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Object detection algorithm of thermal infrared images based
on improved YOLOX

Shen Haiyun Yu Honghao Wang Haichuan Huang Zhongyi

(School of Electrical Engineering and Information, Southwest Petroleum University,Chengdu 610500, China)

Abstract: To solve the problem of low resolution of infrared target images, lack of texture details, and low detection
accuracy caused by complex background interference, an infrared target detection algorithm based on improved YOLOX
is proposed. First, an effective spatial channel mixed attention module is introduced into the feature extraction
backbone network CSP-Darknet53 to reduce the accuracy loss of the network due to long-distance transmission;
secondly, in order to further improve the detection accuracy of infrared targets, based on the original enhanced feature
extraction network PANet, an improved path feature fusion method is proposed; finally, in order to solve the problem
of low recognition rate of small objects in infrared targets, a deconvolution operation is performed at the YOLOX
output detection-head to expand the output feature map. Experiments are carried out on the FLIR infrared public data
set. The experimental results show that the mean Average Precision (mAP) of the proposed algorithm recognition
reaches 91. 00% , which is 5. 04 % percentage points higher than that of the benchmark YOLOX network, it is effective
to improve the detection accuracy of infrared targets.
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CenterNet Resnet50 76. 81 79.99 75.23 77. 34 31
FCOS Resnet50 79.43 80. 10 77.65 79.06 25
YOLOv3 Darknet53 79. 35 83.57 71.22 78. 04 32
YOLOv4 CSP-Darknet53 85.03 88. 47 78. 20 83.90 28
YOLOv5 CSP-Darknet53 88. 25 89. 74 75.12 84. 37 26
YOLOX CSP-Darknet53 89. 10 91. 22 77.56 85. 96 29
YOLOX-TICRCE B CSP-Darknet53 92.99 93. 44 86. 56 91. 00 27
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d J J J 92. 99 93. 44 86. 56 91. 00 27
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