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Abstract. With the rapid advancement of remote sensing technology, high-resolution satellite
imagery has become increasingly accessible for monitoring urban expansion and surface changes.
However, change detection in remote sensing images faces several significant challenges, including
inconsistent image registration, inadequate handling of multi-scale features, class imbalance in
training samples, and the occurrence of pseudo-changes that appear as modifications but represent
no actual surface alterations. To address these limitations, this paper presents MA-CDNeXt, a novel
deep learning model that enhances the Transformer architecture for improved change detection in
high-resolution remote sensing imagery. The proposed model incorporates three key innovations:
(1) an enhanced feature encoder that better captures spatial-temporal information, (2) integration of
MAFGNet's multi-scale attention fusion mechanism within CDNeXt's spatial-temporal module to
effectively process features at different scales, and (3) an optimized feature fusion decoder equipped
with a dual-branch graph convolution module for more accurate change localization. To mitigate the
class imbalance problem commonly encountered in change detection datasets, we employ a
combined loss function incorporating cross-entropy loss, Dice loss, and focal loss. Experimental
evaluation on the LEVIR-CD+ dataset demonstrates the effectiveness of our approach, achieving an
overall accuracy of 84.09% and a recall rate of 78.39%. The results indicate that MA-CDNeXt
successfully addresses the key challenges in remote sensing image change detection and provides
a robust solution for monitoring surface changes in high-resolution imagery.

Keywords: Remote sensing image change detection; Multi-scale feature fusion; Enhanced
Transformer; Attention mechanism; Graph convolutional network.

1. Introduction

In recent years, the development of remote sensing technology has been particularly rapid, and high-
resolution remote sensing images have become the main tool for monitoring land changes, assessing
ecological environments, and observing urban expansion [1] [2]. With continuous advancement of
satellite technology [3], we can now easily obtain large amounts of remote sensing data from different
periods, bringing unprecedented opportunities for dynamic Earth observation [4]. This technological
evolution has made change detection a critical component in understanding surface transformations
and environmental monitoring.

Traditionally, change detection methods face significant challenges when dealing with high-
resolution remote sensing images [5]. These challenges encompass several critical aspects: image
registration issues caused by measurement platform position uncertainties and varying atmospheric
conditions[6] [7], difficulties in handling multi-scale characteristics of buildings and roads[8] [9],
class imbalance problems where unchanged regions vastly outnumber changed regions[10], and
pseudo-changes caused by illumination variations and seasonal differences that create false change
signals [11]. These limitations have historically constrained the effectiveness of conventional
approaches such as Principal Component Analysis (PCA), Change Vector Analysis (CVA), and direct
pixel comparison methods.
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The emergence of deep learning has revolutionized change detection capabilities, gradually replacing
traditional methods due to its ability to extract multi-level features and identify complex
correspondences between multi-temporal images [12] [13] [14] [15]. Convolutional Neural Networks
(CNNs) have demonstrated superior performance in change detection tasks, yet they suffer from
inherent limitations in handling long-range dependencies due to their localized convolutional
operations, particularly when global spatial-temporal understanding is required [16]. While
Transformer models can capture global dependencies through self-attention mechanisms, their
computational complexity becomes prohibitive when processing high-resolution images. [17] Recent
advances have explored hybrid approaches, such as Swin Transformer implementations and methods
combining local and global information processing, showing promising results in addressing these
fundamental challenges [18].

Analyzing change detection dynamics enables researchers and practitioners to develop more robust
monitoring systems for environmental assessment, urban planning, and disaster management. The
advantage of advanced change detection lies in providing comprehensive frameworks for
understanding temporal surface variations, enabling more strategic responses to environmental
changes and supporting evidence-based decision-making processes. However, accurately defining
optimal feature representations and applying them effectively in diverse scenarios presents ongoing
challenges.

