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Pedestrian and Vehicle Detection Algorithm in Blurred Scenarios

ZHENG Guang-Hai, ZHANG Hai-Ning, QU Ying-Wei
(School of Railway Engineering, Dalian Jiaotong University, Dalian 116028, China)

%

Abstract: Aiming at degraded and blurred images captured under hérsh weather conditions such as haze, rain, and snow,
which make accurate recognition and detection challenging, this study proposes a pedestrian and vehicle detection
algorithm, lightweight blur vision netwqu (LiteBlurVisionNet), for blurred scenes. In the backbone network, the global
context enhancer attention-improved':lightweight MobileNetV3 module is used, reducing the number of parameters and
making the model more efffcient in image processing under harsh weather conditions such as haze and rain. The neck
network adopts a lighter Ghost module and the spectral ghost unit module improved from the Ghost bottleneck module.
These modules can more effectively capture global context information, improve the discrimination and expressive ability
of features, help reduce the number of parameters and computational complexity, and thereby improve the network’s
processing speed and efficiency. In the prediction part, DIoU NMS based on the non-maximum suppression method is
used for maximum local search to remove redundant detection boxes and improve the accuracy of the detection algorithm

in blurred scenes. Experimental results show that the parameter count of the LiteBlurVisionNet algorithm model is

@ RIS TE]: 2024-06-08; 15 2 [8]: 2024-07-10, 2024-07-24; S FIH E]: 2024-09-19; csa £ 4% H IR 18] 2024-12-19
CNKI [ %% B K I []: 2024-12-20

Software TechniquesAlgorithm FXPFHE AR 5% 145

© EREERREST  hup/iwww.c-s-a.org.en


mailto:2875616904@qq.com
http://www.c-s-a.org.cn/1003-3254/9778.html
http://www.c-s-a.org.cn/1003-3254/9778.html
http://www.c-s-a.org.cn/1003-3254/9778.html
http://www.c-s-a.org.cn/1003-3254/9778.html
http://www.c-s-a.org.cn/1003-3254/9778.html
http://www.c-s-a.org.cn/1003-3254/9778.html
http://www.c-s-a.org.cn/1003-3254/9778.html
http://www.c-s-a.org.cn/1003-3254/9778.html
mailto:cas@iscas.ac.cn
http://doi.org/10.15888/j.cnki.csa.009778
https://cstr.cn/32024.14.csa.009778
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

20254F #5344 21

reduced by 96.8% compared to the RTDETR-ResNet50 algorithm model, and by 55.5% compared to the YOLOv8n

algorithm model. The computational load of the LiteBlurVisionNet algorithm model is reduced by 99.9% compared to the
Faster R-CNN algorithm model and by 57% compared to the YOLOv8n algorithm model. The mA4P0.5 of the
LiteBlurVisionNet algorithm model is improved by 13.71% compared to the IAL-YOLO algorithm model and by 2.4%

compared to the YOLOVSs algorithm model. This means the model is more efficient in terms of storage and computation

and is particularly suitable for resource-constrained environments or mobile devices.

Key words: MobileNetV3; blurred scenario; pedestrian and vehicle detection; lightweight; LiteBlurVisionNet
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T YOLOVSs WART 74%, 7R mAP 371 T 1.6%. %%
i LiteBlurVisionNet #44[] 3-F-#1 43 A% T~ YOLOvSs
SEIMALER, BT /)N,

R H TP RSE

Model Params GFLOPs P (%) R (%) mAP0.5 (%)
YOLOVS5s 7015519 158 87.1 765 86
YOLOv5s+K-means 7015519 15.8 87.9 787 86.6
Baseline (£17) 1666804 4.1 842 80.3 87
Baseline 1666804 4.1 873 794 87.6

-

HIR, AR SCAEFL R B LAl 1, ¥ head #0122
A Ghost #EL A spectral Ghost unit R, X 57 {5 Lt
7Y 43 5l iy 44 N Baseline-GSConv 1 Baseline-spectral
Ghost unit, [F]B {5 FH P R 1y 44 24 Baseline-spectral
Ghost, #1706 Hu S, 50445 0L 4 2, 45 KW, i
i i} Ghost el speétral Ghost unit BEHLTE (504 5 T
¥ 2% (1) S il SO SRR SRR T 20%, FRAE mAP
BRTRT 0.04%. 1% #8556 45 FIGE T A STl g 1 40
B0 2% 5 N AT AR A

2 BRIP4 T Ak SE

Model Params GFLOPs P (%) R (%) mAP0.5 (%)

Baseline 1666804 4.1 873 794 87.6
Baseline-Ghost 1570228 3.9 86.9 80.0 87.8
Baseline-SpectralGhost 1339804 3.5 88.1 79.8 88.0

IR, A SCE4T T 4 A, XF LiteBlurVisionNet
BEACEAT T 1B 5T Al MR sE IR B IR iR 3 Fios.

