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Pedestrian recognition research on unmanned roads with improved
YOLOVS algorithm

Wang Yapeng Han Wenhua
(College of Automation Engineering,Shanghai University of Electric Power, Shanghai 200090, China)

Abstract: Based on the rapid development of the unmanned field, in order to improve the speed and accuracy of road
pedestrian target detection, a road pedestrian target detection method based on YOLOv5 network improved by YW-
YOLO is proposed, which is changed into RepGFPN in the YOLOv5 model’s neck structure, which fully exchanges the
high-level semantic information and the low-level spatial information, adds the adaptive fusion mechanism, introduces
the SimAM attention module mechanism, which improves the feature extraction ability of the algorithm, and in terms of
loss function, optimal transport assignment is used to optimize the loss function. The experimental results show that the
proposed algorithm in this paper, compared with the original algorithm, the recognition accuracy rate on the road
pedestrian category dataset is improved from 38.1% to 52. 6% , detection speed increased from 29.4 fps to 30. 8 ps,
which has a better detection effect.
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Fig.5 Two-dimensional spatial attention mechanisms
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Fig. 6 Three-dimensional attention weights
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Table 1 Performance comparison of different detection models

R Y 5 7 P R AP Wi/ fps
YOLOvV5s 0.702 0. 388 0.474 29.4
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Table 2 Ablation experiments

A5 7 P R AP
YOLOvVSs 0.702 0.388 0.474
YOLOv5s+GFPN 0.704 0.403 0.487
YOLOv5s+SimAM 0.673 0.401 0.481
YOLOv5s+OTA 0.715 0.406 0.495
YOLOv5s+ GFPN+SimAM 0.716 0.422 0.509
YOLOv5s+SimAM+OTA 0.699 0.436 0.515
YOLOv5s+GFPN+OTA 0.707 0.436 0.516
YOLOv5s+GFPN+SImAM-+OTA 0.709 0.449 0.526
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Table 3 Comparison of evaluation indicators for different

attention mechanisms

T ) 452 7 P R AP
YOLOv5+GFPN+OTA 0.707 0. 436 0.516
YOLOv5+GFPN+OTA+

0. 640 0. 399 0. 466
CBAM
YOLOv5+GFPN+OTA+

0. 687 0. 396 0.474
ShuffleAttention

YOLOv5+GFPN+OTA+
Triplet Attention
YOLOv5+GFPN+OTA+
SimAM

0.625 0. 396 0. 457

0.709 0. 449 0.526
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Table 4 Comparative experiments

Fk AP Wi/ [ps
YOLOv5M 0.474 29.4
RetinaNet"! 0. 488 31.1
CenterNet"* 0. 462 30. 3

SSDH 0. 507 25. 4
Faster R-CNNM 0.534 10. 9
AR 3L 0. 526 30. 8
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