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Abstract: Hyperspectral anomaly detection analyzes the spectral features of both background and anomalous targets in an unsupervised manner

to explore their distribution. Due to the complex distribution of hyperspectral backgrounds, training samples may contain anomalies that weaken

the deep network model’ s generalization ability. Directly predicting abnormal targets is challenging for the network model, which reduces its

practical application. In this paper, we proposed a multi-scale differential anomaly detection method based on self-supervised to improve the mod-

el’ s generalization ability and enable it to predict anomalous targets directly. We designed a significant category search strategy based on

K-means, and combined the entropy information measure and inter-class distance measure to optimize the marking of pseudo-anomalies and

background samples. We iterated and updated the samples in a self-supervised learning manner. Additionally, we constructed a multi-scale differ-

ential network structure based on center differential convolution, and achieved the end-to-end detection of anomalous targets by multi-scale fea-

ture fusion and probability prediction. Experimental results of four hyperspectral data show that this algorithm has better detection performance

while suppressing background interference effectively.
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