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Mask-occluded face recognition algorithm with integrated
multi-view features
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(1. School of Electronics and Information, Xi’ an Polytechnic University, Xi’ an 710048, China;
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2. School of College of Computer Science and Technology, Xidian University, Xi’ an 710126, China)
Abstract Wearing a mask is the most economical, effective and practical protective measure to prevent re-
spiratory infectious diseases, but it also reduces the accuracy of face recognition. Therefore, a face recognition
algorithm with mask occlusion combined with multi-view features is proposed. Firstly, BoTNet is used as the
backbone feature extraction network to improve the recognition accuracy. Secondly, face attention augmenta-
tion model (FAAM) is introduced to generate a non-masked map of face areas (eyes, eyebrows and forehead )
that are not covered by masks, and then the features of the masked map areas are accurately extracted to im-

prove the performance of face recognition. In addition, the joint loss function L, is designed to improve the

face
convergence speed and performance of the model. Experiments are carried out on a public occlusion face data
set with 500 000 face images of about 10 000 people. Compared with other algorithms, the recognition accura-
cy of this method is significantly improved, and it is 13. 9% higher than that of the classic algorithm FaceNet.
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Fig. 1 Overall technical framework diagram
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Fig.2 The detection of faces obstructed by masks
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Fig. 3 The detection of faces without ob-

struction by masks

1.1.2 % & non-masked map

T REHESR IR 11 B DI A R AT, A S
A AR 1B X 1) 52 B 18] ( non-masked map) . i
A PR R, AR U BR AT« DMRUGE
B NGB ARBR A 1.2.30,16 .17, A= il dE 1T 8 X
B R AR @A JE B OCHE A 20 1 25 T
HH AR F DAl b AL OMRIR E H AR AR T
2025 F1 17, e 24 AR 11 B X3P non-masked

map ( 24 EIRIE 8 B AL S5 X ) | an &
4 FIr7N .

i AN AE DR B 1B K, £ A MaskThe-
Face! ™ {640 115030 34, W0 5 BT /%o MaskThe-
Face ST Dlib YU A 150 A S F 11 ER Bir
B 68 S SCHEAFAE , FRAR I 68 > IS FFAE
X BRI R AT R 4, 1207 VR AR R 1 B R DL S
FME . AR 1 8 X 1) non-masked map
AT i N\ R R 11 R N 2R O R — B
1.2 $HERER
1.2.1 BoTNet

FaceNet"**fff Fi 5t 21 5t 1l 25 B 16 T 1% %,
MR EIRAL S T 55 AHOC B4 8 AT LASRE
PERE . FaceNet 3% FH %% 22 W 4% ( residual neural net-
work , ResNet) /Eh 3= 1 M 4%, ResNet i & f 25 1
JE IS B IR A ) R, SR e 20 SR T L (HAG 22
RERINAE, WIZRI T . SCHR[40 ] %31 BoT-
Net, fii 122 3k @ & & 7E ( multi-head self-attention
MHSA) 3 # ResNet50 {4 3 x 3 1, fi# 18 Res-
Net50 TUAR K HRBEFEF . 2 1 LG Ay )@, HL
ARSI TR D, SEb TR ROR . P
I, AR A BoTNet 52 3271 W 2%, 19 2% 45 1)
il 6 Fis



H2H BV, A BeE SRR SRR Rk - 289 -

(20050) (25.050)

2021 *24*2546
*19 21 %22 *23 =
/ %18 o *27
430 4344645
1353340 28 w348 40
A 29 ¥17
*30
#2 *31

3233343836 “15

50*31 #5253

S0 82504 .
. AG g 627636454 ke

*6 2

*8 Y *10

K4 OEERS AR non-masked map 4=,

Fig.4 Non-masked map generation of masked faces
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Fig.5 Non-masked map generation of non-masked faces
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Tab.1 Recognition accuracy under different w

AT %

g [

855 0.00 0.25 0.50 0.75 1.00
Accuracy 51.6 62.5 74.7 63.2 62.6
Precision  59.6 66.5 72.5 62.5 60.7

Recall  52.6 55.6 81.1 63.8 74.3
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Fig. 11  Simulated mask occlusion dataset
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Tab.2 ROC data under different epochs
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(a) Original image (b)BoTNet features (¢)FAAM features
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Fig. 15 Feature map visualization
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Tab.3  Ablation experiment results on the SMFRD dataset when training with images not occluded by masks

ResNet50 BoTNet FAAM Accuracy/ % Precision/% Recall/%
v 57.2 74.9 75.5
v 58.6 63.6 61.5
v v 65.4 71.2 69.3
v 59.3 66. 6 71.7
v v 70.1 71. 1 79.6

F4 INGRii AR A PR A SMERD K4 1 il se g 2 R

Tab.4  Ablation experiment results on the SMFRD dataset when training with images simulating mask occlusion

ResNet50 BoTNet FAAM Accuracy/ % Precision/% Recall/%
v 70.3 70. 8 75.5
v 71.5 69. 4 72.4
v v 72.8 71.8 73.2
v 70.9 71.9 69.9
v v 74.7 72.5 81.1

i b, BoTNet 45 By [0 45 4 56k AR I S Bl A9 A
RHE , SRIFON K IR FE R AE , FAAM JURS e &
AL Y AE 1R DI, 35 Bl 9 2% 42 B non-

masked map DX I R FRAFAL, Ly, 372 i A5 L A i
SICH MR RE , AR SCHR I A 33 0 T 1 B4 )
NI BER 1k 2R AR PRI TERE -
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1E BoTNet )7 — A& B G BRI FAAM #£47
HSAE 1R X I 5 37\ J2 B non-masked map [X 5}
(SR AL 5 B , (PR 5 4 5 PR Ly, B R AR
TSR AP RE o 38 1 SE R IR UEAS SCRA E
2SR SV IR R SIS SN PN A AR RS i €= PN A
PR T AR T 5 . (AL 5 1S3
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