change map. Finally, each scale performs upsampling and merging operations to generate the final change map.
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f3

f4

f3'
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Fig. 2. Two-stage collaborative attention assembly (TCAA) module structure.

weighted fusion mechanism combined with deformable con-
volution enhancement. Formally, given input features X , the
DynamicConvolution structure is shown in Fig. 3, Given the
input feature X ∈ RB×Cin×H×W , the forward passing process
of the operation is defined as:

α = Softmax(αparam) (2)

Among them, α is a learnable parameter which dynamically
adjust the contribution levels of convolution kernels at different
scales. For the set of convolution kernel sizes K = 3, 5, 7, per-
form convolution operations and weighted fusion respectively:

Dynamic feat =
∑
k∈K

αk × ReLU (BN (Wk ∗X + bk)) (3)

Weight 

normalization

s_f

Dynamic Weight Calculation

offset

Deformable Convolution

Deform_feat

k=3

k=5

k=7

7×7 Conv

3×3 Conv 5×5 Conv

BatchNormalization

ReLU

α

Σxiαi

Dynamic_feat

fusion

s_fm

Fig. 3. The structure of DynamicConvolution in TCAA.

where Wk ∈ RCout×Cin×k×k is the convolution weight,
bk ∈ RCout is the bias term, and ∗ represents the convolution
operation. At the same time, the module captures spatial
deformation information through deformable convolution.

Deform feat(p) =
∑
q∈R

Wdef(q)×X (p+ q +∆pq) (4)

The offset ∆pq predicted by a specialized convolutional layer:

∆pq = (Woffset ∗X + boffset) (p, q) (5)

where R = (0, 0), (0, 1), . . . , , (2, 2) is the regular sampling
grid of 3×3 convolutional kernels. The final output is obtained
by fusing Dynamic feat and Deform feat.
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Specifically, the multi-scale fusion employs the following
mechanism:

F = FORG(FGAP(X)) (6)

Fk = (Softmax (F))k (7)

S F = Conv

(
K∑

k=1

[Fk ×Wk] ,
K∑

k=1

[Fk × bk]

)
(8)

where FGAP(·) represents the global average pooling, ex-
tracts the global context vector, FORG(·) represents the orig-
inal weight generated by the network, (α1, α2, ..., αK) =
Softmax(α̂) represents the normalized fusion weight, satisfy-
ing

∑K
k=1 αk = 1, Wk and bk represent the fixed weights

and biases of K convolutional kernels of different scales,
respectively.

Among them, ak is the adaptive weight coefficient calcu-
lated by softmax, which controls the contribution of convo-
lution kernels of different scales. Finally, the fused features
are connected to the original features F3 through Element-
wise Multiplication for a residual connection, resulting in the
enhanced featuresF ′

3:

F ′
3 = Attention(DyConv(S F ))× F3 (9)

Among them, Attention(·) refers to the feature refinement
module that combines channel and spatial attention. The entire
module significantly enhances the semantic representational
capability and spatial detail retention of features through multi-
scale neighborhood feature aggregation and a dual attention
mechanism, providing richer feature representations for sub-
sequent CD tasks.

C. Progressive contour sensing augmentation module

The bi-temporal images input to the RSCD task contain
rich semantic information. However, the spatial details ex-
tracted by the backbone network (such as object edges and
small variation areas) experience significant loss. In this case,
predicting features can lead to blurry results and inaccurate
boundaries. On one hand, the model tends to let small variation
areas be submerged by the background features of large
unchanged areas, making it insensitive to positive samples,
which results in missed detections or incomplete predictions.
On the other hand, due to the differing scales of variation
targets, a single receptive field feature struggles to effectively
capture all targets simultaneously, failing to achieve sufficient
integration of deep features with supervisory signals, leading
to false detections and preventing the model from achieving
accurate recognition results.

In order to effectively guide the model to focus on the
discriminative features of changing areas, enhance the model’s
capability to capture spatial contextual information under
different receptive fields, and fully integrate deep features
with supervisory signals, this paper proposes a MFSA. The
MFSA module accepts dual-phase multi-level features from
the TCAA module and inputs them into the PCSA module.
The PCSA module is the core part of the MFSA module,
which takes intermediate feature maps as input. It first uses
a mask generator composed of dilated convolutions to predict

rough change areas and generate foreground and background
probability maps. Then, it obtains foreground-background
probability distributions through nonlinear mapping and the
Sigmoid activation function. Next, using the foreground-
background maps as guidance, it extracts multi-scale contex-
tual features through a parallel multi-branch convolution struc-
ture, integrating spatial contextual information under different
receptive fields. To enhance the feature modulation effect,
the module further introduces spatial attention to re-weight
the original features and integrates them through a fusion
mechanism into intermediate guided features with stronger
contextual awareness. By incorporating residual convolution
blocks and dynamically adjusting feature responses with the
spatial attention mechanism, it achieves an enhancement of
significant areas while suppressing background areas, ensuring
the original information is retained alongside the full inte-
gration of deep features and supervisory signals. The MFSA
module ultimately outputs optimized feature maps, merg-
ing supervisory guidance signals with the backbone features
through a gating mechanism to achieve structured modulation
of the main feature maps.

