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Pedestrian detection algorithm in infrared image
based on improved YOLOv4
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[ Abstract] In the task of infrared pedestrian detection, the sampling machine is in the high spot top, which makes the volume of
the captured pedestrian target smaller. In addition, the pedestrian is always in the active state, and the distance from the camera is
different, which leads to some differences in the size of similar objects in the image. In addition, the pedestrian is always in the
active state, and the distance from the camera is different, which leads to some differences in the size of similar objects in the image.
Based on YOLOv4, an improved YOLOv4 infrared pedestrian detection algorithm is proposed, and the network structure is
optimized. Firstly, the deformation convolution is used as the core component to construct the deformation feature extraction module
to improve the effectiveness of target feature extraction; secondly, to optimize the feature extraction network module for deformation
convolution. The results show that the improved algorithm is better than other algorithms in the overall robustness, recall rate, F1
score and other evaluation indicators.
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Tab. 1 Performance comparison of models

izt W& BE (precision) B2 (recall) F2 — 1Score 10U(3EFF1) /% “EEIMER 2 (mAP) /%
YOLOV3 0.90 0.77 0.83 64.75 82.04
YOLO-v4 0.91 0.84 0.87 64.82 83.05
SSD 0.82 0.88 0.84 61.93 80.55
YOLO-sd (A< 3041 ) 0.89 0.85 0.87 64.86 83.09

R AR AT DA A SCER Y YOLO -sd
Bk RS RIEEAL T YOLOV3 Fil YOLOv4; 75 4
R AT, YOLO-sd £ F YOLOvV3 1 YOLOv4,
ULRAXT T H bR i A 2 R4 H 10U $Eh AL,
YOLO-sd 5 SSD %k, YOLO-sd AYAH EE - 44 e
K (map) F2 — 1Score BALTF SSD; Hizdighx , A 1l
R H LI AIE T SSD, £5A S T X F £ T M 4%
TG I P 245358 43 ) AR AL, A6 32 T I 28 P BE 7 T AT
KB, WAL PERE pr i A&l 6 Fi

1.0

0.8

Precision
o
2N

<
~

o
o

all cka55¢5 0.881 map@0.5

f=]

0 0.2 0.4 0.6 0.8 1.0

recall

6 pr BZIIEL

Fig. 6 Comparison of PR curves

FIH YOLO-sd FYSEFRIAZERANE 7 FroR

B7 MiKER
Fig. 7 Test result

4 HRIE

ASCHR I T — R T YOLOV4 BUH I LT 4MEIHR

Fr AR YOLO —sd, A A6 )5 #Y YOLO —sd %}
TOREZVE e/ HAR RGN B8 0 A7 B 42 71, i &

ZUAMEI RS A . 5k 32N AR AR S

FIARBOREI R , T 2R ADE AR BN G4 1

( FHEER 41 10)



