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Fabric Defect Detection Method Based on GAN-Data Augmentation
and Improved RT-DETR

CHEN Mengyuan', ZHANG Tantan, TANG Zhe
(Key Laboratory of Advanced Perception and Intelligent Control of High-end Equipment, Ministry of Education, Anhui Polytechnic University,
Wuhu, Anhui 241000, China)

Abstract: To address the limitations of deep learning models in the textile industry caused by the scarcity of fabric
defect samples, this paper proposes a method combining upstream data augmentation with downstream detection model
deep optimization. In actual production, the extreme scarcity of defect samples results in a “small-sample dilemma” that hin-
ders model training. During the upstream stage, a GAN-Data generative network is designed based on the cycle-consistent
generative adversarial network (Cycle-GAN) architecture. This network utilizes a mask-guided mechanism to decouple de-
fect features from background textures, ensuring precise positioning and resolving distribution randomness. To handle sig-
nificant scale variations, GAN-Data incorporates an enhanced defect generation module (EDGM), which employs parallel

multi-scale dilated convolution branches to achieve adaptive feature extraction for various defect types. Furthermore, a tex-
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ture-preservation loss function based on the VGG19 network and Gram Matrix constraints is introduced to maintain the in-
tegrity of periodic fabric textures in non-defect regions. In the downstream stage, the FD-DETR detection network is con-
structed. Its backbone embeds a four-directional edge enhancement module based on the Prewitt operator to strengthen the
capture of weak defect contours. To improve efficiency, a sparse attention-based intra-scale feature interaction (SparseAIFI)
mechanism is designed, which effectively reduces the computational complexity by fusing local window, striped sampling,
and block-level sparse patterns. Additionally, an aspect ratio aware-loU (ARA-IoU) loss function is introduced to optimize
the localization accuracy for irregular defects through center distance normalization and an adaptive weighting mechanism.
The method is validated using the MVTec AD dataset, the industrial textile dataset (ITD), and a self-built production line da-
taset. Initial evaluations using the structural similarity index measure (SSIM), peak signal-to-noise ratio (PSNR), and
Fréchet inception distance (FID) demonstrate that GAN-Data achieves superior image quality and cross-domain generaliza-
tion. Subsequent comparative experiments show that the FD-DETR model trained with GAN-augmented data significantly
improves detection accuracy while meeting industrial requirements. Finally, collaborative optimization experiments confirm
that integrating GAN-Data and FD-DETR achieves faster convergence and higher performance ceilings than single-stage
improvements. In conclusion, this bidirectional synergistic route provides an efficient solution for fabric defect detection un-
der small-sample conditions.

Keywords: fabric defect detection; dataset augmentation; generative adversarial network; deep learning
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Figure 1 Overall system block diagram

2 GAN-Data ##E1838

GAN-Data J& 7 Cycle-GAN % & (1) L Riff [+ ot F 4%
FE BB S0 B 2 55 0 X A T ) AR R AR ) 3
LER AN 2 fr s, A AR AR G F ATAINES D, LD,
T8 o XL 2 2T 52 TC U A R S U s R
Z TP B i) 2 46, LA A ol o B ) ) 0 o TR
Jit Cycle-GAN P 25 1 A= J 4 W e i R B, A7 AR A
Az A BE P E SRR AR AR O S BN B A
SEIN R, EST, R A B Rl B s T AR R
U, FE IR A B2 R B R B 5] AJEF VGG19 1)
SOAARFEBUR pREL, L 1R R0 2 X8 2L 80

FEAE b O S0P A B 5 ), 3 i Mask 8 65 108 47908 55
A 5 4 X AR HE
2.1 AR

GAN-Data A= A HEZR AN 2 A T s o 2B —B 40
A Mask 51 5L . £ 58 Cycle-GAN A= Rl #5432 i 5
— RGB {4 5 A , i GNA-Data % ¥ & g AJE =X,
P& 2 Hp A i AKE H 8 S SR RGB 5 Mask & i
77 2] WA B 7, S B R 45 B Ak 1 1 3 T P
= (1) frs

