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Abstract: To address the insufficient generalization capability of diagnostic models caused by small sample sizes and
class imbalance in photovoltaic infrared image defect recognition tasks, a generative adversarial network incorporating
coordinate awareness and subpixel reconstruction (CPS-GAN) is constructed. Based on this, an infrared defect image
generation method for photovoltaic modules oriented toward few-shot class data augmentation is proposed with CPS-
GAN as the core. First, in view of the characteristics of photovoltaic module infrared images, such as sensitivity to the
location of local thermal anomalies and significant thermal gradient variations, class-conditional constraints and a
CoordConv coordinate awareness module are introduced into the generator to establish a mapping relationship between
latent codes and geometric space, thereby mitigating the difficulty of conventional GANs in accurately characterizing
the spatial locations of local defects. Second, a PixelShuffle-based subpixel reconstruction method is adopted to replace
conventional transposed convolution, suppressing "checkerboard artifacts" in generated images while preserving the
distribution characteristics of thermal anomalies. Finally, a PatchGAN discriminator is integrated to enhance local
texture discrimination. Experimental results demonstrate that CPS-GAN outperforms the DCGAN and WGAN-GP
baseline models across multiple quantitative evaluation metrics and semantic evaluation schemes, and exhibits superior
feature distribution alignment in t-SNE feature visualization. Without optimizing the classifier architecture, the
classifier trained on the CPS-GAN-augmented dataset achieves a test accuracy of 84.00%, which is 7.05% higher than
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that achieved using the original dataset. The proposed method can effectively generate high-quality and diverse

infrared defect samples of photovoltaic modules, providing data support for enhancing the robustness of intelligent

photovoltaic diagnostic systems.

Keywords: generative adversarial network (GAN); data augmentation; defect recognition; infrared thermal imaging

EABRMRIE M 5, FRIE EA T Rels
T R B LY B, 2 MR E PRl E (IEA) I
W, 3 2035 UK KR A EHERES RS, B
RAERER I HL 1 RIE, DTk E) 30% 00K L
Rl BEEJCR PR R, RS RARK
WIBITE IR 5 2 SRR, A nlkEfuth
FEARRE B, PR TERBIGRFEEST, IXEEERE A
PR K B RS K g, HEATRegI K
R A AL A AR 5 K R AU

AN AR TR BE S P R A TAE RS T 6k
B2 THI [P A6 FEAS ., & A T 06 AR f sl X e AR
R 23 Hr o B HE AR H Sl 0 G AR 2041 G R 4R
ot RZHT N T, AMUAEMET, mH 5iE
R BRI, HME DU K UG AR FE St 38 4 1 52
PR Ko BEEIRE 2= I HR B &, TR S 1A
5 5K IR RFAE $2 B R 0 A R & 1 sl B Rl R
HERfARI6-101, SRTM, FEBIRSLbRIZ4Eg s N, BRIGH
ASREA R A B &, 3 SR L0 g R
L AHIE R R TR, A A D B FE AR )
AR 25 2] SN A e Rk, JE T8 IR 3h ek
LT AR TS RATY 25 5y 52 B /N AR R0 801 AN 32 i
2], SFERAZALEEIA L .

BT bk n) R, B I AT 32 AR TR AR AR A AR
DA 5 E 14 P9 A J2 T B T S5 o AR ) AR P 1 R o
TEZEM A 5 T, 2t ) ResNet. EfficientNet
YOLOVS LA S &t X 1A v 1) CNN ZER4 4 FH T3 i i
NS S5 A T L AR B AR AE R SR R 3014 AR
PP 7, BT BT R BRI R AE 2
A REE VA T &R/ D FEAR ] ST R b
IR ST AR A B AR B R R i g T, (B
AR A AR R 25 KA AR AL BN LA R A 1R B R A
B, MDA R @ DR A I AR AR A ] . FEAR
(R SR A AT SR T B 1) 3 2R 2892 A RE 7 1) B /0

S AINRE AR S 00 43 AT AN AT R ) L, AR
B8 A OB R R SR B A AR B S 4 7 g . 3
WU RS (diffusion models) U8Hd i /iy ) i F2 5 e [m) i
FE v Mgl 7 op g b AR S i g, HHEEEH T
AR A7 E T . AR RPN 4% (generative
adversarial network, GAN) U/E A 400 & S it I 2 21
J7 B A B E MY, AR TR A R
R AR SRR S5 A R SR AR, T TR
FREGFEARY A5 . B LR G A S Hodi 1 s
w7t . DCGAN 5 WGAN-GP 254 it GAN 4EH4
% 2 A8 o VR AT A 90 P A T B AR AL A8
£ FRGHEE T DCGAN. WGAN-GP L& i 38
Hi R3IGAN SRR VERIR, 45 REH, IEHHRHM

