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THI-YOLO: Improved non-motorized drivers
helmet detection of YOLOvVS8
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Abstract: Aiming at the phenomenon that complex background often exists in non-motorized drivers' helmet
detection and the diversity of detection target scales often exists in the detection scene, which in turn leads to the
low detection efficiency and misdetection and omission, a YOLOvVS8 algorithm oriented to the detection of traffic

Wi HER: 2024-10-18; 1EEIHER: 2024-11-15; FHAHEHER: 2024-11-16

BEEWE: FEKHARFHEETIININA (62001004); HEH B 88 er R TR (2023069); 2023 4R ZBA LIRS #
IR AR I B (2023-YF058, 2023-YF113); %48 8 25 A RIS 8 5 50 H (2023AH050164); 78 @i At
SERMIFIH H (2023AH020022)

“BIE1EE: VLR, sunguangling@163.com.

KA B 5©2024 i FERLF et v F AR 5 i

2402441


mailto:sunguangling@163.com
mailto:sunguangling@163.com
https://doi.org/10.12086/oee.2024.240244
https://cstr.cn/32245.14.oee.2024.240244

FIER, 4. S TR, 2024, 51(12): 240244

helmets is proposed. Combining the advantages of GSConv and CBAM in the C2f module, the C2f_BC module is
designed to effectively improve the feature extraction capability of the model while reducing the number of model
parameters. A multi-core parallel perception network (MP-Parnet) is designed to improve the model's perception
and feature extraction ability for multi-scale targets so that it can be better applied to complex scenes. To alleviate
the problem of positive and negative sample imbalance in complex scenes, Focaler-loU is introduced based on the
original model's loss function CloU, and a threshold parameter is introduced to improve the calculation of the loU
loss, thus alleviating the phenomenon of positive and negative sample imbalance,and effectively improves the
model's accuracy of target frame localization in complex background. The experimental results show that compared
with the original model, the improved YOLOv8n maintains a decrease in the number of parameters while the
mAP50 and mAP50: 95 increase by 2.2% and 1.9% on the self-built dataset Helmet, and 1.8% and 1.9% on the
open-source dataset TWHD, which suggests that the improved model can be better applied to the helmet detection

https://doi.org/10.12086/0ee.2024.240244

of non-motorized drivers in the scenario.

Keywords: object detection; YOLOvVS; attention mechanism; loss function; feature extraction
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WUEE ZE i Sk ZASE U 4 4 (Two wheeler helmet
dataset, TWHD) Sy JF Il EHESE,, FR#E— P HAEA 3L
5448 5k, £
SNELFE . RS 42 AN B 534K (two_wheeler) . fifl# sk
%% (helmet) MWL )25 (without_helmet), H A

eIk yZ AL RE S . TWHD Hfi gt

B dne 2 s

4.2 SCIGINES
AR S JEAE Windows 10 #2/E R4 N #1710,
CPU B 5 4 i7-12700F, GPU % 5 4 NVIDIA

GeForceRTX 3090 (24 G), YIZRIHELLA pytorch 2.0.0
CUDA11.8,
B

Python 3.9, H & Z % & & 3

RRIRRIRIE R RO 8 8RR
seees23333
iz
-
ER

o :
FoRddaaiias

B 9 Labelimg iy AR &
Fig. 9 Labelimg script interface

350 Driver
300l 100,296 jig:ggg" 137,326
250t 71,209 _ﬁff-z:‘{? """""" ¢
£ 200} 83, 199 @1
<) 58,180 ®,
T 150¢ 61., 170
100
50
0 L 1 n
0 20 40 60 80 100 120 140 160
Witch
Helmet
70 57,62..8 g0, 67
60 R
o 501 36,4348 %
540} e
I 30} 22,.2_?_6.---" 34 37
20+ 25,26
10+
0 1 1 1 1 1 1
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Witch
No helmet
60 42,.54
50 2 43
e 407 23,30, ‘.354""“
30 22, zs.o .30 29,34
20,24 26,29
T 20} 15
10+
0 1 1 1 I 1 1 1 1
0 5 10 15 20 25 30 35 40 45

Witch

B 10 FREEAKTES>AHEE
Fig. 10 Scatterplots of length and width distribution of
different categories

&1

Table 1

Helmet #c3 £ 4 32 5 & B &

Number of target after Helmet dataset processing

Class Driver Helmet No helmet

Target number 9027 7743 3184

&2 TWHD ## R4 4 B 748
Table 2 Number of target after TWHD dataset processing

Class Two_wheeler Helmet Without_helmet

Target number 13790 11742 6895

A3 ZBRAKEE

Table 3 Configuration of experimental parameters

Key parameter Parameter value

Epoch 200
Ir0 0.01
Imgsz 640
Batch 8
Momentum 0.937
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4.3 1FHrigkR

