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Abstract High-quality image generation has always been a difficult and hot topic in the field of computer vision and
other exploration. CycleGAN achieves good results in unsupervised image generation tasks by using cycle-consistent los-
ses. However,in face of image generation tasks with different texture complexity,CycleGAN’s cycle-consistent loss co-
efficient is unchanged by default, and its generated images have weak points such as texture distortion or even disap-
pear,which can not guarantee the quality of generated images. In this paper,the complexity of image texture was mea-
sured by integrating the spatial dimension and time dimension of images,the importance of cycle-consistent loss function
in optimizing objective function was clarified, the correlation between the size of the cycle-consistent loss coefficient and
the quality of image with different texture complexity was discovered and explained. The higher the texture complexity,
the larger the cycle-consistent loss coefficient should be selected. Otherwise, the smaller coefficient should be taken.
Using benchmarks and self-acquired image data sets,the classification accuracy based on migration learning was intro-
duced to generate image quality assessment indicators. The experimental results show that the optimal choice of the ap-
propriate cycle-consistent loss factor can effectively improve the quality of generated images.

Keywords Image generation,CycleGAN, Optimization of selection coefficient,Cycle-consistent loss, Texture complexity

FEIFHAG T4 NEDRIEZI M RAF &5 R0, % T 20 GANs 17
TEASE R A 5 X LA )1 25 55 0t 35 o, AR PR T A 5

Ell
VP2 R AL B AT AL SEAT 55 B AN BR800 R 9 GANSs Bk 550k 800 F i e AR [l 3 S 48 550500,

il

FfE B :2018-05-11 R4 H#.2018-07-25

#®

F SR 7 oA HLES 2R S AR KA AZ 24 2] L E-mail : spzhong@{zu. edu. en (il

58 (1993 —), B A+ A, E WS 7 ) M IR EE 2R ) L ER AL, E-mail : happyxuwork@ 163, com; $8 i J (1969 — ), B, # 4%, i + 4= S0,
W5 FEE) s BRFFE (1983 =), I3, YFIm B0 A 0, 2 ZEHF 5

J7 1) AR AR AE A R G 4 s SRR PR (1987 —) L I B BER L B A 3 0, 2 BB 5 O 1] S IR BE A ) LR B S B

BT MBI #E 0 GANSs 15 IR JL A5 15: : Mirza



1 T BRLAF AR SO R R

KA CycleGAN JRER—E 2k R AL AL 07 1k 101

XA A B B A R AR R S AR R Zha TR Y IGAN
R T AEAS AL R AR SO T I L BT PR S E R BT A
FU A AR B 25 {8 25 8] b (1 6 45 B Tsola %—‘”%&E’J
pix2 pix K 4 5 0 ) AT 55 2% Shy ) VR b R — X LR R
H—AEHSW AR, BRI cGANLIGAN L& pip2pix %‘Bﬁ
FE— A 0] F8L A 0 B 1) 3R PR e, 2 1 0 M B A R 1
GANSs 32 T #8155 1 ; Radford Z1 42 1 19 DCGAN ¥
CNNM BN GANs [k of, ) F CNIN B (9 5 AiF £ 5 fig
o7 3k 4 R B (¥ 2% 5T 6 5 Yi S50 42 9 DualGAN B A
Arjovsky ZU B Wasserstein B 55 DL & BIAR A L1 78
BT S FRAR AR PRI Kim S0 42 1 (9 DiscoGAN 4% 2
BB R ; Zhu 5 R 1Y CycleGAN 5] AME HF— B it
S ) X NS Y 22 8] B9 e 5 PR %L, Dual GAN, DiscoGAN
DL B CycleGAN #8587 X (824 > B0 1 Rk o ) 4 o A
NN

