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Abstract At present, most of the multi-spectral pedestrian detection algorithms focus on the fusion methods of visible
light and infrared images, but the number of parameters to fully fuse multi-spectral images 1s huge, resulting in lower
detection speed. To solve this problem, we propose a multi-spectral pedestrian detection algorithm based on YOLOv5s
with high timeliness. To ensure the detection speed of the algorithm, we select the merging method of visible light and
infrared light channel direction as the input of the network, and improve the detection accuracy by improving the
traditional algorithm. First, some standard convolution is replaced by deformable convolution to enhance the ability of
the network to extract irregular shape feature objects. Second, the spatial pyramid pooling module in the network is
replaced by multi-scale residual attention module, which weakens the interference of the background to the pedestrian
target and improves the detection accuracy. Finally, by changing the connection mode and adding the large-scale feature
splicing layer, the minimum detection scale of the network is increased, and the detection effect of the network for small
targets is improved. Experimental results show that the improved algorithm has obvious advantages in detection speed,
and improves the mAP@O. 5 and mAP@O0.5:0.95 by 5.1 and 1.9 percentage points over the original algorithm,
respectively.

Key words pedestrian detection; deformable convolution; attention mechanism; small target detection; YOLOv5s

Wi BHEE: 2023-09-15; f€EHHE: 2023-10-14; RABH. 2023-10-20; MEEHEAZBH: 2023-10-25
EE£WMB . HFMEAFTIH(JJKH20200753KT) 5 Hhde 5] 541 5 Bl % J@ 58 4 (YDZJ2023012Y TS407)
BIS1E#& . “changshuai@cust.edu.cn

1037004-1


https://dx.doi.org/10.3788/LOP232131
mailto:E-mail:changshuai@cust.edu.cn
mailto:E-mail:changshuai@cust.edu.cn

1 5 5

I 4G 0 i B P 45 sl R A0 25 1R i 5 30w PU H E
NG RN TSR & N N S N 4 A0
BRSSPI A AT ARSI AR Dy T R A
AT AE . b AT AR IR R RS
B AT NP 4% HL AR A A% A 40 AT B Y Y

1 B8 9 3 T 00 WO B AT ARSI 533 B 32 R 1Y
WA A AR TR B JEE Y A B0 Ak A R N0 A A R OR e
LLAMPRIRAR PR T — TP Sl LL AN B AR | 2151 B 5
YU PURE 7 38 , 5 O A R Kb T Lol 18] (5 A 18 1 2
SRR L R RN B EE . RE ET T WOE S
ZLAMEE Rl B 26T AT NI L 52 3 T A TR
| EP25 S o

Hwang 2575 T 14 558 H 4 0 1 1] b6 2 B 05 [ e
fiF 42 1 T 2063 R 4 W R (ACE) ™ HLH 711 25
FH) KAIST 206147 AR . &5 R KW, 20
T A RS BE W O T O Sk . FERESL T
KAIST 263547 MBI 5 L BR T T 58 46 B 28 0 4%
(CNN) 2 BURFIE S, 1 22 27 3 1k — 22 05T T e L Y
Z i A AL, Wagner 7R T — Fp 3L T R-
CNN((region-CNN) " i1y Z 6347 AK I 77 125, IF 1+ i
T 20t ah G LA R A B T . Liu SFTOR WS SR T
CNN [ 5 M 25 gE AT il &, 32 T 4 B AS [ 119 9 45 45
H IR XF AR T iR R A B B LIS R T O
RS 73 AL A, 38 3 i R 5 32 DA 4 O R A 285 I AL P
HEATRLS o

R AR MR R HA R T I Bk
PEAT B0, T G A T S PS8 AR A LA A2 AT A G ) A
ROCPEEESR o B, L YOLO R A8k Je il (1 — Bir
BB sk AR il o Hsia 55V T —FIRE 2 I HERE,
DA Bl 38 D' IR R V8 1) AL, 36 ik 22 O % il £ BB ves JE 22 S
B 22 B 35 R AL, M) XU 22 006 1% 0 2% 47 AR O

