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Occluded Face Recognition Based on Deep Image Prior and Robust Markov Random Field
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1 College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China
2 Department of Computer and Information Security,Zhejiang Police College, Hangzhou 310053, China

3 Qianjiang College of Hangzhou Normal University, Hangzhou 311121, China

Abstract The occlusion-caused difference between test and training images is one of the most challenging issues for real-world
face recognition system. Most of the existing occluded face recognition methods based on deep neural networks (DNNs) need to
use large-scale occluded face images to train network models. However,any external object in the real world might become occlu-
sions,and limited training data cannot exhaust all possible objects. Also,using large-scale occluded face images to train networks
violates the human visual mechanism,the human eyes detect occlusions by only using small-scale unoccluded face images without
seeing any occlusions. In order to simulate the occlusion detection mechanism of human vision.we combine the deep image prior
with the robust Markov random field model to construct a novel occlusion detection model, namely DIP-rMRF, based on small-
scale data,and propose a uniform zero filling method to effectively utilize the occlusion detection results of DIP-rMRF. Experi-
mental results of six advanced DNN-based face recognitions methods, including VGGFace, LCNN, PCANet, SphereFace, Inter-
pretFR and FROM,on three face datasets,including Extended Yale B, AR and LFW,show that DIP-rMRF can effectively prepro-
cess face images with occlusions and quasi-occlusions caused by extreme illuminations,and greatly improve the performance of the
existing DNN models for face recognition with occlusion.

Keywords Face recognition with occlusion,Deep image prior, Robust Markov random field, Uniform zero-filling, Structural error
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Fig. 4 Examples of target zero filling and uniform zero filling
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F# 1 FaceNetM i WA R IH 7577 B 76 LEW b iR I RE XS L
Table 1 Recognition performance comparison of FaceNet[4%!

using two zero filling methods on LFW

P& 44 1 EAREET/ N —EEEET/%
0% 99.13 99.13
20% 92.26 95. 23
50%(T) 84.43 95.00
50% (k) 45. 60 94,13

4 FESZR

4.1 XWiEE

AR5 3 3 7 B AN S 56 56 UE A SCHE H 1 DIP-rMRF 4587 )
BRME. B % RAF DIP-rMRF 570 % 45 i £45 A 814 1 &
73 RGPS ARG I R SR R D 4. 2 99D 5 Hk LB DIP-rMRF #5811
ik T E A A SRR R 38 5E Ok A AR SR A A
PR PEBE A B M (L 4. 3 95 —4. 5 45) . DIP-rMRF 1 i
BRPRAE—NHTEXEWIRE ¢ MAMFBMREEN vk
SR HA B 1, DIP FE A A Al Adam BV,
IR 2= > R E N 0. 01, e RE QR B & S 1000, DIP &
SR 5 A% EM 4 AN E, Kb S 8 g i &
TEW DIP B W BT 28 A i A8 5. ] NVIDIA RTX 2080Ti
GPUEAER/N N 11GB) #4737 m sk .

R T B E AR SC 7 B 09 A B S 3% Bl VGGFace ™, LC-
NNE I SphereFace™ "2 3% 3 Ffr o Xt 3 £4 141 1% ot 47 8 =X 4b T
BN M AR B A B, L K PCANet™, InterpretFR'™ Al
FROM™® 5% 3 o il 24 8 4 i A G TR ) A5 280, B0 458 AT 72
A SCHE Y DIP-rMRF #5080 3547 388 $24 K8 00 5 HE 5% 388 14 52 i wip
Ja B PERE , 3 AR A T I £k 19 VGGFace, LCNN, SphereFace,
PCANet, InterpretFR,FROM /R ffi | T DIP-rMRF () DNN
MR, VGGFace ™ B F 2 M1 VGG M 45484, & —Fp )iz
i A A TR Y s LONN J2& th Wu S50 4R b i) — Fp %
G X 45 AT AL, 0 26 AR (1 S BOR AT K 29 U VGGFace (1
1/18 fHHAE LFWEY A YTFP I 85 45 IR T 5 VGG-
Face"™, DeepFace™™ % 1 X4 =k # & & & i1 7 ¥ fE;
SphereFace 5% T 58 H 75 4 53 4 14 £ J32 45 K R B A-Soft-
max FEYIZh W 45 450 R, 0T 48 o S AT B9 A RN A R N Cos-
Facel® , ArcFace® , FROMM®) £ 3 K | %R )& DL A-Softmax
Sy LT A A O R A AU . SphereFace B 1E & T 2 X} A-Soft-
max K HEAT T #F — 5 gk v i A St k. PCA-
Nett*, InterpretFRN™ Fl FROMU 2 3 Fifr xof 386 54 & 4 i A
PURAERL Horp, PCANet™* ] J2 4 45 B 25 ) 4% 165 4 15 % 40
[ FPH HEZREAH 25 4 ) 10 46 450 R, 1L I oA X Gk 424 1k 47 fib =X

