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A Review on Detection Algorithms for Motorcycle Driver and Pedestrian
Chen Junhao, Su Shanjie
(School of Mechatronics and Vehicle Engineering, Chongqing Jiaotong University, Chongqing 400074 )

[Abstract] Illegal operations by pedestrians and motorcycle drivers are the primary cause of accidents. Increasing
supervision of helmet wear and pedestrian violations by motorcycle drivers is ecritical to motorcycle driving safety. This
paper discusses the main tasks and characteristics of driver helmet and pedestrian detection, introduces the principle and
advantages and disadvantages of the current deep learning—based detection algorithms, summarizes the research status of
safety helmets and pedestrians in recent years, and analyzes and prospects in this field in combination with detection
difficulties.

Key words: Deep learning, Target detection, Pedestrian detection, Helmet detection detection,
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s s SS Selective.Search |
CBAM Convolutional Block Attention Module

SIFT Scale—Invariant Feature Transform MLP Multilayer Perceptron

HOG Histogram of oriented gradient SVM Support Vector Machine

NMS Non—Maximum Suppression RCNN Region—CNN

FPN Feature Pyramid Network RPN Region Proposal Network

YOLO  You Only Look Once CNN Convolutional Neural Network

10U Intersection Over Union NLP Natural Language Processing

GIOU  Generalized Intersection Over Union FC Fully Connected

CIOU  Complete Intersection Over Union (Y% Computer Vision

SSD Single Shot Multibox Detector QKV Query—Key—Value

ROI Region Of Interest TPU Tensor Processing Unit

CA Coordinate Attention LBP Local Binary Patterns

mAP mean Average Precision DIOU Distance Intersection Over Union

SE Squeeze—and—Excitation FPGA Field Programmable Gate Array

SK Selective Kernel HLS HTTP Live Streaming
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RGB Red-Green—Blue

BCNN Binary Complex Neural Network
FLOPs Floating Point Operations Per second
AP Average Precision

KL Kullback-Leibler Divergence

LBP Local Binary Pattern
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3 BRRNEZE

TGS ) T BT AR IBURFE , X484
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PR AU 2 ALRE I AL TR S b A
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I 52 JE i 75 1)
31 ZHEeEZ%

i Fe - JUAE Y, BRI £ R AR AR
Wi 1E 78 i 7 35 (Scale— Invariant Feature Transform,
SIFT)“AI1J5 ) 456 B 5 &l 5925 (Histogram of Oriented
Gradient, HOG )"l i ML G bl a2~ > Bk . 2012
4F Krizhevsky %5 4 H [ AlexNet“'7¢ ILSVRC H #5353 51
RIETARATH 1 44, TopS FEBRFIEH 15%. Z 5
H VGG .GoogleNet™ .ResNet™Z5 W% | i 5 R—-CNN ¥
AlexNet 7 ImageNet HFRiR 3 A fE 7172 1L 5] PASCAL
VOC F ARSI B2k o % 18 R-CNN ™ Fast R-
CNN " Faster R—CNN"#) %) 28 2H 1%, o

%1 R-CNN.Fast R—-CNN.Faster R—-CNN P 4&£H f%

R-CNN" Fast R—-CNN " Faster R—-CNN "
fEIEHE | Crop/Warp fEVEAE
e o
o 4RI ROT AL
ROLjth AL Softmax+iIAE [ ]
SVM 432 | BBox 1l | Softmax-+iI4E [=] )5

3.1.1 R-CNN"

R-CNN (i fe el 1 s, BT AR an T

(1) B R fefi FH e P18 2R (Selective Search, SS) 4=
Ji% 1 000~2 000 /% e X 451 5

(2R UK DX Il A TR FE I 288 B BURFAIE 5

(3) B F#AIE 2% A 3¢ ] 12 ML (Support Vector Ma-
chine, SVM) 7328, FIWTZ1 5
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Image ——SS— egion —CNN»| map SV
Proposal
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3.1.2 Fast R—-CNN™