Moreover, the balance between computational efficiency and detection accuracy remains a critical
concern. Current methods struggle with the trade-off between model complexity and practical
applicability, while the generalizability across different geographical regions and temporal scales
continues to be debated. The dynamic nature of environmental changes and the variety of imaging
conditions make comprehensive change detection analysis particularly challenging.

To address these limitations, this study develops MA-CDNeXt, a novel framework that enhances the
Transformer architecture through improved multi-scale feature fusion capabilities for high-resolution
remote sensing image change detection. The model integrates an enhanced feature encoder utilizing
improved ConvNeXt modules, incorporates MAFGNet's multi-scale attention fusion mechanisms
into CDNeXt's temporal-spatial interaction module, and implements an optimized feature fusion
decoder with dual graph convolution modules. To handle class imbalance issues, the study employs
a composite loss function combining cross-entropy loss, Dice loss, and focal loss. The research
systematically evaluates model performance using the LEVIR-CD+ dataset, demonstrating
significant improvements in detection accuracy and computational efficiency compared to existing
methods.

2. Model Construction and Algorithm Design

In recent years, remote sensing technology has developed particularly rapidly, and high-resolution
remote sensing images have become particularly useful in many ways, such as being able to observe
changes on the ground, assess the ecological environment, and analyze urban expansion. However,
traditional change detection methods still have many problems in practical applications, especially
when dealing with complex scenes. The first problem is that images taken at different times often
deviate during the registration process, mainly because the location of the measurement platform is
not fixed, and the weather conditions and imaging angles are different at the time of shooting, so it is
easy to cause image deformation. Combined with the structure and multi-scale features, a new change
detection method was designed, which well integrated the characteristics of the CEXt network
framework. In addition, some new ideas for target detection by MaRSNet were also referenced, and
finally a good change detection system was built.

The method described in this paper mainly uses four parts to make up, including encoders and
decoders, as well as interactive parsers and detectors, and the specific structure can be seen in Figurel.
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Figure 1. Improved Transformer & Multi-scale Fusion Change Detection Framework.

The framework proposed in this paper mainly uses two remote sensing images at different times as
input data, which contain information on the three dimensions of channel count, height, and width.
First, a multi-scale feature encoder is used to extract different levels of feature representations, and
then establish temporal correlations through an improved space-time interaction module. Next, these
processed features are fed into the feature fusion decoder for integration, and finally a specially
designed area detector to generate a divalued change detection diagram.

M = DUT(E(1,4,15)))) (1)

In this framework, D represents the coding module, and it is also responsible for interaction and
decoding, and finally completes the task of detecting the module, and the result is a binary form of a
change mask.

2.1. Multi-Scale Feature Encoder

The paper uses an improved ConvNeXt block as a core part of the multiscale feature encoder, which
extracts features well on each branch of different sizes. This module is the basic component of the
entire system, and its main role is to extract and process the original image features on the same scale.
The specific details of the entire calculation process can refer to Equation (2), and the specific
structural design of this module is detailed in Equation (3).

F ::Fc'.Nx(Fj_l) (2)
Fenx(z) = Conv,y (GELU(Conv,y, (LN(Convyys(2))))) Bz 3)

Here is how the convolutional operation is done, what is the normalization of the layer, and how the
activation function of the Gauss error linear unit is used, and finally also mentioned how to add
between the elements. Specifically, the convolutional operation is to calculate the data according to
a certain rule, the layer normalization is to make the data more stable, Gauss error linear unit is a
special activation function, the elements add up to the value of the corresponding position of the two
things.
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This paper wanted to make the features of different scales perform better, so we added a scale adaptive
normalization mechanism based on the standard ConvNeXt Block. This new mechanism can make
some minor adjustments to the output characteristics of the branches at each scale, and how to adjust
can refer to equation (4).

F“:E;,#ny“—hﬁi (4)

This section is about the average and standard deviation of the scale feature, and a small constant is
added to ensure that the value does not go wrong, and the scale and bias parameters that can be
adjusted by itself. With this scalable normalization method, the model can learn to adjust the strategy
according to the characteristics of different sizes, so that the processed features will be more
consistent and differentiated, especially suitable for dealing with objects with large changes in size in
remote sensing images.