The design of the MFSA module not only enhances the
model’s ability to perceive fine-grained structural changes
but also improves the accuracy of locating change areas.
Experiments have confirmed that after introducing the PCSA,
the model achieved better results across multiple public RSCD
datasets, validating the significant value of this module in guid-
ing feature learning and detail restoration. Its gated residual
structure and multi-scale fusion mechanism provide a robust
feature representation basis for CD tasks, especially excelling
in challenging scenarios such as low-contrast changes and
fragmented change areas. The structure of the MFSA module

3x3 Conv d=1

3x3 Conv d=3

3x3 Conv d=5

3x3 Conv d=7

1x1 Conv

1x1 Conv

1x1 Conv

1x1 Conv

PCSA

3x3 Conv

Ct

Ĉ t

Dt

B1
t

B2
t

B3
t

B4
t

Fig. 4. Progressive contour sensing augmentation (MFSA) module structure.

and the PCSA module is shown in the Fig. 4and Fig. 5, and its
core working principle begins with multi-scale spatiotemporal
alignment and difference extraction of dual-phase features.
The module first receives dual-time-phase multi-level features
from the TCAA module (which typically includes four scales:
x2, x3, x4, x5) and calculates the absolute differences between
the features (|x1 − x2|) through a specialized temporal fu-
sion submodule. This difference feature effectively retains the
essential signals of surface changes while suppressing non-
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GroupNormalSiLU
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Fig. 5. the structure of PCSA in MFSA.

essential variations like lighting and shadows. In the feature
fusion phase, the module adopts a hierarchical dilated convolu-
tion architecture, applying convolution operations with dilation
rates of 7, 5, 3, and 1 through four branches, respectively. This
design allows the module to simultaneously capture contextual
information at different scales: large dilation rate (7) perceives
broad background change patterns, medium dilation rates (5,
3) focus on medium-scale change structures, while standard
convolution (dilation rate 1) precisely locates local detail
changes, which can be represented as: Set the dual temporal
input features asXt

1 ∈ RC×H×W and Xt
2 ∈ RC×H×W , where

t ∈ {2, 3, 4, 5} represents the feature scale. The temporal
difference features are calculated as:

Dt = |Xt
1 −Xt

2| (10)

the multi-branch hollow convolution processing as:

Bt
1 = BN(Wd=7

7×7 ∗Dt) (11)

Bt
2 = BN(Wd=5

3×3 ∗ ReLU(W1×1 ∗Dt +Bt
1)) (12)

Bt
3 = BN(Wd=3

3×3 ∗ ReLU(W1×1 ∗Dt +Bt
2)) (13)

Bt
4 = BN(Wd=1

3×3 ∗ ReLU(W1×1 ∗Dt +Bt
3)) (14)

the final integration output as:

Ct = ReLU(W1×1 ∗Dt +Bt
4) (15)

Among them, wd=r
k×k represents the convolution weights of the

kernel size k and expansion rate r, ∗ denotes the convolution
operation, and BN refers to batch normalization. After the
fusion feature Ĉt is output from the MFSA module, it is input
into the decoder [54] to generate the final change mask.

D. 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 Lbce with the dice loss function Ldice [55]. The
total loss function Ltotal can be denotes as:

Lbce(ŷ, y) = y · log ŷ + (1− y) · log(1− ŷ) (16)

Ldice(ŷ, y) = 1− 2 · y · ŷ
∥ y ∥ + ∥ ŷ ∥

(17)

Ltotal(ŷ, y) =
5∑

i=2

Lbce(ŷi, y) + L(ŷi, y) (18)

where ŷ is the forecast change map and y is the ground truth,
∥·∥ represents the ℓ1 norm.

IV. EXPERIMENTS

In order to fully evaluate the effectiveness of MSTAF-CDN,
we conducted comprehensive experiments on three widely
known RSCD datasets that cover a wide range of scenarios
and challenges and fully reflect the adaptability and stability
of our model. We compare MSTAF-CDN with the current best
approaches on these datasets, and the results of the comparison
experiments clearly demonstrate the performance advantages
of our model. In addition, we provide detailed descriptions
and evaluation metrics about the RSCD task experiments. In
order to present the experimental results more clearly, we also
performed a visual analysis, which enables a clear comparison
between the performance of our model on different datasets
and other methods. Finally, we conducted ablation experiments
to more comprehensively validate the performance of MSTAF-
CDN.