Fast R—CNN [ 3 72 & an &1 2 s, B2 AR 7 R
T

(1) E Fdad SS A= AL 1 000~2 000 4~k [X 3 5

(2) ¢ Tl i AR B2 19 46 3R B 7 B4 AR AIE L g
G2 U HE 13 5% B AR IR I ARA R 5

(3) K B FEAE B 3 2o %788t (ROT Pooling ) 4
RN G — R/ INRFE L (AN 7x7 ) 5

(4) JET-RRAEAE B, 8 it — R 434 4 245 2 7l
ME5R,

Region
Proposal

feature

{EEsizeER [ CNN — map —] ROI

B2 Fast-RCNNifE""

3.1.3 Faster R-CNN"?

Faster R—CNN [ i 2 &1 0 &1 3 i, LA R 4
I

(1) BTy 7 5 R 0 2468 A URF IR 14

(2) 7 A Pl it DX 3804 13 9 4% (Region Proposal
Network, RPN) = UG ZEHE , PR EHE £ 52 B AR AE 4]
AR 5

(3)FHEAE P# 1 ROT Pooling 4 i 2 48— K /N
AR (W 7x7) 5

(4) JEE AR HE I I8 i — ZR 51 42 4 12 2 AT

+
4R
classifier
A

Region Proposal Network,

feature maps

E 3
-

y
conv layers I y

B3 Faster R-CNN 7 2 &™
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590, K E A i) R A8 Ay [ U ] T, 463 R B A0
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(4) i SR 27 Ik R B 5 305 R AE
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(DHLFF T YOLO 535 DA A A Sk | ol FHOBUAS:
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A, MR R RS R AR AL EOCR . AbRiEE S
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WRAOC R I RAF T — D7 1 RS AL B G R

RS S X B I 0L R B S T SK 455
YOLO V55 AR T /K TR R r i),

ERHEFHEYOLO VS I TIEEHIIAT CA,
P02 AT ATESE R A ISZ B it A T, S AR e
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BORFIERIL S 2 , SR mSUU ) RO SR ERL G, 7F
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FEREEES A A A A = B 2R 225
PLKH AR RSN )L, 78 YOLO V5 B 3T M2 i
JIAR AR T B AL CA | [R] s R D R R AE A I R
/N HAR PN , mAP 2R T 3.8%,

Zhang %5 PWEYOLO V5B E T RZ8 AR EE
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77 AR AR ML (Depthwise Coordinate Attention,
DWCA)FIK—Means++, X% 0] DAgST 2 3] 44181 1Y)
A SN S iS5 G SCAIRE ST 45 T Se I HE AT
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HAF BIE G AR P BTRSE I YOLOX A XU 3k
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T B A B AN 1A% Ay [R) R, (L B0 A 7 55 LS AE
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Res2Net) , Il FHHS5R 1 EN-PAN FH P4 HERL S T A
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PR, fD T IE SOREAS A IS i P, B T X4 4
KRS, LR AA Y Faster R—CNN MERA R4 85 T 7%,
Zhang ZE2E YOLO V3 FYFERE {8 Anchor free il Fo-
cal loss J7HREG IE SUREAS ANy SHe Ao ) L[] ek SR
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TEREFE AR AR I Ay, 03 A e A
Ak GRG R R Bk . ARG Ik 8
Sk AR SNE AR AT HARE A7 5702, Z2m% 1 TR
1 SUE B B SCR— I 22 . IRB A B A LS
SVER AR AT E 42 51 5 0 28, Pl i TR 27~
SEVERTAGIN 1 (R BEFE 4 A TSk 20328 L IR B TR AE RS
DN 25— AR e Bk, X AT S 2% 00 A DU
FEFES , FEUR BB AOR AR . R Rk H
308 3o A U D9 24 A1 G U 1 225 ik 53 5 3fe 7 1 ok
P, T DA CEy b DS 25 T A I 2 3 D A L
KA o WA ARIRBE 7 S SR O 1 BG4 Sk A A6
G EIRAE