2.2. Enhanced Temporospatial Interaction Module
2.2.1. Spatial Attention Fusion Module (SAFM)

The paper uses two equations, (5) and (6), to calculate spatial attentional weights, by analyzing the
statistical characteristics of the channel to produce results.

S, = Concat(Mean(F",dim =1),Max(F",dim =1),

Mean( F"*', dim =1),Max(F "'t dim =1)) )
6 = Sigmoid(Convy.3(S.)) (6)

The spatial fusion process is expressed in equation (7):
F.S'AFM=F,:1£®9+F;{+1®(1—9) (7)

2.2.2. Temporal Correlation Modeling

The enhanced time interaction and aggregation modules proposed in this paper are mainly used to
deal with the relationship between time and space. This module is based on the original improvement,
it can better analyze the characteristic diagrams of the two time points before and after the changes,
and find their links by designing correlation matrices. These connections are not only changes in time,
but also involve spatial reactions and interactions.

Initially, features are projected into a latent space as defined in equations (8) and (9):

FS'AFJ,::F,:;;@GﬂLF;iHl@(l*9) (8)
Q.= Conviy(BNV(F)), K.=Qf 9)

In neural network training, batch normalization operations are usually represented by Where, a
symbol that often appears in the paper. Here, subscripting operations specifically designed to generate
query representations are specifically indicated, so that readers can easily distinguish between
different computational steps.

The model then calculates the relationship between the temporal and spatial characteristics of the two
tenses, specifically the two-part relationship. One part is about the correlation of the time style, and
the other is the dependence of spatial perception, which can be calculated in a way that refers to the
specific formulas given in equations (10) and (11).
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S, = Softmax(Q, @ K}) (20)
S, = Softmax(Qp ® K}) (11)

We use a correlation matrix to represent these relationships, which can simultaneously reflect the
laws of change in time and spatial interconnections. By analyzing these correlation matrices, we can
make some improvements to the original eigenvalues to better reflect the interaction of time and space.
Specifically, the two formulas given in the paper are calculated and processed.

ZA=S1T®VB®52 (12)
ZB=SI®VA®SE (13)

At the end of the step, these structurally enhanced feature plots are put together and the most started
feature diagrams, plus the remaining connected parts, so that the final output of this module can be
obtained. The whole process can be represented by equations (14) and (15), which are a good
illustration of how the feature diagrams are combined.

Fy=BN(Conv,.,(Z,)) ® F, (14)
Fy=BN(Conv,.1(Z5)) ® Fy (15)

2.3. Feature Fusion Decoder

In the change detection task, the main task of the decoding stage is to resize the deep semantic features
extracted by the encoder to the same size as the original image, and to find out exactly where the
changes have changed. In order to make the two steps of feature fusion and change recognition fast
and good, this article has designed a new feature fusion decoder. The decoder contains a special dual-
graphic convolutional module, the DGM module, which can be improved on the dual-graphic
attention structure of the MAFGNet network, and is now used in the CDEXt feature fusion
decoder.The long-term dependence on the two dimensions of the channel can better integrate the
characteristics of different scales together, and the recognition effect of the changing area is also
stronger.

2.3.1. Difference Feature Enhancement
Difference features are computed through element-wise subtraction:

Eiiff:Diff(FAsﬁﬂ):|FA713'-’?' (16)

These difference features are then enhanced:
Fenh(maed - CGCN(SGCN( Fd-iff)) + thff (17)

2.3.2. Feature Squeeze Residual Block (FSR)

FSR is actually the most basic component of the decoder, and its specific construction method can be
seen in the formula given by Equation (18).

