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Abstract: The performance of deep-learning-based equipment fault detection systems relies heavily on the
size and class diversity of the sample set. Because it is difficult to collect all types of fault sample compre-
hensively in industrial production, there is a demand for sample set augmentation. A fault dataset amplifi-
cation method combining 3D modeling with an improved cycle generative adversarial network (Cycle-
GAN) is proposed. First, various equipment malfunction images generated by 3D modeling software are
applied to the CycleGAN network training to guide it in generating pseudo-real images to address the prob-
lem of insufficient samples and an uneven distribution. Second, a U-ResNet generator is used in the Cycle-
GAN network to solve the problem of edge blurring and gradient vanishing during network training. The
method was applied to the task of belt conveyor deviation detection. The experimental results show that

the contour structure of the method converges quickly in the training process and has good timeliness in
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comparison with other amplification methods. The accuracy rate of the method is 98. 1% when applying to

the target detection network, which is 4. 5% higher than that of the original real dataset. It meets the basic

requirements of a balanced distribution of amplified datasets and high image quality.
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Fig. 3 Feature map of improved generator

Ll T 9 4 Hh ik 22 2l R 2E R BRIk ERME S
2330 1ok Bk 4 25 0 % HE X AR R AEZ T LUK 4R
e B B RS AR AR (S B o I, U-ResNet
A B RS SRR AH 8T U-net F1 Resnet 2244 , Y1l 5 i
FErh AT DLOR B OE 2 A8 B R AE AR B, A2 R R 48 i
WSO R, HAT S S i SR

ResNet, U-net & U-ResNet /& il # [ F R FE
UHCH 1 R AR 284 a1 4 B s o A5 d 3R
N RFEBVR R AT w o LRI RAL,
d,u€l0,1],f, F7mEH, AR ERE N 2, i
5 BRRRIE A y.o

ResNet U-net Ours
X X X
‘ ResBolck ‘ ConvBlock ’ ResBolck

Iy ay Iy
‘ ResBolck ‘ Coanlock’ ‘ ResBolck
r Yu Yours

P4 LR A s 1 L e 4

Fig.4 Several generator simplification architectures

—» Downsample
—» Upsample
——Skipconnect

ResNet bR A5 i 48 B4R AR 2 ik 5008 -
ye=ufo(d( fi(x)+x))+ ud(fi(x)+x). (1)
U-net bR A J i 48 J50 0 AE 2 1 5008
yo=uf:(d( fi(2)))+ fi(x). (2)
U-ResNet [ 2R £ J5 i th 5 B¢ %F fE % 15
iR

Yous = ufo (d( fi(x)+x))+
ud ( fi(x)+2)+ fi(x)+ . (3)
B 5k 25 A A2 2% 1 A epoch YN 2R B 1R BE
J s e B AR AR I, X (3) ol 5 (1) (=L (2)
i 22 B AT A5 381 B 1% 45 0 5k 25 5 A R BE Y AR AR
5E L E SRILE T 2 WA AR IR AR B 6 A
(1) ~=(3) I 4 & B 3~ K 5, U-ResNet 42 4 1]
VIR B Z A0 BRRAE . 2 )2 6 B M 48 W 4% 45
PEFTHIBES I T RFEREE N, U-ResNet fi £
B 56 B FR AT 22 8 ResNet Al U-net.

U-ResNet

ResNet U-net

5 e B 5]

Fig.5 Contour feature images

2.3 FIAISREM

AR SR HT 08 ) 551 s 235 4 i 1 6 s, 32 il
8 R A] J 0 51 28 (Markovian discriminator)*,
5 3 ) 1) s AN T S 3 ) ) A R A
RN SR H, R FN S B RE R % R ) g



2410 e KEE TR

31 %

Input image 3 64 128 256 512 1
256x256x3

matrix

>
X

[\ — (=3

) o )

x x x

o — (=3

o) ) )

—> Conv4x4,stride=2,padding=1,Leaky ReLU
» Conv4x4 stride=1,padding=1,Leaky ReLU

6 0 s e Al

Fig. 6 Framework of discriminator

i A A 1 32 R (P R B pateh) B O — 4~ NXN
R X, XA BUZ it AR AR, X RO

A~ patch 2 H A RE 32, 6 BE XA YA AR b A0 %
e K o TEAR S CycleGAN W 4% 25 # v
X R/INK 30X 30, % I HY Jg& 32 SR/ R 70X 70,
2.4 WMKREH

