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Abstract: To address the issues of low quality, lack of realism, and poor diversity in defect images
generated by Generative Adversarial Networks (GANSs) under small-sample conditions, this paper proposes a
defect image generation algorithm, named Defect Image Data Augmentation Generative Adversarial Network
(DID-AugGAN), aimed at enhancing defect image data under limited sample conditions. First, to overcome
the difficulty of traditional convolutional networks in effectively learning non-rigid features in images from

limited datasets, we design a learnable offset convolution to improve the model’s capability in capturing
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semantic information. Second, to prevent the loss of critical defect features and enhance the correlation
among local features, we introduce a multi-scale coordinate attention module, which focuses on defect
location information. Third, to enhance the discriminator’s ability to distinguish local details in input images,
we redesign its architecture, transforming it from a conventional feedforward network into a UNet-like
structure with symmetric encoding and decoding pathways. Finally, we conduct comparative experiments
between DID-AugGAN and the baseline algorithm on the Rail-4c track fastener defect dataset, and validate
the generated images using the MobileNetV3 classification network. Experimental results demonstrate that
the proposed method significantly improves Inception Score (IS) while effectively reducing Fré&het
Inception Distance (FID) and Learned Perceptual Image Patch Similarity (LPIPS). Moreover, the
classification accuracy and F1-score of MobileNetV3 are also improved. The proposed DID-AugGAN can
stably generate high-quality defect images, effectively augment defect data samples, and meet the
requirements of downstream tasks.

Key words: few-shot learning; generative adversarial network; learnable offset convolution (LOConv);
multi-scale coordinate attention (MSCA); UNet-like;
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R, @il 1 BRAEL RO R, XSRS S RHMEET AR, SRR IR
#HA:
A:a@w+%LU@%-F », 27

agg

b W MW AT IZRSHOERE, o) Ko Sigmoid ol s #. 152 HIEE IBCE A ¢
I N1 % SR AR DX A B, (A S R B R LA R SR A B P A B s Ak
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4t GAN R ) 55308 3 R B — ATt ), S R s DU 7 & R A5 2o XA
BOHEEAR AT IR, w5 B EB 4/ REH R E R, iy s
SIS 2 LA 3 H AR R TR AR T o AEASC AR, et s i) 4R M T UNet-like
288, ot EAEORSFF R RE ST FIRY, SIN T RS s AR, IR A B S B R A
THAT MR . SRR AR TR AR R AT B 2.4 A (13) A (17D, N

fEFHES, Aoy Ly A (28):
Ly =L3° + L5, (28)

b, L0 gmtgas sy (RIARFD MRk, T LS g as sy (IR 1
k.

N T NE R BB SO AT R, BATHHE B I8 1 AT o i o RO 25 B4R
SN, WIEERE 5 IR L BB AT R -

V,L, =V, L2 +V, L, (29)

FEARGEH G, DUFAE V LD° T, IR R A s 49 2 (B0 58 S 188 BRI T R B 4
(&R BE . HEBAAEM P AR, AR AR XE DU SOX L5y, T2
PE AR AE SR AR RIS E

FINV, L BUG, FUNEER AR b Ref SR AL Ak B B . RSk, mTRAAH
SR i 8 7 i S X JR3 S S ) 4 RS LT AR P R R i X ) B S 7 P M, LR 22 T
AR A

oL
é‘local - Wmal (30)
B0 X B R P I — R XK R AE RS o AH EE T AU 4 Joy AR ALE 7 AR TR B 2
aLenc
) obal — —— ’ 3D
oot aXglobal
TR RE O B SR MO S AR RE 25 . R PE S5
VB I‘D = 5g|obal + 5Ioca| ’ (32)

XA E AR N ZRd RE b, AMLBENE AT IC T AR UG SR S5, IBREFRAR K
TRERAI T RILIE T HM S 2, WILEIN R A, A AR LE AR B BTN 4 B¢
TEAR AL AR ZE, MNTITAE A B 5 Hh i o) Jm) S R B A AIE ) Z1 B e 7 X NI BB 1 ek
HBEE I A28 BE N R RSP AL . AR b, R B AR RS R AR T
4 SIS R K
41 FWIMBSHEE

KIS S HLE W R #IERSN Ubuntu 20.04, A#%A Linux, 5% SIHESE N
PyTorch1.8.1,CPU Jy Intel(R) Xeon(R) Gold 6248R, GPU >y NVIDIA Tesla A800, fltft#sh
Adam, #4231 % A 0.002, batchsize Ay 32, kimg & 1000, AV SLI6AH FH I EdE SN

H I Rail-4c HUBMFokFEaEEESEE, BTN IIFRER R AL A AR s DY 2K,
RS 400 KR, 2 #E50N 64>64, AN HIBIEKIE A REREURESERI 77y 300 Tk
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Table 1 Presentation of experimental sample dataset

