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Change detection (CD) stands out as a pivotal yet challenging task in the interpretation of remote sensing images.
Significant developments have been witnessed, particularly with the rapid advancements in deep learning
techniques. Nevertheless, challenges such as incomplete detection targets and unsmooth boundaries remain as

most CD methods suffer from ineffective feature fusion.

change detection remote sensing images multi-scale progressive fusion

| 1. Introduction

The advance of satellite imaging technology has facilitated the acquisition of remote sensing images (RSIs).
Change detection (CD) is the process of identifying changes in the ground within the same geographical area
utilizing RSls taken at two different times . Due to its wide application in urban sprawl detection 2, urban green
ecosystems B, damage assessment ¥, etc., CD as a fundamental and important task has increasingly gained

attention in the remote sensing field.

During the early stages of CD research, numerous methods have been proposed by researchers B8l For
example, image difference was one of the earliest CD methods for subtracting bi-temporal images according to the
corresponding pixels . To address spurious changes and counter positional errors, a robust change vector
analysis method was proposed by Thonfeld et al. [, combining intensity information with the advantages of change
vector analysis (CVA). Researchers have made substantial progress through extensive research on these
traditional methods 2L However, these traditional CD methods face new challenges with the increased spatial
resolution of remote sensing images. On one hand, traditional CD methods are designed for medium- and low-
resolution RSls, resulting in poor performance when dealing with rich information in high-resolution RSls 22, On
the other hand, these methods rely on handcrafted features that are sensitive to radiation differences and

illumination changes (3141 Consequently, the application of traditional CD methods is limited in scope.

Recently, with the advent of the big data era, deep neural networks have demonstrated their strong feature
extraction capabilities 1311261 with the end-to-end advantages of convolutional neural networks (CNNs) being
particularly notable. CNNs have been widely employed in CD tasks and have spawned a number of promising CD
methods (27181 For example, Zhang et al. (12 integrated a CycleMLP block into a Siamese network, proposing an
MLP-based method for CD. However, it is important to note that this method incurs a substantial inference time.

Fang et al. 29 introduced a CD method that combines the UNet++ architecture with a Siamese network. This
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method mitigates the loss of localization feature information by establishing a dense connection between the

encoder and decoder.

Although the methods mentioned above have achieved performance results, they do not consider the
characteristics of bi-temporal multi-scale features, thereby resulting in incomplete detection targets and limited
accuracy of results. Inspired by the widely used multi-scale pyramid architecture for extracting multi-scale feature
information in medical image segmentation (211, several methods have been proposed to address these problems
by using multi-scale features 22231241 For instance, Li et al. 22 proposed a multi-scale convolutional channel
attention mechanism to generate detailed local features and integral global features. For capturing feature
information on all scales, Xiang et al. 22 introduced a multi-receptive field position enhancement module
incorporating convolutional layers with different kernel sizes. Despite the improvements achieved by the above
methods through the incorporation of multi-scale features, they still exhibit certain shortcomings. On the one hand,
these methods employ a simple concatenation strategy for fusing multi-scale features without considering the
interaction between them. On the other hand, they extract multi-scale features after a simple feature fusion (i.e.,
feature difference) rather than employing bi-temporal multi-scale feature fusion. Consequently, the simple feature

fusion often has restrictions that are not discriminative enough and result in unsmooth detection boundaries.

| 2. CNN-Based Methods

From the perspective of the fusion strategy, CNN-based methods can be further categorized into single-stream and
two-stream methods 22, In detail, single-stream methods take inspiration from semantic segmentation tasks.
Researchers have proposed some approaches to image-level fusion strategies that match the semantic
segmentation networks. For instance, Sun et al. [28 introduced conventional long short-term memory into Unet for
CD. Peng et al. 20 employed bi-temporal images that had been concatenated into a UNet++ network. They further
proposed a fusion strategy on multiple side outputs to improve the accuracy of results. Nevertheless, the
independent feature characteristics of each bi-temporal image cannot be directly captured by single-stream CD

methods based on semantic segmentation networks.

In contrast to single-stream, two-stream methods leverage the Siamese architecture, which consists of two streams
that share weights to generate features of bi-temporal images. Most existing CD methods 292811291301 adopt the
Siamese architecture because it is appropriate for handling the input of RSIs. For instance, Dai et al. 28] introduced
a building CD method that comprises a multi-scale joint supervision module and an improved consistency
regularization module. Ye et al. 22 employed Siamese networks to propose a feature decomposition optimization
reorganization network for CD. The edge and main body features were modeled using a feature decomposition
strategy. Li et al. B proposed a lightweight CD method composed of three modules: a neighbor aggregation
module (NAM), a progressive change identifying module (PCIM), and a supervised attention module (SAM), to
improve the accuracy of results. Zhou et al. 22l introduced a context aggregation method utilizing a Siamese
network. The multi-level features were fed into a context extraction module in this method, enabling the acquisition

of long-range spatial-channel context features.
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| 3. Transformer-Based Methods

Transformer-based methods, originally developed for natural language processing, are now being applied to
encode bi-temporal images for CD. For example, Bandara et al. [38 introduced a CD method that combines a
transformer with a Siamese architecture. This method introduced a transformer feature encoder to extract coarse
and fine features with high and low resolution, respectively. Song et al. B4 introduced a progressive sampling
transformer network (PSTNet) by using the excellent modeling ability of the transformer. In this method, the
optimized tokens are iteratively mapped back to the original features to establish enhanced spatial connections in
the spatial domain. Fang et al. 3% introduced a CD method, Changer, which uses a Siamese hierarchical
transformer to extract multilayered features and then designs a flow-based dual-alignment fusion module to fuse
the two branches’ features. Zhang et al. 8 introduced a CD method that used a pure Swin transformer utilizing a
Siamese network to extract long-term global features. However, transformer-based methods face limitations in
terms of computational complexity and larger parameter sizes BZ. In addition, transformer-based methods often

result in irregular boundaries in the results due to their disregard for the subtle details of shallow features.

| 4. Hybrid-Based Methods

Hybrid-based methods combine CNN and transformer architectures, which aim to improve feature extraction
abilities [28l. For example, to couple the global and local features, Feng et al. 39 integrated a transformer and a
CNN to design a CD method that was composed of an inter-scale feature fusion module and an intra-scale cross-
interaction module, which were designed for obtaining discrimination feature maps and constructing spatial—
temporal contextual information, respectively. To address the issues of blurred edges and neglect caused by
sampling that is either too shallow or too deep, Song et al. 29 introduced a simple convolutional network and a
progressive sampling CNN to generate fine and coarse features, respectively. Subsequently, a mixed-attention
module was introduced to merge coarse and fine features. Finally, the results were generated by feeding the fused
features into a transformer decoder. Chu et al. 1 proposed a dual-branch feature-guided aggregation network for
CD. This method employs a dual-branch structure composed of a CNN and s transformer to extract both semantic
and spatial features at various scales. However, in this method, the feature extractor is not only complicated but the
network also has a large number of parameters. Tang et al. “2 introduced a W-shaped dual Siamese network
(WNet) for CD. In this method, a deformable convolution was introduced into the CNN branch and transformer to
mitigate the limited receptive fields and regular patch generation, respectively. Similarly, this method also
possesses a significant number of parameters. Moreover, hybrid-based CD methods further require the design of a
complicated fusion module to fuse the CNN features and token features, which are extracted from the CNN

network and transformer network, respectively.
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