6155 10 H1/2024 £ 5 /B S XBFEHRE

H it T T MFDs-YOLO (multispectral fusion and
double-stream detector-YOLO) {5 & ) £ )1 3% Al & %W
TS o 7B RT T — R T YOLOX iy Joil
HE K A 595, W 20 155 285 e 11F 2 A R Oy R M R 11E 2 B
FUE P R AF B2 O B Bz o LA b B o TR I Ak R A
= 1 YOLO F 30530k %) 256 3% B &l & 09 7 3 3547
HCHE BEAR T AT AR B T kR, — e B AR T T
R ARG B2 o B2 BT 78 o Al A 2000 UG I i 1 28
R, PRI BRI A AT LA SR AT AR
NPT 5 A A 000 85556

BEXF bR )@, A SCHE T — TG YOLOvSs
FL N 2618 T AR T i . TERZ Rl A DT h ik B
R RS BIG IF AT WO B R £ A0 B DL 4 58 18 K]
G A 28 B i A i, 6 S B 78 0 4% S5 A R R4 T L T
B T B Rl E B o 0 S 80 RUE T R DU B .
5 B S AR R TUDORS B bt A T

2 M YOLOvVSs Bk

YOLOvVS [ 2% Ht A7 4 Ffr %) 2% 855 8 25 4, 43 5] /2
YOLOvV5x. YOLOv5s, YOLOv5m Al YOLOvS, H
YOLOv5s 0 £ 1% 78 f5 /N o i ol B e i ol X6 5
Aeb P SR A, R R R YOLOvVSs W 2% 55 10 iF 47
L@l
2.1 ATEER

CNN X KRB Z 0 48 H b5 14 8 85517 76 5 A 1Y B
B, PR oA CNINCH G 4 AR5 F1E 1] 1) (381 5 A7 B E AT R AR
TE [/ — JZREAE B o, B AT REAE o5 ) J sz B 2 — ARy 3
R R N CIR A= RGN =D O WA 2 N DANG 2R | A NS E 7/ R NS
W N RO Bl Az B K/INE AT A Bh R

BE X b i) B, 5] A AT AR B AL (DCN)YY B 3
Hh R RBE AR B RO AR AZ BF . 7E YOLOv5s
) 3 F W 2% (backbone) H F DCN % 8 34 71 9 )2 1)
GG, LU m BRI R A H AR ) E#2BLRE )1 . 1545
& BRI DCN A SR AE 7 B 0% L [ 1 s .

()

)

K1 REEALE . (a) W HER; (D) DCN
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SPP: spatial pyramid pooling
CBS: Conv+BN (batch
\ normalization)+SiL.U
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Fig. 3 Schematic diagram of SPP module
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Fig. 4 Schematic diagram of multi-scale residual attention

module. (a) Overall structure; (b) structure of UP mudule
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DCN: deformable convolution network
MRA: multiscale residual attention
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Fig. 7 Improved YOLOv5s network
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Table 1 Experimental environment configuration

Parameter Experimental environment
Operating system Windows 11
CPU Intel Core 15-12500H @ 2. 40 GHz
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Python 3.8
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Table 2 Ablation experimental results

Group DCN MRA Small target mAP@0.5/% mAP@0.5:0.95/% FPS /(frame/s)
1 49.7 26.3 63.8
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4 N 51.7 27.0 60. 3
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Table 3 Comparative experimental results of fusion methods

Method Platform FPS /(frame/s)
ACF MATLAB 0. 37
Halfway Fusion TITAN X 2.36
IAF-RCNN TITAN X 4.76
CIAN 1080Ti 14. 28
DSMN 3090Ti 1.32
MBNet 1080Ti 14.29
Ours 3060T1 54. 40
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Table 4 Comparative experimental results of different methods

Method mAP@0.5 /% FPS /(frame/s)
Faster R-CNN 46.7 14. 8
SSD 38.6 42.9
YOLOvV4-tiny 42.5 53.6
YOLOvSs 49.7 63.8
YOLOvV7 51.6 39.3
Ours 54.8 54. 4
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Fig. 9 Visualization comparison of detection results by different algorithms. (a) Complex background scene; (b) heavily occlusion

pedestrian target scene; (c) blur background small target scene; (d) weak feature pedestrian target scene
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