R3GAN FfRAEFTA PET R br BRI T 24t GAN
kg, SR, IR GAN ZEM 2 8 — @il . 4F
TES R AR EUR ¥t B T B H o i
TARLLAN BRI S8 LR ) e Ho—, DGR ERFE )
T SCRAEA B 5 (R AR HE - 13 Diode-Multi 28
BRI RPN EEY T B R RN, RS AH
— BT — 3, ARG GAN ZEA R Xof 4 %) 7
] As bR 0 . R A e ) . o, ARG BB ER A
W G A s, T RN A AR A B S
FLE S R e AR E

NI, ARSCHRH T AR T AR RO 5 AR R
H R B A R R B M 4% CPS-GAN(coordinate-
pixelshuffle GAN) . 1% 438 iE 5] A\ CoordConv #53,
8 i RS TR SO R 8 A AL % SR 7 5 PR SRR R 5 SE AV
K H PixelShuffle WVA4 3 BB AUE S 146 -
KBTI, A RO ORI B ML OR B 2L AR K
BB S B 51N PatchGAN FI5I 88, 584k Jo
OIS H AN LW o %A B TR AR e
HEAFE LA, XREASE A LRI IE
FAAT BRI 58 . AE AR MBI R AL A BRI T
G /INREAS L SR AN 0 73 BT AR SE e, 2
R AE 5 28 37 5 BRI HE R 2 Sz A RE

1 Bk 57A
L1 SARBAIINEIRHIRE

AR FH B B At 42 /2 B Raptor Maps [41BA 2
T B SR H ik 88 A BT A4 222 1Y) InfraredSolarModules
BAREED, ZHIEEMKIE IEC TS 62446-3:2017 (Ot
RARG AN AMRSAZ ) Pt B R R AR, R DL
PN BT S B R 40 X 24 (4 K (K BAIBIE L1 Ah
BI%, K CPS-GAN FIFEAtGR N o Hdh 45 o 52551
L ANEUE B o A 1 s .

No-anomaly
(5D
Cell CHLHLih B0
Vegetation CHELHEIES)
Diode (L35 % — A %)
Cell-multi (£ Hjb T #ABE)
;TRK Shadowing (¥R
% Crack (40
Offline-module (E5£84114)
Hot-spot ( fLEAHBE)
Hot-spot-multi (£ #45E)
Soiling (B2
Diode-multi (% 55 W)
0 20‘(]() 4()‘(]() 60‘0(] 80‘()(] 1 U(‘)O()

Hot



512 W KURBTL, 55: SR A bR B 5 0 A5 2 T A R I AR AL AL MBI PR AR P i
Bl 1 RRZEDDGRAALLA BRI HCE 5 A _ @
Fig. 1 Distribution of the number of IR images of different & Zr”]%—— % i # = |
categories of PV modules *"*_.%_ﬁﬁ ﬁw &, *,] 1 %_. - hklf%
o | |® el I; " #
ASCNZHR IR T 4 A MRS, 451 B oo 2 ﬁ; =1 |n
N ZFHHME RIS (Diode-Multi) 175 7K. 4 8 mw
(Soiling) 204 7. Z BT (Hot-Spot-Multi) 246 ik (a) 2L RS2
FIFAABE (Hot-Spot) 249 5K, 1EA CPS-GAN 4%, _ NI .
PEREVPAG MO E BN R . CPS-GAN FE A AR 4 E;;Eﬁﬁq“%WEﬁﬁjﬁgq
SRIGIES IR, Tl e o | B B
FRERAY Kl o 76 LI AR ICRL Sk, S
AREERD 2, FIH CPS-GAN #EAT Hi 1 ' ‘ ‘