A. Datesets description

We generalize three influential datasets, LEVIR-CD, SYSU-
CD, and UAV-CD to evaluate the performance of the MSTAF-
CDN, which consists of raw bi-temporal images and their
respective ground truth.

1) LEVIR-CD [7]: It is collected from Google Earth and
contains data on the detection of architectural changes
from 2002 to 2018 and includes various types of struc-
tures. The dataset consists of 637 pairs of images, each
with a resolution of 1024×1024 pixels and an optical
resolution of 0.5 meters. The images were then cropped
to a size of 256×256 pixels.

2) SYSU-CD [56]: It contains 20,000 pairs of aerial images
of Hong Kong, collected between 2007 and 2014, each
with a size of 256×256 pixels and a resolution of 0.5
meters.

3) UAV-CD [57]: Based on the UAV-BCD, it further
improves sample diversity and increases the number
of samples by including land changes and building
changes, increasing the total number from 2024 to 2660.
Specifically, UAV-CD consists of a total of 2660 pairs
of 768×768 pixel images with a spatial resolution of
0.06m.

B. Evaluation indicators

To meticulously evaluate the performance of the MSTAF-
CDN model in the RSCD task, we applied four common
evaluation metrics: precision (P), recall (R), F1 score (F1),
and Intersection over Union (IoU). Of these metrics, IoU and
F1 are considered the primary evaluation criteria. P measures
the proportion of true positive samples that the model identifies
as positive in all samples. R measures the proportion of true
positives that the model identifies as positive in all actual
positive samples. F1 combines the P and R metrics of the
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model, with a higher F1 reflecting better performance on the
RSCD task. IoU denotes the intersection of predicted and
actual regions of change and the intersection of actual regions
of change and the intersection of predicted and actual regions
of change. the ratio of the intersection of the predicted and
actual change regions to their sum. Each metric is calculated
as follows:

Precision =
TP

TP + FP
(19)

Recall =
TP

TP + FN
(20)

IoU =
TP

TP + FN + FP
(21)

F1 = 2× Precision×Recall

Precision+Recall
(22)

where TP denotes the total number of pixels correctly iden-
tified as changed, FP denotes the total number of unchanged
pixels incorrectly classified as changed, and FN denotes the
number of pixels that underwent change but were incorrectly
classified as unchanged.

C. Implementation details

A single NVIDIA GeforceRTX2080Ti (12G) GPU was
used for all experiments in this study. During training, the
PyTorch framework and the Adam optimizer were used,
with momentum set to 0.9 and weight decay configured at
0.0001, and the parameters β1, β2 of 0.9 and 0.99, where
the initial learning rate was 0.0005, and the batch size
was 16. A multivariate learning strategy is used, i.e. (1 −
(cur−iteration/max- iteration))

power × lr. where power
and max iteration, on each dataset, the model is trained
with 40,000 selected generations. Using Dropout prevents
overfitting by randomly dropping a portion of neurons during
training, which subtracts the model’s overdependence on a
specific neuron, thus preventing overfitting.

D. Comparison with the SOTA model

The proposed model is compared with fourteen state-of-the-
art models on three different datasets, which include FC-EF
[12], FC-Conc [12], FC-Diff [12], BIT [18], ChangeFormer
[48], ICIF-Net [50], VcT [36], S2-CD [37], AEGL-Net [53],
Schanger [45],ChangeMamba [21], CDMamba [58], AFSNet
[59] and CFNet [60]. In the RSCD task, IoU and F1 values are
the key metrics to evaluate the performance of the model, and
these metrics intuitively reflect the accuracy and robustness of
the model. Therefore, we chose IoU and F1 values as the
main criteria for assessing model quality. To ensure a fair
comparison, we reimplemented these models based on their
open source code. The following sections provide a detailed
overview of these models.

1) FC-EF: U-Net variant receiving paired images via chan-
nel concatenation.

2) FC-Conc: Siamese CNN with shared weights, fusing bi-
temporal features to detect changes.

3) FC-Diff: Siamese CNN computing feature differences
across temporal phases.

4) BIT: Early Transformer-based model encoding images
as tokens, modeling context via Transformer encoder-
decoder.

5) ChangeFormer: Transformer Siamese network with hi-
erarchical encoder and MLP decoder.

6) ICIF-Net: Combines CNN and Transformer with intra-
/inter-scale fusion for global-local feature integration.

7) DMINet: JointAtt module unifying self- and cross-
attention with multi-level differential aggregation for
precise detection.

