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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 network (GAN) under small-sample conditions, this paper proposes a
defect image generation algorithm, named defect image data augmentation GAN (DID-AugGAN),
aiming 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,
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we design a learnable offset convolution to improve the model’ s capability in capturing 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 Fréchet inception distance (FID) and learned perceptual image patch similarity (LPIPS).
Moreover, the classification accuracy and F-score of MobileNetV 3 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 (GAN); learnable offset convolution
(LOConv); multi-scale coordinate attention (MSCA); UNet-like
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P.ER
K RATE LR EES NERRR D RTREMEN R w(p,). TR E
TE 15 55 B A S0 Z B (Effective receptive field, ERF) A i £ 1 VR*&H%E@UJ%%,X&U@@
A WP e SRR AR A9 28 ] AR 4k
M 7E LOConv 1 il i 51 A S 4% Ap, (H T FE ) i 2 T ), Hoda th A2 oy
y(po)= 2 w(p,)x(py+ p,+ Ap,) (19)

P.ER
B Ap, IR FE I T 22 o™ B 43 A3, TOLSR A A 58 0 AN T s e 8 75 S I SR AR 67 8 1) 40 A LA B R
(77 28, AT S5 Jig 7082 B . AL G BRI SZ BF 0 ERF o, WE AT
ERF [ocony & ERF ¢ 1 ko (20)
o : 2R 5 4 BRI RN 00 2% 45 K AR OC 10 8 H . 5 (20) 3R W, 3 250 #% AL AR 8 1 45 FRUZ 70 4 $2 1 B
RS FE EL AT A SR L AT S 2 TR A8 5 1 A WP R AE
by i — A B AR 3 b Bl A R BE B H, H5 B LOConv H i H X % 8 00 B BE R AT A . A BUK R
BOH L WX Ap, (6 BE W o8
aL dx(py+ p,+ Ap,)

anp, wp) np, (21)
K (po+ p,+ Ap, ) ZEEL LR IF 15 5
x(potpat+ 2p)~=x(py+ p,)+ 2p,Va(py+p,) (22)
ESY
aL
KPn/NVw(Pn)'%:(pﬁmb,,) (23)

A (23) KM, i i 3 2w A , BN B4 KL AR 5 B4 51 5 O A% 02 1) BB , DT ik 0 4% 7 )1 ko 7 o i
f BT 5 A0 3t A 412 DR Al WP R AR 5 | 1) SRy R s A A2 A

2.2 SREWIMEERTETRENERES

e G 9 B RUBE T B 0 LR (AR A% G A AR T8 1) AU T 2 Ja 7 2t Ak, 5 5 3 EOC S B I & )R
XA T BEIRCF PR R SCHEARAE o O M DX — AR, MSCA BB 3 78 XY AT 1] b g3l 2R
ZRIEMAL (PR E s =1, 2, 4)%&%@ ARAFAE 2 WA R AL AR B R HEAT DRE AL &

VEAE R s F SR B A9 HRAE S F), 38 3 - 8573 A6 3R A5 14 Jm SRR R 236 35 b

1 N,
——21‘(,-” (24)

AN R s F 25 b 010 38 B0 L 20 300t AR 3 10 R SRR AE o S [) R BE X 37 149 175 JE R JBE R
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[l OB s = VIEE 42 )y 5 B, TR s = 4 B Q3 00K 2 Jmy SR RRAIE o K 45 IO R 3 o BF B4R A il
A E R A R FR

F = Concat { F'V, F**), F'} (25)

Oy i I L ) AR AT ) B e O B OGBS R NG TH R B R G TR 5 5 i 2% o R

FERFAE B9 24 (B45 07 223 50K e il 0 ﬁ%lAﬂEﬁ((ﬁEZﬁ = 1)K e weas ROBEFE R4 o (9 Tk, WUl

BRI 227 B
Orie zﬁ%“+2ﬂﬂ(mw 0 FY) (26)

