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Double-ended input type nested fusion of multi-scale information
for fabric defect detection

Qu Hao',Di Lan'", Liang Jiuzhen®, Liu Hao®
(1. College of Artificial Intelligence and Computer, Jiangnan University , Wuxi, 214000, China;
2. College of Computer and Artificial Intelligence , Changzhou University , Changzhou, 213164, China)

Abstract: To address the problems of complex texture region misclassification and blurred edge detection in fabric defect
detection, this paper proposes a double-ended input network architecture WNet which uses two backbone branches to extract
multi-scale local and global features, respectively. By relying on the global modeling capability of the self-attentive mechanism
in the right backbone branch, the global information is added to the convolutional deep network to reduce the redundancy of
texture features in deep network. To reduce the loss of local detail information in deep network, this paper proposes a
lightweight dual-branch pooling pyramid to introduce shallow multi-scale detail features into the deep module. In the feature
fusion stage, a multi-scale dual -branching nested module is built to screen high - gradient texture features and defective
features. This module pays more attention to the feature information of different perceptual fields at different scales, which
betterly screen out the defective features and generate more accurate prediction maps. Experimentally, the comprehensive
evaluation indexes of the method on four datasets of ZJU-Leaper are proved to be better, especially f, .., Positive Predictive
Value and Negative Predictive Value.
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Table 1 Quantitative experimental results of our model and other models on ZJU-Group 1

Wik s TPR FPR PPV NPV MAE Time (ms)
PicaNet (Group) 75.62% 77.89% 2.28% 73.48% 98.12% 0.020 99
PicaNet (Total) 65.56% 67.85% 2.66% 63.43% 97.30% 0.004 99
F3Net (Group) 76.92% 82.92% 2.38% 71.72% 98.17% 0.032 23

F3Net (Total) 74.93% 79.32% 2.11% 71.00% 97.83% 0.098 23
U*Net (Group) 76.01% 78.77% 2.21% 73.43% 98.13% 0.016 27
U*Net (Total) 73.78% 77.18% 2.43% 70.67% 97.69% 0.010 27
GCPANet (Group) 76.80% 82.75% 2.61% 71.64% 97.93% 0.150 20
GCPANet (Total) 76.30% 81.51% 2.24% 71.72% 97.73% 0.125 20
SCWS (Group) 72.90% 79.05% 8.08% 67.64% 93.10% 0. 080 22
SCWS (Total) 74.12% 82.15% 7.01% 67.51% 96.45% 0.069 22
DDNet (Group) 76.87% 81.08% 2.55% 73.07% 98.09% 0.014 20
DDNet (Total) 74.18% 77.89% 3.14% 70.81% 97.88% 0.012 20
RCSB (Group) 74.85% 76.43% 1.82% 73.34% 98.07% 0.015 76
RCSB (Total) 72.28% 77.41% 8.74% 67.78% 96.38% 0.065 76
WNet (Group) (Ours) 78. 08 % 80.66% 2.19% 75.67% 98.61% 0.016 25
WNet (Total) 75.77% 80.65% 2.61% 71.43% 98.33% 0.014 25
K2 AXHEEMILLFEEZIU-Group 2 ENEBLRERMLLR

Table 2 Quantitative experimental results of our model and other models on ZJU-Group 2

VRS I TPR FPR PPV NPV MAE Time (ms)
PicaNet (Group) 67.48% 73.46% 4.16% 62.40% 98.02% 0.012 95
PicaNet (Total) 65.48% 68.42% 2.88% 62.77% 96.93% 0.007 95
F3Net (Group) 76.36% 82.15% 2.42% 71.34% 98.11% 0.128 19

F3Net (Total) 73.76% 78.74% 2.55% 69.37% 98.00% 0. 146 19
U*Net (Group) 73.34% 77.69% 2.80% 69.46% 98.11% 0.014 25
U*Net (Total) 70. 34 % 74.70% 3.01% 66. 46 % 97.73% 0.013 25
GCPANet (Group) 74.38% 80.32% 3.11% 69.26% 97.13% 0.196 20
GCPANet (Total) 75.19% 80.69% 2.62% 70.40% 97.35% 0.171 20
SCWS (Group) 69.83% 77.29% 9.32% 63.68% 93.51% 0.090 20
SCWS (Total) 69.02% 82. 64 % 11.50% 59.25% 92.21% 0.113 20
DDNet (Group) 74.54% 78.72% 2.96% 70.78% 98.17% 0.015 18
DDNet (Total) 74.29% 78.74% 4.31% 70.33% 98.05% 0.017 18
RCSB (Group) 72.03% 79.55% 5.41% 65.80% 98. 81% 0.012 73
RCSB (Total) 71.76% 76.24% 5.30% 67.78% 97.73% 0.035 73
WNet (Group) (Ours) 76.66% 79.34% 2.29% 74.16% 98.45% 0.013 24
WNet (Total) 74.64% 78.30% 2.47% 71.30% 98.30% 0.014 24