8) VcT: Visual Change Transformer treating pixels as graph
nodes, leveraging clustering, graph neural nets, and APA
for refined change modeling.

9) S2-CD: Uses sum/subtraction operations to capture spa-
tial differences, enhanced by Transformer and modula-
tion block.

10) AEGL-Net: Incorporates Adaptive Multiscale Enhance-
ment (AME) and Global-Local Feature Fusion (GLFF)
to balance semantics and textures, and strengthen depen-
dencies.

11) SChanger: SChanger is a lightweight change detection
model that uses semantic change network and spatial
consistency attention to efficiently identify changes in
remote sensing images with high accuracy.

12) ChangeMamba: Integrates the Visual Mamba backbone
and spatiotemporal relationship modeling to achieve
global receptive fields with linear complexity, balancing
computational efficiency and contextual representation.

13) CDMamba: Incorporates a scaled residual ConvMamba
(SRCM) block and adaptive global-local guided fusion
(AGLGF) to synergize global context with local details
for fine-grained binary change detection.

14) AFSNet: CNN with a residual Swin Transformer module
(RSTM) and a dual residual module (DRM) to pro-
gressively aggregate full-scale features and model multi-
level bitemporal differences for efficient and precise
change detection.

15) CFNet: CFNet is a change detection network for remote
sensing. It uses EfficientNet-B5 and a Content-Aware
strategy to focus on semantic content over style varia-
tions.

(1) LEVIR-CD Experiments: Table I details the results of
LEVIR-CD across the 10 baseline models. The AEGL-Net
model scored the highest on loU and Fl metrics, 84.32% and
91.49%, respectively. In contrast, our proposed MSTAF-CDN
model outperforms AEGL-Net on these metrics by achieving
84.40% and 91.54%, respectively. Specifically, our model
outperforms AEGL-Net by 0.08% on loU and 0.05% on Fl.
Fig. 6 shows that our method effectively reduces false positive
and false negative rates on the LEVIR-CD dataset, with
MSATF-CDN outperforming existing advanced methods. In
scenes (a), (e), and (f), most methods exhibit missed detections
in cluttered environments, changes in lighting, or densely
changing areas (marked in blue), whereas our method is
able to accurately capture these areas, demonstrating superior
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TABLE I
QUANTITATIVE EVALUATION RESULTS ON LEVIR-CD, SYSU-CD, AND UAV-CD DATASETS. THE BEST VALUES ARE HIGHLIGHTED IN BOLD, AND ALL

VALUES ARE EXPRESSED AS PERCENTAGES.

Architecture Method LEVIR-CD SYSU-CD UAV-CD
IOU F1 R P IOU F1 R P IOU F1 R P

CNN

FC-EF 58.66 73.94 70.99 77.16 11.79 70.86 69.74 72.01 46.15 63.15 57.49 70.06
FC-Conc 73.93 85.01 85.17 84.85 16.22 75.04 78.38 71.98 44.75 61.83 55.47 69.84
FC-Diff 76.69 86.81 84.80 88.91 16.68 68.12 59.98 78.81 48.53 65.35 57.31 76.00
DMINet 83.44 90.97 89.82 92.16 67.58 80.65 76.16 85.71 57.61 73.11 69.42 77.20

AEGL-Net 84.32 91.49 90.68 92.32 69.75 82.18 81.40 82.96 60.23 75.18 72.15 78.47
SChanger 79.77 88.75 87.41 90.13 68.10 81.02 77.76 84.57 50.72 67.30 67.00 67.61

CNN+Transformer
BIT 81.72 89.94 89.55 90.32 63.31 77.53 75.03 80.21 54.09 70.21 65.94 75.07

ICIF-Net 81.73 89.96 89.22 90.69 62.44 76.88 72.95 81.26 56.05 71.83 67.55 76.70

Transforme

VcT 81.28 89.67 86.75 92.08 65.50 79.15 77.29 81.11 54.03 70.16 63.87 77.82
Change Former 82.01 90.11 88.77 91.50 60.91 75.70 71.15 80.88 47.73 64.61 62.31 67.09

S2-CD 81.31 89.69 87.78 91.68 64.25 78.23 76.11 80.47 56.58 72.27 67.25 78.09
AFSNet 83.79 91.18 90.52 91.85 70.91 82.98 82.88 83.09 60.71 75.55 79.01 72.39
CFNet 84.02 91.32 92.83 89.85 70.26 82.54 83.62 80.55 61.11 75.86 75.64 76.09

Mamba
ChangeMamba 82.96 90.73 89.73 91.76 68.59 81.56 76.61 85.23 59.61 74.71 69.31 81.11