FSR(z) = FSRResidual(FSRSqueeze(z )) (18)

Where FSRSqueeze performs channel compression:
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Zsqueese = GELU(BN(Convy i (z))) (19)

And FSRResidual performs feature refinement:

FSRResidual(z) = Convyy (Convaes(z)) ® & (20)

2.4. Change Region Detector

In the system we designed, the changing area detector uses a hierarchical feature fusion method that
integrates multi-scale semantic information from different encoder stages. The decoder generates
feature diagrams of different resolutions, and these feature maps contain different semantic
abstraction levels. The lighter color feature diagram contains a lot of detail information, which can
see small changes in space, and the deeper feature map captures the more advanced semantic
content.The method.

Fuoa= Concat(F'y, F'y, F'y, F',) (21)

This section is about adjusting the feature diagrams of different resolutions to the same size. After
the feature fusion steps, this article uses a module called FSR to further deal with these features, the
specific structure of which can refer to the design given by Equation (22). The full name of the FSR
module is the feature extrusion residue block, which mainly plays the role of optimizing the feature,
so that the fused features can better express information.

Ffmu,! - FSR(FSR(FJ‘UbSd)) (22)

The final change mask is derived through softmax normalization:

P =Sottmax(Conv, ., ( Frina)) (23)

M =arg max(P) (24)

3. Experimental Analysis and Results Discussion

3.1. Overall Performance Metrics

Table 1 shows the specific performance of our MA-CDNeXt model on the LEVIR-CD+ test set. From
the experimental results, the model has achieved good results on several important indicators,
including accuracy, recall rate, F1 score, and loU value. These data are a good proof that the model
structure we have proposed for remote sensing image change detection is indeed effective and has
advantages over other methods. This shows that the network architecture we designed to do a good
job in handling such tasks.

Table 1. Overall performance metrics of the MA-CDNeXt model on the LEVIR-CD+ dataset.

Method Avg Loss  Accuracy  Precision Recall F1 Score loU
MA-CDNeXt 0.0324 0.9873 0.8409 0.7839 0.8114 0.6826

This paper compares our improved models with several common change detection methods, including
FC-EF and FC-Diff. On the LEVIR-CD+ dataset, we get specific comparison results, which are
detailed in Table 2. With this comparison, it is more clear how our improved model behaves.
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Table 2. Performance comparison on LEVIR-CD+ dataset.

Method P(%) R(%) F1(%) loU(%)
FC-EF 7060 73.64 7209  56.36
FC-Diff 7994 7255 7606  61.37

MA-CDNeXt 84.09  78.39 81.14 68.26

From the experimental data in Tables 1 and 2, the MA-CDNeXt model presented in this paper
performed particularly well on the LEVIR-CD+ dataset. The model has achieved good results on
many important indicators, such as accuracy, accuracy, recall rate, F1 score, and loU value, and the
average loss is also very low. Compared with the old methods of FC-EF and FC-Diff, MA-CDNeXt
has made great progress in all aspects. The recall rate was 78.39%, which is also better than FC-EF's
73.64% and FC-Diff's 72.55%; the F1 score increased to 81.14%, much higher than FC-EF's 56.36%
and FC-Diff 61.37%. These data show that our model is indeed much stronger than the traditional
method.

3.2. Visualization Result Analysis

This paper uses Figure 1 to show the detection effect of the MA-CDNeXt model on the LEVIR-CD+
test set, which will look clearer. There are four columns on the graph, the first column is the T1 period
image before the change, the second column is the T2 period image after the change, the third column
is the real-world label of the actual change situation, and the last column is the change map predicted
by our MA-CDNeXt model.

Image T1 Image T2 Image Label Image Prediction

Figure 1. Example change detection results of MA-CDNeXt model across representative scenarios.

Each row is lined with a complete sequence of changes: on the left is an image of T1 before change,
followed by a modified T2 image, followed by a ground-based truth map of actual changes, and
finally a map of changes we have predicted using the MA-CDNeXt model. A closer look at these
results shows that our MA-CDNeXt model is very stable in identifying changes in different buildings,
even in very complex contexts.

