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Research on pedestrian detection in infrared image
based on YOLOYVS algorithm

WANG Xiao-hong, CHEN Zhe-qi
(University of Shanghai for Science and Technology , Shanghai 200093 , China)

Abstract: Target detection is an important prerequisite of automatic driving and an important link of interaction with
external information. Aiming at the problem of low accuracy and missing detection of distant pedestrians at night, a
nighttime pedestrian recognition model of YOLOv5-p4 for detecting small sized pedestrians is proposed in this paper.
Firstly, by adding a detection layer of smaller targets and introducing a BiFPN feature fusion mechanism to prevent
small targets from being drowned by noise, the network model can be more focused on the small features of the object.
At the same time, K-means prior frames are used to cluster anchor frames of smaller targets,and multi-scale data en-
hancement method is used to increase the robusiness of the model. MetaAcon-C activation function and EloU regres-
sion loss function are used to improve the model convergence effect and improve the accuracy of long-distance pedes-
trian detection algorithm. Finally,the improved YOLOv5-p4 model for pedestrian detection is verified on the infrared
pedestrian data set FLIR. The experimental results show that compared with the traditional methods, the accuracy of
this method is improved from 86.9 % to 90.3 % ,which is suitable for pedestrian detection in infrared images.

Keywords : deep learning;target detection; YOLOVS ;feature pyramid ;infrared pedestrian recognition
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Fig. 1 Improved YOLOvS-p4 network structure
based on improved BiFPN
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Tab. 1 Width and height of anchor frame after

K-means clustering

KR RSY | (S, W) | (FEBE, miBE) | (Wi, @)
20 x20 (19,65) (29,93) (53,174)
40 x40 (15,24) (15,48) (18,38)
80 x 80 (12,27) (12,46) (13,35)
160 x 160 (8,19) (9,27) (12,20)
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Fig. 3 Loss function of YOLOV5
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Tab. 2 Inspection results of different size targets
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Tab. 3 Table of detection accuracy of targets

of different sizes

B ERGR iTs
HAr R
YOLOvS YOLOv5-p4
/T 20 x 20 86.3 % 92.8 %
20 x20 ~50 x50 86.5 % 87.9 %
KF 50 x50 9 % 100 %
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Fig. 7 Detection effect diagram
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S BRI T HT MetaAcon-C 0 pRBSCHURR A 10
PRI, T DIARE TR B A WA 5 ik P 22 RUBE AR TR
TiiE AR BICR A p AL ] I A SCUAFAE —
A JR B AT o) B BB 25 3 4 E AR AS: DU 0k 132 47
SRR IR B 2 i O 2 Z, Xt 4 ok i etk A F
FEH H AR
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Tab. 4 Accuracy comparison table with

other algorithms

Ak Map@0. 5
SSD 83.1 %
YOLOv4 84.9 %
YOLOvS 86.9 %
YOLOv5-p4 90.3 %
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