SR, K AR BRRE A S LSRR AR I [ g el 1 5 I
&, T INZRR iSRG 2 R
N T B AINEA S A TN AL 2 T 1R DR Y

ASCHIH] t-SNE SR IZ 4 S GRBE D ey 4 4 Ak e S

Y AR, SERANE 2 R . TR s 5RO KL
K, TS, RSO PR BT E . 4 Kk
B PR R 23 8] BAT — S RIS, HR AR
0| 6] (030 FANE TR, HAFAE R 38 3o BWIASCR
BIEFE 1 J LB L 2040 B B R AR BN AR BL . £E
FEARBEA LRI T, BAME LTS 70 22 2R E H
HAFERI AR . R AU B AN A B
HME DL S REREE (7 SRR

e Hot-Spot-Multi L

® Hot-Spot

® Soiling
® Diode-Multi

K2 T t-SNE [‘I‘JE%#E@?&d\ﬁﬁﬁ‘ﬁ[ﬁﬁ%ﬁ%é’ééﬁ%
Fig. 2 t-SNE based feature clustering display of four typical
small-sample defects

1.2 CPS-GAN 15 &3¢

b o 25 it GAN B A S5/ 248 56 2 [i) AL o I 3 A
e B RIS FER 5 re A O R 5 1, RS
PEH T I T AR b I R A 2R EE R 1R AR RO BT 4%
CPS-GAN. ZAE L Ji ik 25 2% A1 N 5 AL bR B A
WAR FHRFAEE M R IR LR TR ZE R e a4 YA
FEERLERPRE],  AERE AR ] SE AR Bl R OB AR
THMNERFE IS . CPS-GAN R AR 20K I 3.

http://zkxb.xjtu.edu.cn

(b) FIJ 4525
Bl 3 CPS-GAN 4
Fig. 3 The architecture of CPS-GAN

1.2.1 EAZM4ENS LR E I HLH)

BT SR a6 B S b 4 R BRI 7 R R IR
HIxE AL, To B A m 7 IR R - A
SO BN 7S ) 1z SRR A Ym S e B
PR N A AR BN, A28 RS R 18 800 2% 1
LI R A RO MR R R A

ANFDCAR LA AE 2 (Al A A B B — e %
S, T FR L AR ) P88 A AL 14 4 58 4 FH AR A 5 AR 1
e A e DA B N B AT 7 B AP ) LA SRR R
[RlH, AR SCAE CPS-GAN AE Rl A8 W] 4R R AIE R 5 By B 5
A CoordConv 14k, i 7ERFAE B i =0 B2 X
yARARIETE, BHE R AL E EEE NFRIEZ A, T
SR A S 0 R 8 2 B o B AN LT T2 i B RE 7T
122 AR FAFIEEH

HEBME LR EY RS RERZ S P K
B B A =AM R, TR etk 4 o1 B 5 A
M BE RS, FER2 R Ui 2 SR 28 I A R AR 2
HU. AL PixelShuffle WAZ = EABEI G R B
1, AR R I I K T A R R EE R A A R 4
£ 58 R o TE AR AL AR B MG AE R T S5 R, 1%
Bl gea RAM s O 52, (A R B B 3 4R
1) 53 A R AR A0 B AR A IE 2
1.2.3 #A B %

XIT 40 X 24 B R PR PR R -G, 4
Pl 2 s ) ) i o PR R A B S Dy B — AR
X DS oy E8 SUER A T S #4 [X 300 st % S5 4k B R AIE
A LI . AR T PatchGAN H) 5 28 4544,
Bt N B G W A — 4k Patch 50 B . B 5 w8 f
P AM X N, T

D(x)={D,,(x) m=1,...Min=1,..,N} (1)
e Do) A 51 28555 5N BB R (m, n) 1 J=350 K]
[Ea=qiap= S 2 PHIEZS O
7t PatchGAN 2544, AR SO 2 GO Hidin k3
J& N Patch X iR, FHXT AT R Patch 19051
g5 BB B Gz, o) RNTERINLIE 75 2 AR5 261
c/\rjéﬁEE*FéEﬁEEﬁj%{kilﬁfﬁkﬁa|l@? WJ#UﬁU%§‘5
A AR BN PR 2 2 N




4 LR IPNE I

%60 %

1 N
LPatch: __E N [ IOgDmn(X)]—
D MN ¥ Pa ZZ] )

y m=1n (2)
v En e 2 lee1-D, G
Patch __ _L G
T T %) ) TR RO

A M AN 535008 —4E Patch F R & ATE; ¢
NGRS B S 1A B o JERT Patch ZCHHIZIH, H5)
A BB I S5 3 DX 4 2 T %o A Rl PG 1 B SE v AT VR
M, AR AR RS BN Sy Y AR 41 A G Y SR A
SUIR S ARG B S 20
1.2.4 5% 2 HiE gk o

