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Helmet detection algorithm in complex scenarios based on improved YOLOVS

Yang Ruijun' Li Yuedong' Ye Jing’
(1. School of Computer Science and Information Engineering, Shanghai Institute of Technology,Shanghai 201418, China;
2. School of Ecological Technology and Engineering, Shanghai Institute of Technology,Shanghai 201418, China)

Abstract: In order to solve the problem of missing detection and false detection in the helmet wearing detection model in
complex construction scenes due to dense personnel, occlusion and small target size, this paper proposes an improved
YOLOv8 based helmet wearing detection algorithm. Firstly, the CMUNeXtBlock module based on large core depth-
separable convolution is introduced to improve the global awareness of the network by combining depth-separable
convolution with reverse bottleneck technology. Secondly. the C2FICB module is designed to replace the C2f in the
backbone network and integrate the semantic features between different channels and spatial locations to strengthen the
network’s multi-scale generalization. Moreover, P2 micro-scale target detection layer is designed in the neck network to
improve the network's ability to capture local features. Finally, a RFAConv head(RFAHead) detection head based on
the convolution of receptive field attention is proposed to optimize the expression of spatial features and further
strengthen the ability of the model to extract global features. Experimental results show that in the Safety helmet
dataset, the value of the improved model is increased by 5.2% and that of mAP@0. 5-0. 95 by 3. 9% compared with
the baseline model, respectively, effectively improving the accuracy of the safety helmet wearing detection model.

Keywords: object detection; YOLOv8;complex scenarios;attention mechanism;safety helmet

0 2 l‘tﬂiﬁﬁﬁ%ﬁ%ﬁh%j%?{’ﬁ%ﬁ% 4 i B N T
PP T AL EE Y (A4 EER L 2% S mE

Wt Tl A R A 9 O L R SURN R 7 AR AT I BRGEE CH R A 65 000 i R OR A 42 AR S B Sk
AR EE L SR E R - EREER RS 1 020 BIET I, PR Tl B AR E )i

[l

e 5 H 1 :2025-03-05
* FEAIE ¢ 1R AR K 2E U 0 5 4 - 25 R 28U A TEIF 52 L I (XTCX2024-03) % B

+ 188 -



WihE F A Tt YOLOVS 9 8 2233 T %A MM A H %k

BT

LA 2 210 44 B P TN B R IE B i 8 2 4 08 5 808 1
PERG AR AE T o PR X TN I A A 2 4 R Y A A
BRI R OCE T, I 7E AL 58042 4 E L B b, £
AT N T WA X IR ABORAL T 1 HLAE 2% K &2 B
AT FTGEIR . AHBEZ T, 3T IR 2 2 19 22 2 WE A I 4
ARAESE & ROCR Dy T BA W R H A 2R 0 AR
HIP R | H AR B LA S /IMATR S BOSR AR I A6 L S0
. PRIMCE B 27 T B 5 v S L 8 R U 11 2 42 D
HORS DU B AR LS

