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1- AttBANet: Attention boundary-aware Network for image segmentation
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Z Convoloutional Neural Networks(Cnn)
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! Feature Extraction
2 Face Matching
3 Representation
4 Reconstruction



e s 5l Olpds aS g5k @ i jlo | atd; cundil (g (5lil anisy | glal pee i Sl SIS
JoSule pgai 5l JalS (S0 ez poal 335 (0 5] Cuwd 4 gl il e olxe Sl (A8l
O3 bl mee i sl (Baes (aras SlaSl (B S o 5el 0,5 eoliiul oy, cnl 5l (le e
gl g 28ly polar adsi o aS oYL olle Lo 4 GAN slaaSlis ogd co ool aasiis
Wl pl A5 Gae ail adly, caws aiwy ol jo 4298 BB Coinn 4 )l YU mhaw sl Sig

Ol o aseis S5 aS 0gd adgi IS A Sule g pgal Coles 4o g 9ed pll aSuls

b

ol s> oly 5 il

ol 0o 0Ll byl as dalol jo a5 04l co SWSie el & jg0 Sule I ool
el Slulls e 1) coli GG, g cd ol 5l oolaiwl sqw b B Le g ol)lo S o
RCT-XYP
Ol Swlo g Sjgo 5l (S e &5 Gloy oz Sy il g axelr (pw s S5
RV A PO PR W
B s Byme )3 eyl 5l ogd oo ooliinl g Sl ) memal 5 D9 gloles @l e
R TY PR VI VE PP OV P P e [V] Sl oo Jlows 0 4z anseid 0 g 4l ools

09“(5'6 )‘9...’:.:‘) o = uw 9 OO‘O

! Image Inpainting

)-¥

\-¥



@1y 0979 oz asitS Glaghy) P lB b 4 Sjgpe Swle (M (pl 4 a2g L

oxy patdd JSie g0l o> B Wil o0 GAN oSl b pgal moe i ) ilonssS”

el 0 0,1 LayT 4y delo] 5 a5 sl ol e _pla il b Lol xS o 1, Sasle gl

3,105 099 Swle 1)l pgat | gan isu Gl p icwla HBols .

Slaaised odsi @Sl (s [ Ses pue il platllr GAN it sloaSlts (ojsel o
5 TSl asis e oShee Jdo @ wos biwg g5l poe Twse by Sgame
Sl 929 4 T b5l e
95 Olee ol g9 mli gadl asls b cdbas el s 0 GAN aslul 4 olows
35 Pee CSEST (6,50 L cnl osls o gy cpl jo I il jlads oS wans &l
39 pll 0 4z polal pes

sk olgi jslane 40”1318 ¥ B LS Haglls wiile iggiie (aglglS laaY jleslial

a5l eads Zlpesl gla She &dly o a5 Vw a3l eaiiS pleie Al p oogdle e
Ded a0l (5 Ml Sl g g5lesl 4SS ogdle b o oolatul 35 <l VGG

SSIM 5 MSE L1 slas asile ggiie U ailsi 5,:5,15

iz g (59195 -

e oS 720 4 aalinbl cnl baisele (S sk 4

! Segmentation

2 Generator

3 Discriminator

4 Overfitting

5 Gate Convoloution
6 Dilation
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2 Face Alignment

% Handcraft Features

4 Local Binary Pattern (Lbp)
® Global Descriptor
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Abstract

Face recognition is one of the most active research fields of machine vision and pattern
recognition, which is widely used in many fields such as identification, access control, and
public security. The development of deep learning techniques, access to large-scale face
datasets and production of high-power processing systems, the performance of face
recognition systems has improved significantly. However, face recognition systems still do
not perform very satisfactorily when facing challenges such as pose variety, different
illumination, low resolution, and occlusion. Image occlusion is one of the most challenging
face recognition problems. In this challenge, the appearance of the face changes significantly
and the identity features of the face are lost, which makes it difficult to recognize the face.
Using a mask blocks a large part of the face, including the nose and chin. Hence, it is
considered the most difficult challenge of facial occlusion. One of the methods of face
detection in case of obstruction is face reconstruction and restoration. In recent years, GAN-
based networks have performed very well in the field of image restoration and
reconstruction. In the proposed method of this thesis, first the mask area is detected and then
this part is reconstructed and the face without mask is created. Then the reconstructed face
is given to the face recognition system. The proposed deep network architecture in face
reconstruction is based on GAN. The output of the network, in addition to producing a high-
quality image, preserves the identity features of the area under the mask, that is, the nose and
mouth. Therefore, the proposed method increases the accuracy by about 30% compared to
the masked image and by about 8% compared to the compared methods. Also, the
quantitative criteria of SSIM, PSNR and FID indicate the proper performance of the
proposed method in the mask area restoration.

Keywords: Face recognition, image impainting, Deep Learning, GAN network



Shahrood University of
Technology

Faculty of Computer Engineering

M.Sc. Thesis in Artificial Intelligence Engineering

Masked Face Recognition Using Deep
Learning

By: Sadjad Rezvani

Supervisors:
Dr. Mansoor Fateh

Advisors:
Dr. Hossein Khosravi

August 2022



