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Fig. 3 Separation of network G and pixel value superposed process
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Fig. 4 Residual texture generation

4 vy 255 AR —IKRBEME 4N 255 WE ARG Wikl TR AR NS0 FH EBIR R 252801 .
JIT LAASE R v e A 55 I S G (3 4 AN 6 (8 F Al e W 4% 2o 2 2] . 5 DF-GANU™ AR L iz 880 i B R TR R
&l & R (B 3) X R DE-GAN B 48 R /N LT/ 7 — 2 JF HAE R 43 15 0 25 11 300 i 752 5 i 1A B 0
W25 2 ]

2.3 7 W &

AR B 3 AR H g < {1 € X X L B RS NI BT s (s 2y €YY SOl BT LK
sl )0 € Z: Z S  RIVBR 22 W) S [ o A TR Al 2 0 5 0 1 4 4 A R TS A AR X 3 AN A TS : (v 2) =
G(x) o=y Dz, PR il Ja . w5 2 3 A F00 a8 ok FIWT I 2ok B T 558 1 80 i 2 Hy AR il A2 1
B DU O k. 3 A 3800 40 1) s ol AR [R) 9 48 4y o A 0 g el 5 S BUZ MG | 4 JZ2 R4 X 4 1)
B UL LA I leakyrelu s 75 2, feJi — 28 A sigmoid s e&i £k .

2.4 il &
XF BT G >R T AR B A 5 0 ) 22 ) ) — A /R R AL S, H bs eR AT -
min max Loaw(G,Dy,Dy.Dy) 2)

G Dy.Dy.D,

E

LGAN (GvDX 7Dy ’Dz):ElNPdma(I) [ln (l_Dy(S}> ) +11’1 (1_Dz(%) >]+
EyNI7(|(,lm(y)-,:Nl’dm(,\(:) [In (1—=Dx(y @ 2))]+E.mpdm<.l) [In Dy () ]+
EyNP<I;un(y) [ln Dy(y)]JFE:dim(;) I:h'l Dz<Z):|o (3)

P (2) 5 P (3 » Paa O 23 HIANER 3 AP BLSE BB o0 A v ARG R 2R it G AR I gl (L (D 20, U



114 FRIMEAFFREARFH  http://www. cqnuj. cn % 36 %

Y 85 Z 88 sl M=y @ =,
TEA R 2y B W 4% G 5 TR A 3B 4L T — DGR . BT L2 % Cycle-GANT [ # 2k pRFL i & . Hors
s JERES

Lo =ME, s, o |[FGG@) 2| F0E, p, heony. 0 [GG @) — (3.0, (4)
LR LTI e Jm EAUAL B 2k R BT -
mm max Loan(G,Dx,Dy.D,)+L,.(G), (5
R R B BB 0B 36 L 58 Coele GAN' 3R BRAL B L3850 M
PAR LA 0% R 80 6 ik E’J*&/J\ﬂijutﬂ’) Eh@iﬂﬁbﬂi 6 /\ﬂid\ﬂ:hﬁ% e
Yﬁiﬁz}ﬁ*ﬁﬁi:(}lossy ~Pd ,,,,, (a >[—1n(D(y))]+L

Y BAGHRK : Do =Eop, oo [InDy (W IHE.p . >[1n<1*D<&>>];

ZBAEBIK G =E o[~ In(DG) ]+ L.

Z WA B : Dir =E._p, o [InD;, <z>]+EMWI> [1n<1 —D:) ;s

X WA R :Gox =E.—p, o [—In(D(@) ]+ L (G)

X HHBARK : Dix =E.p, o [InDx (@ I+E, » E.p o, [In(1—DG)) ],

RGN T A B B — %tméwa R R S PR R (”,---,y“’”},{z(”,z@,---,z“'”},%IJFHFfEWﬁ*ErE
VAR He B 2% A0 31 D) 245

VﬂizGlossY(~T(” ,y(’) ’Zm ) ’VﬂileossY(~T(i) ,y(’) ’Zm )
m = m “
1 v
w;Z@Mu“ ’()W Ea/u UL N (6)
. . 1 . . .
ZG X(,[ ’y (1))’V0*2D1053X(‘Tmvymaz(l))
"m m —

