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A Fault Diagnosis Methodology for Module Process of
TFT-LCD Manufacture Using Support Vector Machines
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ABSTRACT

Fast incipient fault diagnosis is becoming one of the key requirements for economical and optimal process operation
management in high-tech industries. Artificial neural networks have been used to detect faults for a number of years and
shown to be highly successful in this application area. This paper presents a novel test technique for fault detection and
classification for module process of TFT-LCD manufacture using support vector machines (SVMs). In order to evaluate
SVMs, this paper examines the performance of the proposed method by comparing it with that of multilayer perception,
one of the artificial neural network techniques, based on real benchmarking data.
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Fig. 1. Feature mapping and two-class separation.
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Table 1. Attributes and class classification of the experimental
data set

. Classification (integer between 1 and 6)
. Component number (integer)

. Visual sensing 1 (integer)

. Visual sensing 2 (integer)

. Electric sensing 1 (real)

. Electric sensing 2 (real)

. Color sensing (integer)

. Driver sensing (real)
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. Problems in visualization
.Unstable response time
.Faulty driver IC
.Problems in electric signal
.Color unbalance
.Normal operating conditions
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Fig. 3. Multilayer perceptron (MLP) for fault diagnosis.

WA Y 2~E Y 0] 7]483] %] A 9d A4Z, 2010

activation function; &7)= 1/(I+exp(-0)= A& 3T},
AN = 7t EERe] Folth 283 EE952
Table 1914 A o]E FN2(1~6) 7 T S 2

4.3. SVM 74

2 =79 SVME Agah=t ojd T8% 84
T st 743 Adgste Aot a2y ofw
71dg AdEfstolof ni A 3vhe 0130 Alx 349
5ol wet vEn mebd 2 AN e vt 2
S ALAFES AF B AE SxEF A8
Bo2A A A AYehe=s it

Linear: K(x,-,xj):x,-ij
Polynomial: K(x;,x;)= (;oc}};i+r)d , >0
Radial basis function (RBF):

K(x;,x;) =exp(—yfx—x; ||2) , 7>0
Sigmoid: K(x;,x;)=tanh(jx;x;+r).

A7IA, 1, de e BFER AxeAe] 44
Atell F st S| wle} g 4= ot 2 AP
Geisser S.[11]7} #| % A<t W27 5 (cross validation)
S ol &S AAE S Bl 7 A EFEES Table

29} 7o) A slsint.

Table 2. Parameter set for SVMs with different four kernels

Kernel for SVMs ¥ r d
Linear - - -
Polynomial 0.100 0 3
RBF 0.075 - -
Sigmoid 0.100 0 -
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Table 3. Performance comparison between SVMs with
different 4 kernels and MLP

' Type of | # of bof Training| Test
Classifier| Kernel | classes | inputs success | success
p rate (%)|rate (%)

MLP - 6 220 99.6 97.7

Linear 6 220 98.6 96.0

Polynomial| 6 220 99.5 97.5

SVMs
RBF 6 220 99.9 98.8
Sigmoid 6 220 99.4 98.0
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