CycleGAN 4, & 34l 25 bR, a0 &L 7 s
53l J& Real Y 5 Fake Y 2 [] i X $iT 44 2% (Ad-
versarial Loss) , 3D model X 5 Rec X 2 [f] f) 1§
W — UM # 2k (Cycle-consistency Loss) , LI &
Real Y 5 Fake Y Z [0] A9 1A [A it 4¢ (Identity
Loss) . a3 34l 2 ok £ 24 o 15145 52 B0 XUA%
T/,

> Cycle-consistency loss <«
’ j———{ Generator G 1‘ Generator F

3D model X

Adversarial loss

Fake Y

Real Y

Generator G

Identity loss ‘

Fake Y

K7 45k R

Fig. 7 Loss function

2.4.1 ME#ME

A LA GAR I X 38k A 3D A5 A1 £ 3 45 A Y 3k
B L SR A A2 i Fake Y, H bR 2 220050 5] 28 A
Jy Fake Y b B ; 0fif 2 5 #% 22 5 2 %5 5t 4> BF th
Fake Y M B, an — A TEZE 326 AQ 2 F2 vh 5 % bt 4
KRR N
Low(G.Dy, X, Y)=E, , [logDy(y)]+
E, o [1—1logD(G(x))], (4)
Horp .o Rk B 3D ALK R FEA ;y T ok
IS e B 4R P RE A G (&) R AR B
A Dy A2 TR AR R RS RS B e
FMZ X 43 JF 2k . A2 AL A% G RS B A S 1 31 2 oA 5
{8 e /ME AN 2% Dy 1 B 02 B K A 2k
PREAE , A RN

nq(jn max Loan(G, Dy, X, Y). (5)

2.4.2 PEHR—HMERK

FEREAS o DA X S03E o A A G B 2] Y B,

P T R B T S X 0 o R b, T
Fay 1 AR SRR N & BEARRL, B F(G(x )~ .
PRIt 0 K — BCPE B 2 7T L5 S

LG F)=E, . J|F(Go)—z| ] 6

2.4.3 AR E

S 2 B G A0 P 1R o Y £
WS TE A% 8 Y S8l ST e P A o A B A I G
G AR Y RN R AT g R R B AR B AN
WO M e I 7 5 Tty 5 G () R
51 R RS G, 0 F

L (G F)=E, . [[6()=y] | (D

2.4.4 XM

Z5 b, A CycleGAN 1Y 41 2% 2 i X 1 46
0 G IR — b e DL SO TR 48 O g A A E Y
o X T A R T A A X AR 1 PR — Bd g8 A TR
PRI B xR 2, IR T KT



o516 1

ZEFF L AF G 3D R 5 2k CycleGAN Ay i e 54l B2 7 0 ik 2411

JEET e A2 R (] U9 f) REARL, LA ARG A RT AR AR 4%
J2 B ORI B4 B A R AR (R B 2R P2, DRIk 4
R PRBUR A E SO A5 B pR B R o

SRR BREGR R TINR
L(G,F»Dx,Dy):L(;AN(G,Dy’Xy Y)+
allcyc(GaF)_’_ ﬂIJdenlily(G’F)' (8)

TR B R AN I LR B ] Bk 2 ) 4
AH N AT e 2 S B AT 55 1 2 T R 55 B &
T O, 2R ) T 2 S R R S,
AT 55 B RUCHR AR 1R W] RE 32 B B TE 52 R S
2, PRI s BEAE AR FT TS N @, A E R HOK - 1
55 S A TR B o 5. BRI
AR E TS

G*, F*=arg min max L(G, F, Dy, Dy). (9)

G,F  DyD,
3 it

Shy K I ) 1 K A 1 TRIAR B A A 2 A
PE 3 G S5 0 22 M s AR T RS T s E AT X
AT AL HE L T 3D AR B RN AE BS I 2% 11 2 A gk B
LYk, L L WGAN-GP R & 1Y £ Fh
BE TR R R B AR YT HE O B o S g3 BT Cycle-
GAN X 2% v Az o #i5 J2 1) X6 %6 J56 445 g Wi S50kt s Yy
5 W, il 1T 52 58 XF U-net, ResNet il U-ResNet
(Ours) = Fh Az 1A% 2244 HE 17 X H s o 20 B 97 1
Bt A R B AG I [ 285 v i AR | 8 S B
I 3 Fp A A ) CycleGAN §7 18 5 9 45 &
WGAN-GP ( H #i 5 It M 5 A2 55 36 ) 97 38 K dis
L VAT X 43T o