1) 48 T 2 0 190 28 A58 70 AT LA 235300 DA AT 0k 26745 <

VGGFace: http://www. robots. ox. ac. uk/~vgg/software/vgg_face/

LCNN: https://github. com/AlfredXiangWu/face_verification_experiment

SphereFace: https://github. com/wyliu/sphereface

BT, (A A T AR A 00 P B 4D InterpretFRY I
FROM™ 7 J& 35 450 42 1 1) FI) F A 308 14 55095 48 % 3 4 30k 47 G
2 A T o 19 2% A AL, v, InterpretFRYS i H 9 fip £ K
PR B T 0 U A ARG 45 DX 30 3T e R A R AR
WO 2 AR G AR R — R T R A P A A R TR
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PETETR JZ R A b BT 2 A0 5 . 2B LI 5 i B A Mask-
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R4 InterpretFR Fl FROM B 76 4 1F )23 i3 8 3 4 09 52 ), {2
AR S 552 96 45 SR O A o A S T A B A it D Y 1 5
M % 7 S AT PTG R M e ) 4R AT SR L R

VGGFace. LONN. SphereFace. PCANet. InterpretFR il
FROM #RH& 416 7 AT LU FF 3R U o 48 A A0 AT A 4 22 1
46 1 B S — > BROREUZ 1 i A S ARG R R AE L £
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2 %% (Nearest Neighbor, NN) X PCANet #:fF g 4753025 . 3+ H
K F R B B R R R R HE S
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i N G b el B ) e A7 A 8 3400 e JRET R T T R
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TP LA B AH R AR B 46 30477 6 BEAS L0 A 4 ) R 31
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o JHE 24 110 L TRV 1 8 A SR R A 00— 2
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TR OO TR R A 43 2 Bk O TR R 0 Bk
FH B I e B B2 0 AR AR . R KSR A L A 7R PR R )
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PCANet:https://mx. nthu. edu. tw/~tsunghan/download/PCANet_demo_pyramid. rar

InterpretFR: http://cvlab. cse. msu. edu/project-interpret-FR
FROM: https://github. com/haibo-qiu/ FROM
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Fig. 5 Comparison of DIP-MRF and DIP-rMRF for estimation of reconstructed image §/ and occlusion support s
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G AE g 5236 B0H 5 Y 2R A5 BB I 119 X 8 =952 3K AN £ 38 4 156 IR
AR AR S ] 6 Ca) BT 5 MR T EH 119 X 3=1357 3k

A | A O i 6 RN A T SR e 3 RO B AR fb i R BR
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Fig. 6
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HMEFIE RN T 6 FhTAH CNN BB AT E rEfe b, AT
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1G5 E 4k K 154 4E0T, DIP-rMRF ¥ PCANet iR B2 7E 3
AR T FARKAR T T 10, 92% ,12. 44 % ,13. 44 % 5 1 24
i AR 1% 2 48 10304 4E0Y , DIP-rMRF H 24 PCANet
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Training and test examples from AR database

AR TR R B RER AL . B0 ¥ VGGFace 543
FEMEEETE 3 N F 4 LAY 2576 19 F 4k (it HE & & 1Y

10304 48 F A3 T iR ARSIk fe . X Ui W] 5L T DIP-rtMRF
) SHE A DU S TR W] RE TR EE AR R AR T TAEA AR R K
HIVER . 6T DIP-rMRF Flfi AR 3 4t 22 8] 1) 56 2% 8 15 LA
J& E— 25,

(3D TEM RS TIT 14 Joe o 1% R 4 I, AR 3007 1 R A ok 1 3
S Al B AR XT3N U H & X T PCANet, 4 3CJ7 5 R T 7
PR T M, A X — R A RN Z 7 m A, X T
PCANet T 5 » 32 B2 2 o 4 A RRAE BT B, 203k I B DR g AL
3 1] Gt 5% 0 J 3500 A R L R AIE 12 B, PCANet 5 iy A 115 4%
B T 4 B AR 0 RRAE 23 18] - 2 g B A RS 4E R 00 40 . AE
NI TR 4 B 2 ) e, R LR R R A R P T
BOME PR . 4 2 PCANet 2 F T 55 4 1Y 45 # 45 1F ok e
B e 4 4 B A G0 St 1) 4k B S R . 7R I TR R, 6
T P A7 R AT G 0 A IR 4 E T, B 4 Fl R A
H ARSI PEBE T /%

