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Electric bike helmet wearing detection algorithm based on improved YOLOv10n
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Abstract: For the electric vehicle helmet wearing detection method exists in complex road conditions helmet small target
detection accuracy is low, the target mutual occlusion leakage rate is high, detection model large arithmetic complexity
and other problems. This question proposes a target detection algorithm based on improved YOLOv10n to solve these
problems in practical applications. Firstly, the advantages of BiFPN are integrated on the basis of MAFPN, and the
BIMAFPN structure is innovatively proposed, which improves the detection performance of the model in complex road
scenarios. Secondly, the Inner-Wise-MPDIoU loss function is constructed to replace the traditional CloU loss function,
which improves the detection accuracy of the network while accelerating the convergence process of the model. Finally,
the LSCD detection head is introduced to further reduce the number of model parameters and improve the detection
performance. Experimental results show that compared with the original model, the improved model improves the
accuracy of mAP@0. 5 by 2. 7% , the number of parameters is reduced by 25% , and the model size is reduced by 35%.
The detection method used in this paper not only significantly improves the accuracy of helmet detection under complex
road conditions, but also maintains good real-time performance while taking into account lightweight, which makes it
easy to deploy the model in small embedded transport devices.
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CNN) &%, Fast R-CNN™ I Faster R-CNN" 44 g 4,
BT 28 07 Tk T B AT A 0 DX B A B AR AE 43 28 W I B Ak
BB EE R I g% TS AR B, ST M3 22 . Dahiya
ZEHU M Vishnu VR Fast R-CNN B FR A6 0 57 2, 43 51
SCELT N AT MR A S Al A\ B % A Sk AR AT M Y H
Bl R VL AE B 6 & 2% 7 PR 3 o B R U R0OR BRI, E
i g 2 (i PR AIE 4 F3E ) 4% (feature pyramid networks,
FPND &5 # Bl ik Fast R-CNN #5889, 5 57 T 3 42 3k 28 K6 )
FEASTR] £ BE RO L T A T R f A e M . (R 2SR 2
HIRK, A E B EMRE i AN & LHE

B B A U0 A 1 SRR Sl SSDY (single shot
multibox detector, SSD) #1 YOLO (you only look once,
YOLO) RZFI5E45 . YOLO 55 38 46 I A 43 24T 55 & Ak
FHL, IR0 45 ) 7 BRL , T LA SR O A S B R I P BE . YOLO
BT T A N BT R 4% S 045 L s A AR
M YOLOvI 2| YOLOv10 24tk A, C 8 & W T
., Tk, gl % A £ 4, TR ST R T
EfficientNetV2-SSD 5.7 , i i f#fi i % 1t 2% EfficientNetV2
W26 A1 FPN & F 35 45 M0tttk 7 SSD i 38 o0 45 44 . 2 5
T3k A5/N B AR R AR 2R R AT T YOLO RAEHE L
ek, BT ROSF 5, b B R AR 0 R JE AR AR A
Xt YOLOvS #8158 53 51 A CBAM Fl CA ¥ & Sy s, 2%
Gk R DIoU-NMS 8k, I3 2 ]ROEE FRIE Rl &, 48 7
T35/ HAR BRI A5 5 . R AT 5 I FE YOLOvS o
IR0 A%0E 3 ECA VE = 7 HLEN A Bi-FPN &8, Jf 51 A
Alpha-CIOU Loss,# — V4 T A [\ J2 HRFAE /Y 8 224
AN 7 M AR R REAE /D B AR I B T 2 R T
B b 3 etk 7 B R Y 5 L A A A v TR AR R
Mu ZE 58 1 YR AR N5 25 0 i ARG B f S| AR
HBRBHM ST YOLOvSn, B3 3T 17/ H b5 30 9 (K5
BE LA RS TR SR, JE B AR a5 1At =X
FRAE 4 57 3 W 4 45 /9, & 1 PCAHead #x l 3k Al
HelmetloU 4k B8, XF YOLOvS8n #E47 T Bl ik, i 76 H
P R B P4 A A DU 3 o o AR AR T A 2, AL B R Tk
TR PR OL 3 50T Bk B8 7 B 58 , HEHPE A AT TR,
ST AL R T — T REIW-YOLOv10n B %2 4 i #:
g 9k, 5T % 3 RepNMSC 45 # I 78 8 # 591 A
ERepGFPN Z544 , [a] B 2 4 T I A 9 451 2% oR B, A 342 =i
T AR5 2 BB v o 2 4 R R S B0 10 R RS B L AR L
IR ARG 3 A 75 s, SRS AR S 42 2% , W BE 52 i) S B
Kt #2, Du &M @M% E THEES RIS A
BiFormer 3 , 7] 5 48 fk. Neck %54 3% F| Power-loU #iit
R BREOH YOLOv10n ifE 47 Btk , 25 4 A B 7 2 AL il A A A5
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i R AR AE BT IR Z R i A4 B, O T MR pax B r)
AR I T — R T EGE YOLOvIOn #9184 3k 2%
PRI, A FE R T RGN T G ElEE
O3 320 B AR AE 4 73 M 28T (multi-branch auxiliary FPN,
MAFPN) ) 2 fill b @& 1 SO 4 5 35 (bidirectional
FPN.BIiFPN) " {85, 2 1 T BIMAFPN 2544 §2 71 T
TS % B BT (A6 DU 14 B 5 8 Inner-Wise-MPDIoU %t
R BE Y CloU 451 5% bR ) FH 457 i TR AR 2 398 4% g, 78
1 v I 4% S DA %) [ 3 o 3 T S B A i 835 B AR i
o I 7 B UK M Sk (lightweight shared convolutional
detection head, LSCD) it — 25 i 20 455 8 2 4 b I 48 T A 7
R - g