Kl B R 25 TR BE 2 20 45 G IR B R H A A ) 45
BUHR T B ARl . T AR B TR T 1Y B S Ak
W 7 1 32 R W 5 R R TR B 2 T 1Y B bR A T T vk
A3 R RN 2 S G < BB B I R L B ke T, BB B
T 51 AT 5 e 4 B T Il K S X sk 2 X 0 47 43 2%
FHAE L, 0 X 3 4 FH pl 22 ) 4% (region-based convolutional
neural network, R-CNND™ 8 ik, 78 Tl 52 br )i o, 3%
I B A N A 2 AR RE A% 4 (L5 ok L (HL il TS B B
Z W R BCBAR A R 00 R 0 LA R SCRT R . AH L
T BT BOR AR L SR Y s SAE TR FE RS i g S T
PR 53 S RSB0 , 2 2 4t v 0 ARG 038 L A BR R 22 30 HE AG
(single shot multibox detector, SSD) % vk, B 7F 3 I
AR, H A A B )y TR IR 0 3B B B B,
YOLO" (you only look once) Z %1 H A7 4 I 2 4 Ky B4 [y
B AR A 2 A 1 e R AN A R 4 N R B A
TR AL TR B R e T 2. LR 78 YOLOvS A5 R [
FAt B, >R A GloU (generalized intersection over union) ffit
B PRE, B AL T 2 AR EE 1, Bl = T AL A AR
RITE Z2 ROBE R TN BB ) E A8 B — s $2 -, (5 T X0 43088 5 174 155
{0 B 4SS TR ATS SR A7 A6 T 4G (K 15 5 . Yang %55 H L — Bl 3L T
YOLOv4 (92 AWK W 45, A A [ R /N6 BU I 2 R
JBE S TE R A A PO B O L 51 2% O R E B bR
VA3 T RRALE o £ T P ARG T SR | (H 32 P 4 E ARG FROR SR T
XEREAE A B B AR S BN A B o Mk Dl 45 S B T — Rl
BT M At YOLOvSs 1922 2 8 A% I 57 1% YOLO-M3, #%
YOLOV5s [416 R 45 54k T MobileNet V3, 4T T 4 i
AU AR T A 38 24 155 0 A7 9K 7 A R R T Az 199 [
B, TR RN T YOLOX 4 8 4k a8 i) 4 7 85 1k . 1
ACRHIERLA T 20, B0 T RO IR B 0 37 5 op 2 4 IR Y T
R YO0 o AL A e e 285 02 S 24 65 450 T A IUORG B IR 1 I
=R I T YOLOVT R B 34 38 14 7 280k 5 il &2
FeIREE 5 M, B T ER X M B HE RO ST AT R DU, BIA
DeepSort 5 52 9 2 4> WE 38 B2 R0 AR 5 v R % % H bn
SRS A /AN I % G 000 BE A B2 . e Y AE YOLOWVS
B BET 1 ] 5 43 BESRARAE 2 A MR 3%, 51 A Biformer 3
= 51 MLl A1 NWD ( normalized gaussian wasserstein
distance) #1 2% PR %L, B #t GhostNetV2 # He 32 7 %f /N H Fr

VY AG I F36 7 T ek 2 4SS 1 ) S 40 TS L R O R 3
52 2 5T VR 2 I Y A R BB B, Zhang ST
£ YOLOv11 By FEmt T X Fi 5 % L (generalized-sparse
convolution, GSConv) HUR & 48 %5 L, ¥ i1 C3K2_FE £k
8 SRR AE B R 7 1 [ A bR 0 S 5 AN A X [k
ik 4 7 & B £% (bidirectional feature pyramid network,
BiFPND #L i A 1k 22 ]RUBEE R AE fl A 0 30K (B 7E 52 24 31 b5 Hp
X AR ' BB 37 S RN 19 385 17 M A 55
FRBFSEAE— TR B R T T A R AR I i o R
Bl THELE R N2 20 BB/ %8 D KR %
K2, A B 5 J T R4 0902 (R 1) A FE ARG IR
L= EEr S WANE R NS E YN L/ L NETT R 8 € 2 PR i
A FSE 11 5 00 A7 A 75 31 2 35 figp TR, A7) S A7 A0 A6 TURS  2 A1K
(o R T g 1 I O LT P NI 73 s Iy & L
YOLOvS Sy B2 A5 Y Bl ik (1 52 % B0 558 T 42 4 W {isl 380 A 0
Bk, 51 A CMUNeXtBlock BEHCBUR R 4h 3= T B0 2% Hh i) 45
L B e P 245 119 42 Sy RN BE 7 5 803 C2FICB #B i 3 +
P 4 iy C2f, Ak W 26 0 22 ROBE iz Ak 5 32 1 P2 TR
FE BRI JZ , $2 15 5 2% 3 £ R BB R AE 04 BE 7 5 B L T
T BZ A B BRI L (receptive-field attention
head, RFAHead) » #f — 2 5 fb 152 10 X 4 Jey 45 1 119 £ 3

e,
1 YOLOvS #8448

YOLO F 553k 2 B ar B b5k I 55 0% b & e dw e
i O Bl 5T s 2 — Y, YOLOVS 1Y 45 #4975 4k 7k
YOLOvS" #l YOLOvA ™ it $4 (g S b 1 47 T f 4k, 3
Ity £ 3 A& 3 N #B 4. Backbone, Neck., Head, H A7
Backbone H F#2 I 4 & 19 R FRAE . Neck #543 F F 3k 1L
AFRET R B RSB, Head R FH it 58 3k 45 44 5k
T2 A R AL B A BT, YOLOvS #5145 44 4n & 1
B

