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Abstract

In the process of fabric defect image classification based on dictionary learning, due to the com-
plexity of the background structure of complex texture fabric image, the morphological diversity
of defect information and the concealment of defect information, the fabric defect classification
method based on dictionary learning cannot effectively extract the characteristics of fabric defects.
In order to solve this problem, this paper proposes a category constrained dictionary learning
classification method based on LDA (linear discriminant analysis) for the characteristics of fabric
defects. Firstly, the sparse representation model is reconstructed. Based on the discrimination
oriented dictionary learning advantage of suppressing intra class differences and inter class fuz-
ziness, the sparse coefficients are linearly discriminated and constrained, and the effective infor-
mation of fabric images is obtained and analyzed adaptively, so that the sparse coefficients of dif-
ferent fabric images in dictionary learning have better discrimination ability. A fabric dictionary
with fabric discrimination characteristics is obtained. Then, the fabric dictionary is used to sparse
representation of the test samples, and the reconstructed error vector is used to construct a clas-
sifier for classification. Finally, the effectiveness of this method is verified on Alibaba cloud Tian-
chi fabric defect detection database, fabric data sets collected by real-time factories and a small
number of defective fabric images collected by our research group. The experimental results on
different fabric data sets show that the fabric feature dictionary extracted in this paper has better
classification effect.
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Figure 1. Flow chart of classification method of fabric defect images based
on class constraint dictionary learning based on LDA
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Figure 2. Tianchi cloth defect detection data set
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Figure 3. Real-time factory fabric defect detection dataset
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Figure 4. A small number of defective fabric images collected by the
research group

4. REARER D B0t R R YIE R

T S8 2% FIBH 82 10 2R E k5 UG b 23 BIBE AR B 5. 104 15 TR BEMEAE NG REAR, BN REA
FHEL 10,000 4~ 20 15 & x 20 G R HIEIE /N, A, 2o F1 p 35l B84 0.0001. 0.0001 A1 0.001, #RJ5 X~
BRI R 1 S ] 4520 K UE R 2R 23 791N 92.40%, 95.00%, 98.33%. (10 VXS5 BT B H-F-HMH . )

DOI: 10.12677/sea.2022.112024 231 BTSN


https://doi.org/10.12677/sea.2022.112024

75 B AN I SUDE s B b 23 BIBE ALY 5. 10+ 15 5K EUEAE N INZRAEAS, BEHLAH Al 10,000
2015 % x 20 BERMENG /N, 2, 2, A1 p 4374 0.0001, 0.0001 F1 0.001, #A & X5~ BIHE &L
PR P 4590 2 UER %23 519 93.00%, 96.00%, 98.33%. (10 YRSZ56 AT B FIME . )

HE AT L, %2 SR S R E AN I BCR N GRPEA TS Il R8s Ra e, HBEE VIR REASL
B8N, Ho SRR BT, BIRZIT IR FE BN 1S 55 UG AT AR B S P I A
L ke E .

4.4. SIS ST

KR SHL p P ) F RN E S RIRER, S5 p MZESH T DFDL [13]7E4 s
B{H 0.001. A EAF ZAEF 34N T bk REL R ITUGIET K1 2 e N T BEIRIEST K7 2 F 4,
Xy RPERERIEMA, &1 5 A HBESE A AN 2o AT AR SCTVETEAR R R BB 7 AR . R R
VCENELE 2= 0.01, 4, =0.001 i 73 BBCER B A, 52t T BHEAE 2, = 0.0001, A =0.0001 B} 73 KR 5
e

PIERE
cooooooo0
[PV Je Yo RN EN [o - -Ne)
SUNOUNOUNOWDNO

0.95
0.93

# 091

%“ 0.89

0.00001
0.87 0.0001
0.001

0.85 0.01

7

0.1

(b) ZH0A M 2 % L) e R R R 73 FCR 52

Figure 5. The classification effect of this method on different fabric
images when the parameters 4 and A, change
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