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Abstract: Aiming at the limitations of existing methods in reconstructing background details and
achieving high-quality image generation, this paper proposes a weight-map-guided generative adversarial
network (WMG-GAN), a fabric defect image generation algorithm based on the CycleGAN framework.
The algorithm first employs a generator to produce both a foreground weight map and a feature weight
map, enabling selective modification of foreground content while completely preserving background details
and structure. Secondly, a ConvNeXt V2 module is incorporated into the discriminator to enhance the
network's feature extraction capability, thereby providing more precise gradient feedback to the generator.
Finally, the learned perceptual image patch similarity (LPIPS) metric is introduced to construct the cycle-

consistency loss function, optimizing the visual quality and realism of the generated images. Comparative
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and ablation experiments conducted on a real-world fabric defect dataset demonstrate that the proposed

algorithm achieves lower Fréchet inception distance (FID) and LPIPS values, alongside higher structural

similarity index measure (SSIM) and peak signal-to-noise ratio (PSNR) compared to the traditional
CycleGAN. The WMG-GAN algorithm significantly enhances the quality of generated images, and the

resulting images meet the high-precision requirements for automated defect detection algorithms.
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®2 ZmBEEEGK(YHE)ERLBER

Bk FIDy  SSIMA PSNRA LPIPSy
CycleGAN  38.0585 0.1687 17.3518  0.1290
G-CycleGAN  35.2029  0.1055 19.3670  0.1131
GD-CycleGAN  24.0220  0.2364 20.3105 0. 0854
WMG-GAN  20.9138  0.2489  20.8625  0.0849
®3 THREEG(ZE)HMIEER

Bk FIDy  SSIMA PSNRA LPIPSy
CycleGAN  57.3320 0.0853 14.9017  0.4499
G-CycleGAN ~ 60.6342  0.0720 14.1419  0.2064
GD-CycleGAN  49.4156  0.1508 19.5663 0. 1079
WMG-GAN  20.8715 0.1722  20.2126  0.1209

M 13 3 il LI YA A i #5517
ek iF X OB % B FID, LPIPS 43 51 B A% T
39.21%. 54.26%, SSIM, PSNR 4> %l & & 7T
26.85% . 12.85%; Y 3 K 1% " &Y FID, SSIM,
LPIPS 43 5l FE AR T 7.51%. 37.46%. 12.33%,
PSNR #2517 11. 61%; Z 3R K14 tH i FID {4 #2525
T 5.76% ,SSIM,PSNR, LPIPS 43 HIF#&A% 15. 59 % .
5.09% .54. 12% , X H oot A: slids il gE & 28
Az BBV T i T B o O S 2 AR PG o 3
REHE B R, X EH TIES CycleGAN 1y
I AR P EURE 7 B 55, ME LA HE G b A 40 B
25 SRR R R, S BUR L TCTR AR B 1) RS
Bo AN R MO R ]k X 43 Hi S 7T S X
S8, T S0 2 T0 T VR AR R 1 3 4 DX, ) A= i A ]
BT RE 2 BT S 50 SR A I TR) A, 7 AR A
BATT AT B IRE 22 R A A 1Y R
e s X E S P A FID,PSNR, LPIPS 435l FAI% T
53.63%.5.78%.3.16 %, SSIM #£1 T 41.13%;Y
& % 9 FID. LPIPS 4% B FEA% T 31.76%.
24.49% ,SSIM 1 PSNR 43 5| #5551 124. 88% F0l
4. 87% ;7 WK% FID, LPIPS 43 JIFAK 18. 51 % .
47.72%, SSIM A1 PSNR 43 51 $& & 109. 44 % #1
38.36%, XRUIAEMG R BTRSS] T B E T,
T2 PRI DAy s R 0 6 UG A T RN A £ Y
FHEERE 7 BRI 45 BEAE O A B2 2 145 B8 T o o
(Y S AR B, o DT 52 B s Jo A 1 PRI A AR

IEAh  FEIE A — B R h 5] A LPIPS $845 i — 25
T T BIENPERE X S Y FID, LPIPS 43 3
BT 2.91%.59.19%, SSIM,PSNR 73 585 T
213.29%.96. 51 % Y WEHZH ) FID,LPIPS 43 5
FEAR T 12.94%.0.59% , SSIM, PSNR 43 5142 &5 T
5.29%.2.72%; Z W% b FID {H &K 57. 76 %,
SSIM, PSNR A1 LPIPS 43 % $2 % T 14.19%.
3. 31%0 1 12.05% . X2 F LPIPS 5 & B AR Ll
M AT BT A BN AR S F AR T HL AR ER
EEIE SR EA
2.4 SEXREFENIEEEIE

