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Research and implementation of embedded mask wearing detection system
KE Xin, ZHANG Rongfen, LIU Yuhong
(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Under the situation of normalized epidemic prevention and control, wearing a mask in public can effectively reduce the
risk of cross infection. In view of the difficulty in detecting small targets and poor real-time performance in mask wearing detection,
a mask wearing detection system based on the embedded platform Jetson nano is proposed. By increasing the depth of the backbone
network layer of YOLOV3 —tiny, introducing the attention mechanism and the TensorRT module, the accuracy and real —time
performance of the mask wearing detection task of the embedded system are improved. The improved YOLOv3—tiny algorithm has a
mAP value of 87.5% and an FPS of 20.4. Compared with the previous improvement, the accuracy has increased by 12.3% and the
frame rate has increased by 10.4 fps.
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Fig. 1 Network structure of YOLOv3—-tiny
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Fig. 3 Improved network structure of YOLOv3—-tiny
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class SELayer( nn.Module) ;
def_init( self, channel , reduction=16) ;
super( SELayer,self) , _init_( )
self.avg_pool =nn.AdaptiveAvgPool2d (1)
self.fc =nn.Sequential (
nn.Linear ( channel , channel // reduction,
bias=False) ,
nn.ReL.U(inplace =True) ,
nn. Linear ( channel // reduction,
channel, bias=False) ,
nn.Sigmoid ( )
}
def forward (self, x) ;

b, ¢, _, _x.size()

y=self.avg_pool(x).view(b,c)

y=self.fc(y).view(b,c,1,1)

return x * y.expand_as(x)

YOLO v3 KM FPN | KA (Upsample ) Fil
LS LS T 3 AUZ (13 13,26 # 26 A1 52 =
52) AEZA R Rl R AIE BT B 43 0 0 <7 Ageer
{BJEAE YOLOv3—tiny 4508 A 2 AN JE (13 =+ 13 il
26 %26) , HTASCHESE AT G0 NI, 75 R &R 43
IRV UE R TIIDO " 2 NN PR S L K DO AN E E 7 ivd
WE B RETT , A SCR SE B8 Fil A B R 26 * 26
B4y, XHE B IEAT refine, WL Ak 2% 21 B ) N
7%, JUHIR NG 7T/ B AR R I RE g, w1
4 EEUZIF HREA SE U5 1 R 2%, A SR Z H
SE-YOLOv3—tiny , £ &5k AN 7 Fis .

Input 416x416

Conv 3X3%X256
Conv 3X3X16

Conv 3X3%X128 —)I SE Module |—)| Convs
Maxpooling

Conv 3X3%X256
Conv 3X3x32

l, Maxpooling
Maxpooling

Conv 3X3%x512
Conv 3x3%256
Conv 3x3x512

\L Maxpooling

Conv 3X3%x64
Conv 1X1x32
Conv 3X3%x64

\L Maxpooling

Conv 3X3X1 024

Conv 3X3x128
Conv 3X3%x64
Conv 3X3x128

Maxpooling
&7 SE-YOLOv3-tiny P4 4544
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Tab. 1 Detection result comparison of mask data set

Detection method mAP/ % Masking Unmasking
YOLOv3~ tiny 75.2 74.9 75.5
Improved YOLOv3~—tiny 87.4 87.0 87.8
SE YOLOv3~tiny 88.3 88.1 88.5
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Tab. 2 Detection result comparison of mask data set after acceleration

Time — consuming/  Frame

Detection method mAP/ %
ms rate/ fps
YOLOv3~-tiny 75.2 98 10.0
YOLOv3—tiny_trt 73.9 45 22.2
Improved YOLOv3—tiny_trt 86.3 48 20.8
SE YOLOv3~tiny_trt 87.5 49 20.4
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