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Fabric defect inspection based on modified discriminant complete local
binary pattern and lattice segmentation

ZHAO Shuzhi DI Lan HE Ruibo
( School of Digital Media Jiangnan University Wuxi Jiangsu 214122 China)

Abstract The conventional central local binarization mode ( CLBP) used in fabric defect inspection has
the problems of high histogram dimension and feature redundancy and limitation exists in conventional
CLBP when the amplitude of the small part of the image varies greatly or the amplitude is flat. To solve
the problems a modified discriminant complete local binary pattern with lattice segmentation for fabric
defect inspection was proposed. The proposed algorithm was divided into a training part and a testing
part. The training stage was to calculate the feature value for each lattice after lattice segmentation in
defect{ree images and acquire the mean value of all feature values. The threshold was calculated by
calculating the relative divergence between the feature value of every lattice and the mean of the feature
values. The testing stage was to calculate the relative divergence and compare the result with the
threshold. The lattice whose result was larger than the threshold was marked as a defect area. The
proposed algorithm was compared with local binary patterns boolean line indicator method regular band
method algorithms. Testing on fabric image datasets including 2 kinds of textures and 3 kinds of defects
shows that the method has better inspection effect on star pattern and box pattern fabrics one part of the
true positive rate ( TPR) value can reach 0. 99 and most of the inspection results of TPR are above 0. 90.
Keywords central local binarization mode; lattice segmentation; feature extraction; relative

divergence; fabric defect inspection
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Fig. 1  Overall block diagram of proposed algorithm. (a) Training part; ('b) Testing part
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Fig.2 Lattice segmentation and feature extraction
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Tab.1 Effect of different (R P) values
KLD on star patterns
KLD )
ACC TPR FPR PPV NPV (R P)
T = max(T,) 1% 1% 1% 1% 1%
T, k 0.97 0.99 0.03 0.16 .00  (18)
. 0.97 0.99 0.03 0.16 1.00 (3 8)
0.98 0.76 0.02 0.19 0.99 (5 12)
0.98 0.32 0.01 0.16 0.99 (5 16)
2 0.99 0.91 0.01 0. 46 0.99 (18)
0.99 0.99 0.02 0.33 0.99 (3 8)
0.99 0. 63 0.01 0.42 0.99 (5 12)
0.95 0. 61 0. 04 0. 14 0.99 (5 16)
81 256 X256 0. 96 0. 66 0.04 0.14 0.99 (1 8)
24 ’ 0.97 0.99 0.03 0.21 1.00 (3 8)
8 . 81 o) 0.97 0.99 0.03 0.21 .00 (5 12)
0.97 0. 00 0.02 0.00 0.99 (5 16)
26 15 X 2 (R P)
25 15 o 2 Tab.2 Effect of different (R P) values on box patterns
3
ACC TPR FPR PPV NPV (R P)
1% 1% 1% 1% 1%
° 1 0 0.95 0.63 0. 04 0.27 0.99 (18)
o LBP.WGIS. BB 0.93 0.73 0. 06 0.22 0.99 (3 8)
ER. - TPR. 0.93 0.58 0. 06 0.20 0.99 (5 12)
FPR.PPV.NPV. TPR 0.96 0.36 0.03 0.26 0.98 (5 16)
0. 89 0. 88 0.11 0.11 0.99 (18)
FPR 0.85 0.96 0.16 0. 09 0.99 (3 8)
0.90 0. 84 0. 10 0.12 0.99 (5 12)
PPV 0.93 0. 84 0.07 0.17 0.99 (5 16)
NPV 0.94 0. 85 0. 06 0.17 0.99 (18)
0.92 0.99 0.08 0.15 1.00 (3 8)
o TPR PPV~ NPV 0.94 0.8  0.05 0.16 0.9 (5 12)
FPR . 0.96 0. 59 0.04 0.17 0.99 (5 16)
3 (R P)

Fig.3 Star broken end defect image and fabric detection results using different ( R P) values.
(a) Original drawing; (b) (1 8); (¢) (3 8); (d) (5 12); (e) (5 16)
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4 (R P)

Fig.4 Star netting multiple defect image and fabric detection results using different ( R P) values.