1 YOLOvlOn EHix/HE

YOLOvIO BiZRINEARI M EMRRAZ —, B4R T
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BRI ZE R R 3 O AT ALK - 3 T M 4% (Backbone) R 1E il
AR (Neck) FAS M 3k (Detection Head) ., fE £ T W 4%
h, H4k R T YOLOvS iy C2f F1 SPPF 454, 3+ 5l A T
SCDown, C2fUIB #1 % 4 H 1 & J1 #L 1l ( position-wise
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P TR AL PSALfR R T AL G5 A R I HLEIT S 2
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Fig.1 Structure diagram of YOLOv10 network
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Fig. 2 Structure diagram of improved YOLOvI10 network

2.1 BIMAFPN ${E & FE M % EH

Fif 5 A9 2 IO 24 23 TR I S T I 8, 25 A~ W 4% 2 4% L i 7
AR IEBAFE S LR R 255, YOLOvVIO £ RE
FRAE AR T 3T PANet B854, Hod B RFEFIF

RAFARAE Z 0] B9 5 B8 Bl A 3k . X AR BRI 2R i A
o« 42 .
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LR BF 98 O SEE % 3 T BIMAFPN 45 . 3% 45 M 75
MAFPN [ 3l @t & 7 BiFPN 40 A&, &5 A 3
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Fig. 3 Structure of BIMAFPN network
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B TURAE BB BUZ 0500 i ACRRAE (B AT i — 20 10 4
ARUAL F o DT i BB 380 B0 A AN O AR AE L LA SR 4R AR 8]
W RERRGES . TEH—A A T LR, 25 5
B J1RE (superficial assisted fusion, SAF) #& £t 71 35 M I
T4 rp o B R RRAE L O 78 AR 1Y ¥ J2 52 B4 25 1 il
Bl 34 IR AR R AT R RAERE 1 . S UL IRIBS , [ 38 B
= J1EhE (advanced assisted fusion, AAF) A5 5 i i 50 % 42
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P, RS AR Gy BER T M RIER L P, P/, R P”, R
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Fig.4 The architecture of superficial assisted fusion
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Fig.5 The architecture of advanced assisted fusion

2.2 Inner-Wise-MPDIoU 35 £k i #{

YOLOv10n 45 2% bR i i i B &2 107 B 401 2% L 28 03] 43 2 4
2 DA B T A ) [0 05 45 2 20 . G b 00 AE [ 3 4k
F i TR AE R R S HE @) 4 B 22 %, YOLOv10n R A
CloU 2k R AT 15 . ZEMHH CloU 12k sR LAY, 24 1
S HE 55 T00IAE B A AH [R] B 58 &5 B, BE S L BRI v =0,
TR IR ZAE T, CloU 1 2k R R 1A 2, R BB L i)
W SISk 2 PR . O il e SR TR, A SR — BB
i 371 B HE [ 09 A4 8 2% R 5 MPDIo U™ £t CloU,