CESISICIE 08
3 KB

9 T U B A B 5T A B A RO AR SCHE 4 AT NGB 5 5 H Al 2 R R B A7 2 i 5 R R AT T LA, S
% K F I EAE 240 Ubuntu 16. 04, 4 #2155 4 Python 3. 6, ffi | Tensorflow fE22 1. 1 JRA , R F£5 K Xe-
on E5,64 GB A, BLA —3 NVIDIA Taitan XP R, JrA BB I 2k if 248 20 IR ¥di g . T 37 % W
UE » MG AE 55 R WA {7 W H (PSNR) F1 45 44 AF AL PE (SSIMVD U %ot 52 56 285 0 450 9 .
1 HEEHESE

The AR face database™7 . AR A ¥ H 126 ™ A(70 44 B #:.56 4 M)k 4 000 7k A 18 B 40 A% .

X G B 2 LA A [ T B 15 R 2 A R O B B A0 [T T ) ) TE TR A I . R AR SO S v T A Y

My R 2 600 5Kk, Horb 1820 5RAE IR BT 1Y 780 5KRAE A4 .

The CMU MultiPIE face database™™  iZ 5t H 337 AFE 15 DWREL S 19 4> BB & F4a M, [m 75
T RIS RN S8 750 000 sREMR . A SCHERC T r A TE T A B L KO B B IS v B R AT S
5, — 3Lk i 8 089 JKIE v FIAEUIZR. 3 465 sk 7 AR A .

The Color FERET face database™™ : 7£7f7 45 {0 45 1 A IER B4 S b B 32 % 1 FERET $i40 42 ik 47 3¢
5. ZBREIE 11 338 sk A i 6046 1 994 DNEAFAER B AL 40 13 DEFAM B R . g,
AR SCHE I T RIS “ fa” CIE T D F0* b CHj IR T8 A BE 28D X WS 34 iy (8] i, 3 980 5K I8 /R S illl 254 . 420 5K
P VR S i 4

The LFW face database'™ : Bt Z 4), ZIKXCHET%%#FB’JJ\H“l@%ﬁfﬁ%Jﬂﬂ‘%ﬂL T EIE. LEW
(Labeled Faces in the Wild) &5 MR E184E T #8331 680 4~ A, 13 000 5k AR . &k, 68 6 950 5k
BUGAE R 2R 4E 2 980 3K G AE g it 4E

I SRR ) < T IO RS Y T S0 BR R B 4 BT AR i Sk L 18 b 9 O ik R il M S0 . 28 1 40



% 6 KO EETHMERNENARERF £ HAHA 115

M 3 X T 52 A% 5% BRSO AR R AR L e % A B LA B R ML A AT BE AL S AR A5 R 20 T L A S TR .

N

\ N
i

B 5 HERHMgE

Fig. 5 Generated mesh net

]

[—
e —

55 2 0 AR (DSORGB & . Hob s £ ARR ML ER .y RN EIR . o AR5 UG 1Y
SN . o€ L0, 1]FE 13 R G B I S0 2 B B2 o 80K I 20 B B 6B R . 52 B & BB o #E X [R] L0, 1,0. 9]
e 5] o AT BERLE B — A o VEN B BB W B . VR G 7 R S I 15 30 AT AR 318 i T 5k 22 I 50 1 AR O v
R 2E ST,

Y afnc‘r+(17a)y’fnct<1 7 )
Yo foa=1

B AL PR R SR BRI B B BT A NI TR AR AR AR P AR IR AL R B R B A 128 X128 K
AN BERSYIN R ] ADAM SR a . 2% 2 3 E Ry 0,000 2, HER R/ R 1, 51 2K oA B0 AR 2 808 A, = 10,
Ao =10, 585 W2 th R MO 25 47 J2 R o Sl 256 X 3232 X 1, {1,255 X 32X 32X 1 1 o T2 A 1 45 GF ¢
NS AELGTS 5 IR ZE DL KR A5 5 AR A T NI R 51X 32 X382 X T AN AU R IE R 7 » 25 1 Sk 22 Bk D)
NS as 5 RS WS E R
3.2 MBIER