TEVEAE WMG-GAN T EG A 5l 4 P RE R
ARCKZ A S B AT A A A T T X L
Xf e B 49 3% MUINT™ | DRITY | StarGAN-
v2 )  CycleGAN F1 WMG-GAN, A [a] 8 vk i 4E
B AT VC O R I IE MR AR R an 3R 4—38 6 s,

®4 GEBEER(XE) LR

Bk FIDY SSIMA PSNRA LPIPSY
MUINT  180.5731 0.0883 19.9801  0.4023
DRIT 87.2472 0.1124 20.5113  0.4512
StarGAN-v2  45.3983 0.0981 22.5377  0.2247
CycleGAN  17.5134 0.1155 16.1352  0.1865
WMG-GAN  15.6935 0.4784 31.1031  0.0799
x5 ZLEBEEGR(YIE)IEER
Bk FIDY SSIMA PSNRA LPIPSY
MUINT  103.3276 0.1050 15.8623  0.3827
DRIT 67.1428 0.0815 17.8924  0.1044
StarGAN-v2 ~ 39.2174 0.1349 19.4789  0.2654
CyclyGAN  38.0585 0.1687 17.3518  0.1290
WMG-GAN  20.9138 0.2489 20.8625  0.0849
*6 THREEGR(ZIE)ILER
ik FIDy  SSIMA PSNRA LPIPSY
MUINT 92.7513  0.1024 15.5016  0.3750
DRIT 40.5561 0.1455 19.9127  0.2716
StarGAN-v2  23.9178 0.0886 17.5512  0.1673
CyclyGAN  57.3320 0.0853 14.9017  0.4499
WMG-GAN  20.8715 0.1722  20.2126  0.1209

M 4—3 6 0T LUF H A S AR A s Pl
PEEMG )y T B AR PERE . WMG-GAN 7E X 35,
EUZF Y FID {543 %] e MUINT, DRIT, StarGan-v2.,
CycleGAN I 77. 49% ,48. 54% ,12. 74%.63. 59 % ; 1
Y 5k Bl & 1 # FID {E 43 J [k MUINT, DRIT,
StarGan-v2., CycleGAN & 79.76%. 68.85%.
46.67%0.45. 05% 5 £ Z R EME (1) FID {H 43 51 tb
MUINT, DRIT, StarGan-v2. CycleGAN & 77.51%.
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48.54%,12. 74%5.63. 01 %, 33X F&HH A= il A L0 el 4%
FE TR R Z2 R T T S % B PR A v B AR AR
76 SSIM J5 Tl , WMG-GAN A= i % 1) J5 2t B A5
BRI, 7E X B & i SSIM A 43 0 L
MUINT, DRIT. StarGanv2, CycleGAN &
441.79%.325. 63% . 387. 67% . 314. 22% s 7£ Y 1
FZ g SSIM B4 %) e MUINT ,DRIT, StarGan-
v2,CycleGAN 5 H 137.05%,205. 41% ,84.51% .
47.54% s 7E Z W% SSIM {8 43l b MUINT
DRIT. StarGan-v2, CycleGAN & H 68.16%.
18.35%.94.36%.101. 88% ., 1k A A hig Al BRI 1]
R i e FECHIE PRI =2 [0 ) &5 R L R 1 R o s »
LA R W A5 AR B T i A R, b,
WMG-GAN A= i E% () PSNR {E 4 BF & $2 7t
e X B G 45 A 43 5] e MUINT, DRIT,
StarGan-v2, CycleGAN & 30.39%. 1.51%.,
15.16%.35. 64 %7 Y 3 4% X o 45 3 v 43 51 Eb
MUINT, DRIT, StarGan-v2, CycleGAN &
31.52%0.16. 61%0.7. 17%.,20. 23 % 7E Y Bk EG T
I 45 5 b 43 9 e MUINT, DRIT, StarGan-v2,
CycleGAN [ 30.39%.1.51%,15.16%.35. 64%.
X T Az B R Y B BT 4 R LRI,
UEBH T2 7E R AE bk A v RS B R AR e 1k .