Ifabric c RHX Wx3

input = HxWx1
e Mdefecte R o

(1)



420 22} ¥ % i 2026 4F
H L € RN TABE R R 5 Moo I —H v J LEERX 2)
JE A Mask 3505 . 5F UK defect (X )= 0. JETE 5 1 ok

{ TR Bk

7 %
ResNet Blocksx9
ConvT;
@

Tanspose2d
, 128)

Stride2, Padding 1

Conv (3x3, 256)
Stride 2, Padding 3,

(T 5 — e

TEH—BHEBUR 1

2 GAN-Data 2% 4544 &l

Figure 2 GAN-Data network architecture diagram

3 3 Mask , 25 A 76 Y1 258 4 P 450 72 o 5 it
2310 2 ) 2 TR L B IE A 4 S R S A A
Vel 15 % 1] R 4 21 Mask X358, 52 390 o 406 5 A 1A 5 14
Pl

B 0 4 Sy G THE 5 AR ORI S B
R 5 SORE A BRI R AE 1~3 mm, 200K
B 5 K BE AT 3K 10~50 mm , T K T AR A ) 5575 55 2%
WE AT T B S E 2K . LS8 Cycle-GAN i [ 2
f 35 R, FL IR S B 0 J R e G O 1) Ak A 260 e 0
3ol R 5 BE AR B UMD SRR AE L TR X
SIE 1510 22 IR R A 1 SR 5 U B, HL 2
P 3R o REHR A PUAS IR AT 0 2 R g ik 3 AR
Oy R W R 11T IR 2 R R R 6 2 A (7]
B 3 3t 0 30T 1 P 0 R B R 2 ) AL A S B A
Gk

O AIF 5 B 5 o % K 3 AU e 1 A o 2 LR
$i A AR R B, H E Sk

(e k)p)= > f(5) k() (3)

Forr, 5 AREIEIEL s d KR 5 RN I KA BUR
A 5 p AR YRR A T A 37 B A AR 5 5 2 i AR &
L 5 kOB A 0 B B kb AR i RS
Xt TR N d B kex kBRI, HoA 302 B N
Ri=k+(k-1)(d-1) (4)
B SR S A R R T 22 U I I BB H
AT A FFAT 43 SR AL BRAEAE , J3 550 % A [] RUBE i)
TRV AR S U SZ 0 BRI 1 x 1B, K
2.4 813 x 34 B AR FE SR CZR e A
R AL SRR o 22 NORE R A il 3 i ol G P4

A
(B(x.»)

-8

_
z
.
£
hEg
2
.

FER B

A

REAE Bl

3 SEURAE A A R 1A

Figure 3 Structure diagram of the enhanced defect generation module
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Table 1~ Software and hardware configuration

BB SR E
CPU 18 vCPU AMD EPYC 9754
GPU RTX 3090
N 64 GB
BER G ubuntul8.04
CUDA A< Cudall.l
R 2 M HEZR PyTorch1.9.0
Python Fi A Python3.8
4.1 FFMHERR

EN TS E VAN N A N R 7Y N €773
M, % F SSIM (Structural Similarity Index Measure ) 12!
1 PSNR ( Peak Signal-to-Noise Ratio) zz‘ﬂz’fﬁiﬁ@@?ﬁ
F14) &4t R AR AL A R e 1455 R L, 0 {1 v 3R B O o B
4, % FH LPIPS (Learned Perceptual Image Patch Similar-
ity)L23J 1 FID ( Fréchet Inception Distance)m'ﬂZ A5 A= 1
PT84 SRR 5 R L S, {1 AT R B RIOR B
6 ) A5 Y 5 T, SR FHAS 5 28 (Precision ) #1871 2 (Re-
call) VA B AtV BE , mAPS0% Fl mAP50%-95% 1 b £5
BARAR, 43 ) S WA Y A B — (AN 22 BB R A Y
SERGINAE RE o R U R AR SR F LA B IR
T4 5 B e Rk
4.2 EiF¥RIEREIE