Bl & 2E Rl g WX 2% E A0 i, BA E AL R AR I K
SIEIII AT g KK . 4 CoordConv £ Hil Uit
SN B AL bR AE B AT REAE B E AR AR e b g 1 55
FHUE G FRFE O SR EE T B A RA R, fF
A G R A SR XSO AR AR S

ARSAE ARG TR BR PR R 2 (A R N T
ResidualBlock #RER, F F HAR 7 % 8 % 2 AL by
TESR L BE A0 AR I B AR, SR ARR P55 A% 16 TR 3 IR B
S 51N B2 1AL B A4S 2 . i CPS-GAN A= i K%
A 0% O U R o) 30 AR S R B o 2 ) 4 ) — 1k

2 SRIWE SIFI R

AR miEhs 518 SOFI M S ST &,
AR SR R B S Je Z2 FE PR AN J7 TR CPS-GAN
A B REHEAT VEAN o BT SEEG 3 7E PyTorch 2.0.1 ¥
FE2E S REZR R 58, B I & 1 % Intel Core i7-
13700KF Ab# 28 }2 NVIDIA GeForce RTX 4060 Ti &
£, KM CUDA 11.8 BT .

2.1 EEFNIERR

AICHEFE FID 5 MMD 7 I0E & 48 i A 9 4
B L SE PP FE A5

FID (Fréchet Inception #7125 ) & M A Bl G AR
Si B AE REAE 23 18] R ) 2R B A R BE | 3% A AL
PERU, FID EGBRAIC, 368 A il MR 5 Jse R 1 73 A
BT o A SCH AR MR S B S AR TR (1) Fréchet
Inception #7 &5 104 Dp, HRIEAX N

D, =TT, +3, 2L T )+ - u | @

e B 53 59009 S BB AN AR RS 5 (0 R I 22
fls 2o K3 700 9 30 SE RN Al B R R 17
o7 ZE R

MMD (g KBMEZ ) il e s B 52k
Jol PR A 3 A A A R A Rl 2 T o ) 22 L 22 S A
ERFAE AT B FE R, MMD BB, 358 A
FEAR S FCSEREA I 73 AT I . AR SORAE A
FSEREAR R ) e K EZE LN Dvy RIS

DY =E, . o lk(e,x)]-2E,_, _, [k(x.p)]+

E, . pk(y,y"]
K, koy)E—MZREL H TR ARy 2 [5]
IFRARE s P AT Py 43 ) 2% 7~ 3 S MG RN A i A% 1)
H oA

A MS-SSIM 5 LPIPS P I0i 5 B8 b AE N
A B UG 2 FEE VAN FE 47

MS-SSIM ( £ R &5 M AR AL £ JF AN A RE
1l 2 PR R PG AE 5400 S Sk b R 4 T ) — Bk
J4) W P45 2 1) AR AL 23], MS-SSIM B HRAIG, R
AR EGZ RIS ERE R ARG
6] 1) 22 R S A AR LR Bie  Sm, HLRIE AN

K

Su(x,p)= [lk (X,J’)]ak H[Ck (x, y)]" [s, (x, )] (6)

A k() e )R six,y) 7 AARER PR IR S 70 A
iR BRI b R S MM B s ok B
pRES R EIBE .. K R EE, b ARERT] .

LPIPS (% 2] BN G HARLE ) FEETFl
GBI AN A FEZ, I EUR R, SR 5T
SR SSREAE I BE R, DA 3 R 2 1) 1 AR AL RS B
241, R RS 2 18] () LPIPS (s, Fomd i B
FIZ REPEBE . LPIPS i+ Al

1 2
d(x,x,)= 7
(x,x,) Zk:HkahZ,»; 2()

e Hew Wesh D195 k24 1 I 167 P 0
we FR T4 kBB R E R, OFRE TR
HITR: V0 (0 s Yy (50) 2P BRI x o AL B
(h, w) ERPRAEBEGE A&

22 BXENAR

Shmelkov P2 H, Az B EUE ) 3 5L v 2R H
GAN-test 8 br#EAT V- o 1Z 7 15 R TE S G I 2k
£ BN a%, ARG ERERR 2 . iR A
B AN B S R e AT — 3 A R A Re e B Uf
AR AR % . R GAN-test {E i, T HHZE
Ji G S R T o

A s B AR 22 45 14 )48 GAN-train $8 A5 3547
PR o 2T VB A MR B g 25288, fERSE
FG o R e R . R AR R 28 24, R
AL AR A 1 S AR ARAE, A 7 R iRz
2 B MG o R GAN-train {8 sy, 15600 AR A%
EI1% B 2 FEPE R T . GAN-test 5 GAN-train T8 #5
WAL 4 Fros.

