%43% %1 # & F # K Vol.43 No.1

20234 3 A OPTOELECTRONIC TECHNOLOGY Mar. 2023
D e moean { DOI: 10.19453/j.cnki. 1005-488x.2023.01.004
YRR Sk H Y

KT R IZFFALIR AL 55 P E N G il
ZEE, KAZ®, MER:, g™
(1. MR o bl 1 2 B, AR SR M 36220052, #8JH K2 B0 5 15 B TR 2% B, 48 M 350116)

W E-RET - METERERERANG 2 HE AR B & ERY &, A M T E 8 Style-
GAN2 4 i st 0 W 26 B AR 5 A e T A Ak 28, 0 3 R B AR AE kN 2| StyleGAN2 By W R 8] 4, 3
HHETHEERw BE,FEFRNE N w B EWNE StyleGAN2 # & ik 2 ¥ % 5 1 024X
1024t EBZ Ao G, SRERXN, EZEGEAN AL AREGIRENT LAEREG WM
LM, B 7E Bl — 4 AE 32 BUF % T ,LFW # ColorFeret 2k 2 £ g = & B4 &£ FAR % 0.1% B [l & i
fif TAR %% § 96.04% #1100.00% , ¥ EAAM A E hE kel 2 TR X 55 K5 T
88.67 M T46TY., IRy FAELNEEG o HEA L EEWE, 5 AL AR E G N AN
Er kAL

KEEWR: AR EBRER; RERE; &£ R & 4L T B

RESES: TP391 NERARER: A XEHS:1005488X(2023)01-0017-09

High Resolution Face Image Reconstruction Based on Deep
Feature Embedding

MIAO Zhihui, ZHANG Yongai, LIN Zhixian, LIN Jianpu
(1 .School of Advanced Manufacturing, Fuzhou University, Quanzhou Fujian362200, CHN ;
2. School of Physics and Information Engineering, Fuzhou University, Fuzhou 350116, CHN)

Abstract: A method based on deep feature to reconstruct face images was proposed in this paper.
The deep features were first embedded into the W space of StyleGAN2, and the embedded w™ vec-
tor was optimized by gradient descent and fed into a pre-trained StyleGANZ model to generate face im-
age with resolution of 1 024X1 024. The experimental results showed that the reconstructed images
had high visual similarity with the corresponding real face images. When using the same extraction net-
work, the type- Il evaluation TAR of the reconstructed images from LFW and ColorFeret datasets
was 96.04% and 100.00% respectively when the FAR was equal to 0.1%, and the pass rates of live-
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ness detection were 88.67% and 74.67% in two products. The proposed method could reconstruct

face images in high resolution and achieve high feature similarity between real and generated face imag-

€s.

Key words: face image reconstruction; deep feature; generative adversarial network; gradient de-

scent

il =
VAR R TR 27 ] HOR B A W A e il A 2
A= )RR I AT ST 5 i B TR R L
1o AR U 2 45 MR R 09 A= ) A AT g AR
CAn T ¥ , 48 80 5 558 ) SR AT B 4 HO0 . 3
o TR T IR R A R 2 2% 1 N R TR AR B
A R R R E MR B SRR A R PR A I
A )RR R T B BT AR IR, AR B T 6
FHY 2 R B AE Gt A BV T 5 14 2 (] DA S ¢
Ve JAA R R HT 0 BB R A F) — RO A 23
AR AT G R A A AT 00 B s 2 v, T 2 A7 i il
b VR )2 A5 R 25 I 246 418 B MK R J2 R AE B Al |
ok XoF F TR 2 AR 22 18] 0 AR Bl AT B iR . TR
BF, T2 R AE AL R A% i o A R K PR R R e e ]
FURY AT B, TR SR R AR RE 8 o] B R B b A
N R AR AP TAE R F 58 HA R e .

W T R 2 RRAE A R BIR 3 A R AR
G A A S, N L SRR AR i R T 0
Wil TR 27 2] 1 R R i T IR R 2R 2T I T R B ]
F M E% B # , Zhmoginov 25 A\ M F ## 28 () 45 %
J2 % FaceNet X 2% 74 BRI AR 48 A REAE [ 5 A2 B
IR, IF LA die A0 2 R &R AL T 2 T AR IR 52
YRR A 1 v ] J2 A A 1 4 A0 IE B 2% . Cole 4
NS T B 3 R AR X S A R RN R AN AR
PE K F 0] B A6 S DURRAE 1] £ 3 3 5] BT OE
AT P 2 Y NG W S i e 2 AT S AR ] 1Y
28 & WA R A A= B TR QB R 280 S B R
. Mai 88 N H— B 3 TR 2 RRAE 1 48 SR B
L 22 W 4% (Neighborly De-convolutional Neural
Networks, NbNet) , fifi Ffj 4= 5 %F 0 ™ 2% ( Generative
Adversarial Networks, GAN) & i 9 A B4 DL
P o NI Bl 46 XF NbNet 47 U1 2k, #) T 45
B BRI HAREGER, FRTER
g A AR BER EAR, B E E R e,
TRZ Ty w NHR O N LA iR, AR R
55 5 G AE FRAE AR U L B2 3, AR M58 o A 7%

KRR AR . T GANZE BG4 807 A 5 1t %
2 B I g AR O BIR E A S — R
B Dong 28 A T StyleGAN2 B I A jig A
6, L FH BE ML 1) 5t A= 81 O B i A B R E £
B 45 v A5 20 KR AE o, DL G AR K 1Y Style-
GANZ2 fig A B2 FEAE 19 1) 2 X6, SR 5 4l FH 3k 26 450
P Y 25 AR AE 1] kB 5 2] Style GANZ By A 1] 1 11
— AN AR 4 T A R I . % s AR
i T StyleGAN2 1E S EZ AL BLAR |, BB 65 A 1 = 43
B TC 52 10 BGRB8 o3 A 1 R
M L e SR ) o A R A A A L R AR A AR
BES ARG AR R 22, BN R UG IR
JZRRAE 2 0] O HE B A K

SCE R T — Fh 3 TR 2 RRAE A R
O 5 B 4dE ] StyleGAN2 AR S A 8144 4=
A B A TR Z RRE R A StyleGAN2 1Y
Wz (] 3l Gk B B R B AR o ] S AR R
NG BG4 8 T — B0 R H5 R 55 AE
AR SR i I R U ] 2 A5 UL AE 42, AT T
it B G 1 A o .