(a) Original drawing; (b) (1 8); (¢) (3 8); (d) (5 12); (e) (5 16)

5 (R P)
Fig.5 Star thin bar defect image and fabric detection results using different ( R P) values.
(a) Original drawing; (b) (1 8); (¢) (3 8); (d) (5 12); (e) (5 16)

6 (R P)
Fig. 6 Box broken end defect image and fabric detection results using different ( R P) values.
(a) Original drawing; (b) (1 8); (¢) (3 8); (d) (5 12); (e) (5 16)

7 (R P)

Fig.7 Box netting multiple defect image and fabric detection results using different ( R P) values.

(a) Original drawing; (b) (1 8); (¢) (3 8); (d) (5 12); (e) (5 16)

8 (R P)
Fig.8 Box thin bar defect image and fabric detection results using different ( R P) values.

(a) Original drawing; (b) (1 8); (¢) (3 8); (d) (5 12); (e) (5 16)
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2.1.1 3
. Tab.3 Test effect of different algorithms on star patterns
(R P) (18).(38) TPR ACC  TPR FPR PPV NPV
1% 1% 1% 1% 1%
(5 12) (5 16) ° 0.97 0.99 0.03 0.17  1.00
(R P) (3 8).(512) TPR 0.97 0.9 0.03 0.16 1.00 LBP
1.0 (5 16) TPR 0. 3 0.84 031 0.16 0.01  0.99 BB
TPR FPR PPV NPV ( 0.97 0.32 002 0.11 1.00 VRB
0.96 0.73 0.04 0.09 1.00 WGIS
0.99 0.9 0.02 0.33  0.99
) 1. 0.99 0.67 0.0l 0.46  0.99 LBP
3.5 0.83 0.22 0.16 0.02 0.98 BB
0.96 0.45 003 0.20 0.99 RB
(R P) (5 16) TPR 0.61 (5 12) 0.97  0.36 0.03 0.19 0.9  WGIS
. 0.97 0.9 003 0.14 0.99
(R P) (18) 0.98 0.37 002 0.16 0.99 LBP
0.85 0.29 0.15 0.02  0.99 BB
(R P) (5 16) TPR 0 0.97 0.33 003 0.10 0.99 RB
o 0.8 0.78 0.14  0.07  1.00 WGIS
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Tab.4 Test effect of different algorithms on box patterns
(18).(328) TPR (5 12) (5 16)
ACC  TPR FPR PPV NPV
TPR (3 8) TPR o % 1% 1% 1% %
(R P) (3 8) TPR 3 0.93 0.73 0.06 0.22 0.99
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( R P) ( 1 8) \( 3 8) ( 5 12) 0.89 0.25 0.10 0.02 0.99 WGIS
0.92 0.9 008 015 1.00
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Fig.9  Star broken end defect image and fabric detection results using different algorithms.

(a) Ground-ruth; ('b) Method of this paper; (c¢) LBP; (d) WGIS; (e) BB; (f) RB
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Fig. 10  Star netting multiple defect image and fabric detection results using different algorithms.

(a) Ground-iruth; ('b) Method of this paper; (¢) LBP; (d) WGIS; (e) BB; (f) RB

11
Fig. 11 Star thin bar defect image and fabric detection results using different algorithms.

(a) Ground-iruth; ('b) Method of this paper; (¢) LBP; (d) WGIS; (e) BB; () RB

12
Fig. 12 Box broken end defect image and fabric detection results using different algorithms.

(a) Ground-iruth; ('b) Method of this paper; (¢) LBP; (d) WGIS; (e) BB; () RB

13

Fig. 13 Box netting multiple defect image and fabric detection results using different algorithms.

(a) Ground-iruth; ('b) Method of this paper; (¢) LBP; (d) WGIS; (e) BB; () RB

14
Fig. 14  Box thin bar defect image and fabric detection results using different algorithms.

(a) Ground-iruth; ('b) Method of this paper; (¢) LBP; (d) WGIS; (e) BB; () RB
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