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Helmet Detection Algorithm with Rich Context and Multi—Layer Feature
Capture
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Abstract: Wearing safety helmet is a necessary measure to ensure safety production in complex environment. For this reason, a helmet detec-
tion algorithm is proposed to enrich the multi—level features of context capture. The algorithm takes YOLOv10n as the baseline, replaces Bot-
tleneck in C2f after combining CFBlock and CGLU, which is used to transfer spatial features, adjust channel importance, enrich context infor-
mation, reduce parameter amount and computational complexity ; LSKA is introduced into the backbone SPPF to expand the convolutional nu-
clear receptive field, capture more spatial features and improve the detection accuracy; Weighted Fusion is used to improve the BiFPN fusion
tensor method and replace the Neck part, which is used to connect multi-scale information in both directions, capture multi-layer features
and reduce the number of parameters; The baseline loss function CloU is replaced after the fusion of WloU and MPDIoU to minimize the dis-
tance between the prediction box and the real box, alleviate the imbalance between positive and negative samples, and enhance the generaliza-
tion ability. The experimental results show that, compared with the baseline algorithm and the suboptimal algorithm, the parameters and
FLOPs of the proposed algorithm on the color detection dataset GDUT-HWD are reduced by 22.2% and 16.1% respectively, and the overall
detection dataset SHELSK is reduced by 21.4% and 16.1% respectively, and the accuracy, average precision mean and recall rate are signifi-
cantly improved; The generalization experiment results on SHWD wear detection dataset show that the proposed method is robust.
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YOLOv8n 3.00( T 1.15) 8.1(12.5) 83.4( | 4.7) 87.3( 1 0.4) 77.9(12.2)
YOLOv8s 11.13( 1 9.28) 28.4( 122.8) 85.2( 1 2.9) 87.6( 1 0.1) 77.7( 1 2.4)
YOLOV9s 7.13( 15.28) 26.5(120.9) 86.3( 1 1.8) 87.5(10.2) 77.9(12.2)
YOLOv10n 2.26( 10.41) 6.5(10.9) 84.4(13.7) 85.9( ] 1.8) 753( 1 4.8)
YOLOv10s 7.22( 15.37) 21.4(115.8) 86.0( | 2.1) 86.8( 1} 0.9) 77.8( 1 2.3)
AICEE 1.85 5.6 88.1 87.7 80.1
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£ GDUT-HWD $ffs 4 b HEAT I Rl 9c i, 25 R WK 3.
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Table 2 Performance of different algorithms on SHEL5K dataset
x2 AEEXESHELSK HiEE FHERA

R Parameters/M FLOPs/G mAP@0.5/% Precision/% Recall/%
Cascade—RCNN 68.76( 1 66.89) 79.5(173.9) 85.9( 1 3.9) 87.7( 1 0.6) 77.2( | 4.4)
SSD 23.49( 121.62) 52.7( 146.1) 82.4( 1 7.4) 87.4(10.9) 76.9( | 4.7)
YOLOv5n 1.77( 1 0.10) 42(]1.4) 83.3( ] 6.5) 87.9( 1 0.4) 754(16.2)
YOLOv8n 3.01(11.14) 8.1(125) 86.2( | 3.6) 87.9( 1 0.4) 79.5( 1 2.1)
YOLOv8s 11.13( 19.26) 28.4( 122.8) 87.6( 1 2.2) 87.6( 1 0.7) 77.7( 1 3.9)
YOLOv9s 7.13( 15.26) 26.5( 120.9) 87.7( 1 2.1) 87.7( 1 0.6) 78.1( 1 3.5)
YOLOv10n 2.27( 1 0.40) 6.5(10.9) 86.8( | 3.0) 85.3(13.0) 79.0( | 2.6)
YOLOv10s 7.22( 15.35) 21.4(115.8) 87.1( | 2.7) 86.6( | 1.7) 80.0( | 1.6)
AICB B 1.87 5.6 89.8 88.3 81.6
Table 3 Ablation experiment on GDUT-HWD dataset
£3 ZEGDUT-HWD #iE & FAYERISEIE
C2f-C SPPF-L BiFPN-W W-MPDIoU Parameters/M FLOPs/G mAP@0.5/% Precision/% Recall/%
- - - - 2.26 6.5 84.4 85.9 75.3
- - - 1.91( 1 0.35) 5.7(108) 85.2( 10.8) 86.3( 10.4) 77.4(12.1)
- J - - 2.53(10.27) 6.7(10.2) 85.8(11.4) 86.8( 10.9) 76.2( 10.9)
- - J - 1.87( 1 0.39) 5.9(0.6) 85.3(10.9) 86.4( 10.5) 75.7(10.4)
- - - N 2.26( | 0.00) 6.5(10.0) 85.1(10.7) 86.9( 11.0) 76.7( 1 1.4)
v N - - 221(10.05) 6.4(10.1) 86.7( 12.3) 86.9( 11.0) 78.2( 12.9)
J N N - 1.85( | 0.41) 5.6(10.9) 87.3(12.9) 87.0( 1 1.1) 78.7( 13.4)
v N v N 1.85( ] 0.41) 5.6(109) 88.1( 13.7) 87.7(11.8) 80.1(14.8)
B 2R S AL AR 3 S AL IR R T 3.0% . 1.0% .2.6% , Bk T 254 A F R AT Rk

