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Survey of hyperspectral image change detection method

Ding Chen', Chen Jingyi', Zheng Mengmeng', Zhang Lei*, Wei wei’, Zhang Yanning”™
1. School of Computer Science, Xi’ an University of Posts and Telecommunications, Xi’an 710121, China;

2. School of Computer Science , Northwestern Polytechnical University, Xi’an 710072, China

Abstract: Compared with natural and multispectral images, hyperspectral images contain rich spatial-spectral informa-
tion. They not only can retain the spatial information of the target but also can obtain highly distinguishable spectral infor-
mation and provide more detailed target feature information. Therefore, hyperspectral images have become one of the most
commonly used data types for Earth observation and are widely used in important fields that actually affect human liveli-
hoods, such as natural disaster monitoring, urban landscape mapping, agricultural surveys, environmental management,
and homeland security. Change detection refers to the timely observation of land cover changes by analyzing images of the
same geographical area and different phases. It is one of the important research directions in remote sensing image process-
ing. With the increasing popularity and application of remote sensing technology, various remote sensing image processing
technologies such as target detection and change detection have played an indispensable role in Earth observation tasks,

such as natural disaster monitoring, agricultural surveys, environmental management, and homeland security. The impor-
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tant areas for exploration are as follows. Many problems and challenges still exist in the process of change detection in
hyperspectral images. On the one hand, hyperspectral images have a large number of spectral bands, which leads to too
high dimensions of data. This condition easily causes dimensionality disaster. Moreover, processing high-dimensional data
requires a high degree of computing resources. Therefore, in real application scenarios, hyperspectral image change detec-
tion is difficult to achieve. Data processing and method design are often easily limited by device storage performance and
computing performance. On the other hand, hyperspectral images acquired at different time points may have differences in
spectral response due to factors such as illumination and atmospheric conditions. They may also have inconsistencies in
resolution and spatial location, which increases the complexity of change detection. Spectral mixing is also one of the
important challenges facing hyperspectral change detection. Pixels in hyperspectral data may contain a variety of ground
object information, which seriously interferes with the accuracy of change detection. In addition, with the rapid develop-
ment of hyperspectral remote sensing technology, equipment such as drones and satellites continue to collect a large num-
ber of hyperspectral images for use in important fields such as disaster monitoring, mineral exploration, and homeland secu-
rity. However, differences exist in the shooting angle, height, and resolution of the sensors configured on different
devices, and the acquired hyperspectral images also have distinctions in data structures. The existing isomorphism-based
change detection methods for hyperspectral images cannot be directly applied to heterogeneous hyperspectral image change
detection task. Therefore, the problem of change detection in heterogeneous hyperspectral images from different types of
sensors also brings new challenges to hyperspectral image change detection. Therefore, alleviating the highly complex data
characteristics of hyperspectral images and designing practical and effective processing solutions are important to improve
the change detection effect. Among existing change detection methods for hyperspectral images, traditional methods usu-
ally use manually designed methods for feature extraction, which may fail to effectively extract discriminative features, and
selecting appropriate thresholds to accurately detect land cover changes is difficult. Research on change detection technol-
ogy for hyperspectral images has been greatly developed due to in-depth research on deep learning theory. Existing change
detection methods based on deep learning can be roughly divided into two categories. One is based on temporal dependence
and spatial spectrum information. The extraction method uses the temporal dependence and correlation between images to
obtain more discriminative features and enhance the change detection performance. The other type is the method based on
endmember extraction and unmixing, which is solved by the endmember extraction and unmixing method. Spectral mixing
problem for hyperspectral images aims to improve change detection accuracy. In addition, in the face of heterogeneous
hyperspectral image data acquired from different sensors such as drones and satellites, existing methods learn the structural
relationships of heterogeneous images based on graph theory. They convert them into the public domain based on image
transformation to make changes. With regard to detection and processing, certain temporal dependencies and correlations
exist between multiple input images in the change detection task. Thus, effectively utilizing the temporal dependencies and
correlations between images and combining the existing deep learning module design to improve the hyperspectral image
change detection effect are also current issues. Regarding the research hotspots, this study starts from the new designs,
new methods, and application scenarios in the field of hyperspectral image change detection, and the main developments in
this field are sorted out by synthesizing domestic and foreign cutting-edge literature. First, it introduces the key preprocess-
ing technologies for hyperspectral image change detection. Second, for the problem of isomorphic hyperspectral image
change detection, traditional and deep learning-based methods for hyperspectral image change detection are introduced,
and each type of method is systematically introduced and compared according to the different implementation methods. For
heterogeneous hyperspectral image change detection and spectral image change detection problem, this study introduces
and summarizes the existing heterogeneous change detection methods for hyperspectral images. Next, the current status of
application of change detection methods for hyperspectral images in real industrial practice is discussed. Finally, the cur-
rent research and development status at home and abroad is compared, and the development trend of hyperspectral image
change detection is prospected.

Key words: hyperspectral image; change detection; temporal feature extraction; endmember unmixing; heterogeneous

hyperspectral image change detection
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Fig. 1 Multispectral image and hyperspectral image

((a) multispectral image; (b) hyperspectral image )
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Fig. 2 Architecture diagram of hyperspectral image data preprocessing methods
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Fig. 3 Schematic diagram of change detection processing process
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Fig. 5 A spectral-spatial convolution neural network with Siamese architecture for change detection (Zhan et al. , 2021)
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Fig. 6 Cross-temporal interaction symmetric attention network for hyperspectral image change detection (Song et al. , 2022)
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Fig. 7 Binary change guided hyperspectral multiclass change detection (Hu et al. , 2023)
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