®)

w, O [yk,h,w () - YVinw (x)]




12 4 XUFEYL, % SR ARAR B 5 P AG 3% A (R e AR 2R AR £ A B i PR A i 1 5
HEER y " o — iR, RHEG I E G RETTE (DCGAN Al
HotSpocult [ NN — Aol o WGAN-GP) JIFA3 15 )5 38X 4772 W S etk 20
Hot-Spot = FPRRS, MR T L0A0 UG ASRE S I #m SRR E

Soiling W WA T B A sREEA I SO J st AHEL 2 R, CPS-
DiodeMulti | Pl NN — sscraie i i GAN A i B (5 b Jy 3 vl BE I U % 4, iR D 5
PR £ TR, SUERLE ML LML B . B

K] 4 GAN-test 5 GAN-train B30 72
Fig. 4 The testing process of GAN-test and GAN-train

3 ZREh
3.1 REHR MG 5 BRSO IR AL S 4

IRAUE ST LG A S5, AR SCEBOE R EHE
A B 5T T B ) DCGANES S WGAN-GPRIE Ny
X BB, AN EAR I () N L B AT G — B,
T 1R SRR A BB 8 T A R —
35, ¥5R F AR 5] R R i e s o 5 AP 28 % B, ANAE |
SRAEREL . KRR E N J7 SR ) S0l 2% i HH 45 7 T O Y
S HERI G ZE S

& 1 RRIAERRMEE AT

Table 1 Configuration comparison of different architecture

DCGAN/

18 VA
g HEERT  oan.Gp CPS-GAN
. Noise z
Input 1 X100 Noise z Condition ¢
Reshape 10X6X256  FC+Reshape FC + Reshape
Feature CoordConv +
extraction 10X6x128  Standard Conv ResBlock
Upsample 1 20X 12X 64 Deconv PixelShuffle
Upsample 2~ 40X24X32 Deconv PixelShuffle
Output 40X24X%1 Conv + Tanh Conv + Tanh
Discriminator Scalar Patch Validity
Output Probability Map
AR DL () 25 44 R AE B S22 [¥) Diode-Multi SRk

T, K BN R AR R R 5 2 ) 45 44 TR PR HF e
W 5 fi7n . DCGAN Al WGAN-GP B AEA: i B
LLAN A AR (P G, ER S04 FE AR H A7 AR )
PO XX — A G H A 250 %F R . CPS-GAN 4
FRAE A T ) B S (X 4 5 Diode-Multi 2Bk [ f1 #L 7Y
AN RITE N —2, B CoordConv AR KN L
A T 48 500 A X R o S TR0 r B R ISR AR T
IF) P A

K5 [ Z5RnT E

Fig. 5 Comparison of spatial structures

Bl 6 AN TR A5 AR R A A A 1) [ SUEE R B

http://zkxb.xjtu.edu.cn

PixelShuffle HEHE 1R I 1 e ff Su e B AR LA
PRz inl R, AR T 52 i AR s UG R A SUE ) B AR E
(a) ESLEIG
@ I
| (¢) WGAN-GP A )i
(d) CPS-GAN £k
6 KBIEE T (MBI RIX)Y: Hot-Spot-
Fig. 6 Image texture artifact comparison (rom left to right: Hot-
Spot-Multi, Hot-Spot, Soiling, and Diode-Multi)

N BV AS R RAY () A B R o &, BE TR
PRI 2 UE A 3 OSSR )~ AR, DR =R
TG AN A, AL CPS-GAN A2 BT U AE I3 — 1k
AEFE, K¢ CPS-GAN TER:Tifabx B AIVEN 2

