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Infrared Pedestrian Object Detection Algorithm Based on Improved
YOLOv7
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(University of Electronic Science and Technology of China, Chengdu 611731)

[Abstract] To eliminate the defects of incomplete detection and high false detection rate caused by insignificant
pedestrian target features, dense small targets and complex background in infrared images, this paper proposes an infrared
pedestrian target detection algorithm based on improved YOLOv7. Firstly, the original Spatial Pyramid Pooling (SPP) module is
replaced by the Channel Attention based Spatial Pyramid Pooling (CASPP) module based on the YOLOv7-tiny model, so that
the model could pay more attention to the extraction of pedestrian features; then, the convolution module CBM based on the
Meta—ACON activation function is introduced, which further suppressed the background noise and preserved the details of the
pedestrians; finally, an alpha fusion data enhancement method is proposed to enrich the diversity of samples and improve the
stability of the model in complex environments. The validation based on the FLIR dataset shows that the proposed method
improves the accuracy by 3% and reduces the computation by 38% compared with the YOLOv7—tiny algorithm, which is more
suitable for infrared pedestrian target detection scenarios.
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