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Research on the algorithm of infrared dim small target
detection based on SCNN
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Abstract: An infrared dim small target detection algorithm based on structural feature convolution neural network ( SC-

NN) is proposed. By introducing the structural features of infrared dim small target into CNN, the pooling layer of

CNN is removed, the convolution expansibility is changed, and the layered fusion mechanism is added to overcome the

problems that CNN will lose the information of dim small target itself and cannot detect dim small target. The experi-

mental results show that the proposed method has higher detection rate and stronger robustness for different scenes.
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Fig. 1 Detection results of different methods
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Fig. 2 Local contrast of infrared small target
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Fig. 5 Expansion convolution with expansion rate of 1,2,3

(the blue dot is the effective convolution position)
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Fig. 6 Infrared image and its manual annotation
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Tab. 1 Detection rate of different methods

1% IP1 MFM PS NRAM ours
1 0.92 0.73 0.85 0.76 0.94
2 1.00 0.91 0. 88 0.83 1.00
3 0.95 0. 84 0.94 0.76 0.96
4 0. 87 0. 89 0. 87 0.91 0.93
5 0.96 0.94 0. 85 0.93 0.99
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Tab. 2 LCG of different methods

5 1 2 3 4 5
P14 0 1.8258 | 4.1393 | 1.7612 | 0.4243
MFM 0.0257 | 3.8560 | 4.2727 | 1.8511 0
pst?] 8.9343 | 4.1041 | 3.6256 | 1.9360 | 4.7404
NRAM!! - 4.5186 | 2.9113 | 2.1590 -
Ours 12.6532 | 4.5680 | 5.0870 | 2.1513 | 4.9489
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