CDMamba 83.74 91.19 90.50 91.74 59.39 74.44 78.71 70.55 56.82 72.47 68.04 77.54
CNN MSTAF-CDN(Ours) 84.40 91.54 90.52 92.59 71.79 83.70 83.65 83.75 61.65 76.27 78.95 73.77

(a)

(b)

(c)

(d)

(e)

(f)

Pre-Change After-Change Ground-truth FC-EF FC-Conc FC-Diff BIT Change FormerICIF-NetDMINet VcT S2-CDAEGL-Net OursAFSNet CFNet ChangeMamba CDMambaSChanger

Fig. 6. Visual comparison of MSTAF-CDN with other advanced methods on the LEVlR-CD. In this figure, white repreents true positives, black represents
true negatives, blue represents false negatives, and red represents false positives.

detail handling capability and detection performance. (2)
SYSU-CD Experiments: Table I details the results of SYSU-
CD, where the MSTAF-CDG model outperforms the other 10
benchmark models, including the best-performing AEGL-Net
model, in both loU and F1, the two key performance metrics.
Specifically, our model improves 2.04% on loU and 1.52%
on F1. These results clearly demonstrate that MSTAF-CDG
outperforms other benchmark models in accurately detecting
regions of change in SYSU-CD. Fig. 7 demonstrates the
outstanding detection performance of MSTAF-CDN on SYSU-
CD: our method accurately identifies the changed areas in
(a)–(f), it can capture subtle changes more accurately, and has
advantages over traditional methods in terms of detail retention
and boundary clarity.

(3) UAV-CD Experiments: Table I details the results of
UAV-CD: The MSTAF-CDN model outperforms the other ten
benchmark models, including the best-performing AEGL-Net
model, in two key performance metrics IoU and F1 scores.
Specifically, our model leads: 1.42% in IoU and 1.09% in F1

score. These results clearly show that MSTAF-CDN performs
better than other benchmarks in recognizing the changing
regions in UAV-CD. In addition, Fig. 8 demonstrates the effec-
tiveness of our method. Compared to state-of-the-art methods,
the latter has a significant number of blue-marked missed
detection areas, while our method significantly reduces such
omissions and achieves a noticeably lower missed detection
rate, reflecting its superior detection capability.

To further assess the efficiency of MSTAF-CDN, we com-
pared it with several other models across three datasets:
LEVIR-CD, SYSU-CD and UAV-CD. The comparison fo-
cused on model parameters, floating-point operations per
second (FLOPs), and inference time. As shown in Table II,
MSTAF-CDN 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, FC-Diff, DMINet and AEGL-Net, it demonstrates a
significant performance improvement. Therefore, considering
parameters, FLOPs, inference time, and overall performance,
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(a)

(b)

(c)

(d)

(e)

(f)

Pre-Change After-Change Ground-truth FC-EF FC-Conc FC-Diff BIT Change FormerICIF-NetDMINet VcT S2-CDAEGL-Net OursAFSNet CFNet ChangeMamba CDMambaSChanger

Fig. 7. Visual comparison of MSTAF-CDN with other advanced methods on the SYSU-CD. In this figure, white repreents true positives, black represents
true negatives, blue represents false negatives, and red represents false positives.

(a)

(b)

(c)

(d)

(e)

(f)

Pre-Change After-Change Ground-truth FC-EF FC-Conc FC-Diff BIT Change FormerICIF-NetDMINet VcT S2-CDAEGL-Net OursAFSNet CFNet ChangeMamba CDMambaSChanger

Fig. 8. Visual comparison of MSTAF-CDN with other advanced methods on the UAV-CD. In this figure, white repreents true positives, black represents true
negatives, blue represents false negatives, and red represents false positives.

TABLE II
PARAMETERS(PARAMS), FLOATING-POINT OPERATIONS PER
SECOND(FLOPS) AND INFERENCE TIME ON THE LEVIR-CD,

SYSU-CD, AND UAV-CD DATASETS

Method Params(M) FLOPs(G)
Inference Time(S)

LEVIR-CD SYSU-CD UAV-CD
FC-EF 1.35 3.57 3.60 7.09 4.24

FC-Conc 1.54 5.32 4.45 8.47 5.01
FC-Diff 1.35 4.72 4.35 8.78 5.07
DMINet 6.75 14.42 23.50 45.43 27.18

AEGL-Net 3.85 1.26 17.11 33.29 20.05
Schanger 2.37 18.27 75.14 143.51 86.28

BIT 11.95 3.55 24.45 47.11 27.71
ChangeFormer 43.97 202.79 106.68 209.51 125.72

VcT 12.40 10.64 61.00 129.01 74.98
ICIF-Net 25.85 25.36 47.27 90.27 52.87
S2-CD 12.16 9.26 21.69 42.79 25.59
AFSNet 11.86 6.92 37.50 72.69 44.25
CFNet 3.84 6.98 30.84 60.04 36.22

