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FDRT-DETR: An multi-category fabric defect detection algorithm
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Abstract: Aiming at the challenges of large differences in the morphology of multi-category defects in fabric defect detection, the dense
distribution of tiny defective targets, and the demand for real-time high-precision detection, FDRT-DETR ; a multi-category cloth defect
detection algorithm is proposed. Firstly, the inverted residual mobile block (iRMB) module is applied in the backbone network to
strengthen multi-scale feature extraction and reduce computational redundancy. Secondly, the token statistics self attention ( TSSA)
mechanism is invoked to enhance the model’ s accuracy in capturing features in defective regions and reduce the interference of
background texture. Further, the parallel atrous convolution attention pyramid network (PACAPN) is designed in the neck network to
significantly improve the preservation and recognition of small target features. Lastly, for the problem of low matching quality due to the
dense distribution of tiny imperfections, a matchability aware loss function (MAL) is introduced to improve the detection performance.
Experimental results on Alibaba Tianchi’ s fabric defect dataset show that the improved model increases the mAP@ 0. 5 for fabric defect
detection by 3. 7% , achieving a speed of 64. 4 frames/s with only 31. 4x10° parameters, thus satisfying the practical needs of industrial
production.
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Table 1 Comparative experiments of different backbones

Backbone P/ % R/ % mAP@O0. 5/% mAP@0. 5:0. 95/ % GFLOPs Params/ ( x10°) i/ fps
Base 57.8 49.5 50.7 26.0 58.6 38.6 35.2
FasterNet 58.0 49.9 51.0 26.3 54.3 35.8 48.4
EfficientViT 58.3 50.0 51.5 26.7 53.1 35.3 50.2
RMT 57.2 49.2 50.5 25.5 56.2 36.2 48.7
MobileNetv4 58.1 50.1 51.4 26.6 53.8 35.0 51.4
MambaOut 58.5 50.2 51.8 26.9 52.8 34.9 52.9
iRMB 58.8 50.5 52.2 27.4 51.8 34.6 54.0
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Table 2 Comparative experiments of different necks

Neck P/ % R/ % mAP@O0. 5/% mAP@0. 5:0.95/% GFLOPs Params/ ( x10°) Wi/ fps
Base 57.8 49.5 50.7 26.0 58.6 38.6 35.2
ASF-YOLO 58.5 51.2 52.3 27.4 52.9 34.6 55.8
SlimNeck 58.7 50.6 51.8 27.0 55.2 35.8 48.5
HS-FPN 58.3 50.2 51.6 26.8 56.8 36.0 46.2
UCTransNet 58.5 50. 8 51.9 27.1 55.3 35.6 50.5
WFU 58.8 S51.1 52.2 27.3 56.5. 36.1 51.4
PACAPN 59.0 51.5 52.9 27.6 54.9 35.4 52.8

AYMrEE 2 AT, 5 Base M b, PACAPN fiHe7E S %L
WM E AR ST, mAP @ 0.5 fH 2 5
2.2% , [FINF WA IK F 52. 8 fps, 5 HA B R 45 A L
PACAPN 7£ P R .mAP@0.5 & mAP@O0. 5.0. 95 540>
FEBEFE AR B US SR U A5 SR 5 F — 20 0T LA B2 3R A 3
i ASF-YOLO A%, ASF-YOLO [Z53 N 34. 6x10° it
=B N 52.9 GFLOPs, 5 PACAPN ¥ 35.4 x 10°,
54.9 GFLOPs AbF[a]— 2%, —FH S8 2l 10 0. 8%
10° 3 2Z(H N 2.0 GFLOPs, #5755 4 i 2% bl
TEHCHTHE T ,PACAPN B P .R .mAP@0.5 & mAP@0.5;
0. 95 ¥R T ASF-YOLO, Fe43iE B PACAPN A7
PRUEFE S AR PR () [ , ELAS AR M RRIE il B T, o
TA SO T IR A R
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T, HARFERR | =22 253k SO NRE (3R 3 iR
B4 ) R PERESE T I R At ; [ A FDRT-DETR A5 75 %5
FH 241 /INIFE 5 B 2 E | R R DA rh R R 1Y
AP@O. 5 (HAWLSEH T 4+, XA EW T FDRT-
DETR #5138 i3 5] A PACAPN A5 B 38 55 22 R 4R AF 412
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Table 3 Detection results of different defects ( %)

