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Abstract: Hyperspectral target detection based on deep learning faces challenges such as insufficient quality of samples, intri-
cate network structures, and laborious parameter adjustment. In this paper, we propose a deep learning method with data augmenta-
tion and automatic hyperparameter optimization. To tackle the issue of insufficient quality of samples, we introduce a sample aug-
mentation strategy. The strategy utilizes endmember extraction and clustering techniques to directly acquire a large number of back-
ground pixels from hyperspectral images. By pairing these with a small number of known target pixels using a phase-reducing pixel
pairing approach, we obtain a large number of labeled pure sample pairs, thereby accomplishing data augmentation. In addition, dis-
tinct from most complex deep networks, we designed a lightweight Convolutional Neural Network (CNN) comprised of 12 convolu-
tional layers. This network is specifically engineered to efficiently and rapidly learn the mapping between input sample pairs and
their corresponding labels. By incorporating the particle swarm optimization algorithm, this network possesses the capability to auto-
matically optimize hyperparameters, overcoming the shortcomings of laborious parameter adjustment. This enables the network to
automatically adjust hyperparameters based on samples from different hyperspectral images, thereby generating optimal results. For
a test pixel, the input to the trained network is the spectral difference between the central pixel and its adjacent pixels. When a test

pixel belongs to the target, the output score is closely align with the target label. Experimental results on five hyperspectral datasets
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demonstrate that our method significantly outperforms existing techniques.
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Fig. 1 The flow chart of hyperspectral target detection proposed in this paper
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Fig. 9 The detection results of five detectors in Images 1~Image 5
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Table I AUC values for five detectors in different data sets
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Table 2 AUC values and time for different detectors in
different data sets

Proposed
Method

Methodl Method2 Method3

Dataset

AUC Time AUC Time AUC Time AUC Time

Imagel 97.20 1175 9945 196 9817 71 99.75 73
Image2 9839 1028 99.03 189 9799 &1 9935 86
Image3 9937 188 97.80 81 9886 36 9991 34
Image4 99.95 104 9991 44 9993 19 9997 20
Image5 97.38 171 98.75 68 9740 27 99.68 31
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Fig. 15 The detection results of different detectors in Images 1~Image 5
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