A SC S 56 K - Y96 B (mean average precision,
mAP), A [ & (recall, R) LA M i B i 2 $ &=
(parameters) 1E AT FEF5

mAP RPN ZE R I 55 rh s fiE 25
& THEWE (precision, P) FIH MR85, KEHHE
A IR AT AT

TP
P=— 7)
TP+FP
TP
R =
TP+FN’ ®

Horp: TPORIEMIGIRBIRIEREAS, FPISE GG
IEFEARIAREA, FNFRRBA R HAAEA, AP
(average precision) JEE T EANE T R BIE N A P,
Wikl thZeP-R, 5 P— R T B A TH AR,
Iz ARG RAF AP . mAP R AT 25 B AP R AN
BOFHIE ., AT

AP= | P(R)IR, ©)

]N
AP=— Y AP, 10
m NZ (10)

Hrh, PR OF] 1 RENMP-REEEHRZR, 0%
K 2%, APJRSS i MNEEMAREE .
WG ToU i B 19 A [F, B mAPES A5 43

mAP50 Fl mAP50 : 95, mAP50 & ToU [H{E N 0.5 it
B S 2 K T K5 BE ., mAPS0 : 95 I 2 ToU IR {4 7¢
0.5~0.95, FFLA 0.05 ATl e K5 i R (9P 24l
L]
4.4 BEKEHH
4.4.1 BMEHEE

BE d Il w ARPEEARAESS R0, i T Rk (E
X SEBGEE R, NI E 2O Y BB L, AR SC
PRI T 25 AL BMH [du] HEATEEIXT LG, dnde 4 e 5
JR, SEERASREW, A YRR RIS T, Y
{H [du] BE A2 M [0.3,0.8] B i mAPS0 A1 mAP50 : 95
MR B AR o T 2% L S 56 1 P R R B3 fi
Focaler-CloU,
4.4.2 R RECT

R T HE— 2D B R R B I S RN AL e
1F YOLOvVS. YOLOVS5 {dif Focaler-CloU #1175 [t.,
s 6 . LA R, MK TIHEER, M
Focaler-CloU #1125 J5 mAP B R|$E 5, KiF T AKX
PRI RAFNZ A

[ 11 27 YOLOVS JF AR iy Lt b, X b e
PR RGP AL N, ek Je AR ) A O (B
B TR, X571 Sk kAT 55 (1 Bs AU & 3500
A BT

A/ 4 FFEEAELT mAP50 14
Table 4 mAP50 values at different thresholds

u

d
1 0.9 0.8 0.7 0.6
0 0.842 0.840 0.840 0.841 0.842
0.1 0.842 0.842 0.838 0.840 0.842
0.2 0.840 0.840 0.839 0.842 0.840
0.3 0.841 0.842 0.843 0.842 0.838
0.4 0.839 0.841 0.842 0.838 0.840
A5 ZFIBMET mAP50 : 95 14
Table 5 mAP50 : 95 values at different thresholds
u
d
1 0.9 0.8 0.7 0.6
0 0.681 0.682 0.684 0.681 0.681
0.1 0.684 0.685 0.682 0.682 0.682
0.2 0.682 0.684 0.686 0.686 0.679
0.3 0.685 0.685 0.690 0.686 0.678
0.4 0.683 0.682 0.688 0.680 0.679
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% 6 utET /& mAP 2t

Table 6 Comparison of mAP before and after improvement

Pre-improvement loss

Post-improvement loss

Algorithm
mAP50 mAP50 : 95 mAP50 mAP50 : 95
YOLOv5n 0.830 0.652 0.832 (+0.2%) 0.656 (+0.4%)
YOLOvV8n 0.839 0.686 0.843 (+0.4%) 0.690 (+0.4%)
0.8
07 :[C::(l)ocléj|er_0|ou WHNTESE — 4> GSConv Jii, BASEEMMILT:, H
0.6 J&= mAPS50 FI mAPS0 : 9543 %] X # F+ T 0.4%
g 0o 0.3%
50, X T WE €26 BC 3| A CBAM #9451
03 A GSConv [ C2f LR IER, FEFRAEFEIN B A AH
02 ] v B 43 ) AR 6] 7 & Sk, fudE ECAM

0 30 60 90 120 150 180
Epochs

B 11 2EtEA7/5 box_loss 4ttt
Fig. 11 Comparison of box_loss before and after improvement

4.5 C2f BC RS Hr

N T 363IF GSConv 7£ C2f YA RLME, 78 FAR A
(R EERE 45 31 W45 P ) C2f Hh %3 42 X (Conv)
Bl GSConv, Ff¥ L 5 IFABI R AT X L, Gngk 7
s o B R, H GSConv %5 FL & #t Conv J5 ,
mAP50 Fl mAP50 : 95 /35T T 0.6% 1 0.3%, H
ZHREILT 7.0%.