S F 5ok H winl0 &R 48, # 48 Py Torch HiE
BLOAbEEER &R 4350 h 11th Gen Intel (R) Core
(TM)i7-11800H @ 2.30 GHz,16 G W fF,RTX
3060laptops
3.1 KERERE

LS B Al R AR AL 900 5k IR A B 20 M
A i PR FR 2 B A D 7 e 8000 FE AR KR R TE
BT H [ B 15 B S 4R 8 A 2 2 HIL L D <]
%o 3D @A ALEM T 1000 K KR, & A
i A g P 28 A g i P AR B i R B AN — , R
3 A A, 3D FEHE O B 3Dmax2020 i 44 i 5 i
VARG | I (1

TR Al 2 26 FL Y A5 A S 3D B A

HEE 2840 Pl 8, JEL VR R 14 g TR A ML L e e A 1
WA R Bz 5 22 A I B8 A0 21 5 1 A5 40 3¢ i o 2%
FORR B ]9, fie J Vi Y Hh e B AT, 2 4 ot 5 1]
Bk AT 2] 3D B AL DALY H
256 X 256 1% A R 2 1k

K8 3D EBHEL
Fig. 8 Framework of 3D modeling

I

B9 RGP A

Fig.9 Camera perspective

3.2 I%4ERE

1E CycleGAN W 2% G453 2% pR B, I 8] 4 2
RE LB N 5, FLBR i AR B A% KU I 5 1), n
2 AR T A 3D BB M A B S ER
A R Sk S G T A — EOPE R R o TR
10, TR G B — B R AL E A, BV S &
1 G 22 18] 25 53 AN EE, [R] i) 240 RO 3 5 H s 35k
Z RIS O & XL R RECRIA N 1. = E A
bR B, 2 I e v A 51 2 X DA e S i S A 18
AL Y BN A A, i KA o FiL 2 23 400 ) e S S
0 G Z R X DU e B i R 2 5
5if 8 AR B BRI R 56 4 — B0, ANFF UG AT



2412 e K TR

31 %

BRI E . 7EUI P, epoch 3k 300, 7E A 200
A~ epoch H1, 2 ] U Ry 0. 000 2, 7E 5 J7 1004~
epoch /1,22 > R4 2 P [ & 0; WGAN-GP & H:
e 4 J5 32 epoch [Al A% 4 300,
3.3 EMERR

A SCA# I IS (Inception Score) ™ 48 F5 A BE A
T 19 H G A AR A o3 A A el T D SR
B A M o5 LE 8006, HoAm A AR BE B B — , A Al
AN EE A, PRI A A AR A 5 T S B A
IS 48R, IS BN, 2R AR Y A8 2 5 Dl L S 4K
I8 4 0 A AR, 850 B o 26 ) B R L AR S T
Wapg B 0Ll IS f5 AR R . FID (Frechet In-
ception Distance) * 4§ b5 J& 38 1 1155 9 1 %9 42
5 B IR A AR R AIE A5 8] 22 8] A B R R A Y
&3 T v A (W7 Bl 3D GO AR TR, B AIG
) FID & bR 4 A I8 & 42 0r |9 R
MS_SSIM (Multi-scale Structural Similarity In-
dex) AR I T VP 0 25 10 8 I3 205 A Wi S
PSNR (Peak Signal-to-Noise Ratio) "' $& %5 I F]
TPEH A R B 6
3.3.1 IS

Inception Score AJ J T ¥ 5 1 ¥ i 2 1
ZFEYE . A L E % o B A Inception V3 [ 2%
R g 1 000 4E (Y [a] &y, ) 6y (9 B 4E
AR (B X 17 PR 5 T S R AE %%

ISTEM 8 bR KRN

IS(G)=exp{E., D[ P(HIX)IP ()]}, (10)

