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DS-YOLOVS: A real-time detection and recognition model for helmet wearing
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ABSTRACT Automatic detection and recognition of safety helmet wearing based on video analysis is important to ensure production
safety. It is inefficient to supervise whether workers wear safety helmets by manual means. With the advancement of deep learning,
using computer vision to assist in the detection of safety helmet-wearing holds significant research and application value. However,
complex environments and variable factors pose challenges in achieving accurate detection and recognition of safety helmet usage.
Helmet-wearing detection methods are generally classified as traditional machine learning and deep learning methods. Traditional
machine learning methods employ manually selected features or statistical features, resulting in poor model stability. Deep
learning—based methods are further divided into “ two-stage” and “ one-stage” methods. The two-stage method has high detection
accuracy but cannot achieve real-time detection, while the one-stage counterpart is the reverse. Achieving accuracy as well as real-time
detection is an important challenge in the development of video-based helmet detection systems. Accurate and quick detection of helmets
is essential for effective real-time monitoring of production sites. To address these challenges, this paper proposes DS-YOLOv5—a real-
time helmet detection and recognition model based on the YOLOvVS models. The proposed model solves three main problems: First,
insufficient global information extraction problem of convolutional neural network (CNN) models. Second, the lacking robustness of the
deep SORT for multiple targets and occlusion problems in video scenes. Third, the inadequate feature extraction of multiscale targets.
The DS-YOLOvVS model takes advantage of the improved Deep SORT multitarget tracking algorithm to reduce the rate of missed

detections in multitarget detection and occlusion and increase the error tolerance in video detection. Further, a simplified transformer
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module is integrated into the backbone network to enhance the capture of global information from images and thus enhance feature

learning for small targets. Finally, the bidirectional feature pyramid network is used to fuse multiscale features, which can better adapt to

target scale changes caused by the photographic distance. The DS-YOLOVS model was validated using the GDUT-HWD dataset by

ablation and comparison experiments. In these experiments, the tracking capability of the improved Deep SORT is compared with the

YOLOVS5 model using the public pedestrian dataset MOT. The results of the comparison of the five one-stage methods and four helmet

detection and recognition models revealed that the proposed model has better capability for dealing with occlusion and target scale.

Further, the model achieved mean average orecision (mAP) of 95.5%, which is superior to that of the other helmet detection and

recognition models.

KEY WORDS object detection; helmet wearing; YOLOvVS; deep SORT; transformer
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Table 1 Results of the ablation experiments based on the GDUT-HWD dataset

Model mAP/% P/% R/% Fi/%  Param/10° Spend time/min
YOLOvVS 92.5 92.1 90.6 91.4 7.1 6.3
YOLOVS + BiFPN 93.9 92,5 91.6 92.0 7.5 6.1
YOLOVS + Transformer 93.7 92.6 97 947 8.1 9.1
YOLOVS5 + Deep SORT 93.3 89.3 919 90.6 7.1 6.3
YOLOVS5 + BiFPN + Transformer 94.4 92.1 99 953 8.2 8.8
YOLOVS + BiFPN + Transformer + Deep SORT 95.5 89.6 98 93.6 8.2 8.8

L8 mAP $2 7+ T 3%. Jin A Transformer 1) £ 8
] S B 0 A 4 o, 2F— 2D UE A B H il AR 4 R
FRIEA RIFREST, Wb/ H BRI AL E L. Deep SORT
5 A At P R0 AT P14 Tk G TR 1) B B AT R Fy
S5 W HR R AN BE R A (] 5 ) S B P o O, AN AR
AL A BiFPN Fil Transformer Ji F; T [ 1.7%, 15 kb
YOLOvS JF A AL 4% 5 T 2.2%, mAP fig ik 5 95.5%,
I A TR RS RS B e e . AR AR T Al S IR A A, B4
BT I 2% 52 2% BE 38, Spend Time 1, fifi =2 3 i,
1M fi F BiFPN #5288 J5 7] DA LG JA5E 8045 2 39% )]
SRIsa]. FATH R 1 PSR JE — ARy DS-YO-
LOvS.
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5 FAT A0 5 Market-1501 % 2 £ ) Deep SORT
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accuracy) A fiif £ BR E5 2% 09 ME i %5, MOTP (Multi-
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S FORH B M REBR ). SEER 45 R T LA $] MOTA

22 Deep SORT WG Fi & B9 SEH2E HE%T L

Table 2 Comparison results for improved Deep SORT

Model MOTA? MOTPT  IDs|
Deep SORT 48.5 77.1 48
Improved Deep SORT 51.2 77.6 40

P& 1 2.7, IDs 78 A Bl B FEARAY 16%.
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Fig.5 Comparison of Deep SORT and improved Deep SORT in MOT16-09 detection: (a) detection results of Deep SORT in scenario 1; (b) detection
results of Deep SORT in scenario 2; (c) detection results of Deep SORT in scenario 3; (d) detection results of improved Deep SORT in scenario 1;

(e) detection results of improved Deep SORT in scenario2; (f) detection results of improved Deep SORT in scenario 3
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Table 3 Results of comparison experiments based on the GDUT dataset

Model Pyone!%0  Pred/% Pyhite/ % Pyetiow/% Pye/% Pl% R/% mAP/% Time/ms Weight/MB  fps
SSD512! 74.8 78.8 79.5 86.3 80.8 835 792 81.6 36.8 34.6 —
YOLOv3!™ 82.4 92.4 75.7 81.9 944 869 804 86.2 14.5 84.3 2
YOLOV3-tiny!"”! 74.1 82.8 75.3 80.8 850 845 763 796 6.4 28.2 12
YOLOv4!! 83.4 94.2 86.1 92.0 957 924 8l1.1 90.3 14.2 237.4 —
YOLOvs!™ 90.2 93.6 914 92.6 934 921 906 92.5 2.0 14.2 25
DS-YOLOV5 92.5 95.3 96.2 98.6 950 89.6 98.0 955 22 15.7 18
R4 TARMBRIBRINS LS50
Table 4 Results of the comparison of different safety helmet detection models
Detection models Pl%  RI% mAP/% Weights/MB Param/10° Time/ms
SSD-RPA512 733 744 84.7 158.9 52.6 4.4
MobileNet-SSD! 843 905 86.1 24.3 8.1 193
Improved YOLOX"" 942 903 93.7 34.5 8.9 17.7
Improved YOLOVA4-tiny™®”! 932 884 92.9 36.5 13.2 14.9
DS-YOLOV5 89.6  98.0 95.5 15.7 8.2 22
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Fig.6 Detection and recognition results of the DS-YOLOv5 model for the wearing of safety helmets in complex environments: (a) underlighting

conditions; (b) occlusion conditions; (c) different target scales
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