2% R R A TR 4l B2 OG5 B 07 1 B A BN I, e O 28 AL/, lE TS IR O 22 RE 8 B4 IR
B A R T A R B L TS 2 PR B — RUBE 174 Jay B i 25 2 41
F2 T ok 1K1 A B R AR LR WO R R, X RS I AR EA T AR AR B E R OIACE AL
A—a(Wl ReLU(W,-F,,) ) (27)

K Wk W Al Y2 B RUE S, o () R Sigmoid 0% sREC. 152 17 7E I BCE A RE [ 0 Y
25 JRy A DX S5y R o A O B e o R AE A S S A B A @J@ﬂ:o
2.3 2RERTHANEEHENERES
e g8 GAN ] S5 45 38 R FH S — F 40 25 0, A0 2 R B0 B e A JR 0 A UL o X R R T AE A
PEREARF BRI 5T 5 5 Z W BG40 /0N B 0 Ja 3 Sl e £ 5L, DT oA 2 i B2 3t 1) s iR A2 A 5
S HE R BT A o TEAR SC AR SO R 9 ) 50 45 R FH T UNet-like 2244 , 350 B 78 R 5 4 )5 4 5]
A8 7 B[RS, 51T M i 245 B A, 3 A Jm 308 0 0 468 2 X LG A0 1 R AT W o ) i) 8 et T S A 2 R A
ﬁ%uﬁﬁ(m)%ﬂﬁ(l?)jﬂﬁﬁ&’é’rﬁ%%ﬁﬁﬂwjuﬁnﬁ(zsn
Ly=L§ 4+ L§* (28)
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T BRI b B S — o A RO DA B AR S 1 AR B AT A A . R R R R SO 0, ek
HEJE 06 B T ] ROR
v,,L =V,L 4 V,Ly (29)
FEAG e FI ) 3 b ANAEAE VLo T, 53X WK 45 2E B A5 30 00 B 3 R ot 3 Bk R T LR Ak (4
JOAE B o Y MG AE 78 240 T Jay 8 Sk B I, 4 Jeg A0 300 A A M DA AT 12 3 S 00 5, DA 52 B A 8 7 Jmy 3 4
A
IV, Ly UG, 050 25 6 J5 38 DX 381 BE % 48 00 58 410k B 09 W B o BRI UG, nT LA O A A5 25 3
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é\locali arh)ml (30>
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3 KRERKSN

3.1 XBRRBESHESE

SCE B S BB E W R -4 4E & 4 4 Ubuntu 20.04, N8 R Linux, ¥ B 2% > HE 42 Ky Py~
Torchl.8.1,CPU J Intel(R) Xeon(R) Gold 6248R,GPU & NVIDIA Tesla A800, {4k #% & Adam , ¥ 4
2 2] %4 0.002, batchsize 4 32, kimg #% & A 1 000, A Y 5L 56 i Fi 09 504 554 A 1 19 Rail-4c 38 0 0
BB K s B AL S JC BB A0 R RS LR Bl R 438 RS A% 400 5K IBIMR, A BEARR O 64 < 64,4
o FRLIE TE R B R R 2R BN AR R 43 R 300 5K R 1 I 2R BE AN 100 3K AR B AR L IR T
DID-AugGAN /4 A% % Fl MobileNetV 3" 4 245 5 ) Il 45 , 3 4 FH T 1A MobileNetV 3 43 254 1
PERE , T A0 09 £ s 2 b L n 3R 1 s

F1 IREHABEERT

Table 1 Presentation of experimental sample datasets

MO Ttk i 22 Bl Bk
- — T—
R L X . s
‘ ;_ - S—
UER Sis 300 300 300 300
42X 4 A o 100 100 100 100