TEAT NAGIN BT b, 4 8 A I 350 R 22 Bt ST
FE AR AL b A rp B B R T BEE R A
FTAEHL G2 TR I 258 500 oSSR 175 1 ) Ak A e
ANFIEY 5 Al PR L 27 > S0 TR 1AL G031 WL Y
R R RIS KGR G T ARG ARSI A, i DA
TRBE 2% 2 SR RAT N B i K ka3

VT AE R IR 2 2] B00E U BE AT 4 S e Kl 5547
N Rl D RSN X7 B NN e DO S T iR
oo FENBIE T R4 TR LT A5k R BUR
A S A o B S A R A AR A 5
25, UEAER H B B b LS i TR 1 AR () AP
TP = e R e VA R et U SN Ty A L R2 9
EEE RS REDRMER . EREIIHLHHEIE 2
[f) A7 B 2 ) B G 2R %, 3 s AR R X H s 10 SRR
o PR R BN TN AE A9 £ B2  , SCREBIFFE a3t
] T ICAAE T2, ARt Al ) (o 8 a1 0 245 2 4
AN X 286 F ) B I 245

5 BESRE

ARICE SR EEFE 4 A8 517 AR 54 55

PEATRES o U UL R H RS DA R AT 204

T B R R e (R RS, RN T SRR Y

BOR, —Br BORATERE T4 T RIRE R, R

o] DA R SEI RN 25K . SRS B NS EAT AR

MR EEFE - ST N IUAR SCSTHR , IR~ ) SRk A

B S OR R AR AR Gk S A A D A A

LIS ISP €/ NS ol W LS IR v = WAL I I 17 N SE Y

AL S ML A, A R AR A R B 7 1]

AT LJGH A P A SO0 BEFE 4 MRAS I S5 AT

NI AT T it , 8 3 AR SCR S B et T ), 5 2

KERE B Iz ALRE )5 NS E R AL, 1o ]

TAGEA WA TP, P AR FRARR

& £ x #

[1] LIU B C, IVERS R, NORTON R, et al. Helmets for prevent-
ing injury in motorcycle riders[J]. Cochrane Database of Sys-
tematic Reviews, 2008, 1(2): CD004333.

[2] ArFAR, FARH . BEFE AR 25 5 P FE 42 388 i AR B
FEUL P EZ A A P B HOR, 2009, 5(2): 76-80.

[3] XUk, FoT, HHEMG, . WREE2E > BAnka il ik
1. H E E GBI 2E4R, 2020, 25(4): 629-654.

[4] LOWE D G. Distinctive image features from scale—invariant
keypoints|J]. International journal of computer vision, 2004,
60(2): 91-110.

[S] WATANABET, ITO S, YOKOI K. Co—occurrence Histograms
of Oriented Gradients for Human Detection[]J]. IPS] Transac-
tions on Computer Vision and Applications, 2010(2): 39-47.

[6] KRIZHEVSKY A, SUTSKEVER I, HINTON G E.Imagenet
classification with deep convolutional neural networks|J].
Communications of the ACM, 2017, 60(6): 84-90.

[7] SIMONYAN K, ZISSERMAN A. Very Deep Convolutional
Networks for Large—Scale Image Recognition|C]// Internation-
al Conference on Learning Representations (ICLR), 2015.

[8] SZEGEDY C, LIU W, JIA'Y, et al. Going deeper with convo-
lutions[C]//Proceedings of the IEEE conference on computer
vision and pattern recognition, 2015: 1-9.

[9] HE K, ZHANG X, REN S, et al. Deep residual learning for
image recognition|C]//Proceedings of the IEEE conference
on computer vision and pattern recognition, 2016: 770-778.

[10] GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich fea-

ture hierarchies for accurate object detection and semantic
segmentation|C]//Proceedings of the IEEE conference on
computer vision and pattern recognition, 2014: 580-587.
[11] GIRSHICK R. Fast R— CNN[C]//Proceedings of the IEEE
international conference on computer vision, 2015: 1440-

1448.