MPDIoU %L 230H

di+d;

MPDIoU = IoU — —; 9
h +w”

Q)]

MPDIoU Loss:

L vieprov = 1 —MPDIoU (2)

Forpod, A d, p i AR 0N i B HE 55 505 0 A
B gk Z A R BE B . A F1 w 2 00 2 0 R HE A
JE N GEJE » ToU 271 TN 21 7 AE D L 52 00 S AE 22 fi) 119 528
It

i X A T, MPDIoU AL % & T i1 FAE (1) & & 1%
BE R B8 T AT Z 6] AR B R R, M AR R
CloU 5 2% bR B8 00 5 0 ) BsF, 38007 b0 SR HE XoF 550 2 1) %
i, XS MPDIoU #& H Ax il A1 55 6] 43 F1 464 %5 v . AH
LY T e 0 45 5% R BE 18 T v B 1 VA ROL Ak 7 A AE 1Y
§i1RUESE S

F T MPDIoU By s 5, 51 A T Inner-ToU™ #
B B AE L S A Wise-ToU™ 1y 3 2% 5 M Bl &l *f
MPDIoU #4783 , Bl Inner-Wise-MPDIoU, X F i 2% i8
BE AR IE A B i E R Bl RAE 9 0 e o, R A
Wise-ToU 1) 3l 25 58 £ 31 5 0] v Jo B BE AR 1 O 1 ) Ao o ot
MPDIoU i 4k 321 FAE (48 1 X 5% o

=T Inner-ToU B AR, (o FH 4 B i 534 HE >F o503 451 2k
BRI BT AN ) B A A G A0 B e G R A T BLAHE RN
R EAR BB, R Wise-ToU A9 3h 25 45 508 R 42
FH AR AR 11 5 2 2 2 R B G R R R AR L ) Ak A A
AR R REAR Y24 5], i MPDIoU 5 3 AR 2 ]
R B L DASR R R X SR RS L AR R R E SR S ES
i FAE

Inner-Wise-MPDIoU #.00 /A K

L ier—wie—stroioy = 7 X L ypprov + IoU — ToU .., (3)

Hr,r  WiseIoU 3 B R EREG Lueorw A
MPDIoU Loss, IoU A 0 371 F-HE F1 B 52 371 FAE 22 (8] 1) 28
I, ToU,,,., A Inner-ToU F 4k BhAE B4 F00 41 5 HE Al L 5
RAEZ B 3E I L

XA R AR A T 3R 3 AR O eR B O ok
BN OTIRER RN T —& . 78 3l 2 Sk A A i B4 4R
FHEE TSR, B TR S B TN R R
PRI L I FL B0 T 400 2% oR 3000 [ IS 2 o I 465 285 4y A o
AT AT L 58 4 R AR T4 2k B 3 7T
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ol 1X 1 1 SE 2236 B BI, 348 ia JE 4k B 00 15 B S ¥ s 1
WA 3X3 BRI BT E B RE W
TUARAR B BEIMAH SBARRAE A5 B 22 I BE 2 R )5 W L 5 6
FRUER B A5 B i A 20 20 280 [ 3 3k, I3 3 Scale 2 3F
TTRR ARG, 30 22 ROBE AR AE 1 T B8 BE . 76 5 BUBE B
Ay, I BB B Rl CBS & FUR He v gy it 1 00— 1k
(batch normalization, BN) JZ ¥ # b 41 13 — 4k (group
normalization, GN) JZ, BN JZ 1) IH— b i+ 8 M8 Tk K
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Fig. 6 LSCD detection head network structure
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it AR THEE R (A8 4T R BE [ B A 3R () RUBE B R AL il 3R
PG b 2% ROST B 5 S8, A D T 6 780 S e 0 P 4% ob 0 1
ZEPCER . R AL = B AR Sk LSCD iz T HL gl
B S A D EIAG DN v o B v A TR e B R O T (]
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3.1 EWRBEERE

