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Abstract The existing hyperspectral image change detection methods based on Transformer
simulate long-range dependencies through self-attention mechanisms, effectively modeling global
contextual information. However, the current methods still face two main challenges: one is the
high computational complexity of the Transformer models, leading to inefficiencies when processing
high-dimensional data; another is the limited utilization of spectral information in hyperspectral
images, resulting in a lack of spectral dimension feature interactions, which results in inadequate

feature interaction along the spectral dimension and hinders the comprehensive understanding and
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exploitation of the feature information in hyperspectral images. To address these issues, this paper
proposes a novel hyperspectral image change detection method based on channel shuffle and
Transformer. The proposed method aims to more effectively enhance the utilization of the complex
spectral and spatial information in hyperspectral images. Specifically, a feature extraction module
based on channel shuffle and attention mechanism is designed, improving the traditional self-
attention computation by serially integrating channel information interaction during modeling global
attention. This not only facilitates efficient utilization of both spatial and spectral information in
hyperspectral images but also enhances the model’s understanding of high-level semantic
information and perception of complex changes. Additionally, this design also improves
computational efficiency by reducing the quadratic computational complexity of traditional
Transformer models. Consequently, this model is more adaptable for processing high-dimensional
data. Furthermore, a dual-branch gated feedforward neural network is proposed. The network,
which is designed in parallel, simultaneously employs two GELU activation functions and element-
wise multiplication operations to more effectively filter potential noise and capture the local
information by combining different convolution operations, so as to realize fine-grained modulation
of the feature information and improve the model’s ability to capture the changes and subtle
difference of the key features in hyperspectral images. This design not only enhances the model’s
ability to transform nonlinear features but also improves its capability to capture complex
relationships in hyperspectral images. The proposed modules are finally incorporated into the twin
network structure, which is utilized to process the dual-temporal-phase hyperspectral images. In the
twin network structure, these modules can work together and complement each other, thus enabling
the model to more accurately capture the change information between dual-temporal-phase images
and can comprehensively learn the information between each temporal-phase image. It can also
assist the model in capturing the changes between different temporal phases and realizing the
sensitive detection of the changes of the features. The proposed method effectively addresses the
challenges faced by existing hyperspectral image change detection methods by enhancing the
utilization of spectral and spatial information and reducing computational complexity. Through the
integration of channel shuffle, attention mechanism, and dual-branch gated feedforward neural
network into a twin network structure, the proposed method achieves significant improvements in
change detection accuracy and sensitivity. Experimental results show that the percentage correct
classification (PCC) of this paper’s method on the River and Hermiston datasets reaches 96. 28 %
and 95.97%, and the kappa coefficient (KC) reaches 79.44% and 88.90%, respectively.
Compared with CDFormer, the percentage correct classification of this paper’s model on these two
datasets is improved by 0. 60% and 0. 69% , respectively, and the kappa coefficient is also improved
by 10.30% and 2. 33% , which verifies the effectiveness of this paper’s method in the hyperspectral

image change detection task.

Keywords change detection; hyperspectral image; attention mechanism; dual-branch gated
feedforward neural network; channel shuffle block
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Background
In the field of remote sensing, hyperspectral images utilizing
multi-temporal phases have significant application potential in the
field of change detection. Hyperspectral images acquired using
hyperspectral image sensors are rich in spectral information, and
each pixel of hyperspectral images contains the full spectrum of
reflectance properties from visible light to short-wave infrared
light, which can provide a strong basis for distinguishing different
features.
Traditional change detection research has focused on
developing and improving methods based on remote sensing
imagery, computer vision, and machine learning to identify and
analyze geographic and environmental changes. Traditional
methods such as IDM, PCA, and CVA provide simple and
effective means of detection, and these methods are suitable for
simple change detection tasks, where changes are detected by
performing simple mathematical operations or statistical analysis
on images, but using these methods generically ignores the
contextual information, which is prone to cause a large amount of
noise interference and may result in false alarms for complex
The
significantly improves the accuracy and efficiency of change
Models such as CNNs, RNNs, LSTMs,

Transformer can achieve more efficient and accurate change

scenarios. application of deep learning techniques

detection. and
detection by learning high-level features and complex patterns in
the data.

The current Transformer-based hyperspectral image change
detection methods are able to effectively model global contextual
information by simulating long-range dependencies through the
self-attention mechanism. However, the existing methods still
face two main challenges: one is the high computational

complexity of the Transformer models, leading to the inefficiency

of the model in dealing with high-dimensional data; the other is
the limited utilization of the spectral information of hyperspectral
images, resulting in the lack of feature interaction in the spectral
dimension. To address these issues, this paper proposes a change
detection method for hyperspectral images based on channel
shuffle and Transformer, aiming to utilize the complex spectral
and spatial information in hyperspectral images more effectively.
A feature extraction module based on channel shuffle and
attention mechanism is used to improve the traditional self-
attention computation, and this improved computation
successfully reduces the computational complexity of the quadratic
in the traditional Transformer model in terms of computational
efficiency, which makes the model more suitable for dealing with
high-dimensional data; the use of the channel shuffle module
serially combines the global attention modeling when performing
the channel information interaction, which realizes the efficient
utilization of spatial and spectral information of hyperspectral
images, and also enhances the model’s understanding of high-
level semantic information in hyperspectral images and its ability
to perceive complex changes.

In this paper, a dual-branch gated feedforward neural
network is also designed, which employs parallel processing with
two GELU activation functions and element product operation at
the same time. This design helps to filter potential noise more
efficiently and capture local information by combining different
convolutional operations, thus enabling fine-grained modulation
of feature information.
shuffle,

feedforward neural networks into a twin network structure, the

Through the integration of channel

attention mechanisms, and dual-branch  gated
proposed method achieves significant improvements in change

detection accuracy and sensitivity.



