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Airborne infrared dim target detection algorithm based
on improved YOLOV7

ZHANG Zi-lin, YU Song-lin, WANG Ge,LIU Tong
(North China Research Institute of Electro-Optics,Beijing 100015, China)

Abstract ; With the technological upgrades of modern warfare ,there is a growing need for faster,farther and more accurate
target detection in the field of airborne infrared detection. In this paper,an improved target detection algorithm based on
YOLOV7 is proposed to meet the high-precision and high-frame-rate detection of infrared dim dim targets in airborne envi-
ronment. Firstly ,based on the YOLOV7 target detection algorithm ,the network structure is modified and the number of conv-
olutional layers is deepened to extract more features of small target information. Moreover ,the attention mechanism is intro-
duced into the feature layer obtained by the backbone network to improve the perception ability of the neural network to
perceive the small targets and increase the weight share of the region where the small targets are located. Finally ,the EIOU
loss function is used to replace the CIOU loss function,which improves the convergence speed and positioning accuracy. The
experimental results show that compared with the original algorithm YOLOv7,the improved algorithm can reach 98.49 %
mAP with minimal loss of frame rate,which is 1. 24 % higher than the original algorithm,and it helps to improve the detec-
tion accuracy of airborne infrared dim small targets.
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Tab. 1 Data set target information

SRS BARERAY Bt/ ok
Target 1 640 x 480 8070/10000
Target 2 640 x 480 7954,/10000
Target 3 640 x 480 6352/10000
Target 4 640 x 480 4548/10000
Target 5 640 x 480 3990/10000
Target 6 640 x 480 2198/10000
Target 7 640 x480 0672/10000
Aim 640 x 512 5880/06000
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Tab. 2 Training environment configuration
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Tab. 4 Performance of different algorithms on infrared data sets
Bk Params/ % Prcision/ % Recall/ % F1/% mAP@O0. 5/ % mAP@0. 5:0.95/% FPS/(f+s™")
YOLOvS 47.057M 95.85 93.91 0.95 95.23 0. 490 54
YOLOv7 37.620M 97.27 96. 69 0.97 97.25 0.592 42
Mk G ) YOLOV7 40. 135M 98.50 98. 44 0.98 98. 49 0. 644 37
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Fig 9 Algorithm comparisondiagram
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