ChangeMamba 10.51 54.84 81.18 158.55 95.12
CDMamba 11.91 54.18 133.37 260.70 156.62

MSTAF-CDN(Ours) 6.98 10.78 32.99 64.37 38.84

MSTAF-CDN clearly outperforms the other models.
In short, the visualization results shown in Fig. 6, Fig. 7, and

Fig. 8 confirm the enhanced feature representation capability

of our model through the TCAA module, which enables more
accurate detection of the boundaries of change regions. In
addition, the use of the MFSA module allows the modeling
of global features while preserving local feature information,
thus enabling the accurate identification of small objects and
local changes.

E. Ablation experiment

In this section, to verify the effectiveness of TCAA and
MFSA, we performed ablation experiments on LEVIR-CD,
SYSU-CD, and UAV-CD. The results are provided in Table
III, and the visualization results are shown in Figure 9. The
baseline model does not contain TCAA and MFSA modules
and uses 1x1 convolution and element-level addition for align-
ment and feature fusion operations. 1) TCAA ablation: The
purpose of TCAA is to enable the adaptive integration of
multi-scale semantic and texture information extracted from
the backbone network into the features at each stage. The
TCAA module enhances the ability to capture and utilize
semantic details and texture variations at different scales,
thus improving the features at each scale. The experimental
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TABLE III
QUANTITATIVE EVALUATION RESULTS OF THE ABLATION EXPERIMENTS FOR TCAA AND MFSA ON THE LEVIR-CD, SYSU-CD AND UAV-CD.

THE BEST VALUES ARE HIGHLIGHTED IN BOLD, AND ALL VALUES ARE EXPRESSED AS PERCENTAGES.

Method
LEVIR-CD SYSU-CD UAV-CD

IOU F1 R P IOU F1 R P IOU F1 R P
baseline 82.56 90.43 89.27 91.65 69.59 81.44 79.84 83.10 58.81 71.35 76.07 67.19

baseline+TCAA 84.31 91.49 90.38 92.62 70.44 81.96 78.87 86.69 60.07 74.06 72.05 73.85
baseline+MFSA 83.44 90.97 89.85 92.13 71.01 83.05 81.17 85.02 61.24 75.96 75.76 76.17
MSTAF-CDN 84.40 91.54 90.52 92.59 71.79 83.70 83.65 83.75 61.65 76.27 78.95 73.77

TABLE IV
QUANTITATIVE EVALUATION RESULTS OF THE ABLATION EXPERIMENTS FOR TEMPORAL ATTENTION UNIT ON THE LEVIR-CD, SYSU-CD AND

UAV-CD. THE BEST VALUES ARE HIGHLIGHTED IN BOLD, AND ALL VALUES ARE EXPRESSED AS PERCENTAGES.

Method
LEVIR-CD SYSU-CD UAV-CD

IOU F1 R P IOU F1 R P IOU F1 R P
with SE 83.85 90.28 87.92 92.05 69.75 82.53 81.97 83.56 60.52 74.84 76.12 72.91

with CBAM 84.05 91.13 88.21 91.89 70.40 82.65 81.66 83.41 60.73 75.06 77.65 73.00
with LSK 84.14 91.36 90.97 92.28 71.60 83.65 81.58 85.83 60.77 73.51 78.54 73.86
with SK 83.84 91.21 90.77 91.65 71.33 83.27 81.73 84.80 61.08 75.84 77.52 74.24