The first and third examples are about changes in the roadside environment, although these changes
are subtle, but the model can still be well-discovered, which shows that even in the complex areas of
both natural landscapes and artificial buildings, it can accurately identify the changes. The second
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example is the change of rectangular plots, and the results predicted by the model are basically the
same as the actual situation, which proves that it can be particularly flexible when it can be seen that
the different structural characteristics of the building. Changes in shape.

From the prediction results, the model can be more accurately divided into the boundaries of the
changing area on many different samples. These predictions rarely appear to be over-divided or
insufficiently divided, indicating that the model's judgment of the spatial position is quite accurate,
and the processing of boundary details is also very good. The model also well overcomes the
interference caused by background noise, and the detection accuracy remains at a high level even in
those more complex areas.

3.3. Ablation Experiments

The main reason for this paper is to see whether several key parts of the MA-CDNeXt model are
useful, including multi-scale feature extraction MSF, improved temporal and spatial attention
mechanism MSAF is TIAM, and attention-guided multi-scale selection of ACSP. We first use a
simple model as a comparison, this model only CDNeXt's original attention mechanism, there is no
MSF module, but retains the basic differences in feature enhancement DFE module.

3.3.1. Quantitative Analysis

Table 3-3 gives specific performance data for several different model configurations, which are
expressed in percentage form, and each number is accurate to four digits after the decimal point. The
purpose is to make the data look more accurate and it is convenient for us to compare the differences
between different models.

Table 3. Ablation experiment results for different MA-CDNeXt model components.

Methods Accuracy Precision Recall F1 Score loU
Baseline
CDNeXt 0.9833 0.8057 0.6858 0.7409 0.5884
Baseline CDNeXt + MSF 0.9832 0.8108 0.6736  0.7359 0.5821
Baseline CDNeXt +
MSE + MSAE 0.9826 0.7831 0.6920 0.7348 0.5807
MA-CDNeXt 0.9873 0.8409 0.7839 0.8114 0.6826

Based on the experimental data presented in Table 3, we conduct the following analysis:
MSF Module Effectiveness Analysis:

This paper compares the difference in the effectiveness of the two methods: Baseline CDNeXt and
Baseline CDNeXt plus the MSF module. After adding the multi-scale feature extraction module to
the experiment, the accuracy of the model increased from 0.8057 to 0.8108, which is a small but still
visible. However, the recall rate is slightly reduced, and this change makes the two important
indicators of F1 score and loU also get a little worse.

MSAF (Enhanced TIAM) Module Effectiveness Analysis:

This paper attempts to add the improved time and space attention module MSAF on the basis of the
original CDNeXt plus MSF model, and found that this change has brought some interesting changes.
From the experimental results, MSAF does allow the model to find more areas of change, and the
recall rate data is better than before, but the accuracy rate has decreased a little. If the two important
indicators of F1 score and loU are still relatively different, the new model may not change much, and
even slightly worse than the previous.Adjustment, there should be more room for cooperation
between them has not been fully exerted.

ACSP Module Comprehensive Effect Analysis (Complete MA-CDNeXt Model):
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The paper concludes with a combination of the multi-scale selection module guided by the focus and
the previous base model configuration to complete the MA-CDNeXt architecture we designed. With
the addition of this module, all indicators have been greatly improved, with accuracy from 0.7831 to
0.8409, and the recall rate increased from 0.6920 to 0.7839. This result, F1 scores 0.8114 and loU
have 0.6826. The AF module works well together, bringing together information at different scales
and fine time attention, and finally making the detection performance better.

When the two modules, MSF and MSA, used alone or in part, were mixed and less stable. But when
they were completely combined with the ACSP modules, the results were good and well matched. It
was this complete combination of the parts that allowed our MA-CDNeXt model to perform better
on all important indicators than the previous benchmark model and the intermediate version, which
proved that the MA-CDNeXt architecture we designed was indeed justified.