Table 4 Ablation experiment on SHEL5K dataset
%4 7ESHELSK#E&% FAHRESER

C2f-C SPPF-L BiFPN-W W-MPDIoU Parameters/M FLOPs/G mAP@0.5/% Precision/% Recall/%
- - - - 227 6.5 86.8 87.3 79.0
- - - 1.91( 1 0.36) 5.7(108) 87.5( 10.7) 87.4(10.1) 79.2(10.2)
- J - - 2.54(10.27) 6.7(102) 87.7( 10.9) 87.5(10.2) 80.0( 1 1.0)
- - J - 1.88( 1 0.39) 5.9(0.6) 87.6( 10.8) 87.6( 10.3) 79.8( 10.8)
- - - V 2.27( | 0.00) 6.5(10.0) 87.4( 10.6) 87.9( 10.6) 79.7( 10.7)
v N - - 2.21( 1 0.06) 6.4(10.1) 88.1( 11.3) 87.6(10.3) 80.1( 1 1.1)
J N N - 1.87( | 0.40) 5.6(10.9) 89.1( 12.3) 87.8(10.5) 80.8( 11.8)
v v v N 1.87( | 0.40) 5.6(109) 89.8( 13.0) 88.3(11.0) 81.6(12.6)
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Table 5 Generalization experiment result
x5 ZUMIHRER
=R7N Parameters/M  FLOPs/G mAP@0.5/% Precision/% Recall/%

FLLR T 2.26 6.5 93.2 91.8 87.4
YOLOvIOn 1.84( }0.42) 5.6(10.9) 952(12.0) 93.5(11.7) 89.7( 1 2.3)

4 £iE

BEXEAZ 2 by T 2 A MR R I B3 RS B S S i 2k Al
B TR B0, A SCHR H — R R T YOLOv10n A 5 | F S
ZIZFRIE R R B TE . % R 455 CFBlock 5
CGLU & 4t C2f FF 1Y Bottleneck ; % JH CFBlock ¥ %% 23 1) 4
S 530 0 e, R R A AL RGR R T IR IK S B AT R

WK B2 5 76 SPPF 25 ¥y th 5| A LSKA 1= S #L , § K&
W % 52 B, OQ i B S R RRAE B v e ORS B 5 oR
Weighted Fusion B{iF BiFPN filt G 5 242 46 350355 1 4%, XL 1)
B2 REE R Bk & 2 A FREEL, BEAIRS 5L
A R H WioU 5 MPDIoU (i /5 PR $0E e CloU,
G E AR AN 38Rz AR ) o SEIR SRR A
ORI ER S TR RR AL T AL S M 27 SR EE  TE AN
Z NS TS W R A R T T AR 45, |
BA REFHERE. ARUTTOR 5 A R FEE 52 1
Lok 12 i RS B, I 38 4o B AL e AR — 2D BRI A 2
B AT A S A R R 7 S A
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