REXH [4



IR E ]

[12] REN S, HE K, GIRSHICK R, et al. Faster R—CNN: To-
wards Real-Time Object Detection with Region Proposal
Networks[J]. IEEE Transactions on Pattern Analysis & Ma-
chine Intelligence, 2017, 39(6):1137-1149.

[13] LIU W, ANGUELOV D, ERHAN D, et al. SSD: Single shot
multibox detector[ C)//European conference on computer vi-
sion. Springer, Cham, 2016: 21-37.

[14] REDMON J, DIVVALA S, GIRSHICK R, et al. You only
look once: Unified, real-time object detection|C]//Proceed-
ings of the IEEE conference on computer vision and pat-
tern recognition, 2016: 779-788.

[15] REDMON J, FARHADI A. YOLO9000: better, faster,
stronger| C]//Proceedings of the IEEE conference on com-
puter vision and pattern recognition, 2017: 7263-7271.

[16] REDMON J, FARHADI A. Yolov3: An incremental im-
provement|J]. arXiv preprint arXiv:1804.02767, 2018.

[17] BOCHKOVSKIY A, WANG C Y, LIAO H Y M. Yolov4:
Optimal speed and accuracy of object detection[J]. arXiv
preprint arXiv:2004.10934, 2020.

[18] GE Z, LIU S, WANG F, et al. Yolox: Exceeding yolo series
in 2021[J]. arXiv preprint arXiv:2107.08430, 2021.

[19] VASWANTI A, SHAZEER N, PARMAR N, et al. Attention
is all you need|J]. Advances in neural information process-
ing systems, 2017(11): 6000-6010.

[20] DOSOVITSKIY A, BEYER L, KOLESNIKOV A, et al. An
image is worth 16x16 words: Transformers for image recog-
nition at scale[J]. arXiv preprint arXiv:2010.11929, 2020.

[21] TAN M, LE Q. Efficientnet: Rethinking model scaling for
convolutional neural networks|C]//International conference
on machine learning, PMLR, 2019: 6105-6114.

[22] LIU Z, LIN Y, CAO Y, et al. Swin transformer: Hierarchi-
cal vision transformer using shifted windows|[C]//Proceed-
ings of the IEEE/CVF International Conference on Comput-
er Vision, 2021: 10012-10022.

[23] DOUNGMALA P, KLUBSUWAN K. Helmet Wearing De-
tection in Thailand Using Haar Like Feature and Circle
Hough Transform on Image Processing[C]//2016 IEEE In-
ternational Conference on Computer and Information Tech-
nology (CIT), Nadi, 2016: 611-614.

[24] CONTRACTORRD, PATHAK K, SHARMA S, et al.Cas-
cade Classifier based Helmet Detection using OpenCV in
Image Processing[C]/National Conference on Recent
Trends in Computer and Communication Technology (RT-
CCT 2016), 2016: 195-200.

[25]JIE L, LIU H, WANG T, et al. Safety helmet wearing detec-

tion based on image processing and machine learning[C]//

42| 20234 £2H

2017 Ninth International Conference on Advanced Compu-
tational Intelligence (ICACI), 2017: 201205.

[26] ADAM A, RIVLIN E, SHIMSHONI 1, et al. Robust real—
time unusual event detection using multiple fixed—location
monitors|J]. IEEE transactions on pattern analysis and ma-
chine intelligence, 2008, 30(3): 555-560.

[27] WEN C Y, CHIU S H, LIAW ] J, et al. The safety helmet
detection for ATM’ s surveillance system via the modified
Hough transform|[C]/IEEE 37th Annual 2003 Internation-
al Carnahan Conference on Security Technology, 2003.
Proceedings, IEEE, 2003: 364-3609.