Hn A i 3212
= _—— TE
YIRS
MREHE 100 100 100 100

4.2 VHIERR
S TAG A R G5 &, %6 1S CInception Score) 7). FID (Fréhet Inception Distance)

2811 LPIPS (Learned Perceptual Image Patch Similarity) PI=FiFAfabs. 1S FRIFNAE K
BUZ 0I5 T B AN 2 A, (E O, RN :

15(G) =exp{E,,, D [[P(y 101 P(y)I]} (33)

K X~ Py RoRAERAEREGR: D Fomxt P(Y[X) 1 P(Y) 5k KL #%. FID HFiFH0
R G 5 B BUGAERRAE A% I R R M DR, (IR AT, kR
FID(X,Y) =]ty — s, || +Tr(C, +C, —2/C,C,) (34)
b XORY 0 B2 B GR BUSE BUR RRE G 1 B BBl 20715 e 0, 23 51205 X
FY [WIRAE R Cy R C, A0 IZeos X RY FUREE i P37 2550 s Tr(A) R HE A
faiss ||| R L2 S50 T . LPIPS I T4 25 A G 5 2L MR FO R SEA M
(N, RiERN
LPIPS(A.B)=> w4 (A) - 4(B),, (35)

K ARIB 9 BIZR ARG RIS ¢ (A) R ¢ (B) 20519 EIR AR B 1A H 4
JE0 ERRER R || %% L2 ke w RN EARER R E BRI

4.3 IIEEELIRSrHR

JNEHIE DID-AugGAN HiEVERe ek, SCi8ikEX DCGAN. WGAN. WGAN-GP #il
StyleGAN2-ada PUFHAE B EVERAT X E o X YA G B B2 7E BTt 70 1) Il R 43 h SR AR 5%
& H AT N A5 ARR M S . N BRIEXT EL AP, B e LA R K S 5 R B
NEPUIRAS, SZIe4E B 2 s, I N fe e .
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Table 2 Experimental comparison results of different network models

- Y
WA RN R
DCGAN WGAN WGAN-GP StyleGAN2-ada DID-AugGAN

T 151 1.88 2.03 2.82 2.97

WA 1.73 2.19 2.46 2.74 2.87

ISt 220 1.43 1.76 2.11 2.70 2.85

LN 1.95 2.20 2.29 2.79 2.91

THME 166 2.01 2.22 2.76 2.90

Tk 28430 21555 182.34 39.30 28.02

Wrzd  248.73  136.95 70.32 4541 37.38

FID! e 29771 240.74 162.17 48.33 42.74
S 197.26  133.02 105.97 43.79 34.45

P 257.00 18157 130.20 44.21 35.65
FBE 28119 249.92 244.45 225.06 212.34
Wiz 291.65 222.71 209.58 178.53 166.95
LPIPS!  F8f7 35463  310.29 292.34 236.32 223.03
S 356.47 34573 329.51 234.28 220.89
S 32099 282.16 268.97 218.55 205.80

FE: R LPIPS {2 L) 10° 2 514,

IR 2 M92ib st BT, S5ekitnl StyleGAN2-ada =ML, DID-AugGAN 7
RAENGAE R B3 eIl e Re EISeTt. 78 “TRBREG” K84, IS $2FF 5.32%, FID P#fik
28.70%, LPIPS [#fik 5.65%; fE “Wi#l” GRFEEM R, 1S 2T 4.47%, FID B&{% 17.68%,
LPIPS [k 6.49%; £ “Mhr” Ghig2kiis, IS $27F 5.56%, FID f&#{% 11.57%, LPIPS [£(ik
5.620%; fE “BRIc” BREESEAIT, IS $2TF 4.30%, FID F#M% 21.33%, LPIPS [#{% 5.71%. %
& 4 KEBKRE, 1S FHITF 5.07%, FID H1 LPIPS “F¥) T[4 19.36%#1 5.83%. HR#E =1
FEARIIXT EE AT LLE Y, DID-AUgGAN  BVETE/IMEAR SR T M0 BURAE AT 55 R I 2
EREAE, ZEIEAM B A i 2 A IS S, T B RRE AL BN S s MR A
FEABL, - 78 23 A2 B0 14 5 A0 ST 108 20 A7 2 FEAL I 75 oK

4.4 TEITEE

R StyleGAN2-ada $59% 5 Mt J5 DID-AugGAN SHETEAS [\ B A R i &l 5 A
s HAESK (@) ~ (o) Ml (d) ~ (F) 435I et mAn it J5 5578 11 25 100kimg -
500kimg A1 1000kimg YIZRI B RIRCRIE (“kimg” N “TFakEG” AREINZGE), F—7
BN > BT TCERRE . Wi, AL ANER IS TR,