4) X A FRIEAL (SOTA ) By S B4 2R
AT IR AR SCRTHR H 1) A DG R R 0 B Y A

e RT-DETR FDRT-DETR P BBt J5 #9587 5 Faster R-CNN  Mask R-CNN SSD |
ffﬁ] 54.6 67.4 YOLOv5 . YOLOv8s .YOLOv10s .YOLOvI1 .DETR .DEIM &%
T 2 29.9 36. 1 . N —1 oy i
o - o St RT-DETR 9 502 45 AR R A0 L A3 e, 9

s 531 619 SRR 4 PR, 55 32 S AR IR X L an ] 7
TEAR Bk 57.4 58.8 F7R
HH 8L.5 86.5 i3 4 W1, Faster R-CNN ,Mask R-CNN . SSD %5 &
Eg = - 5 YOLO REUSEHAN He , A7AE Ko DR BE AR G0 14 4
i . 6L [, DETR DEIM 5532 766 J0HS B2 b 50 &5 T YOLO
Wiz 14.1 20.0 BB A A RAE % 52 2%, A6z DN 38 B i 1%, T FDRT-
e 2.7 25.4 DETR #.#% 5 Faster-RCNN , Mask-RCNN | SSD, YOLOVS |
LA 58.9 51.2 YOLOv8s \DETR DL K FEZE A58 RT-DETR Al EL , 7 2456
#t:4 27.0 18.5 — " e s N
o 7 e AR 12 2 2 B 53 (L9, JE P (A R (14 9
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Table 4 Comparative experiments on detection performance of different mainstream methods
A P/% R/ % mAP@0.5/% mAP@O0.5:0.95/% GFLOPs Params/ ( x10°) W/ fps
Faster R-CNN 42. 4 34.6 35.9 17.8 220.2 119.1 19. 8
Mask R-CNN 47. 1 38.2 40. 8 19.5 168. 5 102. 1 20.9
SSD 38.6 31.2 32.3 17.0 62.7 26.3 54.5
Yolov5 55.8 47.3 48.7 24. 4 53.2 33.1 61.0
Yolov8s 56.3 47.7 49.8 25.8 51.7 32.8 63.8
Yolov10s 57.1 48.2 50.2 25.5 48.2 25.2 72.2
Yolovl1l 57.4 48.4 50.5 25.9 45.1 26.3 78.6
DETR 52.7 44.9 46.5 22.7 88.2 41.3 24. 4
DEIM 58.9 51.9 51.4 26.4 72.3 40. 8 38.6
RT-DETR 57.8 49.5 50.7 26.0 58.6 38.6 35.2
FDRT-DETR 62.6 52.3 54.4 28.2 50.6 31.4 64.4
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Table 5 Fabric defect ablation experiment

i A iRMB  TSSA PACAPN MAL P/% R/% mAP@0.5/% mAP@O0.5:0.95/% GFLOPs Params/(x10°)  Wi%/fps
1 Base 57.8 49.5 50.7 26.0 58.6 38.6 35.2
2 A VvV 58.8 50.5 52.2 27.4 51.8 33.6 56.8
3 B Vv 58.0 49.9 51.9 27.2 58.3 38.4 52.6
4 C Vv 59.0 51.5 52.9 27.6 54.9 35.4 52.8
6 D V' 585 49.6 51.5 27.0 58.6 38.6 55.0
7 A+B vV VvV 59.8 50.4 52.7 27.5 51.6 33.6 57.4
8 A+B+C Vv Vv VvV 61.9 51.9 54.0 28.0 50. 6 31.4 62.2
9 A+B+C+D V VvV Vv V. 62.6 523 54.4 28.2 50. 6 31.4 64. 4

H 2% 5 A0, A SOk 4 M HTE R [R5 AR 1
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Table 6 Generalization experiment
pisii] P/% R/% mAP@0.5/% mAP@O0.5:0.95/% GFLOPs Params/ ( x10°) Wi/ fps
RT-DETR 53.6 45.2 46. 8 22.9 58.6 38.6 34.8
Faster R-CNN 38.9 32.1 33.5 16.2 220.2 102. 1 18.5
Yolov8s 52.1 44.3 45.6 22.4 51.7 32.8 60.2
Yolov10s 52.8 44.7 45.8 22.1 48.2 25.2 68.5
Yolovl1 53.2 45.0 46.2 22.7 45.1 26.3 75.3
DEIM 55.4 47.6 49.5 24.8 72.3 40. 8 36.2
FDRT-DETR 58.2 49.1 51.8 26.3 50.6 31.4 62.5
TSSA FEEt PACAPN A5 Jz MAL 2% B &, Xof HLAR Y it
4 % % FFBCHE, (0 FE 03 FE A5 VG SOBERG I 45, S22
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