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Application of improved YOLOvS algorithm in hard hat detection
WANG Ziyuan, WANG Guozhong, GU lJiacheng

( School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Wearing a safety helmet can effectively ensure the personal safety of construction workers. Aiming at the problems of
low detection efficiency and high missed detection rate of the current helmet detection algorithm, this paper proposes a helmet
detection algorithm based on the improved YOLOV5 network model. First, a hybrid attention module is inserted into the backbone
network of YOLOVS to reduce the data dimension of the feature extraction network, so that the network can focus on the specific
area of the helmet in the image, and improve the performance of the network’s helmet detection; then, the bidirectional feature
pyramid structure is used to replace the original network. The feature pyramid structure fuses the features of different levels and
retains the shallow information in the feature map to improve the computational efficiency of the model; finally, EloU is used as the
loss function of the network to improve the recognition accuracy of the improved model. The experimental results show that the
detection accuracy of the improved model on the expanded helmet dataset reaches 83.1% and the detection speed per second is 48.1.
Compared with the original algorithm, the model accuracy is increased by 4.5% , and the detection speed is increased by 1.5 frames.
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Tab. 1 Ablation experiment

S CBAM BiFPN  GhostNet  EloU  mAP (0.5)%

1 78.6
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M1 AL fEIA CBAM I3 5 L]
Ja , PR PSP TE T 2.6% R8T R
JIAL I AT LA S & R A A SRR Y i 7 8



5 8 1]

FFI0, 4. ks YOLOvS 37 42 4 e R it 1oz 173

BiFPN LRl S AL E-F IR IR T 1.3% , X2
T L 2MEE R R RSN, i BiFPN R¢1E
flA L AT DA 25 3 BOREAE IR i /N RO
BEAFITF R R, 7EMH Ghost BB
)G, MK AR T T 0.3%, R Ghost FLELAY
T Ry 2 i A BT A 5 22 sk, XRG B i $2 7 A
PR FESEER 5 o FH T A A R et s T A0S B A
IR TE T 4.5% , R PA AL A Setk g o] LUA 242
T2 G WE G DU A HY (1 P R

Sk T AEAS TRV RGE DU B33 HP R i) X L it Do 4% 1) %2
SRR INPERE | AR SCIE T % G 6 0 B 1 N 3 I
JEE 2 ) ARG D B33k 5 AR R R A ) L, s
A et AR AL IE R T-YOLOVS

XS A5 R W R 2, R 2 Pl LIFE I, H$
B B B30 3k A R T S B e EL A B A A, Horp
YOLOvS 543k 180 B f5c Jhy 28 1, ol i 1 B o A AR 1 -
YOLOvVS 5 A E LA L F RS B T 4.5 M E
IrEL, FPS 327t T 1.5, L Geblds > 5% HOG +
SVM KrASCRARTT % T2 4275 5 T %4 0E H A
KOS BEREAK, T2 2iE Hir 2 h/hNRSEH AR,
A Y B 22 4 @ 4G I 38 75 Faster RCNN 38 B0 £,
SDD B3 i B AR A 3K 3 A s A A DU 2R B2 (B2
YOLOvVS H A0 LA AR A — e i 250, AR SCrf 1-
YOLOvS 553k 76 K I 38 BE -5 46 DU OKG By 1 3R B R
It

F2 MEELWHER

Tab. 2 Comparative experimental results

S ™% mAP (0.5) % FPS
HOG+SVM - 42.8 0.9
Faster RCNN VGG-16 53.6 12.5
SSD VGG-16 57.1 23.2
YOLOvS5s CSPNet 78.6 46.6
I-YOLOvS GhostNet 83.1 48.1
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