& 7 S A SO VR AR H T B PR IER AT ROC T SCWS 1 Fir H 45 AF i i A5 B a3 386 5 1 51 000
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Table 3 Quantitative experimental results of our model and other models on ZJU-Group 3

Fik s TPR FPR PPV NPV MAE Time (ms)

PicaNet (Group) 63.72% 67.91% 2.63% 60.02% 98.23% 0.021 95
PicaNet (Total) 55.66% 61.07% 3.42% 51.14% 97.56 % 0. 006 95
F3Net (Group) 72.51% 77.95% 2.08% 67.78% 98.38% 0.035 20
F3Net (Total) 70.30% 74.47% 1.83% 66.58% 98.35% 0.127 20
U*Net (Group) 71.89% 75.63% 2.07% 68.49% 98.57% 0.012 25
U*Net (Total) 63.92% 71.34% 2.91% 57.91% 97.92% 0.011 25
GCPANet (Group) 70.97% 77.29% 5.55% 65.60% 97.68% 0. 230 18
GCPANet (Total) 72.48% 79.07% 2.39% 66.90% 97.84Y% 0.191 18
SCWS (Group) 72.96% 81.49% 10.26% 66.05% 91.35% 0.102 20
SCWS (Total) 70. 54 % 80.60% 10.10% 62.71% 92.22% 0.101 20
DDNet (Group) 70.11% 76.03% 3.96% 65.04% 98.52% 0.013 19
DDNet (Total) 69.94% 75.75% 6.04% 64.96% 98.34% 0.022 19
RCSB (Group) 71.74% 80.75% 2.79% 64.55% 98.99% 0.008 74
RCSB (Total) 64.54% 67.86% 6.52% 61.52% 98.25% 0. 048 74
WNet (Group) (Ours) 74.16% 79.60% 2.05% 69.42% 99. 07 % 0.013 23
WNet (Total) 70.62% 76.62% 2.16% 65.49% 98.80% 0.010 23

R4 AXEEMIILLFEEZIU-Group4 FHNEELWHERMLE

Table 4 Quantitative experimental results of our model and other models on ZJU-Group 4

Ji¥k f TPR FPR PPV NPV MAE Time (ms)
PicaNet (Group) 63.12% 68.15% 3.26% 58.79% 97.16% 0.010 95
PicaNet (Total) 63.52% 68.14% 3.11% 59.49% 97.03% 0. 006 95
F3Net (Group) 73.95% 79.06% 2.36% 69.46% 98.01% 0. 044 21

F3Net (Total) 71.71% 77.83% 2.77% 66.49% 98.14% 0.177 21
U*Net (Group) 73.66% 78.88% 2.76% 69.09% 98.28% 0.012 26
U*Net (Total) 70.14% 75.42% 3.05% 65.55% 98.02% 0.014 26
GCPANet (Group) 72.04% 78.39% 5.39% 66.64% 96.99% 0.350 19
GCPANet (Total) 74.74% 80.81% 2.68% 69.51% 97.63% 0.160 19
SCWS (Group) 71.17% 86.32% 9.76% 60.55% 93.42% 0.033 21
SCWS (Total) 70.11% 82.93% 10.06% 60.72% 93.19% 0.100 21
DDNet (Group) 72.76% 78.81% 4.88% 67.57% 98.28% 0.024 20
DDNet (Total) 72.69% 78.76% 5.62% 67.49% 98.26% 0.029 20
RCSB (Group) 71.47% 74.57% 3.85% 68.62% 98.53% 0.018 78
RCSB (Total) 71.01% 74.14% 4.05% 68.13% 98.50% 0.026 78
WNet (Group) (Ours) 74.86% 78.16% 2.22% 71.84% 98.45% 0.014 25
WNet (Total) 73.50% 76.10% 2.20% 71.08% 98.26% 0.013 25

FSXT LI T #4758 Model Size .(GFLOPs. 2 WNet & A W & ¥ it 58 FE A i B i i =
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Table 5 Model size, GFLOPs, parameters and general-

ization ability of each model

J5 ik S GFLOPs  Params (M)  Size (M)
PicaNet  65.02% 80. 6 49.7 189
F3Net  73.80% 6.7 25.5 97.8
U’Net  71.64% 28.8 44 168
GCPANet 74.11% 16.6 67.1 256
SCWS  71.33% 21.8 63.5 242
DDNet  73.17% 4.6 33.3 12.8
RCSB  71.31% 218 33.5 137
WNet  74.79% 7.3 27.7 113
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Table 6 Ablation study for Loss function, each module and hybrid connection on ZJU-Group 4

