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through dynamic sampling strategies, effectively mitigating target boundary blurring and environmental occlusion is-

sues. Finally, the detection head would be changed to a lightweight shared convolutional detection head LSCD to re-

duce model parameters and computational complexity, while ensuring lightweight while improving detection accu-

racy. At the same time, the algorithm was comprehensively evaluated using quantitative evaluation indicators accu-

racy P, recall R, average accuracy mAP, and FLOPS on the publicly available infrared night scene dataset. The experi-

mental results show that compared with the original algorithm, SDL-YOLO has a 1.5% increase in accuracy P, a 1.5%

increase in recall R, and an 1.5% and 1.7% increase in average accuracy mAP50 and mAP50-95, respectively. At the

same time, it has lower model complexity FLOPS. The effectiveness of SDL-YOLO algorithm in improving detection

accuracy, correcting false positives and false negatives has been further demonstrated through visual analysis of detec-

tion results.

Key words: deep learning, object detection, infrared image, YOLOVS, pedestrian and vehicle
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