2 YOLOvS & ki

EEf LA BRI /N HAR B 4R H bR GBS H AR RN 5T
WA B F B R KL W K G e R, 3R — Aok i
YOLOVS % 4 B 8 A DU 430 3% . A% SR T () A Do 24 2
B4 7EET M4 5] A CMUNeXtBlock 4 3k, %t #i A B9
A PR P R B T 4 A LR BB AN YT R A 3 ek R 1 3
g4 R E R W 2 R B b5 09 R 55 B [F e, 32 0
C2FICB Hi e L) 5 R A 3¢ B, $ F+ R [ 38 18 0 28 ) o 1
Z I B RS R T . TR P2 MO B H AR R — 2
B E & /N B AR FRIE (R B 55 » RFAHead K 3k AR
i iy AR IE I B0 285 18 9 3 B B9 SR 7 S0 1L X R AR R AT
TIA AL B, A5 A 23 8] RRAF 1) 32 35 L 38 3 % /N IR TN 52 2% 3 35t
FIRRE F7 . BUHRY YOLOvVS BRI G5 & 2 R,

+ 189 -



..................

| !SPPF ! 1 Bottleneck

Shortcut=True

Conv2d }—{ BboxLoss] | !
Conv2d }—'[ Cls.Loss ] § E

B 1 YOLOvS R4 45y
Fig. 1 YOLOVS network architecture

K2 Bt YOLOvS #2454
Fig. 2 Improved YOLOv8 model architecture

2.1 CMUNeXtBlock &R

YOLOvS Hg #2682 it FH B 8 /N i 36 B ik
AT HRA 3% 78 R 25 a2 B 1) 31 B R A I 46 v 2 1T 1
TC AR 0 A BCHE 00 R s R AT 1 3 N R R, JE VR A R
) B /NP A B RRATE

A 3] A CMUNeXtBlock A3, HoA% O 20 7 2

+ 190 -

I e e AR P A B R A BURZRE RV N AR IBY Y
BRORB UL G o8 5 5 B AR . b IR 3 BURD T 42
Bz ) 2 B2 A9 15 R, 328 i AR S B 1 s ) R G R 5 7Y
Y. SARGE BN L L % B 4 B R0 /0 I 45 114 2 Bkt
M EITR . o T IR A S ) FUE IE B 05 S TR IR E
BUR BT T A2 5 8 B OF 2R AT S s 83t . B ) iR



WihE F A Tt YOLOVS 9 8 2233 T %A MM A H %k

BT

BT 0 S B2 B T A 38 5 4 B2 22 [ 1Y) e e 4 2 i
R ANHE R A A, VTR O B A RE S A A 1R B TR
EHERIRER W 2R B4 EAER. b EENERE
Ja, fH GELU & o6 B0 J5 BOs iy it 13 — 1k 2.
CMUNeXtBlock (5 AT

7', = BN(o, {DepthwiseConv(f,_)}) + f., [@D)
1", = BN(o, {PointwiseConv( f',)}) (2)
/. = BN(o, {PointwiseConv( ") }) (3

Hep, f, R ConvMixer B 1 )2 10 i 3 RR1E &,
o, 278 GELU ¥ 3% MR %, BN F/n it 10 — fk 2.
CMUNeXtBlock 5 E 3 FiR .,

__________________

Depthwise Conv

k X k,groups = dim, dim — dim

I GELU+BatchNorm |

<+‘[>7

Pointwise Conv
1x1,dim - 4 X dim

!
| GELU+BatchNorm
I

Pointwise Conv
1x 1,4 xdim — dim
1

GELU+BatchNorm

__________________

¥l 3 CMUNeXtBlock f& bt
Fig.3 CMUNeXtBlock

2.2 C2FICB &R

JiR YOLOv8 T M £ v iy C2f B HAf: Sy — Fh &y &6
R 2 RO R AE SR HURE 0 AT B, e i 2 7 b 3 K
PR BRI I R B B, Cof AR FE AR ARl A& LB = R T
P IUHEAEA TN B RS H A% BRI R B 4 5
i N i G R AN 7 R N S 1 S | VAL S v vl R U A [ B <9
5 2 5 RURRAE A A5 ) 1 58