MABIREE R B A RE o B A B A SO 7 YA ER BT 47 T 53 A Fh Oy 1 (3 D KA E MultiPIE ¥4 48
b DF-GAN 2 HEZHA K. K 6t AWISERCR & . CycleGAN B8 2 BR K &R 43 M SU{H 2 A L8 38 Be F 31| )
BURIE . DF-GAN Z B M 203 J5 JL-T- 5 A 2 9 S0 IR 8 L E =248 52 5 /Y I A Se ol s s B 2% 5 B2 I
FCAFTE A 25 . oI RS L & 0 2, IR 1B 52 J5 A SCREBY i 45 51 5 It I B R 4

%1 AR, MultiPIE, FERET, LFW $[{E& F KRB R HIERE R
Tab.1 Index results for each model on the AR, MultiPIE, FERET, LFW dataset

] VA 1 15 W% L (PSNR) 55 K A AL (SSTMD
ik AR CMU_PIE FERET LFW AR CMU_PIE FERET LFW
He M 2 B 15. 66 18.92 18.56 18.23  0.4518 0.5316 0.4336 0.450 4
Cycle-GAN 21.72 23.13 25.72 23.08 0.875 7 0.822 7 0.861 1 0.832 9
DE-GAN 23. 85 28.21°  28.15 23.18  0.9168 0.9176° 0.9310 0.869 0
VNG iR 31.76" 26. 27 29.12" 25.25" 0.936 3 0.864 7 0.9481* 0.9250"

I FRFBRE T IR AR A L.



116 TR AFFHRCE SR F RO

http://www. cqnuj. cn

¢ FERET #¥54%
T A/ DT N BARKUO T S L CycleGAN 25 5 [ . DF-GAN £ 52 8 A SC 45 8 1B TR A
B6 TRAFEESHESELNEEER

Fig. 6 Repair results of different methods on each data set

4 BRIF

d LFW %44

ASCHR T — Ff B T X0 25 18 I 45 119 1 368 19 S0 15 9 G PR B SRR . R IR e A R A 2 —
BT B AR T 1A B A 53 A S 53 0 45 A S — A X A R 2% R B R S S R . RS I
3 AR Gl GG e NSRRI E0 R AR 0 5 1 5 e 76 A R 35 B 8] A e A i e A 20 5 T 45
HSR T 20 4 R A PR il 1 3 0 R T PR R R B2 - 70 B 45 Rl A B — N 3P . I A fi
X IO PR ) SR A D A I LSRR A5 R T T R A 5 3 0 NI P A B R ST T ) A R

EOAIERGAARGL T A1 CFINAGEAARM BEMNERATAL. B3 B4 PHAEARBLHRET
AT AR FIE L, B4R T L http://mmlab. ie. cuhk. edu. hk/projects/CelebA. html.

SE K

[1] LT Y,LIU S, YANG J, et al. Generative face completion
[C]//Conference on Computer Vision and Pattern Recog-
nition (CVPR). Hawaii, USAIEEE,2017.

[2] BENGIO Y,COURVILLE A, VINCENT P. Representation
learning:a review and new perspectives[ ] |. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence, 2013,
35(8):1798-1828.

(3] kB2 Z . WA 7 e Hedr )], AR T K%
Al GL & REAE) ,2018,32(6) : 20-26.

ZHANG Y H,QIN Z G. Analysis of methodology of deep

learning[ J]. Journal of Chongqing University of Technolo-
gy (Social Science),2018,32(6) :20-26.

[4] KRIZHEVSKY A,SUTSKEVER I, HINTON G E. Ima-
genet classification with deep convolutional neural net-
works[ C]//Proceedings of the 25th International Confer-
ence on Neural Information Processing Systems. Lake
Tahoe, USA:MIT Press,2012.

[5] TAIGMAN Y,YANG M,RANZATO M,et al. DeepFace:
closing the gap to human-level performance in face verifica-

tion[ C]//Conference on Computer Vision and Pattern Rec-



% 6

KO EETHMERNENARERF £ HAHA 117

ognition (CVPR). Columbus, USA.IEEE,2014.

[6] HUANG G B,MATTAR M,BERG T,et al. Labeled faces
in the wild:a database for studying face recognition in un-
constrained environments| EB/OL].(2008-09-16)[2019-11-
25]. https://hal. inria. fr/inria-00321923.

[7] ZHANG Z,LUO P,LOY C C,et al. Facial landmark detec-
tion by deep multi-task learning[ C]//European Conference
on Computer Vision. Zurich. Switzerland: Springer,2014.