[28] SHINE L, JIJI C V. Automated detection of helmet on mo-
torcyclists from traffic surveillance videos: a comparative
analysis using hand-crafted features and CNN[J]. Multime-
dia Tools and Applications, 2020(79): 14179-14199.

[29] VISHNU C, SINGH D, MOHAN C K, et al. Detection of
motorcyclists without helmet in videos using convolutional
neural network[C]//2017 International Joint Conference on
Neural Networks (IJCNN), IEEE, 2017: 3036-3041.

[30] YOGAMEENA B, MENAKA K, PERUMAAL S S. Deep
learning—based helmet wear analysis of a motorcycle rider
for intelligent surveillance system[J]. [ET Intelligent Trans-
port Systems, 2019, 13(7): 1190-1198.

[31] JEARANAITANAKIJ K, IAMTHAMMARAK K, WANGC
HAROEN N. Fast Classifying Non—helmeted Motorcyclists
by Using Convolutional Neural Networks[J]. SNRU Journal
of Science and Technology, 2021, 13(1): 1-10.

[32] KHAN F A, NAGORI N, NAIK A. Helmet and Number
Plate detection of Motorcyclists using Deep Learning and
Advanced Machine Vision Techniques[C]//2020 Second In-
ternational Conference on Inventive Research in Computing
Applications (ICIRCA), Coimbatore, India, 2020: 714-717.

[33] SAUMYA A, GAYATHRI V, VENKATESWARAN K, et
al. Machine Learning based Surveillance System for Detec-
tion of Bike Riders without Helmet and Triple Rides|[C]/
2020 International Conference on Smart Electronics and
Communication (ICOSEC), IEEE, 2020: 347-352.

[34] HAN G, ZHU M, ZHAO X, et al. Method based on the
cross— layer attention mechanism and multiscale percep-
tion for safety helmet—wearing detection[J]. Computers &
Electrical Engineering, 2021, 95(10): 107458.

[35] CHAIRAT A, DAILEY M, LIMSOONTHRAKUL S, et al.
Low cost, high performance automatic motorcycle helmet
violation detection[C]//Proceedings of the IEEE/CVF Win-
ter Conference on Applications of Computer Vision, 2020:

3560-3568.



Automotive Digest

[36] SANTHOSH A, AUGUSTHY J, SUNIL L, et al. Real-Time
Helmet Detection of Motorcyclists without Helmet using
Convolutional Neural Network[J]. International Journal for
Research in Applied Science and Engineering Technology
IJRASET, 2020, 8(7): 1112-1116.

[37] DASGUPTA M, BANDYOPADHYAY O, CHATTERJT S.
Automated helmet detection for multiple motorcycle riders
using CNN[C]//2019 IEEE Conference on Information and
Communication Technology, IEEE, 2019: 1-4.

[38] JIA W, XU S, LIANG Z, et al. Real-time automatic helmet
detection of motorcyclists in urban traffic using improved
YOLOVS5 detector]]J]. IET Image Processing, 2021, 15(14):
3623-3637.

[39] BOONSIRISUMPUN N, PUARUNGROJ W, WAI-
ROTCHANAPHUTTHA P. Automatic detector for bikers
with no helmet using deep learning[C]//2018 22nd Interna-
tional Computer Science and Engineering Conference (IC-
SEC), IEEE, 2018: 1-4.

[40] SIEBERT F W, LIN H. Detecting motorcycle helmet use
with deep learning[J]. Accident Analysis & Prevention,
2020, 134(1): 105319.

[41] LIN H, DENG J D, ALBERS D, et al. Helmet Use Detec-
tion of Tracked Motorcycles Using CNN— Based Multi—-
Task Learning[J]. IEEE Access, 2020(8): 162073-162084.

[42] AR, ¥ KT el IOHE YOLOV3 i S LI 2
SRS 31, BRI, 2020(30): 32-38+43.

[43] XIE S, GIRSHICK R, DOLLAR, PIOTR, et al. Aggregated
Residual Transformations for Deep Neural Networks[C]//
2017 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), [EEE, 2016.

