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Motorcycle helmet detection algorithm based on attention mechanism
and cross-scale feature fusion
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Abstract: In road traffic motorcycle accidents, failure to wear a helmet is the leading cause of fatal injuries to riders.
Aiming at the problems of false detection and missed detection in the current helmet detection due to the similarity in
color and shape of black hair, hat and helmet, a motorcycle helmet detection algorithm with triplet attention
mechanism and bidirectional cross-scale feature fusion is proposed. First, a triplet attention mechanism is introduced
into the backbone network of YOLOV5s, which extracts semantic dependencies between different dimensions,

eliminates the indirect correspondence between channels and weights, and improves detection accuracy by paying
attention to the differences between similar samples. Second, the EIOU bounding loss function is used to optimize the
detection effect of occluded and overlapping objects. Finally, the weighted bidirectional feature pyramid network
structure is adopted in the feature pyramid to achieve efficient bidirectional cross-scale connection and weighted feature
fusion, which enhances the network feature extraction capability, The experimental results show that the improved
algorithm achieves 98.7% mAP @ 0.5 and 94.0% mAP @ 0.5: 0. 95. Compared with the original algorithm, the
improved algorithm’s mAP@0. 5 increases by 3. 9% and mAP@0. 5:0. 95 increases by 7. 6%, with higher accuracy
and stronger generalization ability.

Keywords: helmet detection; YOLOV5s;triplet attention mechanism; EIOU; weighted bidirectional feature pyramid
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AL B 5 Faster RCNN, SSD, YOLOv3, YOLOv4,
YOLOVSs Hk# AW M. A NARBERMSHTE
BB AR T — B0, 0 A R 0 B0 AT 4R, 45 1 &
A B B i B JE Precision Recall [ F1.mAP@0.5,

mAP@0.5:0.95 DL J i B3 BF 5 m A %t &R, o
£ 2 fim,

MR 2 BORXT LT A0, 54 YOLOVSs L Faster R-
CNN,SSD.YOLOv3 f1 YOLOv4 B4 & M mAP @0. 5,
HAEMARTET 9.69%.12. 4% .3. 2% F0 2. 6%, A CH
5 YOLOVSs #H k., mAP@0. 5 32F+ T 3. 9% ,3K8F T 98. 7%,
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R®2 AEEEMEREITHTE
MR /PR 48 A W R/ Y BER/Y% F1/% mAP@0.5/% mAP@0.5:0.95/% e H/s

Faster R-CNN 86. 2 81.4 83.7 85.2 80. 4 0. 256
SSD 84.4 80. 8 82.6 82.4 78.9 0.132
YOLOv3 90.8 88. 6 89.7 91.6 83.2 0.073
YOLOv4 91. 8 89. 3 90.5 92.2 84.9 0. 055
YOLOV5s 92.7 90. 9 91.8 94. 8 86. 4 0.031
R LA 98.9 94. 2 96. 5 98. 7 94.0 0.034

AR E S Faster RONN,.SSD, YOLOv3.YOLOv4 &3k F513 v H Al B AR i &,

M, mAP@0.5 4r R8T 7 13.5%.16.3% . 7. 1% #f1 3.7 WHAKERSH

6.5%,mAP @ 0.5:0.95 4 I8 I T 13.6%.,15.1%, AT R R A O g g ) R Sk A Sk % 1A T &%
10. 8% 1 9. 1%, Wid LI R £ W, A SCRE LM EE BB TIRKET 12 ke BAREENE kT
B 5 YOLOVSs EALZM, NEM IR RIUE B WAL HEGRmAE 8 fim.

B8 Bl ok i B LR S

A% 8 B A AT BT A U R RE B ME T R KT 2B Mg = T R T AL R T S R A 1
LREB ARG BEEL K B TFURLD, wagt . & FW 4L P 15 AR 45 R 1T Grad-Cam 7 #L 4k
HER N B AE AR B AR A R, AW WRE T A YOLOVSs, Bt B3k 09 a7 #0425 5 4 3 o
T30 R R B B 9.10 FFs .

K9 YOLOVSs $4J7 a4 45 51

AR 9 S 10 MR AT, AT LA ) YOLOVSs  FEpbis ek i £ 5 ™ o IR0 4% T 36 TR A B 1Sk 36 , i b 2%
BRI AR R B R TR P S PRSI A T £ R I 4 S T 2 0 TR 1 A
BORL T W e 17 B T A UK A0 RO S A DA . TG O v L T AT 1 e M 1R 5 O R R
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You only look once: Unified, real-time object
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