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Method of Infrared Small Target Detection Based on Multi-depth Feature Connection

WANG Weijia"? , XIONG Wenzhuo' ,ZHU Shengjie!'** , SONG Ce' ,SUN He' and SONG Yulong'
1 Changchun Institute of Optics,Fine Mechanics and Physics, Chinese Academy of Sciences,Changchun 130033, China

2 Daheng College, University of Chinese Academy of Sciences,Beijing 100049, China

Abstract Small infrared targets have the characteristics of a small number of pixels and a complex background, which leads to
the problems of low detection accuracy and high time-consumption. This paper proposes a multi-depth feature connection net-
work. Firstly,the model proposes a multi-depth cross-connect backbone to increase feature transfer between different layers and
enhance feature extraction capabilities. Secondly,an attention-guided pyramid structure is designed to enhance the deep features
and separate the background from the target. Thirdly,an asymmetric fusion decoding structure is proposed to enhance the preser-
vation of texture information and position information in decoding. Finally,the model introduces point regression loss to get the
center coordinates. The proposed network model is trained and tested on the SIRST dataset and the self-built infrared small target
dataset. Experimental results show that compared with existing data-driven and model-driven algorithms,the proposed model has
higher detection accuracy and faster speed in complex scenes. Compared with the suboptimal model, the average precision of the
model is improved by 5.41% ,and the detection speed reaches 100, 8 FPS,

Keywords Infrared small target detection,Deep learning,Object detection, Feature connection, Attention mechanism
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Fig. 1 Overall structure of MFCNet model
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Table 1 CCS backbone network architecture
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Num From Layer Operator Output shape
Branch

0 — input - (1,512,512) 1X

CBR (64,256,256) 2X

1 —1 stem Maxpool (64,128,128) 4 X

BasicBlock X2 (64,128,128) 4 X

2 —1 stagel BasicBlock X2 (128,64,64) 8 X

3 —1 stage2 BasicBlock X2 (256,32,32) 16 X

4 —1 stage3 BasicBlock X2 (512,16,16) 32X

5 3 Upsample  (256,64,64) 8%
Fusestagel

6 (—=1,2) Concat (128,64,64) 8 X

7 2 Downsample (256,32,32) 16 X
Fusestage2

8 (—1,3) Concat (256,32,32) 16 X

9 1 ) Upsample  (512,32,32) 16X
Fusestage2

10 (—1,7) Concat (256,32,32) 16 X

11 7 Downsample (512,16,16) 32X
Fusestage3

12 (—1,4) Concat (512,16.16) 32X
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Table 2 Comparative analysis of experimental results of data-driven models
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Models Backbone Precision/ %  Recall/% Fmeasure ~AP/% Precision/ %  Recall/% Fmeasure AP/% GFLOPs FPs
FasterRCNN  ResNet50+FPN 57.14 9.41 0.16 9.81 20.00 12.76 0.16 6.53 370.2 7.2
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Table 4 Effect of different modules in MFCNet on detection performance

Num CCS ASFU  AGPP  Precision/ % Recall/ % F1 AP/ % GFLOPs FPS
1 — - - 57.00 74.92 0.65 53.09 35.7 151.7
2 NG 63.25 77.24 0.70 58.53 38.4 145.1
3 N NG - 71.85 82.57 0.77 62.43 40.6 133.5
1 N N/ N 80.95 85.00 0.83 67.36 42.1 100. 8
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Table 5 Effect of different modules on detection performance

Num AFM ASFU CPM AGPP Precision/ %  Recall% Fmeasure AP/ %
1 NG NG 78.73 81.25 0. 80 64. 88
2 — N/ N/ — 79.43 83. 68 0. 81 65.82
3 J — — J 79. 89 83.16 0.81 66.19
4 N J 80. 95 85. 00 0.83 67.36
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