54 2% o B B N 2 B B B i 85 By B S TPR FPR PPV NPV FPS (ms)
Bee U*Net 73.66% 78. 88% 2.76% 69.09% 98.28% 26
WgBce U”Net 74.02% 78.47% 2.40% 70.05% 98.35% 26
WgBce R&.S_Pret Res®.ST+ASPP DB 73.93% 78.36% 2.52% 69.97% 98.54% 27
WgBce R&.S_Pret  Res.ST-+ASPP ASPP 73.56% 77.30% 2.3T% 70.18% 98.45% 24
WgBce R&.S_Pret Resd.ST+DB ASPP 72.93% 73.53% 2.00% 72.34% 98.22% 24
WgBce S_Pret ST+DB DB 68.23% 74.40% 3.67% 63.00% 98.35% 22
WgBce R_Pret Res+DB DB 68.19% 73.02% 3.17% 63.97% 98.26% 18
WgBce R&.S _Pret Res®.ST DB 73.91% 77.97% 2.36% 70.25% 98.48% 23
WgBce No Pret Res&.ST+DB DB 69.90% 75.11% 3.41% 65.36% 98.37% 24
Bee R&.S_Pret Res@.ST+DB DB 74.07% 76.70% 2.20% 71.62% 98.35% 24
WgBce R&.S_Pret Res&.ST+SBP SBP 73.35% 78.66% 2.57% 68.71% 98. 61% 22
WgBce R&.S_Pret Resd.ST+DB DB 74.86% 78.16% 2.22% 71.84% 98.45% 24

K7 WMEKAEH.DBNERIUE ZEEFKXAE ZJU-Group 2 EHIEBH R
Table 7 Ablation study for Loss function, each module and hybrid connection on ZJU-Group 2

i 2k bR R e TN 5 2 5 B B it B B f TPR FPR PPV NPV FPS (ms)
WgBce R&-S_Pret Res®.ST+ASPP DB 75.78% 80. 54 % 2.57% 71.55% 98. 59% 27
WgBce R&.S_Pret Res&.ST+ASPP ASPP 75.14% 79.22% 2.55% 71.46% 98.49% 24
WgBce R&.S_Pret Res&.ST+DB ASPP 75.09% 79.15% 2.52% 71.43% 98.40% 25
WgBce S_Pret ST+DB DB 71.82% 74.92% 2.66% 68.96% 98.05% 22
WgBce R_Pret Res+DB DB 72.81% 78.52% 2.96% 67.88% 98.42% 18
WgBce R&.S_Pret Res®.ST DB 75.21% 77.66% 2.09% 72.91% 98.12% 23
WgBce No Pret Res&.ST+DB DB 72.89% 77.54% 2.80% 68.77% 98.39% 24
Bee R&.S_Pret Res&.ST+DB DB 76.14% 80.14% 2.67% 72.52% 98.50% 24
WgBce R&.S_Pret Res&.ST+SBP SBP 75.29% 79.81% 2.69% 71.25% 98.53% 22
WgBce R&.S_Pret Res&.ST+DB DB 76. 66 % 79.34% 2.29% 74.16% 98.45% 24
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Table 8 Ablation study for different Loss Functions parameterson ZJU-Group 4
P A 7 TPR FPR PPV NPV MAE
0.05 71.13% 76.10% 2.69% 66.77% 98.45% 0.012
o1 0.1 74.50% 77.29% 2.16% 71.90% 98.39% 0.010
0.15 73.86% 77.58% 2.28% 70.48% 98.42% 0.15
0.2 73.80% 77.92% 2.42% 70.09% 98.46% 0.013
0.05 74.26% 78.83% 2.48% 70.18% 98.55% 0.015
0.1 74. 86 % 78.16% 2.22% 71.84% 98.45% 0.014
02 0.15 74.19% 77.46% 2.27% 71.18% 98.37% 0.012
0.2 73.92% 79. 28 % 2.59% 69.24% 98.56% 0.013
0.05 73.10% 74.63% 2.03% 71.63% 98.32% 0.015
03 0.1 73.73% 78.60% 2.62% 69.42% 98. 60 % 0.012
0.15 73.73% 76.08% 2.11% 71.53% 98.30% 0.011
0.2 73.74% 74.54% 2.01% 72.96 % 98.25% 0.016
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