A kg i Y f) G W ke B GANs B, CycleGANEL A]
DA A= B 5 k2 v 4 TG R ) 2 A e A i HE G i T A E
B B4 2 AT %5 . CycleGAN BB Zh E I8 T 78 GANs B %
il BT AR — B K R . CycleGAN AL A o 1y
1% R B ER B4 2 R0 PR — I O 2 0 H b ) BT R 2k Y
B R4 1 A B PR 00 JRUR 302 8L I A AT 0 26— 3048 2K
B4R R 0% B 50 45 8, FE S B 2 - T A b IR B A A
HR A PN G5 A AR E AR A R L A2 B | 6 ol R 5T
X RE 451 5 4 A BE A5 B B i A Y 8 B D A AR B ARG

fHZ, 28 CycleGAN £ R T X AS [7] 80 #1 & 7% B 1) B 4%
HE AT 55 B LR P — B R R BOR B R AR Y, B 3
CycleGAN 28I L5 5 (14 G A7 7E S0 38 A2 IV 4 2 08 2% 45 )
FRIE A M7 22 B A R — B0 O R B B E B b R B AR
FA 3 3 IR T R BRI T R AR AR

AR SO SR 7 025 il & T AR 1 s [ 4 8 Rt ) 24 i
FRAE 3 i R 1 SO 2 B 159 B R 38— BUt 2k R B0 K
NG R TR B H A 2% B TR AR R 1 R T

TG R [l S0 3 2% B 1) RS A AT 55, A 3K 3 2 R 4%
B — Bk RBBUE . X T LA 40 B e 1Y B % 4
Blana A EAR HBE EE SNy, 7 AT R Y A AT
45 I, 401 SR A 2R O 22 A B i A R A SO L IS A
214 b, ) 25 A0 R — BRI AR BN IRUMEL I AR O A A AR 5 Y 4 1

THOER LR B . X T A Z AR A TR AR AR AR L 49 s SR R
18T PRUASUAR  JHCJ 5 A X B 3 > VR IR 77 B — B 2k R A
AEAR - b O B i A B AR ) 58 B A5 8 45 00 A 119 2o o >4 fit
I T A 0 P 5 Y XUR

ASCHY E B TTER AT -

1) X A ] o B8 A 20 ) R AR A AT 55 R AT 3 — B

PR R B N G A B i A A TR 45 i1 TR B —
AR R B I R

2) il PR 1 2 ) 2 B2 R[] 4 B2
J B TPAY 115 B 52 A 2

3) 3 F ImageNet ’éﬂlﬁ%[zﬂ Il 25 4 1) Inception-V3 #i
RIS EATIE RS % I SRR 50 28 &% 45 62 U1 2 B [RDOF $i2 iy
a3 JEUERG L L W 20 28 o 0 AR Ry A R BT AR R B — A
R,

i AT g B 7 ik 4

2 CycleGAN #& B # 34

CycleGAN R H A5 2 AE 3 X AR Y = ] 2% 2] Bl 5
BB GEREA (2 ) (2 € XD B R {y, 1) (G €YD L B 5 43
TN 27~ Pana () s 3™ Pawa () - WA 1) 78 . FEEI22 3] B 1Y
e 555 o 50 T PR A — B X T X R — ik E R L
G H0E R 5% B A RS o« B R LR AR R . Bl 2>~ G ()~
F(G) ==z WK 1(b) Fix, R, FHY 88 —K
EME y BB IR SR G e A e y 3 5 B dR % . il dn y—
F()—>GF(y) =~y QE 1()Fimn.

I), /)\'

Sag m\F;- I\ ,I/ R

E G\A Cycle-
/ - Cycle- X—\LD | I @S Tconslstency
i consistency.{ loss

loss

(@ (b) ©

Dy I ),

1 CycleGAN 25 #4758 & K

Fig. 1 Structure schematic of CycleGAN
CycleGAN HER 45125 pR £ el 3 #0204 L, BR N F .
HNG.F.Dx.Dy)=%ax(G.Dy . X, Y)+ % (F.Dx.Y,

XD+ A%, (G ) (D
4 (GF)=E ., [ F(G)—zll ]+
E,, o[ IGFGH—yI.] (2)