Hodp s o~p, £ A A8 A LS, D, R %)
P(yX)HRP(y)RkKLHEEE, AT .
P(ylX)
P(y,)
(11)
IS VA (K, 68 P (yla) 5 P(y) 50 1
B 22 5Bk K, A i EICHIE A Y R BT i N 22 R
i3 SO
3.3.2 FID
FID JE & i1 5 B A 5 28 i A 7E R 1
75 [ Z (Bl 2 . B S F) H Inception ) 2% o 42
HURRAE 8K 5 150 FH s 307 5 28 X KR AE 25 () E A7
L P22 R AR WA R AE 2 (8] BO B ES , IK ) FID
BRSBTS MR
FID FE & A3 X (12) B

D (P(yX)IP(y))=> P (/X )log

FID=|p,—p, |+ 1r(Da+>y)—
20302 > )" (12)

Horpr s o 7R FLAE MO EUR , y R AR L U 1
%ﬂ?ﬁjfﬁ,Zx, Zy%ﬂ?mﬁﬁ,ﬂf%%ﬁl@
A .
3.3.3 MS_SSIM #= PSNR

MS _SSIM 1 PSNR A& 32 I FH 8 EHE IE
FEh5 . MS_SSIM i iof 52 BE 6] LY B2 R 457 ) 22
AN RUBE ok Ay 2 RS () 25 #9 AL . PSNR AR 3%
PR (B (5 M L . TR A AT

2u. T+
[, y)= Bt ) (13)
(pr A p5 4 cr)
(20, + ¢»)
Y=, (14)
c(z.y) (6! 4+ o)+ cy)
A e
s(x,y)= , 15
s(x y) a,.dy-ﬁ—cg (15)
MS _SSIM =
(1€ )] T Loy ] s 0], (16)
PSNR =
MAX/
10+ logi——, = — - (17)

S>3 ati )= yliy)]

mn = =
Hrpoa, y RRFEMIN R, RIGME 0K 2%,
Iz, y),cCa,y), sCa, y) o0 5 R 58 BEXT HG R %)
LU BE DX RN A5 #8 6 LE IR, MR T 1 2 RS
{8, MAX, 2y B8 B K AR ZAH 255, m Fl n AR IA]
15 BE A8 B
3.4 YoloVs

SRy K 36 A FH AN () 7 vk T 1S ) s A T
a0 1Y) 2 ) 2R L AR SCaE Y olovs A 1) 4%
POt o SE e b, Sy 0 RS I I 25 53 28 43 A1 P A
1 38 CycleGAN M 2% 43 51 47 3 500 5K 7 i <15
11000 5K iR & FR 5 i WGAN-GP [ 25 45 Hy
MR R AR R BT 1 500 Bk R A R
(WGAN-GP X fE K 4 B 92 #E A o3 A 5 97 58
Tk s Xy ) . P EIR S B EHRE R
HARB PG, N B Yolo H A kG 79 2% Il 25
e £ I A T A YoloV5s, epoch 24 20, Il 246
556 UF 4 b B 4: 1, 58 GE 4 A9 MAP
(Mean Average Precision) $§ #5 ¥ Al A [ A= 5l #%
P4 B AR R S o



516 3 AR AR A 3D AR S R CycleGAN AY i B B0 U8 45 47 14 5 v 2413
4 FIHoH Bl AT R R T [ 10 22 W G PR El 22 2 N S AR R

4.1 BBRRESHNH

DU b 5 T P Y GAN 4% 78 DI Zoad 72 b A
I Fake Y #1810 26 [ 7w, k1 3D A 8L (19 5
2 M 2 (CycleGAN , ChipGAN) Y1l 45 5t 72 2
B Fake Y 4018 1045 BB R o

Epoch 2 100 B, & 10 45 i F2 25 W 4% (Cy-
cleGAN, ChipGAN) ££ 75 AN [A) 15 B0 i BORT sk 2% |

Epoch  DCGAN WGAN  WGAN-GP  StyleGAN

100

IR AFAEB R AL 0 E PR A 35 oy
WA AR AR R PR AR B Al 1 B A A5 A
A0 AU CyeleGAN R 4% . 2004 epoch Ji7
3 AR A 1Y CycleGAN A= R I RS 56 B8 24 B Ik
B, AT E {H ChipGAN A i E 5 46 B AT R 58
AW BN, 3 BT RS W 45 th ChipGAN 6 5 i 85
JEEAL T CycleGAN M4

ChipGAN

Epoch ResNet U-net Ours

300

O Bk 81

)