(c) DRIT
K st

(a) INEG (b) MUINT

AR R

(d) StarGAN-v2

WMG-GAN k153 T 84K LPIPS {H, 7£ X k&%
43 5l MUINT, DRIT, StarGan-v2, CycleGAN
FEAL T 80.14%.82.29%.64.44%.57. 16 %5 7€ Y
B & 4 4y 5 i MUINT, DRIT, StarGan-v2,
CycleGAN &K T 77.82%. 18.68%. 68.01%.
34.19% s 7F Z 1 1% v 43 31 . MUINT, DRIT,
StarGan-v2. CycleGAN FE{K T 67.76%.55.49%.
27.73%0.73. 13 %, X3 B AE B 1) 0 UG RN i 4
BR8] ELA 55 v 0 SN AR AL E , i — 2D 3k T 5
A B e Jo U LR ) e

kg B F 7R R AN () A B B R 1Y
A BE T ASOR EIREEAE XOY R Z B A s
BT AT R R A 8 Fras . M 8 A LIE
i MUINT A& iy G AR XSRS i = B 558 i) e
FRIE s DRIT A= i) BURAETE DN 52, BEOIEIR 3 AN 0 T
Wi 5 StarGan-v2 FIr A Bl G H 1 S5 09 20 15 S0 B 21 46
TE—if ; CycleGAN A= Al A9 RGNS HL Al & A i 38 2k
2 A0 SO O AR T v BRI AN IR B, X AT fig
T CycleGAN i [a] T4 s oCHE R 2 AT s+
SERR ST RERRA M2 T, WMG-GAN
Az B MG T 35 v A TR BR800 . mT Ak
W L2 Rk — A BUE T WMG-GAN 7848 il i i
A1 VC HECHE BS54 DL B

(e) CycleGAN
AR

(f) WMG-GAN

AR AR R

B8 FEEERENER

2.5 BRGNS XX LiE

T RAE WMG-GAN Fr A J 4 A3 DC 3UE 1%
(AT I S LA 900 5K 5 A DT HECIE 1A 15 A8 B 14 5503
RN I B AR ST TN SR, SR A AR B
B BERAE TP A 300 3K WMG-GAN 4= i 1)
A7 VEIE MG X Bk A IR A U 5 10— 25 50 0F

Az MG AT FPE 25 gk 7 iR, B 7 ATAlL
{681 FH PR S A DT HRAE 1A F50R A= ol P A7 G BEUE 1 5 4L
B IAR A B AR 0 T2 0 H AR i SR AT IR, 45
MEIER mAP BAERSET, SSD, YOLOvA-tiny,
YOLOv5s, YOLOv7-tiny 4% # F+ 3.2%. 1.3%.
3.9%.8. 3%, it —2EEIE T WMG-GAN A 5 i) 7
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DL 3UE PR B o v Rh 26 22, n] UG i HARAGI
SRV XA T SEOIE Y ARG BE 1) Az AL PERE o
R7 EREEMNBIERN BRGNS R L

0 mAP/ %
5 SRR A R B
SSD 90. 5 93.7(3.2% M)
YOLOv4-tiny 94. 8 96.1(1. 3% 4)
YOLOV5s 93.6 97.5(3.9% 4)
YOLOv7-tiny 88. 1 96.4(8.3% *)

PA b S g 45 R R W] M T 2B, WMG-
GAN —J7 THRHS 15 DB 5 X 70 JT o 7B O
AEZ T B [ AN 22 Xt P 5 7 AR B R ) 5 ) —
T TE TR 0 R AR A SR RE ) i — A P
T AR B . A RO T A DEIEUIE L
00 A CRE T 5 A AN DL B A 75 5 1 4R 9 A
DC SOEAS LA g o 2R 18 7SS s i Bs SR X I 2k H
ARSI 3502 )2 AP A DU B8t A BOR R T %
RUNZATEA AT VI R A AT 55 T B4
814 A BRE 1 RTRT 5 L 38 T O Ji5 452 A4 A DG BEAS:
AL S5 4R AL T i 2RI B B B kit . X
75 R A2 T B U AR T B R A AR
S A1 VB BB I 5 58 ) S 40 i B 1 120 14 REL G

3 4% iE

B Yol A DG B R A it A v s R i T
SCYNTT CBEARAE N B 8 A [ B, AR SCHR Y T — 3
TR E G| 50 it BHRAE R WMG-GAN,
IZFIE BT AR (81K X 43 iy 5 I o, ff LR
FEAR BR JR IS 54100 [R] B4 i H b Sk 3 S N 5 7
IS rhAE B ConvNeXt V2 33 T [ 2% 4 #i2
T ANEEFIAE S BE 7 5 DT A= 5 B L S A vy o
HIEIE.

SEHE BRI, WMG-GAN 7 K4 5 F B S
PEJ7 I8 T A S8 CycleGAN Bz HoAth 78 14,
WMG-GAN FR18 5% FID ff, 32 B A= % K15 1 EL
SEEME Z A A 0 ORI 5 3R A A 1
SSIM Fl PSNR {H . f3E T A= 1l 5 H 45 0 4715 1
TR BA R 1 2% B e Ah, BRI LPIPS fH R B A=
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