S v g — A AR RS B0E R 256 % 256 1%
%, GAN-Data #5 B I 25 52 UC B # 4 200, 0 4 27 > R
B4 0.000 2, 100 % U5 R LA 0
4.2.1 GAN-Data B4 5 R E LK
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HATE AR K B A W 7 05 5 DFM-G AN A58 78 A= B 11 P 4%
W5 SO P 40 A2 A 5 Dual-GAN Y A= 1
) G o o S SO HL 34 K BB A G RS I R R AIE
DDPM A= J i 5 37 24 v H a0 A5 J) 5 B SE R AETE
R 22 5 5 Style-GAN3 A5 B 1 R 24 v AR S L%

&2 GAN-Data BG4 E I N 517

Table 2 GAN-Data image generation evaluation metrics

PP R bR SSIM 1 PSNR 1 LPIPS | FID |
Cycle-GAN 0.045 14.241 0.158 55.450
DFM-GAN 0.042 13.791 0.172 58.130
Dual-GAN 0.041 14.256 0.164 55.179
DDPM 0.037 13511 0.196 127.012
Style-GAN3 0.035 13.963 | 0.153 (best) |  59.668
GAN-Data | 0.046 (best) | 14.261 (best)|  0.157 | 48.893 (best)
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Figure 6 GAN-Data image generation quality experiment result
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Figure 7 GAN-Data generalization experiment results
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Table 3 Table comparing dataset size before and after augmentation

§ ) WERT | YNk | B |k |
i BlRsEARE | At
7<}J'J % % %

Datal-ARG 4 | 588 | 168 | 84 | 840

i Data2-ARG 3 | 275 | 78 | 40 | 393
Hanm Data3-ARG 4 | 170 | 48 | 26 | 244
Data4-ARG 5 | 400 | 113 | 61 |574
Datal-GAN/DFM | 4 | 882 | 252 | 126 |1260

GAN-Data/DFM-

CAN Data2-GAN/DFM | 3 | 825 | 234 | 120 |1 179
- Data3-GAN/DFM | 4 | 340 | 96 | 80 | 516
o Data4-GAN/DFM | 5 |1000]| 283 | 153 |1436

S 4% B 40 4 iR, GAN-Data A H HoAth )5 ¥
JEBL =5 . ST R A R AR 1 o8
P, DEM-GAN 7 4= Jif, Data3 B35 45 1), B — 200 5 R
B T AR R, S SO0 I I 2 A P a2 0 A S R
B HURE A 817 1 RSORS B 2R A m AP 5 bR 5K IR BE (1)
TR YRR AR BUBE A BLSE M DFM-GAN A B 11
FE AR B R A0 A 101 A0 25 5 K, 72 2 A 4 A7 7
PR TR A B, S e A R SRR AR R AN AL
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Table 4 Experimental results of different data on downstream networks

PR Model BAELE Datasets HER 2 Precision AR Recall | SFEPREE mAPS0% | F-HK5 B mAP50%-95%
Datal-ARG 0.849 0.837 0.884 0.542
Datal-DFM 0.750 0.218 0.239 0.108
Datal-GAN 0.919 0.903 0.936 0.576
Data2-ARG 0.894 0.893 0.954 0.668
Data2-DFM 0.682 0.579 0.596 0.347
Data2-GAN 0.951 0.939 0.956 0.541

YOLOV5-1
Data3-ARG 0.836 0.893 0.940 0.766
Data3-DFM 0.480 0.203 0.195 0.078
Data3-GAN 0.951 0.939 0.965 0.716
Data4-ARG 0.870 0.819 0.834 0.550
Data4-DFM 0.545 0.313 0.356 0.193
Data4-GAN 0.916 0.904 0.935 0.627
Datal-ARG 0.891 0.817 0.899 0.586
Datal-DFM 0.722 0.204 0.256 0.105
Datal-GAN 0.945 0.901 0.922 0.625
Data2-ARG 0.883 0.888 0.917 0.528
Data2-DFM 0.708 0.617 0.657 0.357

