7

Ao

P,
iravgT

A

o q558 b ailoles 5 Slolons anlilabys
V) Lo 00 b FA amio A by ojled sl oyl ey Jlo

i sl MobileNet-SSD V2 gYOLOvSs . YOLOV3 cvac o asiois dum Lo

Fooex L5 IS 9565 (53,3 o e

Lolpl ol sl Sle sris olSKiils « egian (igp FaaslS cwdige ouSiils

PR

Byl oedl SG5eleiST alire (sojex 0 g o o lid |y 0> aBly il sasie 8)lge 5l eolainl b Baas (6,50 w0 el

olid alayl) en jo 1) (gl 0aisS gl gl Bl DY gass el Ll obo, g (el (Gaes 650k glos )5 g lad by 5l (S
QAM 9 o&s.o.; J,.l;u 9 4.:).7o l) ).aBLA.J as AR 0 )|)5 MLM 9 Coo Sy94 ‘) LSEL:.?LA s_i,.JLoMM L.ngQ)ilj) s Q"‘ sl 00l
9 L&b}‘:.}as a).)sLA: K9y » Sewle UM“"’ )..\.’> L> w‘ oéj.o.i oolazw! SLA‘ La 9 w)él.a n‘é_';..w)é aQ |) u)ﬁm Sewle 0)5 L)] as A.ASGA
MobileNet-5 Y0lon5 .Y0lon3 ses oo plosl o 5,5 5 cdle 6 S0l w65 a5l ool b ¢ oadly oyloj 4o (o ,Ua5 slpasmpns

,aa)i,,AQ,,f.:SFPS o> 2Bly ey 10 0,8 S (g, Oyge Sule 3929 adeis (gl il A o Slee gl

.FPS¢< mAP« MobileNet-SSD« Yolon5¢Yolon3 : guuds wleds

o azs ;U

VE- S NYIYA b 5o )6
VE NN ool & b
VENENY i andy sl
VE V0N lasl 7l

Keywords:

Yolon3, Yolon5,
MobileNet-SSD,
MAP, FPS

Jgim.o adwga J..,:p‘-::%
Faranak.emtehani@yahoo.com

Compare neural networks YOLOvV3 «
YOLOv5s<MobileNet-SSD V2 to detect face masks in real
time
Kurosh Dadashtabar Ahmadi*, Maryam fardi
Department of Computer Science, Malek-Ashtar University of Technology, Tehran, Iran.

Abstract

Surveys, evaluations using multiple cases show their true potential and there
are important technologies in various fields. One of the most popular
applications of concepts is object recognition and tracking. Recent products
show promising results in this regard.These systems can be compared and
compared, which analyzes the images and determines whether the person has
used the mask correctly, incorrectly or not at all. Mask detection is performed
on real-time video and surveillance systems using three widely used machine
image algorithms: Yolon3, Yolon5 and MobileNet-SSD V1. Recognized. Will
be judged.The performance results of the three algorithms for detecting the
presence of a face mask on a person in real time are determined in terms of
FPS..

Keywords: Yolon3,Yolon5, MobileNet-SSD, mAP, FPS.
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