K3 ERHBSE

Model weights mAP0.5
Model Params . GFLOPs
size (MB) (%)
YOLOVSs 7015519 13.7 15.8 86
YOLOvS5s+K-means 7015519 13.7 15.8 86.6
Baseline 1666804 3.59 4.1 87.6
Baseline-spectral Ghost 1339804 3.03 35 88.0
Baseline+DIoU NMS 1339804 2.99 3.5 88.4
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)5, NIAE LiteBlurVisionNet B VL )4 e, A
B 5 T 2 i B ARSI S AR [ R AR R 5
AT X L SR, SRR B PRSI FVE A4S YOLOVT™,
YOLOv8. Faster R-CNN. RTDETR"™, A& 5 FH i)
RN TA-YOLOP® il ITAL-YOLOP®, i,
YOLOv7 #5528 B A 58 5 1 52 9 5 YOLOvSs A [F],
K HoAr 49 YOLOvTs. [FIf 24 3CRFH 7 YOLOVS
WG T) 8n WA, IA-YOLO %45 KA T Hbr
K, TAL-YOLO AR5 25 KA Hbskill. xf
b st g sk 4 f3E 5 fros. AT LU ), LiteBlur-
VisionNet 7/ Z:40 & THEEMN mAP0.5 J5 H AR I H
7B HI % LiteBlurVisionNet 5k R 7E S50 &
(1339804) FlitH & (3.5 GFLOPs) iz i+ HoAth 5%
R, 3 R AR AR AR A A A AU E 7 TS 0 s, o
T T R A2 B R PR B S B i i A (RIS HemAPO.5
(%@@&E%E%ﬁ@ﬁﬂj@ﬁh&&@@@ﬂ@
IAL-YOLO (74.69%)s YOLOVSs (86%). YOLOv7s
(83.4%) Al YOLOvSn (86%)~ Faster R-CNN (79.65%)+
RTDETR-ResNet50 (85.4%). iX £ H LiteBlurVisionNet
kel WERME RNV RE 5 TH R DUH T A A
PE, & T 75 B R FE AR (137 5% 12 A5 T AR SR
W5 N RHATAT NS A AT 55 B R IR 5 1, N
WHBINELT W H R AT S5 4240, 1 5y n 52 Ho s sk

£ 4 XTI ESL

Model Params GFLOPs P (%) R (%) mAP0.5 (%)
YOLOVSs 7015519 15.8 87.1 1765 86
YOLOV7s 9137726 26 81 773 83.4
YOLOv8n 3006038 8.1 86.8 769 86

Faster R-CNN 28285573 4741 369 873 79.65
RTDETR-ResNet50 41938794 125.6 852 77.8 _. 854
LiteBlurVisionNet 1339804 3.5 85.2 % 80.9 88.4

% 5% IS He 3

Models Params mAPO.5 (%)
LiteBlurVisionNet 1339804 88.4
IA-YOLO 61694062 74.95
IAL-YOLO 61693997 74.69
4 e

DR SR S A T N ZE AR U B PR R R AN R A A
RIS RS, AR SCHR ORI 37 5 R AT N5 ZE R A 2
LiteBlurVisionNet (FR AR5 ] £8). 388 ot 2% SC I sk,
ASCHULT 3 AT,

152 4 AR 5% Software TechniquesAlgorithm

(1) FEETF MLy, I T —Fh 4 J5 b S
i (global context enhancer) £ & /1A e () Mobile-
NetV3 i, ZAHLELS T ECA fil GMA & AL,
DL 558 X 2% R RFAIE SR HLRE 7). B BE 8 A 1 X 1 Hb
Y B A7 BY YA R RRAIE 1) 85 B, i o J T P R g
VESEIN T HRRAE 0 22 FE P AVE R 1, ATk — 2D 2 i i
RIVERE. IR B T2 ok, B SRR RS T 76%,
TR N T 74%, mAPO.S 15T 1.6%.

(2) 34k, EERBLI SR LS R A SOR A T R
2% f1 Ghost Kk, JE4R 7 #il G 83E Y % /7 (% Ghost
bottleneck L, iy 444 spectraltGhost unit . %5
i%&%ﬁ*ﬂ%ﬂﬁ‘é%ﬁ&ki&ﬁ%%é}%L?i%%, s
REAEI) X 70 FE RN OA B8 77, 8055 ) B8 6% B8 g b 2L
AiE 2 18] 1 9% 22 Jm Ik At v 3= AL o) % 4R Ak 330 47 3 i
FEETE, G B 58 7 A RRE 2 8] 5¢ R B IR, M
MR E T TR PR RE, TR A [ S5 E
TEOL T BEf% RIS BE Ur VR RE. 29030 I 48 7542 50 T
B HFERE | SHE T 20%, THHEE N 15%, mAP0.5
T 0.04%.

(3) XA R RS HARERS S 8UM U A
M, AR DIoU NMS AE A J5 A B384 1) et 732,
18T HARAE B B AR N 2 (8] B BE B, AT AE b R
P A DL T B H A I B EL A B 5 A 40 il
HE— B /b T A R R % B8 DIoU NMS,
LiteBlurVisionNet #4284, m4P0.5 32 = 1 0.04%.

3% 7% TILiteBIArVisionNet B 7E G FAL, HEH
PEAIE R T H B B R, SR T R AR
FRRRL I (15 5. F — 2540 4 S 9 9 25 S0 0l
HE R g, 3D SR A

S3E 30k
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