YOLOVS-1 Data2-GAN 0.955 0.977 0.977 0.594
Data3-ARG 0.912 0.802 0.879 0.653
Data3-DFM 0.440 0.230 0.165 0.066
Data3-GAN 0.921 0.829 0.912 0.647
Data4-ARG 0.886 0.812 0.839 0.529
Data4-DFM 0.512 0.265 0.339 0.165
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I Model B4 4E Datasets YWEN % Precision BER Recall | FEHEEE mAP50% | PR E mAP50%-95%
Data4-GAN 0.938 0.886 0.939 0.604
Datal-ARG 0.903 0.806 0.899 0.559
Datal-DFM 0.739 0.215 0.225 0.102
Datal-GAN 0.903 0.939 0.928 0.599
Data2-ARG 0.895 0.986 0.964 0.675
Data2-DFM 0.787 0.663 0.697 0.389
Data2-GAN 0.980 0.984 0.987 0.624
YOLOV1I1-1
Data3-ARG 0.914 0.947 0.937 0.687
Data3-DFM 0.700 0.139 0.131 0.061
Data3-GAN 0.934 0.857 0.929 0.637
Data4-ARG 0.870 0.771 0.824 0.506
Data4-DFM 0.631 0.162 0.237 0.130
Data4-GAN 0.956 0.867 0.931 0.570
Datal-ARG 0.811 0.833 0.872 0.566
Datal-DFM 0.549 0.245 0.256 0.102
Datal-GAN 0.943 0.922 0.924 0.546
Data2-ARG 0.957 0.945 0.858 0.449
Data2-DFM 0.648 0.620 0.615 0.355
Data2-GAN 0.971 0.964 0.973 0.578
Efficient-DET Data3-ARG 0.862 0912 0.892 0.548
Data3-DFM 0.464 0.242 0.178 0.069
Data3-GAN 0.943 0.906 0.938 0.578
Data4-ARG 0.835 0.838 0.823 0.514
Data4-DFM 0.603 0.185 0.225 0.133
Data4-GAN 0.956 0.867 0.931 0.570
Datal-ARG 0.861 0.786 0.794 0.417
Datal-DFM 0.692 0.392 0.349 0.166
Datal-GAN 0.876 0.869 0.871 0.477
Data2-ARG 0.887 0.696 0.752 0.414
Data2-DFM 0.684 0.716 0.665 0.366
Data2-GAN 0.918 0.967 0.950 0.533
RT-DETR-R50
Data3-ARG 0.711 0.625 0.592 0.340
Data3-DFM 0.248 0.238 0.163 0.071
Data3-GAN 0.800 0.619 0.662 0.371
Data4-ARG 0.827 0.873 0.864 0.620
Data4-DFM 0.533 0.364 0.301 0.170
Data4-GAN 0.965 0.966 0.959 0.640
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gk
7 Model B4 Datasets HER K Precision B3R Recall | I mAPS0% | F-XI4E B mAP50%-95%
Datal-ARG 0.881 0.871 0.857 0.447
Datal-DFM 0.693 0.121 0.114 0.032
Datal-GAN 0.962 0.912 0.929 0.603
Data2-ARG 0.899 0.897 0.945 0.624
Data2-DFM 0.648 0.630 0.653 0.358
Data2-GAN 0.986 0.971 0.954 0.627
FD-DETR
Data3-ARG 0.919 0.891 0.949 0.605
Data3-DFM 0.659 0.139 0.128 0.040
Data3-GAN 0.974 0.943 0.965 0.655
Data4-ARG 0.979 0.943 0.970 0.671
Data4-DFM 0.627 0.095 0.094 0.032
Data4-GAN 0.985 0.986 0.989 0.740
x5 BHAGTEYR
Table 5 Computational efficiency of each model o
LY WR/FPS | ZH0E/M | Flops/G L
YOLOVS5-L 54.3 46.2 109.7 08
YOLOVS-L 715 43.7 164.8 :
YOLOV11-L 85.7 25.4 86.9 5%
Efficient-DET 225 35.2 159.0 & r
=
RT-DETR-R50 42.8 423 129.6 04
FD-DETR 73.7 32.9 81.7 I
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(a) Training process of Datal dataset under different configurations
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Figure 8 Recognition results with different images before and after im-

provement
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