3.3.2. Visualization Comparative Analysis

This paper wants everyone to see clearly what impact each component has on the test results, so we
specially selected some typical test samples, and then compare the predictions of the models under
different configurations together, and can see Figure 3-2.
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Image T1 Image T2 Image Label Baseline CDNeXt Baseline CDNeXt + Baseline CDNeXt + MA-CDNeXt
MSF MSF + MSAF

Figure 2. Comparison of detection results on
selected test samples across different model configurations.

The visualization from Figure 2 clearly shows how well the performance of the different models
varies greatly from one example to another example. Let's look at the first example, which shows the
high-density building area, where the buildings are neatly arranged in rectangular. Although the basic
CDNeXt model can roughly identify the distribution of the building, it is not good enough to do well
in the processing of the edges of the building, the boundaries look a little blurred, and sometimes the
edges of the buildings that should not be connected are mistakenly connected.The structure is also
more complete. When the complete MA-CDNeXt model was used, the results were almost identical
to the real situation, accurately identifying the spatial distribution of dense buildings, and accurately
depicting the shape of each building, which matches the reference label very highly.

The second example mentioned in this paper is the more varied road area, which has both a cluster of
buildings with scattered small changes below. With the original baseline model, it can be very good
to find the large buildings above, but it is not accurate to find the small changes below. Later, with
the addition of MSF and MSF, the two methods of building, which really make the above complex
detection more accurate, but it is still uncertain.It's all a lot better.
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This example shows us a particularly irregular cluster of buildings with several different shapes, such
as triangles and rectangular ones, and some other geometrical buildings mixed together. Because the
structure is particularly messy, the detection algorithm is very difficult to process. The model used in
the beginning can only approximate the main building structure, but it is not very good to find the
complex shapes and details, especially the few individual buildings in the lower right corner, which
have not been found.The structure of the entire irregular complex has been restored, and the
boundaries of the buildings of various shapes have been drawn more accurately, and even the small
buildings that are separate in the lower right corner have been found.

The fourth example shows the scene where the change is less obvious, the building changes are
relatively small, and this subtle change is easy to miss. Although the baseline model finds some
changes, there are still many places that have not been found. Add the MSF module after the detection
effect is a little better, but it is still less sensitive to those particularly small targets.

From these visual comparisons, it is more clear that our quantitative analysis results are reliable. By
adding optimized components step by step, the effect of building change detection is improved in
many ways. For example, in ordinary building-dense areas, structural recognition is more accurate;
for buildings with irregular shapes, the edge detection effect is better; those small scattered changes
can also be found; and in complex environments, the details are retained more.When it changes, its
advantages are particularly obvious.

4. Conclusion

This research addresses critical challenges in high-resolution remote sensing image change detection
by developing MA-CDNeXt, a novel framework that integrates enhanced multi-scale feature
processing, improved temporal-spatial interaction mechanisms, and optimized decoding strategies.
The model combines an improved ConvNeXt-based Siamese network with multi-scale feature
extraction, incorporates MAFGNet's channel and spatial attention fusion modules (CAFM and SAFM)
into CDNeXt's temporal interaction framework, and implements an Atrous Context Self-attention
Pyramid (ACSP) structure for enhanced contextual understanding. Additionally, the dual graph
convolutional module (DGM) with differential feature enhancement improves change region
discrimination, while a composite loss function addresses class imbalance issues. Experimental
validation on the LEVIR-CD+ dataset demonstrates significant performance improvements,
achieving 84.09% accuracy, 78.39% recall, 81.14% F1-score, and 68.26% loU, representing
approximately 7 percentage points improvement in F1-score and nearly 10 percentage points in loU
compared to baseline CDNeXt. Despite these achievements, the research acknowledges limitations
including computational complexity, dataset specificity, dependency on labeled data, and
hyperparameter sensitivity. Future work should focus on model lightweighting and efficiency
optimization, enhancing generalization through domain adaptation, exploring weakly-supervised
learning paradigms, integrating multi-modal data fusion capabilities, conducting larger-scale
benchmarking, and advancing model interpretability research to develop more robust and practical
change detection systems for diverse remote sensing applications.
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