3.2 iFMMELRR
b B AS 2B 1% B &, 2 IS (Inception score) ™" | FID (Fréchet inception distance )™ #l LPIPS
(Learned perceptual image patch similarity) " = FIFEM 8 b5 o 1S F AT 25 1 45 10 375 W7 3 Fn 2 RE 1
(ERC PN S I 3 W)
1S(G)=exp|E,, Dy.[ P(3le)| P(y)]] (33)
P s e~p, Fm A AR A EIME s Dy, A P (yle )M P(y) 3R KL#E . FID HF9F4 28 i BR 5
LS PRIMRAE R AE 25 [ v 8 0 A A DL AR B2 (BB /N, 65k 0h
FID(X, Y)=| ptx — sty |+ tr(Cy+ Cy— 2./ CxCy ) (34)
oA XY J3 1) e AR B EMGORN B 52 RIS A R AE ) dat A B0 53 A0 5 e B ey 53 000 3RO XORUY I ARR4IE 1]
BB 5 O M Cy 43 5% XM Y B 16 5 D07 22 B 5 tr (A F6R S A B3 5|« | 58 % i 4 19 L2765
B - Jr o LPIPS J T VFAl Az i MR 5 552 UG 0 AL s ARALPE | (B /N8R G7 , R 3R =0
LPIPS(A, B)=>w,+| ¢.(A)— ¢, (B)] (35)

P AT B 35 R A R A LS R 5 ¢, (A) R, (B) 73590 g R A R BAEASTR] I 48 )2 0K 0 b
MEZRTR 5|+ ||, 3R L2585 w, FRAE A )2 U b A

3.3 XttbEW A

Sy 5 AiE DID-AugGAN 5 3 ¥k 68 19 0t 8 P, 55 5 % Bl DCGAN . WGAN , WGAN-GP F1 Style-
GAN2-ada DU AR BB VA FEAT X L o 3 4 A8 B8 A8 I 91 2 149 [ 0403 v 26 IO 5%, 02 H T Bk 32 g
FARS AR o S ORIE X L 19 A - , BT X L AR (9 S 808 1% 8 Ol e RS S 6 25 R
2P0 A IR ARy d A
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R2 AEIMEBEBIHILER

Table 2 Experimental comparison results of different network models

AN 8 bR e : e :
DCGAN WGAN WGAN-GP StyleGAN2-ada  DID-AugGAN

ek b 1.51 1.88 2.03 2.82 2.97

W% 1.73 2.19 2.46 2.74 2.87

IS4 220 1.43 1.76 2.11 2.70 2.85
e 1.95 2.20 2.29 2.79 2.91

S5 1.66 2.01 2.22 2.76 2.90

T i B 284.30 215.55 182.34 39.30 28.02

Wi % 248.73 136.95 70.32 45.41 37.38

FID v 22 297.71 240.74 162.17 48.33 42.74
(&N 197.26 133.02 105.97 43.79 34.45

F-H 257.00 181.57 130.20 44.21 35.65

PR3] 281.19 249.92 244 .45 225.06 212.34

W% 291.65 222.71 209.58 178.53 166.95

LPIPS y A 354.63 310.29 292.34 236.32 223.03
PN 356.47 345.73 329.51 234.28 220.89

- 320.99 282.16 268.97 218.55 205.80

FE B PR LPIPS HE T L 10° 2 5 i 45 5L .

R 3 2 B9 5206 45 S AT A0, 5 ok 1T StyleGAN2-ada 55 ¥ 4 1, DID-AugGAN 7 fir £ 26 %1 (&1 4% 7k
B SR e AR TR . AR T B g 2 AR IS $2 TF 5.32% , FID R AIK 28.70% , LPIPS &K
5.65%0 s 7E“ Wi 24" B 2 A b IS $E TF 4.47 %0, FID FEAK 17.68 % , LPIPS B A 6.49 %0 5 75 “ BE A0 ™ e [ 25 Al
H IS HETE5.56 %, FID FEAIK 11.57 % , LPIPS F&AIK 5.62 % ; 76 “ Bl 2k "l B 2 A v IS $2 7+ 4.30% , FID F&
i 21.33% , LPIPS F&MK 5.71% . 454 4 KKK F IS F 4R T 5.07% , FID Fl LPIPS “F- 44 53 51 T F%
19.36% F15.83% . H¥E 35 AR A% LL AT LA 1, DID-AugGAN B 3 7E/INEA 260 F iy 044 1% 42 %
555 v R B0 M I 2 0 PR R L B R R AL RE A% A i 22 B LT T 1 AR T LA R A AR 5 L S R
1605 AL, 70 43 1 AL B0HIE 1 55 RN SF- i o0 AR 2 R TR
3.4 AIA4ERTLE