B AR SCI T C2FICB #E 8 F F 8 4 32 1 W 4% P iy
C2f IR o M 45 AR IE S B Sl A aE 1 R m Mg i 2 R
FEHREAE 4L P BE 1. C2FICB Wi 35 4% & B X 5
(interactive convolution block, ICB)5| A C2f, fil H EA A~
[ A RS /IS B O 45 4 FRL K 48 % Jm 38 AR A1 R B 4 1 R ) AR
KR, B 1ABBURE M BN A% 35U
FIARLEE R 2 BRI AEEERNENE
Iz CERJER MK C R, ICB TAERBIN T

A, = $(Convl(§"))®Conv2(S") €D
A, = $(Conv2(S"))©®Convl(§") (5)
O = Conv3(A, +A4,) 6)

Hfr, Convl(e) I Conv2(+) £ N—4i & fE, ¢

J& GELU 39 R, SR 5 U8 I8 09 4 iE 5 3 1 B & 1 5
FZ Conv3 (), O MIAR TS . ICB 25 # ani& 4
fr7n , C2FICB 45 ¥ aniE 5 Fros .

4 N

Conv 1D GELU

Conv 1D

Conv 1D GELU

N /

Kl 4 ICB%#y
Fig. 4 1CB architecture

ICB
Conv Split ICB n A Conv

~ BNSIiLU |: BNSILU ~—
ICB

K 5 C2FICB %55
Fig.5 C2FICB architecture

Ve
9

2.3 P2 REBWRKENE

JEiR YOLOvVS BRIy 3 AR sk 2 ook 1 3=+ M
26 RORHAT 4 7 35 W 48 G 5 00 R AE B, 3 SR R AE T8 1 R~
43512k 80 pixel X 80 pixel,40 pixel X 40 pixel F1 20 pixel X
20 pixel, 23 B XF W Sy A B4 640 pixel X 640 pixel & 8 4% .
16 5% B 32 f5 T oRAEJGMZE R . 78 3T M 48 0y i 1) 15 4% i
B ARG &L 22 EREER. S 2 )2 1 RE EHE
AT RERS BETEZA/NEEMANER. &
1M, B 3 — 25 F R, 2 MR R SRS LA R R X
—d R A S EJ N HER R K5 e B S8
WA BRI .

R ik G X R R A A SCER P2 OB B bRk T
25 R RRE B S 4l TR AR 3 AN RRAE B 2R 1T Rl
B T 45 A 2 B9 4015 4508 A s 2 A0IE UM B & A
W— 160 pixel X 160 pixel AYHERAE B, %45 1E B E 5 3%
FUBE E BRSO Sk 1) i A EL AT 388 /N 1) JRR 37 T R RE R (1) R AE
FIAAETT . AR T A AU 15 AR AR /N RS B AR R
B, DT 25 4 TR IR L IR 6 TR .

2.4 RFAHead il sk

2 555 1) 45 FR P 228 00 246 3 o >R FH 36 2 S 80 4 R A
BIFARTE 8 BAREA R B IR RN LR A B AR
Bz R, Rt H AR A AE — & 0 R BRI 2 ) 1 3
FHLET S B BIEREMS S NIRRT ER LB R

(receptive-field attention convolution, RFAConv)"" 2 i}

+ 191 »



%48 % v F oa ¥ o K

K 7 iR RFA MR AR (D PR,

P520x20
P4 4040 F = Softmax (g"" (AvgPool (X))) *

ReLU(Norm (g"*"(X))) = A,, x F,, 7
R Hob g RRHNE X B Bk HR B
£ LRORIE0 BB K/ Norm FomIH—A46 . X R A 0 FR1E 18 6 12

