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Fabric defect detection method based on improved RT-DETR

Li Min"*® Zhou Shuang' Zhu Ping' Cui Shugin' Yan Xiaoyun'
(1. School of Computer Science and Artificial Intelligence, Wuhan Textile University, Wuhan 430200, China;
2. Engineering Research Center of Hubei Province for Clothing Information, Wuhan 430200, China;
3. Hubei Engineering Research Center of Intelligent Textile and Fashion, Wuhan 430200, China)

Abstract: To address the challenges of limited fabric defect categories, significant scale variations, and low detection
accuracy in existing models, this study introduces DHR-DETR. a fabric defect detection method based on RT-DETR.
Firstly, a Multi-Path Coordinate Attention (MPCA) module is innovatively designed and deeply integrated with the
Deformable Convolution Module (DCNv2) to construct a Dynamic Deformable Convolution Module. This integration
effectively accommodates the diverse and complex shapes of fabric defects. Secondly, a High-Level Screening Feature
Pyramid Network(HS-FPN) is employed to replace the Cross-Scale Feature Fusion Module(CCFM) , enabling efficient
multi-level feature fusion while significantly reducing model complexity. Finally, a lightweight yet feature-enhancing
RetBlockC3 module is developed and incorporated into the HS-FPN network. This module enhances the model s
capability to capture local information and further improves its lightweight design. Experimental evaluations
demonstrate that the proposed DHR-DETR method achieves mAP@0. 5 scores of 50.9% and 97.5% on public and
custom fabric datasets, respectively, reflecting improvements of 2. 9% and 0. 6% compared to the baseline model.
Additionally, the parameter count is reduced to just 17. 9 M, with a 37 % decrease in computational complexity. These
results indicate substantial improvements in detection performance and deployment efficiency, showcasing the potential
of DHR-DETR for practical applications in industrial fabric inspection tasks.
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Fig. 6 Detection effectiveness of colored fabric image detection
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FEAR B0 = S A 7E B SRRl - F— 25 5] A RetBlockC3
AL, 388 ok 2 () 3 a0 R I R TR R 0 A L A AR (9 R
IERIERE BB T i — 2B itk B8 mAP@0. 5 f1 mAP
@0. 5:0. 95 4 B4R T = 50. 9% FI 27. 1% , AHEL T ol 7y
1) RT-DETR #5043 B48 & 2. 9% 1 1. 8% . R & =
FHECH S BT S RO RRIR R 17, 9 M, R s B b =
35.9 G, 2 BB R /> 9. 7% F1 37 % . 45 R W], 4 ik
PR R AT S AR TR TR AR RS B L 3 K R AR AR T
R 4B, 780 UE W T DHR-DETR 5% ¥ 70 21 W) 6 /5 46
WP 8 77 AL T I ik RT-DETR 8.1k,
2.4 LRI

S T S E I B D B RO S 2E E RR R AT 55 ol e
21 DHR-DETR #5884 5 22 Fi 32 30 ) K DU ASE 8 3k 47 % L
145 CenterNet,Faster R-CNN,YOLO %% (YOLOv5m.
YOLOv8m, YOLOv10b, YOLOv11m) . 3 #t [21]. 3C #ik
[22].RT-DETR, % 2 i’k ,DHR-DETR 7E mAP@0. 5
A mAP@0. 5 ¢ 0.95 L ¥R R, K, DHR-DETR 1)
mAP@0. 5 fl mAP@0. 5 ¢ 0. 95 43514 50. 9% F1 27. 1%,
Yo TR B bRk B k. X TR RT-DETR &%,
335 T80 = AL sh 725 7T 28 B 46 BB B (Dynamic-DCNv2)
BT 1 2 ROBE R¢AE il A 455 8 CHS-FPN + RetBlockC3) ,
DHR-DETR 78 K ith R 9 %4l 5 E 0 mAP@0. 5 1 mAP
@0.5:0.95 4R E T 2. 9% M 1. 8%, S ¥ H WL T
L9 MHEREET 21.1 G; 5HBBLAY Faster R-CNN
HERUAR L, DHR-DETR 76 A& U A B - 0 8 7 2, 3¢ 55 i
B4k B T CenterNet, mAP@0. 5 Fl mAP@0. 5:0. 95
SMBETET 9. 620 H 9. 7%, R B SECGR D T 14, 7 M, 1
AR T 34. 3 G M T YOLO &35 %, DHR-DETR
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Table 1

Rt
Ablation study

R F S HEAERA Dynamic-DCNv2 HS-FPN RetBlockC3 2% /M 18 E/G mAP@0.5/% mAP@0.5:0.95/%

1 N/ X X X
2 N/ N; X X
3 N NG NG X
4 N/ NG N N

19. 8 57.0 48.0 25.3
20.3 45.0 49.0 26.0
18. 6 41.3 50. 4 26.0
17.9 35.9 50. 9 27.1

AR R, mAP@0.5 A IR E T 7.9%.
4.8% 11, 4% A1 6. 8% , [AlFf DHR-DETR 9 &% fni 54
S R A, SR TR IORG B S AR AT A B Y A AT A
AHEEF k21 A [ 22] 5k, K% DHR-DETR 7£ S 4 it
(17.9 MDA (35. 9 G) 7 I g 75 T 3C#ik[21](2. 8 M