M #E T StyleGAN2-ada B 9% 5 8 #k 5 DID-AugGAN B35 78 A [7] B BE A= il &% 5 6 5 B ok, Herp
Pl 5(a~c) FE] 5(d~1) 43 7] 48 3R S i Rl 2 5 B 8 31 25 100 kimg 500 kimg A1 1 000 kimg Il 2k By B (1)
BRI (“kimg” Ry T ok R AR RN Gtk ) L5 18 B0 58 4 90 o3 B 3 TC BB W7 28 RS A0 R 2 4 Fp s
B, NE ST LLE i, DID-AugGAN 78 [[] — B B2 A B A AS [] 25 2 (R 0 22 LE Style GAN2-ada B i
Wi, L7 B 2SR B, WO I A A i PR i S

DID-AugGAN 5 4 Fouf b vk Az AR e L 6 B, Ho 8] 6 (a~d) 43 3% R T S Bl 0T 28 B
B BRG ARRFN AT AN R R 4 5K, 6 SRR 6 Ak IR, I 22 B A KO BLSE EIR . DCGAN,
WGAN . WGAN-GP ., StyleGAN2-ada, DID-AugGAN % v 24 il iy 8% . I8 6 1T LLF 1, DCGAN
WGAN WGAN-GP ., StyleGAN2-ada 2 g 04 10 14 FGAE FEAS [R) T2 B2 A AT AN V85 B (e 75 22 5 [m) 8T, L
AR 30 5L 5 R AL (4 4859 A 40 DID-AugGAN, X J2& K i DID-AugGAN i ] LOConv A8 % 1% 4t 4
B, i 2 2 G b 0 A NI REAE G4 00 9 28 R SRR Y TR o 38 a3 8 0 I 26 5 2 KR AE 1Y 4 4
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(b) StyleGAN2-ada 500 kimg ~ (c) StyleGAN2-ada 1 000 kimg
- R ﬁ!ll

(d) DID-AugGAN 100 kimg (¢) DID-AugGAN 500 kimg LD-AugGAN 1000 kimg
[l 5 AR At S S TR B B A 2B s R

Fig.5 Generation results at different stages before and after model improvement

. @x g“‘“
HSMH2 DCGAN WGAN WGAN-StyleGAN2- DID-

GP ada AugGAN GP ada AugGAN
(a) Normal (b) Break

HYPER DCGAN WGAN WGAN-StyleGAN2- DID-  JL5:/# DCGAN WGAN WGAN-StyleGAN2- DID-
GP ada  AugGAN GP ada  AugGAN

(c) Displacement (d) Deficiency
K6 Z R GANBIRAE B 0CR AT L ]

Fig.6 Comparison chart of generation effects of various GAN models
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A7, DID-AugG AN AE % TOH A M 5T PR (375 SLAR 8, DT £ A R P40 0652 B8 8 25 6 200 45 003 W 2
FOU, PERER i AT MSCA B, TR A4 X T X BB AT , 7 1 B 7 SRR O I 2k (7 . ik
JFi 4 9 B Ay U Net-like S5 4 2k T 5040 50 24 0 5 0 55 60 S0 0 S A2 00 I A, 306 — 25 4 30 2 R
0 e RIS DA 5 ELAN S B AT PR B 1 LA 0, DID-AugG AN 7 2 R P 1R 9
RN 0L F X H7 vk B 50T A S K % R AE ) TR O S 00 R

B A SCHFBEV 9 LOCony S 42 85 MR 1R I RERSAE B J0 897 A50HE BT 9 007 58 < 7
R 25 5 R L o2 5 B0 B TR S ke 2 S
JHLOCony, i JE A4 . i L 388 2 HL B8 I A F9 78 e —
AR R0 2 R AE . AIPE 7B AT R T i |
DID-AugGAN A Y PR, 55 275 % T 46527 21 1 1 =
B B35 T 2 R A R M L R R R AR
S T2 1 (R RS o RO R TR (LT BT ’