F 2 AR M 3 ANIEUE B iR GR
Table 2 Recognition rate of each CNN method on three test sets
o WK & T R T UR=% 1
154 644 2576 10304 154 644 2576 10304 154 644 2576 10304
PCANet 50. 14 67.79 74.23 [82.35] 26. 89 54.90 72.55 92.72 13.17 36.13 70.31 [90.54]
PCANet 61.06 78.99 76.51 [85.70] 39.33 63.26 [84.15] [95.34] 26.61 54.62 75.27 [87.11]
VGGFace 23.53 59.94 66.11 [67.23] 9.52 54.90 68. 35 [68.35] 4.48 9.52 22.97 [28.01]
VGGFace 52.91 70.11 [75.35] 73.62 26.61 61.62 [73.95] 73.86 19. 49 22.18 [33.55] 32.90
LCNN 61.90 73.39 [75.63] 74.51 38.94  59.94 70.03 [74.23] 18.49  40.90 54.34 [64.15]
LCNN 69.62 75.91 [80.14] 78.07 45.45 61.06 75.15 [79.18] 28.57 61.62 66.39 [71.66]
SphereFace 64.15 76.71 81.79 [82.07] 32.49 61.90 [78.43] 72.83 25.77 54. 34 57.98 [70.31]
SphereFace 71.34 79.83 [89.83] 88.63 44.53 72.27 [82.20] 81. 24 26.89 59.94 63.87 [82.35]
InterpretFR 72.93 74.05 80. 26 [88.43] 63. 26 75.05 84.32 [85.71] 36.92 75.59 [79.59] 82.53
InterpretFR 75.59 78.05 81.63 [89.55] 69.05 78.91 86.55 [87.55] 40. 85 79.67 82.82 [89.72]
FROM 73.56 74.79 80. 65 [89.25] 65.67 76.35 85.43 [86.28] 37.25 76.79 [81.39] 85.78
FROM 76.92 79.32 82.69 [89.85] 70.32 79.58 87.32 [88.65] 43.59 80. 82 83.92 [91.57]

T 7 45 5 3R 2 VUM T v A8 A PR B0 25 A AR JEE I T RE A B AQ e D IR R

SRR EXNE A CNN BRIV RE 42 T A IR 1Y 5 — 4
FEFE R T4 AP R R B A PR . 5T
S 58 v oy ST R A DL R AN [ L 3 S R T T Y JR R A
AR T HE 55 S 1 80 194 250 S5 AR R AR HR 9 R 401 388 5 (AL A
FEFMREF) . B 70— F 70 BRR T UIZGRE AR

PR B EL S RRAE CANER (o VS BV R B8 & &y 5 46 T, 1T AN
TIT A Ao 552 s 2 A 5 > o't AR BB oo 28 25 L K BH B 3 24D AR R
WHHET . WA TR AR R Ry M E R
B BE B IR B TN S y Z (R P RERE ™ A I TR VA 19 #;
R PR TINGE PSS y )" A RE 8 E BRI EL.
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Fig. 7 Examples of data that are easily “confused” with test

samples in training set
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LA F 4L T, IV AV rh 2847 (453 + 5244 712) X 10=
16 890K AL & 1 7N [l 2 B 1y O R AR Ak R GEE B 1 IR % . FRAT 3k
P& TR 1§ A AR G 717 350 1 Rl 2k L e BLY 5
JE B F 4 T 4530 3% IV 5240 58) Fl V(3 7120 5K)
A3 MRS A T, 10 A IIL, A 09 YN 5 42 0 0 3 4 18145 3
B BI IR X FF o 96 X 84 MR RIEFE, ERE ALK IS
Wei 209 1 SEH B BT AU

&l 8 3¢ A Extended Yale B B9l Z: A1 MR AL A
Fig. 8 Examples of training and test images from Extended Yale B
TE 4.5 47, IRATK A B CNN #1801 8 50 M R A0 4 e I Z 45 38
B FARE B . Mehdipour 2100 f S 86 L 45 1 T 26 M AY &
H(VGGFace fl LONN 7£ 32 4% PR 58 T 9 1 51 ¥ fE BT 1 55

7 3 5| H T 1 Extended Yale B ¥ 3 ~3R 4 B ¥ DIP-
rMRF Ml —B I T 6 A CNN B8 /5 #9147
S REXS LG5 SR . b TR 2% R T AR A X P 0 1 B Y R e
23 FHIH T MR B AN 6026 B T2 90 %6 B Ay L5 2
AT RAFE 25 77 78 K R 14 IR R 4 CNIN S 70 ) 47k i 4
FEMRE) 1 5000 AR L3 2 ol T 500N 25 o Joir 5% 1 i I 4 4 A AR
AR AEIEZ I T YIRS 219 . 1 Extended Yale B %4 4k
TRV A% 1 SZ IR T R AR VN RREAR I 43 A AFTE B R0 2 57

FAEZ B TR . HA TR A2, Mehdipour 45 Y 52 5
5 il VGGFace %37 2048 (9 3& 1 B8 1 8 T LONN, 15 A 75 11y
SLEG SRR 4510 IE I AH R X 1] B & R i Mehdipour 45 9F:
AT R A BB B9 LONN A8 CH Rl LONN AR A 2 28 5 53 5]
T ChR.