7.1 GYRMCHR[22]¢(3. 1 M #18.2G) ,{H DHR-DETR &
RS A 5 B BAEHE , mAP@O. 5 43 Bil4R e T 11.3%
11 %, R HAEE e A DN B8 ) 5% . 25 A0 L
FH ,DHR-DETR L) 55 4 i (9 455 4 45 #9 S2 30 1 0 /3 A9 4G
DS BE 620 R 1 HL AR SE B A AT 55 b g g RV g

®2 AEEE LG
Table 2 Comparative study of different models

BT i AR FT M ZHE/M  FEEIEEE/GC  mAP@0.5/% mAP@O0.5:0.95/%
CenterNet 512 X512 ResNet50 32.6 70.2 41.3 17. 4
Faster RCNN 600 X600 ResNet50 137.0 370. 2 29.5 5.0
YOLOv5m 640X 640 CspDarkNet 25.0 64. 0 13.0 20. 7
YOLOv8m 640X 640 CspDarkNet 25. 8 78.7 16. 1 22.9
YOLOv10b 640X 640 CSPNet 20. 4 98. 1 39.5 20.5
YOLOvIlm 640X 640 CSPNet 20. 0 67.7 44.1 21. 4
k[ 21] 640X 640 CspDarkNet 2.8 7.1 39. 6 17.6
ik 22] 640X 640 CspDarkNet 3.1 8.2 39.9 19.3
RT-DETR 640X 640 ResNet18 19.8 57.0 18.0 25. 3
DHR-DETR 640X 640  ResNet18+DD 17.9 35.9 50.9 27.1
F 3 BN T RS RT-DETR 75 4% 25 BIE 546 I *3(%)
B4 AP XF R ZE R, W LLE W, 48 KER 43 A AP Table 3 (Continued)
E AR AN [ R B2 9 4 T, R 12 26 /INVEE A H AR i L oK ] AP/ %
S W S BRI P AR T ) B, 0 ML RT-DETR PR T
PR R AT /N AR B 5 AR ORI T B8 ) oA i 73.6 74.9
R o AN, X 2 R 4 /N R B A O R, AN 3R B H 37.4 47.5
T A B A RN R TN B0 A kA A R T Y EHL 26.5 27.8
P REAR T . 115 25 T 30 25 52 5 47 i 0 10 14 R 2 R 2 65. 4 73.5
A R A ok o7 9 60.8
Wr 2t 14. 9 12.6
3 BRMARNEG AP EXMLER L 15.9 24.8
Table 3 Comparison results of AP values for HL4E 52.2 49.1
various defect detection types “h 4 18.5 19.9
K BE 70. 3 72.8
S 55 Fh ok AP/ % vk 44.7 45.0
RTDETR B 52 B 1 70.7 70.4
i i 77.3 78.5 Wi 58. 7 55. 7
PR BB 5 15t 41.8 48.9 i 2 R IR 20. 9 25.6
=4 61.6 60. 8 VIR LR 4 58.9 60. 8
73 49.3 50. 0 WA = R 5 44. 4 59.5
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2.6 ZhoIKE

Ry it — A B UIE Bk R 45 Y32 Ak RE O AR SCTE A O
£ B IS B AL I &5 R AEAT T A M. 4 RAR T ik
HyL 5 RT-DETR Bk 76 A il B0 48 1 B A 25 Y
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Fig. 7 Fabric defect detection results

x4 ZEiRkn

Table 4 Generalization test results

T WS/ % WY/ %

MER/ 0 W/ % WY/ %

HE/ % BEE/M FEEEE/G mAP@O.5/%

RT-DETR  95.9 98. 0 95.9 99. 0 94. 9 19. 8 57.0 96. 9
GLGTIR=R7S 97.2 98.9 96. 0 99.5 94.9 17.9 35.9 97.5
ek,
3 % it =
S Z 3Lk

AR SCHE T — B R ) 2T K T 5T % (DHR-
DETR) , %5 ¥ e P AL B R 45 4 1 3Ll b s sh 2Bl 746
TS B SRR e i AL i P . il 51 A B S T AR JE B
R 0 R R0 A 45 I A A B, DHR-DETR I 2 #2 7 7 4%
R 22 ROBEWE SRR IE PR N 24 5 F ORI AR Sy, 5K
e R E W, 5 5 RT-DETR # A4 . DHR-DETR 7
R 3l 2 R T AR SE N R BOUE R LB mAP@0. 5
ST T 2. 9% 0. 6% . [F I SE ALK 17. 9 M, i
WAL T 37% Y0 UE T R A At S S . R
DHR-DETR 788U 5 K AF: 55 rp 3R B0 &, {0 76 S B
N 0 R S 2R A T E AT AR T I S IR A
PR A B ZE R m SE kR N T s S ), ROk 1)
506 25 BT H005 A SE PR30 8 38 o 05 B2 A0 R 2 I B R
HE— 2505 T I 00 4k 5T T BT A R Rl B 3h B T B
o DR AE 8 TR A7 BR A B8 o R OR R v A R DA
50 R 7R SO B B R B A L R T 2 L) AT 2
W55, SRR R 45 B 2 28 SE bR R R iz LR
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