- el

Bt , AR R AR AR R A TR S ML . X g th T s L

LOConv il i 1T 2 2] 1 fii B 2k 4005 JF K HRRAE , iy i B 7 A5 LOConv i & AR Wk L 1

PEBH A SCHE A LOConv £ 3 TIEMIPEARME AU i3 Fig.7 Generation results before and after disabling
fE 1, LOConv

3.5 S RMLIGIUE LIS
9 560 A= B4 BT 1 B B TR AR A RS S S AR R A % 2 R 4 v SR A RS R, AR SCBE T
11414255288, 5% S IR 41 5 B9 91 4546 %5 MobileNet V3 4325 [ 48 47 Il 5, LR SE 8 R4S W1 38 3 0T o
£3 SHNEESH

Table 3 Distribution of classification training sets

TS NREAN [l A PGB NERHLET e YL AE - M4
1 A 1 B R DCGAN 300X 4 0 3:1
2 A HE R ER WGAN 300X 4 0 3:1
3 2R B AR WGAN-GP 300X 4 0 3:1
4 NG AE A StyleGAN2-ada 300X 4 0 3:1
5 A i AR DID-AugGAN 300X 4 0 3:1
6 (NE=RSNEIE A — 0 300 4 3:1
7 HERSH A DCGAN 300 4 300X 4 6:1
8 RAEHB WGAN 300 4 300 4 6:1
9 RA R WGAN-GP 300X 4 300X 4 6:1
10 RA R StyleGAN2-ada 300X 4 300X 4 6:1
11 RA EIE DID-AugGAN 300X 4 300X 4 6:1

S5 1~6 Y ZR 4R 1 0 B — AR i PR AR i S PR, I 2 5 sl L 491 32 1, 5246 7~ 11 A9 I 2k
A A JURE AR R L SRR AR B TR B TR, 20 ) 4526 300 5K AR U RE A 5 300 sk L SEAE AR &, B3 2 400
SRR YN8 5 e g 6: 1, 5256 1~11 R % 3 3o ik 48 |, A it 0 3 4 ohy ] — RE A, 3490 052
FOE AR 45 4 28, 828 100 5K, BT 400 5K 5115 . MobileNetV3 73 2 ¥ 45 ) I 5 5 U i o 50, JF
R F 70 B TN S8 45, £ 5 SO W 53 2 485 O RS il 38R0 47 ] 6 J5 2 S 25 R 0k 4 TR, P L
TR AR o R 3 4 TR AR A T B — AR R B R S Bl AR I R B T (SE 5 1~6)
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DID-AugGAN Az il i B4 56 76 70 2 0 3 RS A B2 A [0l 5 0 F, 20 B B X R B I S P A, 5 S0 8K
AR S R AR W el o X R I Y AR B
PR B S HOHE B SRR AT (o A5 A2 B IR R A 20 AT 55
O RA BRI . A RS J S ERR

R4 FEIRBER

Table 4 Classification experiment results

TS MERRAR/ 0 BERER/ 0 BB/ F b

BN G BF (256 7~11) , IR A B0 4R A8 50 26

1 69.71 70.31 69.67 0.70
Pk BE I 0 1o — Bin 4 X R AR R S 9 79,40 74.40 73.23 074
LSRR B R A 1 T R 6% 3 s A R 1 12 f e 3 80.14 81.98 80.25 0.81
HE LR E, WA, ERAEE MR ED, 4 84.72 87.40 84.78 0.86
DID-AugGAN 4 iy B i 4 5 B IR IR & 5 87.27 88.37 87.23 0.88
BOYE S R AR R PRI A, X 2R I 7 B S B8 O AR AR 6 87.69 88.23 87.76 0.88
T, DID-AugGAN A A i [ 14 4 5 125 0 ik 1 45 1 ; ?ﬁ iﬁi ?f ﬁi
7.6 . 7.5 .

