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Lightweight Infrared Small-Target Detection Algorithm

Zhang Qi, Zhu Hongtai, Cheng Hu, Zhang Jun, Zhang Ye

China Electronics Technology Group Corporation No. 58 Research Institute, Wuxi 214072, Jiangsu, China
Abstract The lack of inherent characteristics of infrared small targets, with issues such as high time consumption,
prevents applying existing detection methods in complex environments. Herein, we propose an infrared small-target
detection algorithm suitable for embedded edge-computing devices which transforms the problem of small-target detection
into the problem of semantic segmentation. A lightweight backbone network is used to extract the features, a cross-layer
feature fusion method based on context modulation is designed to exchange high-level semantics and low-level details, and
dual attention mechanism based on channels and locations is introduced to highlight the small targets in the feature map.
Experiments prove that this algorithm outperforms existing state-of-the-art methods in terms of detection effects, false
alarms, and time consumption in complex backgrounds. The model is only 100 KB in size and can detect video streams at
20 frame/s in real-time, making it ideal for embedded deployment and practical applications.
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Fig. 3 Comparison of different feature fusion methods. (a) Simple fusion structure; (b) structure of ACM
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Fig. 5 Comparison of detection results of different algorithms. (a) Improved Tophat; (b) PSTNN; (c) Yolo-v4; (d) proposed algorithm
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