(a)StyleGAN2-ada 100kimg (b)StyleGAN2-ada 500kimg

) = . 5 i. ;"‘i
.- H oy :

(d)DID-AugGAN 100kimg (e)DID-AugGAN 500kimg (f)DID-AugGAN 1000kimg

P 5 L et AT AN R B 2R R

Fig.5 Generation results at different stages before and after model improvement
M 5 A LLAE H, DID-AugGAN TE [F] — i B R A= il 1) A ) 285 28 )45 0 22 L
StyleGAN2-ada SN, HAEHRAWEIT B, sk 5 %A i) UG SE R IR 1A

::

P
P
L >

—- 3 = o il S gl :
F9:4{% DCGAN WGAN WGAN- St}leGANZ DID- 9% DCGAN  WGAN  WGAN- StyleGAN2-  DID-
GP ada AugGAN - GP ada AugGAN

(a) Ll (OLES

WGAN  WGAN- StyleGAN2-

H3:E% DCGAN

FL9: % DCGAN  WGAN  WGAN- StyleGAN2-  DID-
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Fig.6 Comparison chart of generation effects of various GAN models
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LAWK AL K% . DCGAN. WGAN. WGAN-GP. StyleGAN2-ada. DID-AugGAN
A L R

ME LA 1, DCGAN. WGAN. WGAN-GP. StyleGAN2-ada = 411 B %47
FEAN A F2 BE AR . AT I . T 7S 22 45 ), 0 FLAE R 24 5 5 M Ak T A T A
DID-AugGAN. iX/& [} DID-AugGAN { ] LOConv fREAEGER, Lk T2 g i
FE NP REAE, 0 1 T R R R TR o 1 8 X X e T AR A 1 B R T
DID-AugGAN BEfS SRS 4 27 ] UK 1018 SUE B, ANTTZE A il MG £/ B B8 22 IO Al 15 A
MR LUK, FERRALFHRN T MSCA Hibk, H pSOCHE CBRBPEARFE, B (Y PR SR HURFE
W EREEER. Ra, BHBE Sy UNet-like 254, fifuk 1 IR 0 5 28 5ok 5 30 425 S5 340 51l
RESIAS R R, g — D HES) A B3 A s SE NI B . B3 FLAB T =3 & IR e R .
i FiR MG, DID-AugGAN 7EA Bl EHE B i AN B R AR X0 L 77, BRAR 4 Hir A s
Ut SO NSy E SRS R g

NIAEA S B TH ) LOConv X4 i A 47 S AR WIMERFE BE 0 (A 2800, evt-dn i 528
TR RN, R ) B R i B R R AE A LOCony, R &
J&, e PR FH A A R MR ) ZE S R T IR

@
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~

B’ 7 Z2F LOConv i J& B4 BUSCR B
Fig.7 Generated images before and after disabling LOConv

W 7 frs, 8—47ReoR T DID-AugGAN BRI IR, 58 R 1R S I R A%
BENF A AR (EAERERE, ARG Wi B E TN, Al 2
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LA AENITERFAE,  HEIER], ASCERH ) LOConv #2 & 1 AFRITERF AL (i e

4.5 SrRMILEIIFSCE
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Table 3 Distribution of classification training sets

Sggms  IZREE A K A ARREGHE HEEGHE  IgENuE

1 IR R E S DCGAN 30054 0 3: 1
2 GATALEA WGAN 300>4 0 3: 1
3 fEREG  WGAN-GP 300>4 0 3: 1
4 LB StyleGAN2-ada 30054 0 3: 1
5 LR E G DID-AugGAN 300>4 0 3: 1
6 1S S — 0 30054 31
7 RAER DCGAN 300>4 300>4 6: 1
8 RAER WGAN 300>4 300>4 6: 1
9 REEE WGAN-GP 3004 3004 6: 1
10 BAEE  StyleGAN2-ada 30054 30054 6: 1
11 &K DID-AugGAN 30054 30054 6: 1

S 1 & 6 UIZREIN A R R B SR, SRR SRR LIy 3 0 1, 5K
17 & 11 BNGRRESFEA SR A TR G ER, 70K 300 5KASAF A5 300
SRESEFEARR G, St 2400 FREMR, NS MRAELEIDY 6 - 1. 50 1 % 11 Rilnik
R, AEH RSN A, BRI, EaEPUE, Rk 100 5k, =it 400
K% . MobileNetV3 73 KL IZRFE R E N 50, FRM Fu o BUEAVEN RS, 2R
SOy SR HIRGT R A A1, BB SLIe S RIF R 4, Il AoN S AqE .