10 ZFr M2 AT epoch T4 Y Fake Y
Fig. 10 Fake Y for multiple network outputs

T g IS, FID K PSNR 45 5 ok F #r % 4
LY I I REAR o A DL SRR T . IS 45 R
WAL AP EOE S Br R AR FID 45 R 2 E i 3
B OBCHE SR 5 S O B AR X LG 43 A A )
PSNR | J& CycleGAN , ChipGAN 1T #% R 2% 72 JI|
45 300epoch Fif B 5 F 4% Real Y 5 5 4 €] 1% Rec
Y xF E A B R R A R 6 PRGBS RS, R
A AT H PSNRIE bR o WA 25 R 0% 1w .

IS R 7R Az i 0 B4 4 5 D L S B3O8 4R 43 A
AEACURR B, AH DL RP A i B0 I K F A2, AN A A
PHEH H A RS 2 G S A O A R AR A A
TN ¥ KR T Bk R R AR R — ]
O3 A 5 R LSRR 4R 25 SRR I IS FRFR KR

F1 ZFIEMIBERER

Tab.1 Result of three evaluation indicators

Gege;;m/ ISt FID 4 PSNR 1
DCGAN 1.3857  178.8055 /
WGAN 1.3753  161.4865 /

WGAN-GP  1.4174  155.687 1 /

StyleGAN 1.3976  164.547 3 /
ChipGAN 1.3641  287.9712  26.4674
ResNet 1.4849  232.2669  34.5954

U-net 1.4469  227.2991  33.2457
Ours 1.5197  192.0212  35.096 4
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S L S, T S A A A AR A
FEAKCH /N T A O, PRI 0 i G 0 7 ~F- 129 7 1t
FUNT Ao 55 2 205250, A7 78 AR Y 0] 5, [RLR
WGAN-GP #" 1§ F A< 28 5] 43 A1 Hii T L SR AR
B3 A o T 3-S5l LB ZE AR A Y 1 5, 22 i
o W A 0 SRR B R R T, e A i A A R 4
UL, HE R MAP LA 2542 T)

P LG AT R, R T T R R R AR A T
e, FRATHR A 3 T 3D IR 24 B B H HE SR YA
J5 i, n] LU #8100 A A Sl AR A B G A
P AL AT LU T 0 R 2 AR oK N T
Ao I 1) 2%, AE W B T 25 MERE o 7E CycleGAN
W 2 v, FRATTHE Y U-ResNet 4 il #% , #H48 T U-
net,RestNet 4= il #% , MAP{E e, #f — P K E T
U-ResNet 4 B 1900 B
4.4 HEHEERSHA

A5 A AR BT o AE B 3R 3 FTUR .

WCHE T AR AR R 2R 2 80T T B B IR oK
1011 24 20% , 7 3060 6G laptop & 33 5 I B
Al SE RN 2, o] DA 2 TR . SR 3R AT 8
AT DL S 98 A R 28 I 2 R BE B AR AR LAY
Ji 1z VG 3 P 56 1 iR RS B DL U /D AR B2
A it AR RN i — 28 AR T S U8 A, B
N B AR K N D 256 X256, 46 2

SE WK

[1] SHIN H, AHN Y, TAE S, et al. Enhancement of
multi-class structural defect recognition using genera-

tive adversarial network [J]. Sustainability, 2021,

R3 AERFSERINGEEEFESA

Tab.3 Generator parameters and training memory occu-

pancy
Params size Layers of ~ GPU Memory
Model )
/MB G Usage/GB
ResNet 43.42 92 5.0
U-net 207.57 54 4.6
U-ResNet 41.7 75 5.8

128 X128, WA 2R B IR, LB M 45 i fi Ak .

AR SCHREH —FPEE G 3D # A S Mk Cycle-
GAN I i R $ 48 S 97 30 O 5 i A 3D A ALl
B AL A 5] T 1A 0 28 AR L S AR FE A R 3 9
#H . FERIX CycleGAN W 45 A 1l 7% 42
ey 47 Bt 2t %) U-ResNet 4= il #% 38 U-net .
ResNet 4= i # , B A7 054 (19 48 B 25 0 i S5tk L 2
AR o B o AR X 6 P R R Al AR D
BEAE S5 P K A 307 1 5 A D5 VR AR R IR S
S A5 R R W ATEE K S 3D /R B ik
CycleGAN B B Z0 A6 97 18 07 12 2 0 3500 T 0k
T AR R R AR G 0T L YR R B AR
PG 5 BEARG , AR A 23 A1 B A0 2, 6 2 2 A
PR K o T H ARG D 1 255, G ) o 1 4% 3K 2]
98. 100, MHE T I L SRR AR $E T+ 4. 500 ¢