RS20 I 4E R 48 Windows 10 64 17, GPU
NVIDIA GeForce GTX 4060, CPU 4 13th Gen Intel (R)
Core(TM) 15-13490F , CUDA RN 12. 1, ¥R B 2% 2] HE 4L
{fi [f] PyTorch # &, PyTorch A & 2. 2. 2, Python 4~
4 3.10. 14,

FEPEATREARNYIN R 2Z A, T 2 %A R i B S 1 2 Bk
T (AR 48 15 & A BT 0 2008 22 Y I R, B B0 1] 45
SHEEEME 1 R,

®1 #HEZESH

Table 1 Model training parameters
2RI gL
B R RF 640 640
SN/ 200
RN 32
Sk 0.01
LR 8

3.2 HE&KHE

B B R AGR AT 4 AN B0k A8 i T AT 0 B9 0 B AN W
KB AR AR IR S5 MOk M 22t T HAT S T H
B 4T AT N B R B SR D AR SO T XU

o 44 .

il B Sk 2% K W %L 38 42 Ctwo wheeler helmet dataset,
TWHD) , I3 it € B 75 =0 BE BT v IS A0 56 R, 9%
HEOBUAE 7 5 2 e N D B A R Bk 2 i Ak VB 2 i Ak
BT AL G /T BARTE A TB N T B3 AT A 5k
WHIEE  ZEIE RO S TR TR E5iT AR
A K 3k 20 m B 1y T 15

Hpn AR SIS 6 085 R IE& L bridi 3t 3 A2 H), X st
FR LA 8= 1= LI LL 01 B B AIL 23S U 2R 4 | 3o Tk 4 Al 1 4
Horp N ZRdEeh 4 868 Bk MR AL AL, B iE 4 B 608 K [ 15 41
s B 609 3K FEMR ALK
3.3 iRfEEER

T B UE AR X L Bl A Sk 2 W 4 A P A L AR B 5T
BT RS 1 BE (precisions P) L A 8] 3 (recall, R) | F 2 K5 B
(average presion, AP). ¥ ¥ & & ¥ {H (mean average
presion, mAP) | ¥ /4 12 B i (floating-point operations per
second, FLOPs) ., Z #( #& ( parameters). i & ( frames
persecond, FPS) #E R K /IME R PEAN 815

Horb R B TR 2 9 B AR T OEREA T & e
HEAXMX O PR, Hep T, FoR #2408 B 50
Sy B A8 Y H AR SR 5 F o 3278 AR WSk 25 (E T000 S
I3 Sk 2 1 B br A .

T,
P= T, +F,

4 101 25 T 4 34 A I ) B TE AR A BT A IE REAS B L
Bl ARG PR, Hb F, 2R i Sk 25 H5 5
9 ATk A (9 H be B

X 100 % €Y)

T/
Re s
T +F,

FTAT 20 1 - 249K BE CAP) S -85 FE ¥ (mAP) . 3
BRI (D PR, Hb T, R8RSk 2 H 0
Wy A i 3k 28 19 B AR B

T,+T,
T,+F,+T,+F,

X 100% (5)

AP = X 100% (6)

mAP = iEA,,,. <)
noi—

FPSRIRTE 1 s T LAk B A il 22 0 T 8 4%, FPS
A AR X [ R Ak B e R AR AR s X (8) iR
¢y o BVGTUAL LI a) s 2, i P9 BN )L ¢, 2R AL B
I Ji]

1 000 ms
FPS = ————— (8
L P e

3.4 AEMEKEHETHFXTLE

UNGIEVEE TR QiR S P N =R iy 0RO e =
R, R T BT AS R RG 4  eR RO AR A A IR BE 1 5 i
STy K 4 M) 4 CloU. EloU. DIoU, GIoU, SloU,
ShapeloU MPDIoU & 7 Ff & UL (1% $ 5% o B07E AR SCEHE 46
AT ST L ST ZE R NS 2 iR
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Table 2 Comparison of different loss functions

