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Abstract: Construction sites comprise changeable illumination, complicated backgrounds, and various
types of construction personnel, which makes the detection of helmet wearing challenging. To address
the problems of low accuracy and poor robustness of traditional detection methods, this paper pro-
posed a method of helmet wearing detection based on deep learning. The proposed method was based
on the YOLOVvV2 target detection, and its network structure was improved. First, utilizing the notion
of densely connected networks, dense blocks are added to the original network, which aids in the real-
ization of the fusion of multi-layer features and the combination of shallow low semantic information
and deep high semantic information, thereby improving the network sensitivity to enable the detection
of small targets. Subsequently, the lightweight network structure in MobileNet was used for network
compression, thus reducing the size of the model to one tenth of its original and also increasing model

availability. The improved network model was trained and tested on the self-made HelmetWear data-
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set and compared with the original as well as the latest YOLOv3. The obtained results show that the

detection accuracy of the model is 87.42% , which is slightly lower than that of YOLOv3, but its de-

tection speed is significantly improved, i. e.» 37% and 215% higher than that of YOLOv2 and

YOLOV3, respectively, while reaching 148 frames/s. Experiments confirm that the proposed model

can effectively reduce parameter quantity and significantly enhance detection speed while ensuring de-

tection accuracy.
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Fig.1 Network structure of YOLOv2
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Fig. 4 Transition layer
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Fig.5 Light-weight network structure
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Fig. 6 Network structure of MD-YOLOv2
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Tab.1 Parameters of MD-YOLOv2 network

o 24 )22 S8 i+ 7 3 £ i R
Convolution 3X3,s=1 32 416X416

Maxpool 2X2,5=2 32 208 X208
Convolution 3X3,s=1 64 208X 208

Maxpool 2X2,5=2 64 104 X104
Convolution 3X3,s=1 128 104 X104
Convolution 1X1,s=1 64 104 X104
Convolution 3X3,5=1 128 104 X104

Maxpool 2X2,5=2 128 52X52
Convolution 3X3,5=1 256 52X52
Convolution 1X1,s=1 128 52X52
Convolution 3X3,s=1 256 52X52

Maxpool 2X2,5=2 256 26 X26




55 1 7O T YOLOV2 (R 3 22 4 1 3 15 100 46 ) 1201
k1 MDYOLOV2 M%& S
Tab. 1 Parameters of MD-YOLOv2 network
) 4% o e A 3 2 A B RF
1X1X256.relu
M-block(1) [BXB Dwise s= l:|
1X1X64,linear
Dense block(1) 512 26X 26
1X1X384,relu
M-block(2~4) [SX?) Dwise s= 1:| X3
1X1X64,linear
1X1X512,.relu
Transition layer l: j| 512 13X13
3X 3 Dwise s=2
1X1X512,relu
M-block(1) ]:SXS Dwise s=l:|
1X1X96, linear.
Dense block(2) 896 13X 13
1X1X576,relu
M-block(2~4) [SXS Dwise sl} X3
1X1X96, linear.
Convolution 1X1 1024 13X13
Convolution 1X1 35 13X13
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Fig. 7 Sample labeling examples
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0.9, F W R (decay) & A 0. 000 5, FIf >
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Fig. 8 Loss curve
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Fig. 9 Detection results of some sample
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Tab. 3 Test results
RoOB  WRRE A Tk - SRR
A 4B Ar AR BEmMAP)Y/ % /MB /({rame * s )
YOLOV2 87. 14 85. 89 86.52 202.3 108
YOLOV3 449 87.42 89. 05 88. 24 234 47
MD-YOLOv2 87.79 87.05 87.42 17.5 148
SCHEH T TR B A S MR U T s ik T AR 4
5 % # J7 X F T T R AR OB Y TR R i ik LA

YOLOv2 HbrAs i gy i b JEml, 76 IRl R 2%

BTt T B 4 22 4 MR R BRI R AL AR BIA TR R R A R AN R A A R A A5 A L 4R
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