MSTAF-CDN 84.40 91.54 90.52 92.59 71.79 83.70 83.65 83.75 61.65 76.27 78.95 73.77

results of integrating the TCAA module into the baseline
model, referred to as baseline+TCAA, on the three datasets
are shown in Table III. Specifically, after integrating TCAA,
the F1 of baseline+TCAA on LEVIR-CD, SYSU-CD, and
UAV-CD were 91.49%, 81.96%, and 74.06%, which were
increases of 1.06%, 0.52%, and 2.71%, respectively. The IoU
improvements over the baseline model were 1.75%, 0.85%
and 1.26%, respectively. The visualization results in Fig.9
indicate that by adding the TCAA module to the baseline
model, more areas of change (in blue) can be detected. On
three datasets, despite some false detections, the model still
effectively identifies the targets. Compared to the baseline
model, it can more accurately identify more areas of change.
Overall, the improvements in IoU and F1 shown in Table III,
along with the visualization results in Fig. 9, demonstrate that
the PCAA module effectively enhances the feature representa-
tion capability. 2) MFSA ablation: The purpose of MFSA is to
enable the adaptive integration of multi-scale semantic and tex-
ture information extracted from the backbone network into the
features at each stage. The MFSA module enhances the ability
to capture and utilize semantic details and texture variations
at different scales, thus improving the features at each scale.
The experimental results of integrating the MFSA module
into the baseline model, referred to as baseline+MFSA, on
the three datasets are shown in Table III. Specifically, after
integrating MFSA, the F1 of baseline+MFSA on LEVIR-CD,
SYSU-CD, and UAV-CD was 90.97%, 83.05%, and 75.96%,
an increase of 0.54%, 1.61%, and 4.61%, respectively. The
IoU improvements over the baseline model were 0.88%, 1.42%
and 1.17%, respectively. In addition, The visualization in Fig.9
shows that adding the MFSA module to the baseline model
detects more areas of change (blue). The improvements in the
experimental metrics shown in Table III and the visual results
in Fig. 9 indicate that combining bi-temporal features with

MFSA significantly alleviates issues of edge blurriness and
weak change responses, enhancing the accuracy of identifying
and locating change areas.

Pre-Change After-Change Ground-truth Baseline Baseline+TCAA MSTAF-CDNBaseline+MFSA
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Fig. 9. Visualization results of ablation experiments for different modules in
MSTAF-CDN. In this figure, white represents true positives, black represents
truenegatives, blue represents false negatives, and red represents false posi-
tives.

3) Ablation of temporal attention unit: To further vali-
date the effectiveness of the core attention design within
our TCAA module, we conducted a detailed comparative
study against several prevalent attention mechanisms. We
constructed variant models by replacing the proposed TCAA
module with other well-established blocks while keeping all
other components identical. Specifically, we compared with:
LSK block, SK block, SE block for channel-wise attention and
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TABLE V
QUANTITATIVE EVALUATION RESULTS OF THE ABLATION EXPERIMENTS FOR PSCA ON THE LEVIR-CD, SYSU-CD AND UAV-CD. THE BEST

VALUES ARE HIGHLIGHTED IN BOLD, AND ALL VALUES ARE EXPRESSED AS PERCENTAGES.

Method
LEVIR-CD SYSU-CD UAV-CD

IOU F1 R P IOU F1 R P IOU F1 R P
baseline 82.56 90.43 89.27 91.65 69.59 81.44 79.84 83.10 58.81 71.35 76.07 67.19

without PCSA 84.13 91.38 90.04 92.76 69.73 82.17 81.10 83.26 60.21 75.16 75.88 74.46
MSTAF-CDN 84.40 91.54 90.52 92.59 71.79 83.70 83.65 83.75 61.65 76.27 78.95 73.77

TABLE VI
QUANTITATIVE EVALUATION RESULTS OF ABLATION EXPERIMENTS WITH DIFFERENT BACKBONES ON THE LEVIR-CD, SYSU-CD AND UAV-CD.

THE BEST VALUES ARE HIGHLIGHTED IN BOLD. ALLVALUES ARE EXPRESSED AS PERCENTAGES.

Method Params
LEVIR-CD SYSU-CD UAV-CD

IOU F1 R P IOU F1 R P IOU F1 R P
ResNet18 17.64M 84.01 91.31 90.36 92.28 70.75 82.87 79.39 86.67 60.30 75.24 74.66 75.82
ResNet34 27.75M 83.94 91.27 90.46 92.08 70.78 82.89 81.38 84.46 60.12 75.10 76.70 73.55
ResNet50 44.47M 82.91 90.66 89.55 91.80 70.65 82.80 81.96 83.66 60.33 75.72 79.80 71.20

MobileNetV2 3.85M 84.40 91.54 90.52 92.59 71.79 83.70 83.65 83.75 61.65 76.27 78.95 73.77

TABLE VII
QUANTITATIVE EVALUATION RESULTS OF ABLATION EXPERIMENTS WITH DIFFERENT BATCHSIZE ON THE LEVIR-CD, SYSU-CD AND UAV-CD,

THE BEST VALUES ARE HIGHLIGHTED IN BOLD. VALUES ARE EXPRESSED AS PERCENTAGES.

Method
LEVIR-CD SYSU-CD UAV-CD

IOU F1 R P IOU F1 R P IOU F1 R P
batchsize=24 84.62 91.67 91.05 92.30 71.28 82.30 80.56 86.09 57.99 73.41 70.15 77.00
batchsize=8 83.49 91.00 90.08 91.95 71.43 83.33 81.40 85.37 61.00 75.78 78.59 73.16

batchsize=16 84.40 91.54 90.52 92.59 71.79 83.70 83.65 83.75 61.65 76.27 78.95 73.77

CBAM block for sequential channel and spatial attention. The
results, summarized in Table IV, demonstrate that our temporal
attention unit in TCAA achieves the best overall performance
on the LEVIR-CD, SYSU-CD, and UAV-CD datasets. This
allows it to more effectively highlight change-related features
and suppress spatiotemporal noise compared to mechanisms
that focus on a single aspect. This experiment confirms that
the novel attention design is a key contributor to the TCAA
module’s success.