12K PR mAP@0.5/% Parameters/M FLOPs/M
CloU(JEAE L) 81.7 2.26 6.5
EloU 81.9 2.26 6.5
DIoU 82.1 2.26 6.5
GloU 81.7 2.26 6.5
SloU 81.7 2.26 6.5
ShapeloU 82.1 2.26 6.5
MPDIoU 82.3 2.26 6.5

2% 2 T AEAH TR S50 45 1 T BB 45 R [R] 174 [m] 05 45 2k
PRI SOGHARA 1) RS BE A R TR R 52 . ) MPDIoU 4 2 #
2 BRI BOGT ABE  [74) AG IORG 8 B T A K LR B i B L 1Y) 2 8K
R G, A TR I 3 T AT A A R R AR
58k F MPDIoU fE 24 [l 19 5 2% o 22, 0L 4b, H it &
MPDIoU [ SGHE B . 51 A T Inner-ToU 1 % Bh i AL HE 4%
B Wise-ToU 1 2 48 B A& AL HI X MPDIoU #47 dc i , B
Inner-Wise-MPDIoU., ASHF 5544 £ A% 453 2k R 40 0% el i 3iF
LA 5L, L g g Rk 3 i,

MK MPDIoU $i2k B4 5 Inner-ToU % B i1 FAE HE
A AT IR 2 AR S IS Y A BT R
MPDIoU, K5 B3 FT 0. 2%, [ B S 8 ot B s R FEA
A5, 3K MPDIoU ik B4 5 Wise-loU B2 &5 R £
ML 45 & PEAT 5258 RS B8 MPDIoU 25 1 0. 1%, [FIFETE
SRR MR R R EAZN, #—5H Inner-TIoU Hii B
D FAEME &5 Wise-IoU SR ENLHI 45 S H T Inner-
Wise-MPDIoU , 52 %5 25 J W 7R % 7 25 RS AR Tt a4l
4528, 8 MPDIoU #2717 0. 3% . HiIbal WL, 454 X Wi fh

X} MPDIoU A9ttt 77 5K, 76 L 3l 42 3k 28l 3RS I fi 3k 21
AR,
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Table 3 Comparison of MPDIoU loss function

improvement series

K B méP@ Parameters  FLOPs
0.5/% /M /M
MPDIoU 82.3 2.26 6.5
Inner-MPDIoU 82.5 2.26 6.5
Wise-MPDIoU 82. 4 2.26 6.5
Inner-Wise-MPDIoU 82.6 2. 26 6.5
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Table 4 Results of model ablation experiment

R BIMAFPN 155 PR AL LSCD mAP@0. 5/ % Parameters/M  FLOPs/M FPS
YOLOvIOn — — — 81.7 2. 26 6.5 230
R 2 N — — 82. 8 1.87 6.3 192
FEA 3 — N/ — 82.6 2.26 6.5 259
LAY 4 — — N/ 82.0 1. 94 6.2 255
PRI 5 — N N 83.1 1.94 6.2 233
FERY 6 N — N 83.6 1.70 6.2 177
R 7 N N — 84. 1 1.87 6.3 188
ATk N N/ N 84. 4 1.70 6.2 179
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Table 5 Comparative experiment of different detection models

8 mAP@0. 5/ % Precision Recall Parameters/M  FLOPs/M Model Size/M FPS
Faster-RCNN 71.9 70. 6 67.4 136. 2 360.0 105. 9 25
SSD 69. 7 68. 2 66. 1 25.4 131.7 87.2 51
YOLOv5n 75.9 80. 5 68.7 2.2 6.4 4.9 179
YOLOv7-tiny 73.8 75.2 67.9 6.1 11.2 11.7 145
YOLOv8n 80. 3 80. 8 75.3 3.0 8.1 6.0 311
YOLOv8s 82.5 82.6 77. 4 11.1 28. 4 21.5 201
YOLOv10n 81.7 81.0 76.0 2.3 6.5 5.5 230
k[ 12] 83.5 85.0 76.9 3.3 9.7 7.0 165
SCHk[13] 83.8 84.9 77.8 2.7 7.8 6.4 75
A5 i 84.4 83.7 78.4 1.7 6.2 3.6 179
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Fig. 7 Comparison of helmet and license plate detection performance
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