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Abstract

Aiming at the challenges in pedestrian target detection, this paper proposes a pedestrian detection
algorithm based on improved YOLOv5. The algorithm combines the Ghost module and SE attention
mechanism to improve the feature extraction capability while maintaining the lightweight of the model.
When faced with dense scenes and occlusion problems, the improved YOLOvV5 can effectively extract
important features and improve detection accuracy. Through comparative experiments and simulation
analysis, it is verified that the algorithm can maintain low computational complexity and high real-time
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performance while improving detection performance. Experimental results show that the proposed
algorithm has good performance in pedestrian detection tasks, especially under low illumination and
complex background conditions.
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Table 1. Performance of each model on the MS COCO dataset
= 1. BIERFE MS COCO #iEE LrIRM

Method Image size mAP0.5 (%) mAP0.5:0.95 (%) FLOPs (G)
YOLOv5n 640 x 640 45.7 28.0 4.5
YOLOVS5s 640 x 640 56.8 374 16.5
YOLOv5m 640 x 640 64.1 454 49.0
YOLOVS51 640 x 640 67.3 49.0 109.1
YOLOv5x 640 x 640 68.9 50.7 205.7

YOLOv5s #1 Backbone. Neck #1 Prediction = AN F LA A[6], SRR B EFRTE T 7
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Figure 1. YOLOVS network structure
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Figure 2. Ordinary convolution
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Figure 3. Ghost convolution
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Figure 4. SE channel attention mechanism
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Figure 5. Some samples of the INRIA dataset
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Table 2. Comparison results of ablation experiments

2. HARSKIE AR

YOLOV5 Ghost SE Pl% R/% mAP/%
% 89.16 88.58 89.31
V V 90.65 90.12 92.18
\/ V \ 93.28 91.49 92.24
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YOLOVS 47 NG BERI52 M. JEAl YOLOVS BB IR R (P)N 89.16%, AR (RN 88.58%, mAP
(BHMEFEIRE )N 89.31%. 45| N Ghost IS, P. Rl mAP 43 3R THZ 90.65%. 90.12%41 92.18%,
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Table 3. Comparative experimental data

7= 3. XL H IR

it P/% RI% mAP0.5/%
Faster RCNN 87.89 86.94 87.39
YOLOV5 89.16 88.58 89.31
Ours 93.28 91.49 92.24

7% 3 R T ANE B ARSI R AR AT AASIIT 55 BRI ERESTEL, 35 FasterR-CNN. YOLOvVS LKA
R H SO R (Ours) e SR HE KT, FasterR-CNN HIFETAZR(P)N 87.89%, HIHIZE(R)A 86.94%,
mAP0.5 A 87.39%, UiBAHAMIGE BN e, (Hl TP BUSIIHESS, W] BEAE S 7 T AA 7 — 2
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Figure 6. Heat map display
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