[44] MU Y, YAN S, LIU Y, et al. Discriminative local binary
patterns for human detection in personal album|[C]//2008
IEEE conference on computer vision and pattern recogni-
tion, IEEE, 2008: 1-8.

[45] BRBE 8 BRI . BT PCA BEZER HOG 5 LBP fl 5 1
AT AR 7 B4R, 2015, 39(2): 101-105.

[46] XBfaig, lﬁfz BRI T SEAT A R GEWESE]. H
BhAkILE, 2018, 39(11): 78-82.

[47] REN S, HE K, GIRSHICK R, et al. Faster R—CNN: To-
wards Real-Time Object Detection with Region Proposal
Networks[J]. IEEE Transactions on Pattern Analysis & Ma-
chine Intelligence, 2017, 39(6):1137-1149.

[48] BO W, NEVATIA R. Detection of multiple, partially oc-
cluded humans in a single image by Bayesian combination
of edgelet part detectors|C]//Tenth IEEE International Con-
ference on Computer Vision, [EEE, 2005.

[49] MAO J, XIAO T, JIANG Y, et al. What Can Help Pedestri-
an Detection?[C])// Computer Vision & Pattern Recogni-
tion, IEEE, 2017.

(501 B— 5, BT HLHT - PR B, ARSCle, 45, T il 45547 A A
) CA= YOLOvS[J]. 35 HL T & 5 B H, 2022, 58(9):
239-245.

[S1] LIN H, CHEN G, SIEBERT F W. Positional Encoding: Im-
proving Class—Imbalanced Motorcycle Helmet use Classifi-
cation[C]//2021 IEEE International Conference on Image
Processing (ICIP), 2021: 1194-1198.

[52] 5Kk, BB, ARTcos, 55, 5T 2 RO RFIE SR IRCHURAIE
AlE A 2B bR AT, THAAL TR, 2021(12): 1-11.

[53] 42 FIJ7, SRAE, HME, 55, FETU0GH YOLO v4 (2 22 iE
R INSETA. THAPURNE, 2021, 48(11): 268-275.

[54] WANG H, GE H, LI M. PFG-YOLO: A Safety Helmet De-
tection based on YOLOv4[C]//2021 IEEE 5th Information
Technology, Networking, Electronic and Automation Con-
trol Conference (ITNEC), IEEE, 2021(5): 1242-1246.

[55] XA, TLL, 2R, 45 Ay SKNet 15 YOLOVS TREE T 1Y
FEEAAHEREIN ] SRR, 2022(2): 312-319.

[56] TR, BEA, i 51 ATER LRI YOLOVS %42
TR 7R AL TAR ST, 2022(9): 303-312.

[57] i, AN, FR5F, 2. St YOLOVS FY 11 240 A I 4
RN ATEAL TR SR, 2022, 58(4): 134-142.

[58] JIN Z, QU P, SUN C, et al. DWCA-YOLOvS: An Improve
Single Shot Detector for Safety Helmet Detection[]]. Jour-
nal of Sensors, 2021, 2021: 4746516.

[59] TR, 2%k, HF YOLOVS i3 & de S 7 IR (013155
ML 58, 2021, 57(20): 236-244.

[60] WU P, LI H, ZENG N, et al. FMD-Yolo: An efficient face
mask detection method for COVID-19 prevention and con-
trol in public[J]. Image and Vision Computing, 2021,117:
104341.

[61] T~y 3, FHELN, 91 £ 58, 55, H T Bk Faster RCNN (4
B A WE S A BT 5 1], TP FHARF 5%, 2020, 37(3):
901-905.

[62] ZHANG L, L1 Y, CHEN H, et al. Anchor—free YOLOv3 for
mass detection in mammogram([J].Expert Systems with Ap-

plications, 2022, 191: 116273.

[1EEE ]

PR 5E(1998-) , T PACH KA 0P A, ERNFIR
RGBS

E-mail : 1471272619@qq.com

A EXHE |43