HA, Yoan (G Dy v X Y) s Yoan (Fy Dy, Y, XD 43 512 Wi e 55
H BRI 54 L (G F) AR — B 2, Hovp A #R A 1 38
— BB R B, 5 AR IR — BCHR e A X L A 7 A X 4
R EEHDT; 4, (G ) R A BR 5 E M ER 2 8 L1
TR, L. CycleGAN BB T B A m i v 13 45 S F
Ak I

G" ,F" =arg min max AG,F,Dy,Dy) (3)

TEN AL AR P, Yoan (G Dy s X YD) BB Ysoan (G
Dy, X, Y) , BIRHE 20 (4D 19 67 % 2501848 5 46 A =X (5) 19 S /NP O
O LSGANT . sCRE iy B iy 2 R I g /22 Jf =B
Jo ik Y AR i 0T

Yo (G2 Dy , X, Y)=E -, ()[OgDy'(y)j+

lata

fIEyN,,(M@,[(Dy(y)*l) 1+
E ., o [Dy(G(x))?] (5)
B — B Ak EEZ 0 PV e R HoR =
DB DI T -3 T8 vk TR - O B3 N DR AR 3 O i BE SR
Xof {2 > 1 B S 78 43 ) O e TE AR I R SCBOHE DA g b
BRI A L b %) B R AT U 2R . AR DR M as b T X

Xk LT AT Y R

BT S BT 2K e Can S (O IR IR BE AR IEXS T —
AEIA 2 ) B ) R ECRE S o — AT . CycleGAN
RERSvf Sy 7 HE— 20 /0 RT RE S R B 25 1) L A o o e g
PR BN I ST G R — BT . Dual GAN W it 05 B8 — S50 fiff B
T U A i A S A e T A L O ik 4 B B A S
TﬁE/in S ARG R — B R B L E T R

%sean (G Dy s X, Y)



102 DA A R =

2019 4F

B GO G AE 1 i/ WS s ) T e R B A TR Y
BER . CycleGAN IRV J o& F CHI 2 (1)) o By 96 36 — 25 4
e PREI, BT L1 v B A5 R Ak G Ao R e T R R 15
F YN AL A B KNP E T A8 R — B4 X 2 A 43 2k bR
B EERREPY, CycleGAN JFUHA A b A 1 BU(E 20N R
10,

3 CycleGAN =8 4 B B R BT BT R A8 5

A 2 AT PR ER — B R (6 (7 Y8R — &R
A1) I VE PR R B8 B A 9 58 B 15 8, L T X e 4 2k (X (6) A=k
(DB 55 35 By A 2 DR E A il B A5G 81T H A B R
KT, MRAE Sabour ZE0S 7 A4 IR % M 2% (Dynamic Routing
Between Capsules) , X 1 #28 (6) FT =X (7). Wi 2 B K,
WYyt fEl 4% RS — 5 £ 5 A B ER R
Hb (7 BR i A TR 09 % 56 L T AS AR 4 4 b 2E BUEL A H s [ 1R 4R
S3 A S I A BUE BN I 2R B %6 eR R 55 —
A E T A R RE B AT b 3T 8L AR B AR 4 A L TR AR
U b B AN R R R RS B . TR, R T A A R R B
R E bR R AR A3 AR Z MG R

CycleGAN 5| AT & ¥ — B0 2% ok 250, H 0952 35 o 57
22 (1 B AR B B A PR 008 % 6 R AT 98 /)N B 55 25 [ [R] B
ffif5 1k GANs (i 2 AR E .

4(G,Dx X, Y) =24 (G F)+E ., o [(Dy (G(2)) —

D?] 6
Gp (F Dy X oY) =A% (G F)+E ., [(Dx (F(3))—
D?] <)

W S B A6 T8 U OR300 45 oy S0 T A2 Z 1k TR 4R 9 A A
F5 T BRIA B8 B — B R R (A= 10) , 242 R R 1Y 2L
WAL EEHRMAR, WA 2 PR,

InputA InputB OutputA

OutputB

B2 A AR AR A v B S 2k

Fig. 2 Disappearance of texture in marble image generation process
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