4) Ablation of PCSA: To evaluate the ability of the PCSA
module in perceiving fine-grained structural changes in the
model and improving the accuracy of change region local-
ization, we conducted experiments following the method in
Table V. The results show that on the LEVIR-CD, SYSU-CD,
and UAV-CD datasets, the MSTAF-CDN model consistently
outperforms other models that do not use the PCSA module.
Ignoring fine-grained structural changes or inaccurate local-
ization can lead to a decrease in detection accuracy, affecting
the overall detection performance.

Additionally, we compared the heatmap of ablation ex-
periments on different modules of MSTAF-CDN (Fig. 10).
The results clearly show that the progressive integration of
the MFSA and TCAA modules makes the model’s attention
increasingly focused on change regions. Without these two
modules, the change-related areas in the heatmaps are more
scattered, leading to an indistinct focus on actual changes as
well as more false positives and missed detections. By contrast,

Pre-Change After-Change Ground-truth Baseline Baseline+TCAA MSTAF-CDNBaseline+MFSA
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Fig. 10. Heatmap results of ablation experiments for different modules in
MSTAF-CDN. Red areas indicate regions of higher attention, while blue
areasindicate regions of lower attention.

their incorporation significantly enhances the model’s response
to change regions, allowing it to pinpoint such areas with
higher accuracy.
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F. Discussion
In this section, we conduct a comprehensive evaluation

of MSTAF-CDN’s performance under various conditions.
Specifically, we analyze its performance when integrated with
different backbone networks, as well as the impact of batch
size on training effectiveness and generalization capability.

Scalability Experiments: We further validate the proposed
method using backbone networks commonly employed in
RSCD, including ResNet18, ResNet34, and ResNet50. Due
to memory constraints, all experiments were conducted with a
batch size of 16. As shown in Table VI, despite MSTAF-CDN
utilizing MobileNetV2 with only 3.85M parameters in the
backbone, it achieves superior IoU and F1 scores on LEVIR-
CD, SYSU-CD, and UAV-CD compared to models using the
larger ResNet series backbones. This further underscores the
effectiveness and efficiency of our proposed architecture.

Parameter and Computational Efficiency: As summarized
in Table II, we compare the model complexity and inference
efficiency of MSTAF-CDN against several state-of-the-art
methods. With 6.98M parameters and 10.78G FLOPs, our
model maintains a moderate computational footprint. While
lightweight models such as FC-EF and AEGL-Net exhibit
lower parameter counts and faster inference speeds, they
often come at the cost of limited representational capacity, as
reflected in their lower detection accuracy (see Table I). In con-
trast, although MSTAF-CDN has slightly higher computational
demands than these lightweight models, it achieves a better
balance between accuracy and efficiency, delivering superior
performance across all three datasets without excessively
escalating model size or inference time. Notably, compared
to transformer-based models like ChangeFormer and ICIF-
Net, which incur heavy computational overhead, our approach
offers a more practical solution for real-world applications
where both accuracy and resource consumption are considered.

Ablation on Batch Size: We also investigate the influence of
batch size on model performance by comparing results with
batch sizes of 8 and 24 against the default setting of 16. As
shown in Table VII, on the LEVIR-CD dataset, the model
performs best with a batch size of 24, while on SYSU-CD and
UAV-CD, performance slightly declines when the batch size
deviates from 16. This suggests that MSTAF-CDN achieves
its optimal generalization and stability at a batch size of 16
across most scenarios.

V. CONCLUSION

This study proposes MSTAF-CDN, a lightweight change
detection network with multi-scale temporal attention fu-
sion. Its core includes the TCAA module for cross-temporal
modeling and the MFSA module for boundary refinement.
Experiments show competitive performance, but limitations
persist in complex scenes, reliance on fine annotations, and
unproven generalization in multimodal or dynamic scenarios.

Future work will: first, pursue lighter architectures for
resource-constrained environments; second, adopt semi- or
weakly-supervised learning to lessen annotation dependence;
third, extend the framework to multimodal (e.g., SAR-optical)
and video-based change detection for better modeling of envi-
ronmental dynamics. Additionally, interpretability mechanisms

will be developed to enhance credibility and support critical
applications like disaster assessment and land monitoring.
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