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Point target detection in infrared over-sampling scanning
images using deep convolutional neural networks

LIN Liang-Kui, WANG Shao-You, TANG Zhong-Xing
(Shanghai Institute of Satellite Engineering, Shanghai 201109, China)

Abstract; Aiming at the characteristics of infrared over-sampling scanning imaging, an infrared point
target detection method based on DCNN (Deep Convolution Neural Network) is proposed. Firstly, a
regressive-type DCNN is designed to suppress the background clutter of the scanning image. The net-
work does not contain any pooling layer, so can input the original image of any size, with the size of
output image after clutter suppression in accordance with the input image. Subsequently, the post-sup-
pression image is tested and the original data of candidate target region is extracted. Finally, the candi-
date target area raw data is input into the classification-type DCNN to further identify the target and re-
move the false alarm. Meanwhile, a large number of training data of infrared over-sampling scanning
images are designed, and two networks are trained effectively. The experimental results show that the
proposed method is superior to multiple typical infrared small target detection methods in the target clut-
ter ratio gain, detection probability, false alarm probability and running time under different clutter
backgrounds, and is applicable to the point target detection of the infrared oversampling scanning sys-
tem.

Key words; pattern recognition and intelligent systems, point target detection; convolution neural net-
work , infrared over-sampling scanning, deep learning
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Table 1 Comparison of clutter suppression
Target LSCR LSCRG
M-Med Top-Hat LRSMD DCNN M-Med Top-Hat LRSMD DCNN
1 19.35 11.50 36.04 780. 87 5.44 3.26 10.12 219.30
2 20.26 13.72 74.39 1976.33 5.60 3.98 20. 56 546.19
3 13.87 9.03 47.10 319.54 3.41 2.45 11.56 78.43
4 15.33 12.93 68.21 795.16 1.41 1.43 6.26 73.02
5 9.02 7.87 25.69 123.21 1.22 1.13 3.48 16.70
6 10.56 7.91 47.37 814.10 0.97 0.83 4.37 75.02
7 13.48 8.06 56.41 440. 06 2.89 2.04 12.09 94.30
8 7.77 4.86 39.07 1586. 44 1.55 0.96 7.79 316.30
9 8.85 5.88 45.25 786. 44 1.62 1.09 8.30 144.33
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Fig.8 ROC curves of different methods
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Table 2 Comparison of running time for different methods
Index Max-Median Top-hat LRSMD DCNN
Time/s 0.062 1 0.129 6 0.138 4 0.048 3
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