TEAR R, AT A B RE K K 5 3D AL 5 ik
CycleGAN f 8B 4 588 )7 ik i JH T3 2 T
W5t 3hh, F ATl 22 7E Ty X it Oy 12
Frolt . — B A SRS A i 3D Sh AT, R
FE RG] LUSE 4 3t 20 o 5| 5 AR A L A i 2
LAY R AS 5 2 FRATH 22 1 7E 00 2% 284
A A AR ) g AL A5 T Xof I £ ) 4% R A T
SO B T 281 BE 5 53 A B T I 2% 0 RASE AT SR
fivs O, T AT A B A 9 2% A% Ak Dy T O £ Y

T .

13(22): 12682.

[2] SHORTEN C, KHOSHGOFTAAR T M. A sur
vey on image data augmentation for deep learning
[J]. Journal of Big Data, 2019, 6(1): 1-48.

[3] CHENL, WANG HJ, MENG X H. Remote sens-



2416

e

K TR

31 %

[6]

[10]

[11]

ing image dataset expansion based on generative ad-
versarial networks with modified shuffle attention
[T]. Sensors, 2021, 21(14): 4867.
ZHANG H G, HU X G, MA D Z, et al. Insuffi-
cient data generative model for pipeline network leak
detection using generative adversarial networks [J].
IEEE Transactions on Cybernetics, 2022, 52(7) :
7107-7120.
SANDFORT V, YAN K, PICKHARDT P J, et
al. Data augmentation using generative adversarial
networks (CycleGAN) to improve generalizability
in CT segmentation tasks [J]. Scientific Reports,
2019, 9: 16884.
SU W C, YE H, CHEN S Y, et a/. Drawingln-
Styles: portrait image generation and editing with
spatially conditioned StyleGAN[J]. IEEE Transac-
tions on Visualization and Computer Graphics,
2022.
GOODFELLOW I, POUGET-ABADIE J, MIR-
ZA M, et al. Generative adversarial networks[J].
Communications of the ACM, 2020, 63 (11) :
139-144.
RADFORD A, METZ L, CHINTALA S. Unsu-
pervised representation learning with deep convolu-
tional generative adversarial networks[ CJ. 4th Inter-
national Conference on Learning Representations,
ICLR 2016 - Conference Track Proceedings, 2016.
ARJOVSKY M, CHINTALA S, BOTTOU L.
Wasserstein generative adversarial networks [C].
Proceedings of the 34th International Conference on
Machine Learning - Volume 70. August 6-11,
2017, Sydney, NSW, Australia. New York:
ACM, 2017 214-223.
GULRAJANI I, AHMED F, ARJOVSKY M, ez
al. Improved training of wasserstein GANs [C].
Proceedings of the 31st International Conference on
Neural Information Processing Systems. December
4 -9, 2017, Long Beach, California, USA. New
York: ACM, 2017: 5769-5779.
ZHU J Y, PARK T, ISOLA P, et al. Unpaired
image-to-image translation using cycle-consistent
adversarial networks[ C]. 2017 IEEE International
Conference on Computer Vision (ICCV). 22-29,
2017, Venice, Italy. IEEE, 2017 2242-2251.
ERZR,NRAE, HE, F . WHM CycleGAN &
KT KT BMEBIERIET]. by HEL
#2, 2022, 30(12)1499-1508

[13]

[14]

[15]

[17]

[18]

[19]

WANG H T, LIU Q S, CHEN L, et al. Im-
proved CycleGAN network for underwater micro-
scopic image color correction [J].
Eng. , 2022, 30(12)1499-1508(in Chinese)

HU AN, XIE Z, XU Y Y, et al. Unsupervised

Opt. Precision

haze removal for high-resolution optical remote-
sensing images based on improved generative ad-
versarial networks[J]. Remote Sensing, 2020, 12
(24): 4162.

WANG X T, YUK, WU S X, etal. ESRGAN:
Enhanced Super-Resolution Generative Adversari-
al Networks[M]. Lecture Notes in Computer Sci-
ence. Cham: Springer International Publishing,
2019: 63-79.