55 BSOS AR A AR R, S R B T4 25 W 4% 1 hE o

9 88.02 89.79 88.11 0.89
TE B B FiF B g 4 58 05 1, DID-AugGAN B B 10 9012 01 41 40,95 0.90
KT, RENE7E AR i L SR AN I A ) L 1 91.33 92.10 91.26 0.92

3.6 HRMSCLE

R B8R B A Ak A A RO BT RS
i 1 7F R R StyleG AN2-ada H & — il A 45 ik : :
HEAS He W05 % R AR & 19 FID . KID . LPIPS 5 _ oo g% 1St FIDV  LPIPSy
— = N “H- - . e i M1 2.82 39.30 225.06
B 1 5% 0 o A8 B0 E R . Hrh ML Sy B o A 7

R5 HEAKEXLER

Table 5 Comparison results of ablation experiments

B M2 R M1 EERE B3I CA M3 7 M1 Rl _— xi z:z 22;2 iijz
FEIMSCA M4 R 7E M3 34 5] A LOConv, e )03 2078 .
M5 Sy fE M4 FE iy B ek 0 00 s 45 44, RISk 4R SC i M5 597 98,02 212,34
P DID-AugGAN B3 . L 45 Rk 5 iR, v 57 a1 17853
P HL Ak e . 4 5 TR BIA CA B V2 276 a0 17574
By ok f9 32 T A 5] A MSCA B3k 3%, 3% W] o 2 M3 077 4372 174.92
MSCA BEHeE CA (g 55 Rl 13 38 T 4550 36 4145 70 Vi os2 3076 16993
Y TCRFAE AL B AE 7 o 51 A LOConv Ji5 , IS {8 #F M5 287 37.38 166.95
— £ T}, FID A1 LPIPS {8 W # K%, 36 1 LO- M1 2.70 48.33 236.32
Conv 1 ffi $i2 18] {8 19 Al WK R AR D7 10 & 4% T -, M2 2.73 47.86 234.98
BRGSO B . B JE o M3 2.74 46.92 234.13
B H B 8% ok 9 O UNetlike 45 ¥ J5 , Bl 4 M4 2.81 43.15 226.38
DID-AugGAN #E R | fir 5 45 b 44 35 2 f {8 , X 0E M5 2.85 42.74 223.03
] UNet-like 5 #4) (1 30 5] 25 1 35 $2 T+ 7 B0 80 % )= M1 2.79 43.79 234.28
BB AR AR 1 20 0 68 T3, DN 5| A A A i B s i M2 2.8l 41.65 232.18
BOEG. WRLRASREEN, G Sauag 0K M3 283 4028 23091
S 5 26 P 0 PR R 7 2 T BRI % Miozes o sned nzd

M5 2.91 34.45 220.89

HEFE It 6432 28 4 B, AR Y R RS W e T,
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&RIE

A SCHR 9 DID-AugGAN ZINEEAS B B P AR A -5 R0 30 30 5 55005 B e ke 2 0 E 1) 246 i /N A

AR ZEAE TR A LR I PR AR B AR S 08 LS H 2 R 22 B TR 01k i SE e AR R P B LOCony
AU GE A B, N T Al 412 PR b Al MR A 2R 48 T 2 > BV b B A W PE AR AL, T 4 M 2y o B X
A B Hk it MSCA B, H B9 7E T 5 5 OC T OC Bt e | AR5 E , ik D 75 i JBOURR AE I % 2 5 AE 25 2R A 1)
R 5 5 i 4 0 531 8 S R UNet-Tike 2544 ik pRe S 40 390 i X Jo 788 5 S5 0501 B8 10 A A A T AL, 3 i 5| 9 A
v AL B PR R . SR R WY S AR AT AR IR O L, AR SRR AR /INREAS S 1R T B0 R I TR A
55 b e B G I 25 A0 0 M, S AL RE B8 AR I 22 R LT I 4 TR T EL 7 R A R R L 5 S PR e
ARARL, 7870 T A2 540 1 56 A0 - 7 23 A 20 AL B 75 3K I e e DR ke 20 Sl I 800 R AR B T W0 AT 5 IOCR A
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