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Pedestrian target detection algorithm in low illumination
environment based on ECA and BIFPN
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[ Abstract] Aiming at the low accuracy of multi—scale pedestrian target detection in a low illumination environment, a pedestrian

target detection model based on improved YOLOvS5s is proposed. Firstly, the convolutional attention module ECA attention

mechanism is integrated into YOLOvS5s backbone network to highlight target characteristics and suppress interference from a low

illumination environment. Then replace the original feature pyramid network, PANet, and introduce weighted bi-directional feature

pyramid BIFPN to enhance feature fusion and improve pedestrian detection accuracy. Finally, the visible image and infrared image

are used for comparative study. The experimental results show that the average precision mean mAP of the improved BE-YOLOvS5s

algorithm model on both datasets is improved, and the high real-time performance of the original algorithm is maintained.
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Fig. 1 YOLOV5s model structure
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Fig. 2 Improved BE-YOLOvV5s module structure
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Fig. 3 ECA Channel attention mechanism
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Fig. 4 Bidirectional Feature Pyramid
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Tab. 1  Comparison of performance indicators for visible light
datasets
Model P R mAP0.5 mAP0.5:0.95 H}[a]/s
YOLOv5n 0.679 0.856  0.702 0.285 0.011
YOLOvS51 0.849  0.837  0.738 0.341 0.021
YOLOv5s 0.826  0.838  0.742 0.370 0.011
BE-YOLOv5s  0.924  0.816  0.780 0.377 0.013
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Tab. 2 Comparison of performance indicators for infrared datasets

Model P R mAP0.5 mAP0.5:0.95 H}[a]/s
YOLOv5n 0.753 0.876 0.729 0.312 0.011
YOLOv5! 0.869 0.873 0.757 0.359 0.021
YOLOvSs 0.857 0.880  0.796 0.388 0.011

BE-YOLOv5s  0.968 0.858 0.823 0.412 0.013
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Fig. 5 Comparison of four models mAP0.5:0.95
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Fig. 6 ' YOLOVSs model detection performance
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Fig. 7 BE-YOLOVSs model detection results
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