T SAIE CBAM VE R TR RN, TE C2f itk
51 GSConv [ 5EAl F#EAT XS L SL5 . 4% CBAM 41
15 7T Bottleneck 1 55 — 4~ GSConv J5 #1255 — 4>
GSConv Jff Xt 404 8 fizs, C2f B1 1 C2f B2
A3 IR AE S — AN FI%E —A4> GSConv J5 i3/l CBAM.,
S RWIKE CBAM SHTESE—1~ GSconv JERURAME,

(efficient channel attention), SE'"” (squeeze-and
excitation), GAM"” (global attention mechanism) Fil
EMA"" (expectation-maximization attention), M # 9
iR, ZeXttt, 5IA ECA Ml SE & Simt, PFHris
F% mAP50 < 95 533 BT 0.1% 1 0.2%, $EFHCR
AW FIA GAM ER )5, mAP50 Fil mAP50

95 BJFETF T 0.4%, (HERASHCR A T4 — 458
BHINT 18.4%. ZXTILAI, 51 CBAM ZJ5
SRS ANT 3.1%, {H mAPS0 Al mAPSO0 : 95 4
ERTHT 0.4% F1 0.3%, AHXTFIHABE R B, 76
B — 41 S SE AL 5] A CBAM FEKZINRS B A1 24K

ST R
4.6 MP-Parnet 3#f

R T Bk MP-Parnet A HZE JFUBIRL A AR 35 DL Kt
Bz ALRE J1, 43 BIFE YOLOvSn, YOLOvén,
YOLOv8n, YOLOv10n™ il RT-DETR (r18)"" {553
D) £ AREAIE P $E BB BE 43 i A MP-Parnet 37547 5256 Xif

% 7 GSConv A& At bk

Table 7 Comparison of GSConv and Conv

Convolutional type mAP50 mAP50 : 95 Params/10°
Conv 0.843 0.690 3.15

GSConv 0.849 (+0.6%) 0.693 (+0.3%) 2.93 (-7.0%)

%8 FEXRF/zE3IA CBAM
Table 8 Introducing CBAM at different convolutional layers
Module mAP50 mAP50 : 95 Params/10°

C2f+GSConv 0.849 0.693 2.93
C2f_B1 0.849 0.691 3.02

C2f_B2 0.853 (+0.4%) 0.696 (+0.3%) 3.02 (+3.1%)
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W, ik 10 . SCBn s R W], K MP-Parnet /f
FAELL ERIZ5 ) mAPS0 Fl mAPS50 : 95 #4453 T 42
F+, UEW] MP-Parnet BEHTEAR SCRLAL AL #,  [RIEHIE
W IR LA B i A e

4.7 HRLKIEXTEE
4.7.1 JHWLELE

T HAiE C2f BC #REFI MP-Parnet X455 76 gt if
B4 R, L YOLOvSn Jy 4 i 45 84 73 Sl 7E Helmet
F TWHD %48 5 b AT I M gs . e 11 P,
55 1 152550 YOLOvSn FEAERAY s 4 2 45056 R 7F
YOLOv8n 1) LAl b 5] A$5 2K R %L Focaler-CloU, %%
THEMERA | mAP50 Fl mAP50 : 95 7F Helmet %5 4/
£ ERHERTET 0.4% F10.5%, 1F TWHD $#E 4
Ay AR TET 0.5% F1 0.3%, 13 B 4 26 R 4k Focaler-
CloU W] L3 2o - 1F S FEAS B B (56 3 415K

U9 RAESS 2 S0 ny Fe Al ¥ = T M 4% (Backbone)
1) C2f # 4l C2f BC, T4 2 555, mAPS0 Al
mAP50 : 95 7E Helmet %4 5 43 SR T+ T 1.0% F0
0.5%, 1 TWHD Bt o4t 1 1.1% Fl 1.4%,
HBHERIKT 41%, TR REERIKT 57%, i
C2f BC BEH AT L BEAR T TUAR 1 [7] Bof 48 5 A A (1
TESEIEE ST 5 4 000 RAEER 2 LS50 i Shmt 7
TR L% (Neck) 51 A MP-Parnet #H, 35F56 2 415K
5y, BARAEITE RS T S8 BT T 5.0% i
3.4%, {HJE: mAP50 Fl mAP50 : 95 7 Helmet 54 5
AR T 1.3% F10.7%, H.AE TWHD %4 4 -
SRIARTET 0.9% Fl 1.2%, 6B 22 4% 517 I8 W) 4%
(MP-Parnet) 7EAL PR HAR R EF & s il h 1
PLSHOERE s 58 5 A SCE K461 2k PREL Focaler-CloU |
C2f BC L1 MP-Parnet #5514 358 i A Jk i 45 7 75