1, HABBERILE A R FE bR 1145 T Rom AN T CPS-
GAN IEAA . B @ FE55 k AR bs B R AEEUE
WA —46 5 I FEFRE i -

q; x

(b) DCGAN 41
Multi. Hot-Spot. Soiling /& Diode-Multi)
32 EEGRRENEEXLL
e Refem vt T2 A FFR AR e A AU
EREN
9 qiks CPS-GAN TEEE k ANMEAR_E MR EEUER qos
1= —= (8)

9ok
K 7(a)~ 7(b)7 51 43T FID 5 MMD ) H 52
PPN S, SRR EE LRI, CPS-GAN fE43 4 255k
FEAE 55 Hh 35 J TR B A () A R S . Dk
A — A0 HE 55 AN [FUA B 2 (8] P e e 0 2 57, AR Sk
—BGTT T 3 MR 4 B B R R GG 4R bR
f. WGAN-GP. DCGAN 4 CPS-GAN [{J°F-¥J FID
39N 7.4654. 6.5037 F 3.1241, “F35 MMD 43519
0.00835. 0.00813 #10.00778. HIMAI%I, CPS-GAN




6 LS PN

60 %

U8 8K FID 5 MMD, B HA: sl G AE S8 it 0 A
S5 EEMGEERL. X&HET CoordConv AL HRE A
Bl PixelShuffle A% % B F ik & PatchGAN
Sl FVER , HoR T S R AL B RS RS Y
W, MIIHRT: T A BOFE AR (2015 SO LSk

Bl 7(c)~ 7(d)%> 73 T MS-SSIM 5 LPIPS )%
FEVEPEAN S5 R . S0 25 KB, CPS-GAN 1L 4 2Kt
B A AT 55 TR RS T BRI 2 AR I . BRI
& » WGAN-GP.DCGAN L) & CPS-GAN [1J°F#4] MS-
SSIM 7351124 0.7294. 0.7560 }% 0.6918, “F-¥] LPIPS
338 0.1271. 0.1220 K 0.1373. CPS-GAN H. A
R H°F 45 MS-SSIM i =1 1°F34) LPIPS, i B H AR
FSORE AAE DRFF SIS S — UM B [F] I EL A By 1) ek
HIZ .

Kl 7(e) A% T CNN 43K 45 R 1) GAN-test 5
GAN-train PPN 455 . S2E0 45 R B, CPS-GAN 7E M
MNEIs BN B, GAN-test il GAN-train 43 5l A
93.37%7#1 81.01%. WGAN-GP 1 DCGAN 7E GAN-
test ¥Eh% 145 54 CPS-GAN [1] 74.14%7H11 78.98%,
7t GAN-train fa A5 F 1) 45 58 CPS-GAN 1 55.36%
M 67.23%. "] WAE/NFEAR KM R, CPS-GAN MY AE
T RINGEI B, BN T RS IR E S
B E A SCHE

WGAN-GP [l DCGAN [l CPS-GAN
4.0

3.5
3.0

2.5

Tik

2.0

0.0
Hot-Spot-Multi  Hot-Spot Soiling Diode-Multi
[REES

(a) FID f&tx

WGAN-GP [l DCGAN [l CPS-GAN

1.0
0.9
0.8
0.7
0.6

03 Hot-Spot-Multi  Hot-Spot Soiling Diode-Multi
BRIES
(b) MMD #&#¥5

Tik

WGAN-GP [l DCGAN [l CPS-GAN

0.9

Tik

0.8

0.7

0.6

0.5
Hot-Spot-Multi  Hot-Spot Soiling Diode-Multi

BREEE
(¢) MS-SSIM f&tr

WGAN-GP [l DCGAN [l CPS-GAN

0.91

ik

0.8

0.7

0.6

0.5+
Hot-Spot-Multi  Hot-Spot Soiling

Diode-Multi
BREEE
(d) LPIPS #8¥5
1.0 GAN-Test [l GAN-Train
0.8
0.6
o
l‘lé
g_‘u_l
0.4
0.2
0.0
WGAN-GP DCGAN CPS-GAN

GANfSE %
(e) GAN-Test 5 GAN-Train 1845

7 ANIE A AR ) E B AP

Fig. 7 Quantitative evaluation of different generative models

3.3 HFEZEE Do

RT3 R A BORE AR A R AIE 25 ) H ) 3 A R
X B S BAR RE A FE R, ASCK A t-SNE 7
VR YRR R B 22 gk s (R HEAT AT AL, P 8 BT
Mo TEJRGRESEEE SO R S L, 08
I WGAN-GP. DCGAN J CPS-GAN ‘£ B 4% 200
FRFEAR (BL “+” FRid ).

