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This paper describes the automatic visual rioy, of siu b‘\'-.} °V!':" L/SO*‘;’.‘; :}ﬁ“"‘o Lg:}
inspection system of fabric defects based on. "1’“ 256 Kbytes 2] 7‘1‘5 {:]o‘ C H“' !75“3"?4‘]
pattern recognition techniques. To  extract tex Hulsied display¥rl. YEHe

Cure ; i iof g2 gAagolel g ol gshel HF Py
features for detection of fabric defects, four . K: AN AN - #roh
different techniques such as  SGLDM, [cle. %‘3 g 7‘13!"1 ‘524 ,{'"‘;’5 :881‘3915.&”'3?“
decorrelation method, and Laws' texture measure 3 Q'J.Ju 18 A% ]l*i o )""'ag
were investigated. From results of computer texture[l]o] 2 & texture ana yse: ‘50.‘ *
simulation, it has been found that GCM and  glet. -2'?_‘2! t;.-:xture-.\';’-qr{ﬁl\_ ot J.:i"ai
decorrelation techniques provide good features, ‘°d:,'-£]°} #ed - tEE :l‘;‘% q;%??;‘y eve’
By employing a simple statistical pattern co~oceurrence matrix§, 44 s » Lows

recognition  technique, the  accuracy of
classification of defect and nondefect was more
than 90%. Some experimental results arx &lso
presented,
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tion system
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Fig.2. Samples of fabric defects

2.1 Spatlal gray level dependence nethod(SGLDH)
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2.3 Texture analysis using
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: 2.4 Decorrelation method

9l & texture®] feature

332 stochastic texture

4o geye =

42 EFE®LE ot}

w(j, k) [spatial | F(§, k)
indenpenden cperator Stochastic
identically 10{e} texture
distributed array array

113, stochastic texture 4] Q-
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