YRETE

Table 4 Classification experiment results
ST MR KR AEE% R

1 69.71 70.31 69.67 0.70
2 72.40 74.40 73.23 0.74
3 80.14 81.98 80.25 0.81
4 84.72 87.40 84.78 0.86
5 87.27 88.37 87.23 0.88
6 87.69 88.23 87.76 0.88
7 86.74 88.88 86.78 0.88
8 87.63 89.14 87.58 0.88
9 88.02 89.79 88.11 0.89
10 89.12 91.41 89.25 0.90
11 91.33 92.10 91.26 0.92

T 4 SEIGEE ST, AEAAE S — A i AR B S R RN GR I IE L (S 1
% 6), DID-AugGAN “E B SELE 43 RUER R . WS . A BRI Fy 20 B BRI AR
FerERE, SRS S R IR T . X R 2 BEAS BT M OR B LS IR AE
1A R UG AE 2 AT 55 Th B B i ml R . 24k R BG5S UG IR A TR O R I (52
57 21D, IREHEREL MR PR T —HOR AR, XRIEREGS JZSLEBT
TR A RE e SRR AL 2 AL RE 11, B2 0 JSHERR R . Ab, 7EIR &84+, DID-AugGAN
AR B RS S B IR A B SRR R I e B, X SRR SR AR T,
DID-AUgGAN A& 1 G A S5 o B AR -5 B SR AR A A A, LRI T2 RN 48 P e
TESRFAINEBE S 32 J7 T, DID-AugGAN EAH B RKiE 71, e S S5 ds A e 1 i)

i
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ISR AR O R R, T LSS, I fE RS HERL Y StyleGAN2-ada H1IE— N
N B, gt AR 5 1) FID. KID. LPIPS $RAR S0 KPPl btk 5 R . o,
M1 ANBEEHERE R . M2 78 M1 JE6E RN CAL M3 78 M1 46l E7R I MSCA. M4 78 M3 JE5l
EBIN LOConv. M5 7E M4 J&fili b ook #4544, BIAAR SO R DID-AugGAN ik .
SERAE R WK 5 Pow, IR s UE -

5 ARSI LA R
Table 5 Comparison results of ablation experiments

Byl fgm 1St FID| LPIPS|
M1 282 3930 225.06

M2 284 3712 223.87

JoEkfE M3 2.86 36.86 222.73
M4 293 30.78 215.65

M5 297 2802 21234

M1 274 4541 17853

M2 276 44.09 175.74

Wiz M3 277 4372 174.92
M4 282 39.76 169.23

M5 287 3738 166.95

M1 270 4833 236.32

M2 273 47.86 234.98

M3 274 46.92 234.13

M4 281 4315 226.38

M5 285 4274 223.03

M1 279 4379 234.28

M2 281 4165 232.18

B M3 283 4028 230.91
M4 288 37.84 22472

M5 291 3445 220.89

T BRI LPIPS (A TELL 10° 2 5 45 5 .

M 5 SEERZE AT, GIN CA B R A W5 X MSCA i3, 2B MSCA
BLHAE CA [2EA 3G 58 1 AR R0 455 AAHFRURFIE 1 AL BEEE 7 5] N LOConv J&, IS fEifE—
AT, FID A1 LPIPS 5 535 [, 18 LOConv 1EAH3E B o A AR 454 75 T & 4% 1 &
BEH, BEORABIAUN B A EUR S I ER AR . SRS HION SR 0N UNet-like 5145, BICKH
DID-AugGAN #7584, BT $8br 5k BI5e . 1XIEBH UNet-like 4514 11340 1) 2% 25 3R 1 A5 7Y
X} R EBREAE A e ST, T 51 A g A O R R R R . TR SEIR 4 IR R, P
1) S R B 4 A BT RGBT 7= A T AR s o B A SR Tt R D R R, AR ) RS 5R
EAMRTE, FEIBR 2R th B
5 ik

ARICHEH 1) DID-AUgGAN /IEEARER I G A B 5 B 3 5 500, e A sexst Bt Y
LRAE/INFEAR LA N A R b B G R R AN B0 S HL 2 PR 22 1 1) L. 253000 1 S AR R

#r 8Lt LOConv BAUME GG, KEH A B G h ARRITERAE, R AT -G (9 AERI
PEAFAE, SEAFt o SRR SUE S HRiTh MSCA #d,  H FE T B m Ry E e SR fa

21
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F ES SR A B A RE SIS R e, BET S| A A E R PR R . SeE R, 5
AbAT A2 AR b A SCRRAE N SR T IOk BE R A AT 55 P e B L 2 3 (R 0l
AR BN A 1l 2 B ELI T B0 MR, T ELAEARRAE AR b 5 s PR v AR B, 8 206 2 B
G SR 70 AT 2 B 5K, I oo DRl i s B B0 R A 3 8 T A 95 RCR AN R D
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