[8] SCHROFF F,KALENICHENKO D,PHILBIN J. FaceNet:
a unified embedding for face recognition and clustering
[C]//2015 IEEE Conference on Computer Vision and Pat-
tern Recognition(CVPR) Boston, USAIEEE,2015.

[9] PATHAK D, KRAHENBUHL P, DONAHUE J, et al.
Context encoders: feature learning by inpainting[ C]//IEEE
Conference on Computer Vision & Pattern Recognition
(CVPR). Las Vegas, USA.IEEE, 2016.

[10] YEH R A,CHEN C,LIM T Y,et al. Semantic image in-
painting with deep generative models [ C]//IEEE Con-
ference on Computer Vision & Pattern Recognition (CVPR).
Hawaii, USA.IEEE,2017.

[11] YANG C,LU X,LIN Z,et al. High-resolution image in-
painting using multi-scale neural patch synthesis [ C]//
IEEE Conference on Computer Vision &. Pattern Recogni-
tion (CVPR). Hawaii, USA.IEEE,2017.

[12] HUANG H,HE R,SUN Z,et al. Wavelet-SRNet:a wave-
let-based CNN for multi-scale face super resolution[ C]//
2017 IEEE International Conference on Computer Vision
(ICCV). Venice, Italy . IEEE, 2017.

[13] LI Z. H,HU Y B, HE R. Learning disentangling and fu-
sing networks for face completion under structured occlu-
sions| EB/OL. (2017-12-13)[2019-11-25 . https://arx-
iv. org/pdf/1712. 04646, pdf.

[14] ZHANG S, HE R,SUN Z, et al. DeMeshNet: blind face
inpainting for deep meshface verification[ J]. IEEE Trans-
actions on Information Forensics and Security, 2018, 13
(3):637-647.

[15] ZHU J Y,PARK T,ISOLA P,et al. Unpaired image-to-
image translation using cycle-consistent adversarial net-
works[ C]//2017 1IEEE International Conference on Com-
puter Vision (ICCV). Venice, Italy: IEEE,2017.

[16] BENGIO Y.LAMBLIN P, POPOVICI D, et al. Greedy
layer-wise training of deep networks[ C]//Proceedings of
the 19th International Conference on Neural Information
Processing Systems. Vancouver, Canada: MIT Press,2007.

[17] VINCENT P, LAROCHELLE H,BENGIO Y,et al. Ex-
tracting and composing robust features with denoising au-
toencoders [ C ]//International Conference on Machine
Learning. Helsinki: ACM,2008.

[18] ZHANG S,HE R,SUN Z,et al. Multi-task ConvNet for

blind face inpainting with application to face verification
[ C]//International Conference on Biometrics. Halmstad,
Sweden:IEEE,2016.

[19] GOODFELLOW I J,POUGET-ABADIE J,MIRZA M, et
al. Generative adversarial nets[ C]//International Confer-
ence on Neural Information Processing Systems. Montre-
al,Canada: MIT Press.2014.

[20] CHINTALA S, RADFORD A, METZ L. Unsupervised
representation learning with deep convolutional generative
adversarial networks [ EB/OL ]. (2017-12-13) [ 2019-06-
287]. https://arxiv. org/pdf/1511. 06434. pdf.

[21] OSINDERO S, MIRZA M. Conditional generative adver-
sarial nets[ EB/OL]. (2017-12-13)[2019-06-28 ]. https://
arxiv. org/pdf/1411. 1784, pdf.

[22] YIZ L,ZHANG H,TAN P,et al. Dualgan: unsupervised
dual learning for image-to-image translation [ C]//2017
IEEE International Conference on Computer Vision (IC-
CV). Venice, Italy : IEEE Press,2017.

[23] KIM T, CHA M, KIM H, et al. Learning to discover
cross-domain relations with generative adversarial net-
works[ C]//International Conference on Machine Learn-
ing. Sydney, Australia; ACM,2017.

[24] AFONSO M V,BIOUCAS-DIAS ] M, FIGUEIREDO M
A T. An augmented lagrangian approach to the constrain-
ed optimization formulation of imaging inverse problems
[J]. IEEE Transactions on Image Processing, 2011, 20
(3):681-695.