B A, 5285 1R B2 W FE F,, MRS EE,

AR H T — F F H RFAConv 4 1k &9 46 1 k&
REAHead , $ &A™ 4 A ) FRF B 8 56 400 4~ RFAConv
BAUZ A T A R B2 E 851 % vz A T4
T—# RFA AL X AHLE RS BN EZI AR REBERZEIT A5 % cv3 #4745 1, REAHead 7E AL B K
R E B AL L R B T LAAR 8 5 A 12 B2 B N Y O [ Z ELME LU N ) /I B B 3 5% v mT L b 2 A R 28 ) s
FRIESh ST S50 T B B S B 0 m B, 0 K. Z5MiniE 8 AR,

P 6 ST AN 2 A 2 45 4

Fig. 6 New detection layer model architecture
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Table 2 Ablation experiment results

CMUNeXtBlock C2FICB P2 RFAHead P/% R/% mAP®@0.5/% mAP@O0.5-0.95/% Params/ 10° GFLOPs
X X X X 87.2 72.1 80. 3 49. 2 3.1 8.2
N X X X 87.3 75.5 82. 4 50.9 3.1 8.5
X N X X 86.8 77.6 83.6 51.5 3.0 8.1
X X N X 87.8 76.7 84.5 51.9 3.0 12.5
X X X N 87.2 75.1 82.3 50. 8 3.9 8.4
N X N X 87.8 77.3 84.7 52.4 3.2 13.1
N X N J 87.0 77.5 85. 4 53.0 4.1 11. 3
N NG N NG 86.9  78.8 85.5 53. 1 3.8 10. 9
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Table 3 Comparison of effects of different convolution modules

F A P/% R/ % mAP@0.5/%  mAP@0.5-0.95/%  Params/10° GFLOPs
YOLOv8n 87.2 72.1 80. 3 49. 2 3.1 8.2
+DualConv 86. 1 74.5 81.8 50. 6 2.9 8.0

+ DynamicConv 87.1 74.9 82.1 50.5 3.9 7.9
-+ SPDConv 87.4 74.3 79.6 50.5 3.8 8.8
-+ CMUNeXtBlock 87.3 75.5 82. 4 50. 9 3.1 8.5
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Table 4 Comparison of different detection models

A P/% R/ % mAP@0.5/%  mAP@0. 5-0. 95/ % Params/10° GFLOPs

YOLOv3-tiny 87.0 66.7 74.6 44.5 12.1 18.9
YOLOv5n 87.9 73.1 81. 4 49. 3 2.5 7.1
YOLOv5s 87.6 77,7 84.0 52.7 9.1 23.8
YOLOv6n 86. 9 73.5 81.4 50. 5 4.2 11.8
YOLOv6s 88.0 77.7 84.1 53.3 16.3 44,0
YOLOv7-tiny 89. 2 70. 1 79.6 46.9 6.1 13.1
YOLOv8n 87.2 72.1 80. 3 49. 2 3.1 8.2
YOLOvSs 86.9 78.1 84. 4 53.0 11.1 28.5
YOLOv10n 87.7 77.2 83. 1 52.2 2.7 8.4
AR ICH 86.9 78. 8 85.5 53.1 3.8 10.9
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Fig. 9 Comparison of detection results in complex environment
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Table 5 Comparison of results with other improvement methods

HEL A P/ % R/% mAP@0.5/%  mAP@0. 5-0. 95/ % Params/ 10° GFLOPs
k[ 25] 86. 4 69. 2 75. 4 45.7 2.28 11.7
k[ 26] 87.9 74.6 84.1 51.2 4.3 13.1
k[ 27] 86. 7 72.6 77.8 48.1 10. 9 36. 8
k[ 28] 86.9 74.6 83.3 49. 8 4.4 12.5
CHk[29] 87.8 75.8 83.9 52.6 2.7 9.1
AR SCRAY 86. 9 78.8 85.5 53.1 3.8 10.9

(a) MERATH L

(a) Occlusion conditions

MRy [
5 .

V‘W

(b) FEEAEIL

=

(b) Dense conditions

Kl 11

Fig. 11 Comparison of detection results with different improvement methods
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