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Research on infrared small target detection based
on improved CenterNet
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(1. School of Mechatronics and Vehicle Engineering, Chongging Jiaotong University , Chongqing 400074 , China;
2. Chongqing Academy of Metrology and Quality Inspection, Chongqing 401121, China)

Abstract : With the continuous development of machine learning technology , the research on object detection technolo-
gy is becoming increasingly popular. To address the issues of low accuracy and poor real-time performance in target
detection, a single stage object detection algorithm CenterNet is adopted to achieve rapid recognition of targets. A
CBAM attention mechanism is added to resnet50, the backbone network of the algorithm,to improve the recognition
accuracy of the network on the target. In the output module of the network,a new GSConv convolution module is used
to improve the detection speed without loss of accuracy. The improved algorithm is validated on the infrared dataset-
and its detection accuracy reaches 82.91 %. The results show that that the improved CenterNet algorithm can accu-
rately and efficiently accomplish the recognition of small infrared targets.
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CenterNet object detection network
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Tab. 1 Performance comparison before and after improvement

PHERT centernet

Bk JE centernet

FPS/ FPS/
F1 AP/ % P/ % R/ % mAP/ % (fes) F1 AP/ % P/ % R/ % mAP/ % (f-s71)
.5 .5

Car 0.78 87.96 96. 22 65.78 0. 81 90. 62 96. 85 69. 19
Horse 0. 80 86.91 97.12 67.82 0. 80 89. 68 97.93 68. 10
Cat 0.81 88.23 94. 46 71.51 0.82 89.38 96.27 72.07

77.07 91.06 79.51 93.83
Aeroplane 0.77 84.52 98. 89 62. 46 0.77 87.86 97.33 63. 86
Motorbike 0.71 86.76 97. 86 56.31 0.76 87.84 97.10 61.85
Bus 0.79 85.32 94.74 67.61 0.79 87.26 94.19 68. 54
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Tab.2 Ablation experiment

%) 4% A5 AP/ % FPS/(f-s71)
CenterNet 77.01 90. 03
CenterNet + CBAM 81.49 89.76
CenterNet + GSConv 77.23 94. 02
WifE CenterNet 82.91 93.83
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Fig. 5 Heatmap of infrared aircraft small targets
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