i WGAN-GP 7 fi &5 SR ml 1, B AR R A 11 3
HYEHE B R G — e ES, HERELRA



12 4

XEIT, 4. RABERIEE S WAR R EMHD RN L ERIE EUR 0T i 7

BRI, V5 2 AR IR AR A SR AR T 06 B 1Y) B 5K
RIRN, TARTAR TAHARG 2 0], BAELE “ P52k
PE . XU WGAN-GP 78 ZI H B 4 Af
BT A AL, AR R AR AR B8 78 23 % 55 B S B (1)
mEYELE IR, ML Z T, UXMNmﬁﬁﬁE%E
1%354%, {HAE Diode-Multi A1 Hot-Spot S5k &2 51 I
HRFER P AR
CPS-GAN NI 23 FAR R AIE o AR i, AR
FS P A [ 24 S e o A AR T L B A PR R N A B SEFE AR
IR RN IR . FIRSE KW, CPS-GAN J#id K
F} CoordConv AL FRESNHLH . PixelShuffle W14 & &
PSR [ PatchGAN J 51 #% Wir [RIHL A, (24 AE p 1 Bl
1%& B SCRHIE B S B EHE — 8 . CPS-GAN
Re s B8 45 1 21 AT H0 1 i BB SRR AE ,  FF e H
%Kﬁﬁ&ﬁ%%ﬂﬁ@%ﬁﬁﬁﬁ%%

® Hot-Spot-Multi ‘ .
® Hot-Spot e
e Soiling ® R
e Diode-Multi . ¥
+ GAN Data (Augmented) ®
5 04
. .
. s
- .
(g ° h
TP i
-
.. Al °
Py K ¢ -
< e

.:.. oo o ‘g'
. ﬁ
i’f%

&&5 °
§ -
(a) WGAN-GP
© Hot-Spot-Multi . %
® Hot-Spot
o Soiling
e Diode-Multi

+ GAN Data (Augmented) e “.

.7 : 9”&% : ey
o"

(b)> DCGAN

http://zkxb.xjtu.edu.cn

e Hot-Spot-Multi
o Hot-Spot

e Soiling

@ Diode-Multi

. - .
+ GAN Data (Augmented) 3 ’o' . o2 -
st "J'O'!:o 4 "f

(¢) CPS-GAN
8 A[F GAN B4 BFEAR T t-SNE RHIE 53 AT
Fig. 8 t-SNE feature distributions of samples generated by
different GAN models.
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Table 2 Comparison of feature-space clustering performance
among different data groups

SCIG4H Silhouette Z%§ Dp 5%
HIHE 0.0319 3.6018
WGAN-GP 138 0.0752 2.8663
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DCGAN 138
CPS-GAN 58

3.4 Tl oy RAES BB ITA
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A B UGN ZREERE A SR 3 B s WGAN-GP 154
DCGAN 1858 . CPS-GAN i1 3 A2t 2H 34 78 JR 14
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1% . R BN GREEIMME . T B MR 25 5 R &K,
A SCAE #5385 20 b R 2R R IR 56— 3 78 500
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Table 3 Partitioning of the dataset
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ANFEFEHLF T TR R SR o FE AL 3 IR,
FEARIRIRST SZE v, 4 i)l R C B35 156 FH AH 5] A 98 AE
EEFNMREE, ANAE VN ZREERY BER FH A [R] 1 504 3 i
T2 PAORIEAS R SE064H 2 18] mT Lo o S & PERETE
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x4 NAF LG ZHAFE ResNet 70 XA F Al 45
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T R VE RN 76.95%+£2.38%. 5] A WGAN-
GP A HiFEA 2 J5 MR HER %N 76.19% +3.15%,
i B WGAN-GP L AR e i %2, S8
IR EE () oy A B8 L SE e, b sem 1 2588
I 5t . DCGAN B33 U B A —E 4 Ft, ik
HEHIRIEF] 79.81%+1.19%. ML F, CPS-GAN
TS J 3R VHE AR R A 3 84.00% 1+ 0.57%, AH%K Real-
Only JE#EAHIETF T 7.05%, 5 WGAN-GP 5 DCGAN
B8R IR T T 7.81%F1 4.19%.