K9 FRREFE AN
Table 9 Comparison of mAP among different attentions
No. Module Params/10° mAP50 mAP50 : 95
1 C2f+GSConv 2.93 0.849 0.693
2 1+ECA 2.93 0.848 0.694
3 1+SE 2.98 0.849 0.695
4 1+GAM 3.47 0.853 0.697
5 1+EMA 2.94 0.852 0.692
6 1+CBAM 3.02 0.853 0.696
£ 10 AR P %3044 MP-Parnet
Table 10 Adding MP-Parnet to different network necks
Pre-Improvement Post-Improvement
Module
mAP50 mAP50 : 95 mAP50 mAP50 : 95
YOLOv5n 0.832 0.656 0.840 (+0.8%) 0.674 (+1.8%)
YOLOv6n 0.822 0.663 0.841 (+1.9%) 0.671 (+0.8%)
YOLOvV8n 0.843 0.690 0.856 (+1.3%) 0.698 (+0.8%)
YOLOv10n 0.837 0.685 0.844 (+0.7%) 0.690 (+0.5%)
RT-DETR (r18) 0.802 0.651 0.829 (+2.7%) 0.674 (+2.3%)
& 11 HERER
Table 11 Comparison of ablation experiments
Helmet TWHD .

No. YOLOv8n Focaler-CloU C2f BC  MP-Parnet P50 MAPS0:95  mAPBO  mAPS0 : 95 Params/10°  GFLOPs
1 \ 0.839 0.686 0.725 0.437 3.15 8.7
2 N J 0.843 0.691 0.730 0.440 3.15 8.7
3 Nl v Xl 0.853 0.696 0.741 0.454 3.02 8.2
4 J J 0.856 0.698 0.739 0.452 3.31 9.0
5 v v J 0.861 0.705 0.743 0.456 3.12 8.4
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P i A A THI-YOLO, 4 FHAEBIRL, mAPS0 Al
mAP50 : 95 7E Helmet Z048 5 b il 48 F+ T 2.2%
1.9%, 7& TWHD 54 L34 T+ T 1.8% #1 1.9%,
HBHEREMIKT 09%, MR EFEIKT 3.4%, il
THI-YOLO Sk AEAEMLEN 428 3 5% 1) e 4 Sk s K A AT
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4.7.2 X HEES
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SEEXF LG W 12 R SCEREE IR RN, ARSIy
AR T UL IUR 5, RN SR A TR R
(4[] s HUAS: T 38071 mAP

4.8 LIHKNMRET
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THI-YOLO: Improved non-motorized drivers
helmet detection of YOLOVS

Sun Guangling"*", Wang Xinbo'

Overview: With the gradual emergence of computer vision in recent years, target detection algorithms are also
constantly innovating and developing, and the detection of safety helmets on two-wheeled vehicles is also one of the
focuses of research scholars. Two-wheeled vehicles have become the main means of transportation for citizens to travel
at this stage, but the phenomena of citizens running red lights and not wearing safety helmets are still common, so it is
especially urgent to design a helmet-wearing detection method for cyclists. At the present stage of safety helmet
detection, there are still some difficulties, such as complex background information, the detection target exists in
different scales of the diversity of changes, so the design of higher performance helmet detection algorithms needs to
carry out further research. Aiming at the phenomenon that complex background often exists in non-motorized drivers'
helmet detection and the diversity of detection target scales often exists in the detection scene, which in turn leads to low
detection efficiency and misdetection and omission, a YOLOv8 algorithm oriented to traffic helmet detection is
proposed. The alteration points of this paper mainly contain the following two blocks. The first is the C2f_BC module,
the GSConv module with the idea of combining group convolution and spatial convolution is introduced, and the
attention mechanism combining channel and space (convolutional block attention module, CBAM) is introduced in
Bottleneck in C2f. To effectively reduce the computational complexity and enhance the extraction of local and global
features, we designed the parallel multiscale feature fusion module MP-Parnet (parallel multiscale perception networks)
and redesigned the Parnet (parallel networks) by using the parallel depth-separable feature fusion module with different
scales. The second is a parallel depthwise separable convolution (DWConv) kernel for different scales. It is used instead
of the ordinary convolution of the original module, which effectively adapts to the acquisition ability of different scales
of targets. 3. Focaler-IoU is introduced into the original model, and Focaler-CIoU is designed, which effectively
enhances the performance of the detection model in both classification and detection. detection performance. The
experimental results show that compared with the original model, the improved YOLOv8n maintains a decrease in the
number of parameters while the mAP50 and mAP50: 95 increase by 2.2% and 1.9% on the self-built dataset Helmet, and
1.8% and 1.9% on the open-source dataset TWHD, which suggests that the improved model can be better applied to the
helmet detection of non-motorized drivers in the scenario.
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