2 3 fF Extended Yale B ) 3 Ml 4 I A#Y3H 5%

Table 3 Recognition rates on three test sets of Extended Yale B

%)

DR | I T oK & T

oce 60 70 80 90 60 70 80 90 60 70 80 90

PCANet 100. 00 100. 00 98. 46 25.49 99. 81 97. 34 84.03 16.73 85.15 59.24 27.31 3. 64
PCANet 100. 00 100. 00 99. 85 55.32 100. 00 98.59 86.27 44.18 89. 80 82.72 76.67 42. 38
VGGFace 7.91 3.96 2.42 2.86 5.51 3.04 3.23 3.04 3.64 2.38 2.38 1.82
VGGFace 62.00 56. 30 45.48 15.49 59. 34 41. 44 33.19 11.38 51.97 39. 33 23.14 10.03
LCNN 13. 85 6.59 2.86 2.42 5.89 3.04 3.61 2.85 2.38 2.10 2.38 2.24
LCNN 71.20 65.46 55.64 26.59 63.54 58.71 40.76 14. 45 58.15 46.08 30. 37 19. 66
SphereFace 39.96 27.34 19. 28 8.67 33.72 25.53 17. 30 7.49 31.81 23.59 15.67 7.04
SphereFace 77.01 66.57 56.70 31.21 76.62 63.16 52.11 26.08 70.03 50. 70 33.25 22.66
InterpretFR 50. 15 47.87 39.56 25.60 49.24 39. 46 31.08 21.27 42.52 37.67 27.86 11.53
InterpretFR 79.56 71.58 66. 81 45.16 78. 30 73.46 61.94 32.09 73.81 67.42 59. 83 27.23
FROM 52.32 48.58 42.39 28.72 50. 32 42. 86 32.58 23.79 43.22 38.57 28.76 15.39
FROM 82. 35 75.72 68. 68 48.58 79.52 76.59 63.59 35.57 75.92 69. 38 71.59 29.58
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SR, PCANet 7E3X 3 A~ 45 [ X 38 $47 1) 258 20 & 36
BT A ANBERRE, G, K T L BVEEAELE 80 %M
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Table 4 Recognition rate of each recognition method on LEW

face database

73]

Occe 0 10 20 30 40 50 60
PCANet 67.41 56.71 50.77 42.67 34.18 24.64 16.87
PCANet — 67.04 60.16 50.69 49.01 30.31 25.32
VGGFace 98.07 88.48 62.72 29.05 8.24 2.37 1.31
VGGFace - 97.41 83.08 65.24 42.86 31.22 14.88
LCNN 96.10 88.74 68.99 43.48 18.8 5.98 1.86
LCNN — 92.40 85.29 63.37 46.78 25.21 16.38
SphereFace  99.42 93.54 75.08 50.05 31.01 21.64 15.23
SphereFace — 98.17 87.71 78.75 65.47 43.78 29.35
InterpretFR ~ 99.05 94.45 80.66 67.05 40.33 35.50 22.86
InterpretFR — 99.02 93.31 91.73 89.14 65.82 48.93

FROM 99.25 95.52 81.76 68.23 43.
FROM - 99.10 95.42 93.53 90.

2 38.72 25.95
2 67.39 50.29
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Table 5 Performance breakdown points of each comparison method
before and after applying DIP-rMRF

%0

Occ 0~10 10~20 20~30 30~40 40~50 50~60
PCANet 10. 70 5.94 8.10 8.49 9.54 7.77
VGGFace 9.59 25.76 33.67 20. 81 5.87 1.06
LCNN 7.36 19.75 25.51 24.68 12.82 4.12
SphereFace 5.88 18. 46 25.03 19. 04 9.37 6.41
InterpretFR 4. 60 13.79 13.61 26.72 4.83 12. 64
FROM 3.73 13.76 13.53 24.71 4.8 12.77
PCANet 0.37 688 947 1os [N ¢ o
VGGFace 0. 66 14.33 17. 84 22.38 11. 64 16. 34
LCNN 3.70 7.11 21.92 16.59 21.57 8.83
SphereFace 1.25 10. 46 8.96 13.28 21.69 14.43
InterpretFR 0.03 5.71 1.58 2.59 23, 3 16. 89
FROM 0.15 3.68 1.89 3.01 23.13 17.10
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