ARSI 45 AR, AHELT DCGAN #il WGAN-
GP, CPS-GAN £ S fAE AR BE M B A7 A A b 78 /MR AR
FREE I N SR B, $E T o R AR 2 Hh sk
R PR 3 E B 26

E 4 RF) 55048 69 WK R 4 5

Table 4 Test accuracy of different experimental groups

SCIR4H TR AR/ %
Real-Only %448 76.95 +2.38
WGAN-GP 1&3% 76.76 + 3.81
DCGAN 135 79.81+1.19
CPS-GAN 135 84.00 + 0.57

% (8 BT BIGUE TR RE SR T R B R A g #
B, AR N Welch’s t-test (i 35 17K Fo=0.05)
X 4 PRIl ZRER B R it v i 28 AT P A EL AR
SR IE 9, i g R, HIX DCGAN H5a -7
Hm e = T Real-Only JE#EZH, B GiiH K5
SGRERZHEMERIFREBEZWEKE (p=
0.1428>0.05). fHtL 2 F, CPS-GAN 155 A %% Real-
Only ZEHEHHNAR T BE A (p=0.030<0.05), [
2 E 8 T WGAN-GP #9598 (p=0.046<0.05) &
DCGAN 38 (p=0.013<0.05). Siit4sREH,
CPS-GAN AE it AR % i ok B AR 1 H0as 19 s R

100 * p<0.05
* p<0.05 |
90+ - ’ * p<0.05 I
T
. | oz ‘
5 801 T
: |
&
E 70,
=
60

50+ T T
Real-OnlyZE#EZH WGAN-GPI5%  DCGANHGE  CPS-GANIYGH
M|
B9 AN[A GAN 33 5t £ T B I HERf &
Fig. 9 Test accuracy under different GAN-augmented datasets
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0.7599. LA WL, CPS-GAN AMYAEUEH 78Il 2R k¢
AEAE, B ReEE I 5l N 2 FEG I B R A D TR
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Table 5 F'i scores for different defect categories

. &
R Real-Only 28 CPS-GAN 38
Diode-Multi 0.8909+0.0524  0.9574+0.0135
Hot-Spot 0.7234+0.0390  0.8052 +0.0210
Hot-Spot-Multi  0.7188+0.0163  0.7599 = 0.0349
Soiling 0.7634+0.0314  0.8497 +0.0322
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N FEE, KRR AL BR BB B ( CoordConv +
ResBlock). A% Z HAHEEL (PixelShuffle) LK H
MR (PatchGAN) B # N EGibrELALA:, Mt
33 3 Py AR AR, G5k 6 FuR.

K 6 BTG AIRRLBE

Table 6 Specific network configurations for each variant
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W5 )5 1 o MR R SR 7 Fos. R 7 AT,
AR R AT HUR (L bR S AR 2 JE, IR HER R
M 84.00% % 2= 80.95%, 1t BH R/ i A [a] A Az 5 7,
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TRV, BETFH T 2 SRR X 5 28 1) A ) B (1)
5 2] Y PixelShuffle B e it i 1) % B B RS,
MR HER 2P 2 80.19%, Ui 4% B BF ERAEIR
G AE AR LLAN UG AR B 5] N5, T 52
A3 AR ()92 A ERE o 24 PatchGAN 5 25 4 g b v 4
AEsiE, AR RBEE 82.10%, 1] IR #0354
FRRE RS A Bl 2% B8 4 M A= Bl ey 30 SO R AR A S
PR TSI T A ke e 22 S R R il e

% 7 CPS-GAN #2309 7K Bk R In 25 R
Table 7 Ablation study results of core modules in CPS-GAN
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G BT B R BOIR S B S A B 5
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Fig. 10 Visual comparison of samples generated by different
ablation variants (Left is Hot-Spot-Multi, right is Diode-Multi)
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Fig. 11 Trends of test accuracy under different numbers of
generated samples
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Fig. 12 Visual comparison of samples generated by different
models (Dust band, right is Substring open circuit)
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GAN A e AT 50 5, o> RIS T el 4
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Table 8 Experimental results across different datasets

RALE T ARER
MERRZER % Fi{&
Real-Only 420  84.22+0.8875 0.7038 £ 0.0097
DCGAN 355 85.77+0.7211 0.7541 +0.0103
CPS-GAN 138 88.12+0.8915 0.7840 +0.0121
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