1 ETRERAHRANNGFEARA
hER

1.1 BAZEHEF

Az X B M 45 7E G AR RO T A & F e Y I
I, DCGAN 7£ i iy GAN B A CNN % 1 2 i
17 UG B 4 H A= LR 19 53 B3 8%, 2 256 X
256, H Az p A G T B AN TR, AR 25 B A B TvT
0 A RS A, PRI AN 38 A AR S A Y RR
A A o PGGAN H I T i 2k 388 KRR AE 18 1) O =X
Y25 A B ENG , B9R AR BN I RS0 I i 45 5, 4%
PERBEAE IR E] 1 024X 1 024, (H & T % W& %k
B R B X 4% 2 43 I T A L S SO AR
AR B 5 1 BE 7 AR 5 A B, S A ) A S — 4
JE T B 20 08 AR T RE A o8 N — RE R IR R il



5 1]

A5 - T IR IR AL A Y 5 0 HE RN PR {5 e A 19

153 P B A K DL B . T StyleGAN2 AN AE
VAR B T i e HL AR BE R 1 024 X1 024, X AR
JIC I 2 T B — R AE TR B AR AR L A )
/INAB A A AN 23 36 AR 1 P51 B S 728 £k PR ot S
oK F7E Flickr-Faces-High-Quality (FFHQ) &= #§ A
G 4l A b WU 25 4 1 StyleGAN2 5 R /E Sy & 4
I 1 P A5 A i, AR 8 280 1) R J22 AR AIE ) it i
5 S A R AE L E AR LR A R . B L
S StyleGAN2 Az Ji W 28 25 K 16, W1 0 1) fiE =€ 2,2 1
P54 b TE 25 40 A 1 1< 512 4 1) H 25 ], 2 ) 2
it 82 ARG B A g 1 <512 4 W ] i
22 (8], w ) (we W) £ ad & il I 38 i lerp pR BUHE (A
ST B — > 18X 512 4 iy W [] 5 25 [1] , i L lerp bR
By LR

lerp(@, w',weight) =@ +(w™ — @)X weight (1)

1 StyleGANZ ALl M 45 45 14 7]
Fig.1 Generator network structure of StyleGAN2

Horp ok StyleGANZ Il ki #2 Hid 5% F B9 F
) w ) &, weight B X [RI[0, 1]=Z [8) 09 525k, H 7%
il LR [0 A7 o 5% Wi 1) O % B2 B 1 oK BB 8 2 IR
w [ RS A 1) Y 4, DT B Lk A R A
Mk BRI . B w' 1) a0 R 4E 5 40t Al
fine J2 Ji5 15 21 A= 1 R 109 KA FE 2K y = (yo v, ) B
A AdaIN 2 Az B B B FRAE 1B, AT 3 il A A 1
%, AdaIN Z#1E 2 SCh -

x—u(x)
o(x)
ot o RSO P R A 9 AdaIN J5 2 Bl 0 45 4 P
T4 i 2B B R 0 S R RRAE , T2 4 B defiX, &
B A AR OG22 T 1 4% T 4

AdulN(I,y)Zys( )+yb (2)

B )2 X R A . TE Style-
GAN2 A G b FE v, S A IR oy B R B4R R S
326 00 A R A R AR, DT 52 BT A i R
TIF (032 J2 45 461

A L AT AL, StyleGAN2 A= i W 2% o 45 22 4> A] {1t
VBB A ZS 8], 3 5ok 72 W W, SO % R IR
JZREAE T ik A B BE — WA 23 R P DL AR B A
o AR o S50 % b TR R R R AE 43 i ALK = A
25 ) J 1) B A IR, SR g 5 SR an 181 2 i i, El TR
7 25 18] %of d5e 2 A= o R AG 1 IXUAS A e AN R, o At
A A R D R 25 SR, W2 ] BB R A
A S 43 R AE | ELFE TS AR R, IR 8 DA K &
R F Ry B2 W s () B 8 i IR 1B L
B b R AR B AR AT . AR Style-
GANZ A J 9 45 /) 25 K AT 0w [ i BB S ) T 2
I G A R IE 1 DA i 5 28 A A 1 AU B X
PR O S 3 0 TR U2 SRR AE ) E i A B StyleGANZ
(Wi gt s ) P B R ke Z s R DA e WA () il
A w ) i AR R A .

K2 AIali Az 0] i AR A

Fig.2 Reconstructed images in different embedding spaces
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Fig.3 Reconstruction results for different initialized w "
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Fig.8 Distribution of feature similarity when feature extractor for reconstruction and evaluation frameworks are Inception and

Xception respectively
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Fig.9 Reconstruction results of this paper and other methods
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Tab.4 The pass rate of reconstructed images on living de-

tect APIs
T A ﬁﬁé%ﬁ @ﬁ'@ﬁi ESIEUNE B/ (%)

API % # 3
NbNet 0 150 0

APT1 Mapping 129 21 86
A3 133 17 88.67
NbNet 70 80 46.67

API 2 Mapping 110 40 73.33
AL 112 38 74.67
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