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Abstract

The task of helmet wear detection in high-risk scenarios is an important part of safeguarding the
lives and properties of construction workers. In this paper, we propose a helmet detection method
based on an improved YOLOv7-Tiny, addressing challenges related to the poor performance of
small target detection and the large number of model parameters associated with traditional hel-
met detection in complex scenes. Our method incorporates a feature extraction network designed
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specifically for small target detection, enhancing the network’s capability to recognize small tar-
gets. Additionally, we introduce a lightweight up-sampling operator, CARAFE, to optimize the
up-sampling process, thereby improving the quality of feature fusion. To adapt anchor frames to
helmet detection, we employ the K-means++ clustering algorithm to recluster the anchor frames
of targets in the dataset. Furthermore, we integrate the CA attention mechanism, allowing the
network to prioritize useful coordinate information and reinforce its ability to recognize small
targets. Experimental results on the SHWD public dataset demonstrate that the improved algo-
rithm enhances mAP by 14.1% and 2.8% compared to traditional algorithms like YOLOv4-Tiny
and YOLOX-Tiny, respectively. Moreover, it improves mAP by 1.5% compared to the baseline
while reducing the number of parameters by 31.7%. These results meet the requirements for
safety helmet detection in real scenarios.
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Figure 1. YOLOv7-Tiny network structure diagram
B 1. YOLOV7-Tiny M54
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Figure 3. Adding the feature extraction network of the small target feature extraction layer
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Figure 4. Feature extraction network of deleted large target prediction head
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Figure 5. CARAFE up-sampled network structure diagram
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Figure 6. Structural diagram of the improved YOLOvV7-Tiny network
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Table 1. Experimental hyperparameter settings
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Bl (momentum) 0.937
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Table 2. Results of ablation study
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95 INER IS SRRSO S, FORT R SRANE FIN ERFEHE T MAP@0.5/%

1 x x x 93.4
2 ~ X X X 93.6
3 x v x x 94.1
4 x x N 94.3
5 V 93.9
6 \ V \ \ 94.9

MRAEAE ATV, SINERE L], BRI LT 0.2%, ol R ALigiim st )q, ARt
DS FEAH LR 25 BT T 0.7%,  HISCUEWIERE H BOBT X/ F AR BURAE SR IR0 2 FLA B Al P e, B8
RIMHESS, FIERERE LT 0.9%, ot ERFEE 75, FFAEEIRTT 0.5%. SCIRIE ] & MG o) 15 7 #
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Table 3. Results of comparison to others methods
3. JHEEsDILER

it ZHEIM W% H 1A% /% MAP@0.5/%
SSD 23.9 93.5 67.1 89.3
YOLOvA4-Tiny 5.9 82.8 77.7 80.8
YOLOX-Tiny 5.0 91.9 87.9 92.1
YOLOV5s 7.0 92.1 89.4 93.9
YOLOV7-Tiny 6.0 92.8 87.9 93.4
Ours 4.1 92.2 89.0 94.9

DOI: 10.12677/csa.2023.1312254 2559 HEHUR 5 R


https://doi.org/10.12677/csa.2023.1312254

HIHE

1 b4 3 T, ASCHRE A YOLOVT-Tiny SALEAT Ik BERE Y 2 40 AR L2 i — AR i 5
FHEBOV RIS . EORIIE AR RN A B BNISEOR, 2 PR NH 755% o) 22 aiAs
METTR . 7 EH AR 0t Je FE R OB, FF B YOLOV7-Tiny SE (/)5 sodt 505 (O ks i
ORI B BEAT AT RAL 30T, R R A 7~9 o IS A NS SR AT DL Y, ASCHR Y i Bt
YOLOV7-Tiny HIAFE B 1)/ B bn B UGBS AN AT, e ge 0 TR ANE, W TRk
Ul BT T HERIR R -

Figure 7. Target detection of the occlusion
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Figure 8. Small target detection at long distances
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Figure 9. Blurred target detection
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