[25] HE R,ZHENG W S, TAN T N, et al. Half-quadratic-
based iterative minimization for robust sparse representa-
tion[ J]. IEEE Transactions on Pattern Analysis & Ma-
chine Intelligence,2014,36(2) ;:261-275.

[26] HU Y,ZHANG D, YE J,et al. Fast and accurate matrix
completion via truncated nuclear norm regularization[ ] ].
IEEE Transactions on Pattern Analysis and Machine In-
telligence,2013,35(9) :2117-2130.

[27] BARNES C,SHECHTMAN E,FINKELSTEIN A,et al.
PatchMatch: a randomized correspondence algorithm for
structural image editing [ J/OLJ]. ACM Transactions on
Graphics,2009,28(3) :No. 24. (2009-07-27)[2019-11-25].
https://dl. acm. org. citation. cfm? doid=1531326. 1531330.

[28] EFROS A A,LEUNG T K. Texture synthesis by non-par-
ametric sampling[[C]//2002 IEEE International Confer-
ence on Computer Vision (ICCV). Beijing:IEEE,2002.

[29] HAYS J,EFROS A A. Scene completion using millions of
photographs[J]. ACM Transactions on Graphics,2008,26
(3):4-11.

[30] LIU SF,PAN J S,YANG M H. Learning recursive filters
for low-level vision via a hybrid neural network[ C]//Eu-

ropean Conference on Computer Vision (ECCV). Amster-



118 Journal of Chongqing Normal University (Natural Science)

http://www. cqnuj. cn Vol. 36 No. 6

dam: Springer,2016.

(310 S8R, fuf i 3 R W, 55, VR BE 2 > BR B & ik i b
(] EE SR EE K .2019,24(3) :127-143.

QING Z P.HE L B,CHEN X,et al. Survey on deep learn-
ing image inpainting methods[J]. Journal of Image and
Graphics,2019,24(3) :447-463.

[32] YU J H,LIN Z,YANG ] M, et al. Generative image in-
painting with contextual attention [ C]//Proceedings of
IEEE Conferenceon Computer Vision and Pattern Recog-
nition. Salt Lake City, USA.IEEE,2018.

[33] OORD A V D,KALCHBRENNER N,KAVUKCUOGLU
K. Pixel recurrent neural networks[ C]//Proceedings of
the 33rd International Conference on Machine Learning.
New York,USA.JMLR,2016.

[34] BURLIN C.LE C Y.DUPERIER L. Deep image inpaint-

ing[EB/OL]. (2017-07-02)[ 2019-06-28 ]. http://cs231n.
stanford. edu/reports/2017/pdfs/328. pdf.

[35] WANG Z,BOVIK A C.SHEIKH H R,et al. Image quali-
ty assessment:{rom error visibility to structural similarity
[J1.IEEE Transactions on Image Processing,2004,13(4) :
600-612.

[36] BENAVENTE R. ,MARTINEZ A. The AR face database
[R]. CVC technical report,1998.

[37] GROSS R,MATTHEWS I,COHN J,et al. Multi-pie[ ] ].
Image and Vision Computing,2010,28(5):807-813.

[38] PHILLIPS P J,MOON H,RIZVI S A,et al. The FERET
evaluation methodology for face-recognition algorithms
[J]. IEEE Transactions on Pattern Analysis and Machine
Intelligence,2000,22(10) :1090-1104.

Method for Eliminating Mesh of Face Photograph Based on Generative Adversarial Networks
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Abstract: [ Purposes ]In the field of image restoration, it is very important to repair the face images with mesh occlusion for impro-

ving the accuracy of face verification. [ Methods At present, the model based on deep learning for repairing mesh face requires input

of corresponding mesh data in training, but it is very difficult to obtain the corresponding mesh data in practical application. In order

to avoid using the corresponding mesh data to effectively repair the face image, a disentangling generative adversarial net is pro-

posed. The residual mesh used to replace the real mesh is generated by using the pixel difference between the occluded face photo-

graph and the clean face photograph. The disentangling generative adversarial net consists of a disentangling network and three dis-

crimination networks for image restoration. [ Findings]The experimental results show that the proposed method is effective in elimi-

nating the reticulation of face images. [Conclusions]For the occlusion of the mesh structure of the face image, a good repair effect

can still be achieved without using the corresponding mesh data.

Keywords: generative adversarial net; face completion; eliminating mesh
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