A, ZBEHE, G, F. T CycleGAN-SIFT
M AT UL A LD ER T BE[T]. b 5 4 % T,
2022, 30(5)602-614

HAO S, WU Y Q, MA X, et al. Visible and in-
frared image matching based on CycleGAN-SIFT
[J]. Opt. Precision Eng. , 2022, 30(5) 602-614
(in Chinese)

L&, A, 0E. ETHBIE CycleGAN K7
W R A DT B MR [T, B F A, 2021, 40
(6)890-894

FAN Z M, XIA W J, LIU X. Modified Cycle-
GAN based sonar image library construction [J].
Technical Acoustics, 2021, 40(6)890-894 (in Chi-
nese)

AL, bR, 2, F . TR —BUEXT
M2y N KRG 2R T]. A HE T
#2, 2020, 28(3)745-758

YANG Z K, BUL P, WANG T, et al. Scenemi-
gration of indoor flame image based on Cycle-Con-
sistent adversarial networks [J]. Opt.  Precision
Eng. , 2020, 28(3)745-758(in Chinese)

E W, &% . T A% F BRI Cycle
GAN/NREARFEY Uit []]. A2l
#4, 2022, 44(3)509-515

CUI K B, PAN F. A CycleGAN small sample li-
brary amplification method for faulty insulator de-
tection [J].
2022, 44(3)509-515(in Chinese)

ARAE, WEF, RB £, F . 5 T U Cycle
GAN [y & Rk T B [T]. 6 % 4% = 42,
2019, 27(8)1836-1844

DU Z L, SHENHY, SONG G M, et al. Image

Computer Engineering and Science,



% 16 1]

ZEEF A HRG 3D HAR S Uk CycleGAN Yl e B4 46 4 4 Uy vk

2417

[20]

[23]

style transfer based on improved CycleGAN [J].
Opt. Precision Eng. , 2019, 27 (8) 1836-1844 (in
Chinese)

DOU H, CHEN C, HU X, e al. Asymmetric
CycleGAN for image-to-image translations with un-
even complexities [J]. Neurocomputing, 2020,
415: 114-122.

PARIS S, HASINOFF S W, KAUTZ J. Local
Laplacian filters[J]. ACM Transactions on Graph-
ics, 2011, 30(4): 1-12.

RONNEBERGER O, FISCHER P, BROX T.
U-Net: Convolutional Networks for Biomedical
Image Segmentation [ M]. Lecture Notes in Com-
puter Science. Cham: Springer International Pub-
lishing, 2015: 234-241.

HE K M, ZHANG X Y, REN S Q, ez al. Deep
2016

IEEE Conference on Computer Vision and Pattern

residual learning for image recognition [C].

EE R

FEEF(1981—), 5, M4, Yk, 2016
A [ AR R 2 AR AR 2,
T R LR A ) L A B DA SR S R
TAE, L5 I7 0 Ry it L5
N B e

edu. cn

E-mail: libaoping@hpu.

[25]

[26]

[27]

Recognition (CVPR). 27-30, 2016, Las Vegas,
NV, USA. IEEE, 2016: 770-778.

ISOLA P, ZHU J Y, ZHOU T H, et al. Image-
to-image translation with conditional adversarial
networks[C]. 2017 IEEE Conference on Comput-
er Vision and Pattern Recognition (CVPR). 21-
26, 2017, Honolulu, HI, USA. IEEE, 2017:
5967-5976.

BENNY Y, GALANTI T, BENAIM S, et al.
Evaluation metrics for conditional image generation
[J1. International Jowrnal of Computer Vision,
2021, 129(5): 1-20.

CHEN M J, BOVIK A C. Fast structural similari-
ty index algorithm [J]. Jowrnal of Real-Time Im-
age Processing, 2011, 6(4): 281-287.
HUYNH-THU Q, GHANBARI M. Scope of va-
lidity of PSNR in image/video quality assessment
[T]. Electronics Letters, 2008, 44(13): 800-801.

RN

BB RE (1999— ), 55, W jg JT & A Al
S WFT A, 2021 4F i) R B TR 2 4R
Fopdesa i, BN SR (F
5 4b P04 J5 T A BF9Y . E-mail: mys-
tericq@home. hpu. edu. cn



