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Abstract - In order to improve the performance of the visual inspection process, in addition to existing auto-

matic visual inspection machine and human inspectors have developed a new process configuration using a
Naive Bayes classifier. By applying the classifier, defect leakage and human inspector’s work amount could be
improved at the same time. New classification method called AMPB was applied instead of conventional
methods based on MAP classification. By experimental results using the filter product for camera modules, it
was confirmed that it is possible to configure the process at the level of leakage ratio 1.14% and human in-
spector’s work amount ratio 75.5%. It is significant that the result can be applied in such a wide range as gas
leak detection which is the collaboration process between inspection machine and human inspector’s
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HESIA| 332401 9] A= AEAA ] A A
2} AMPB Uo]B Hjo|z BFr]o B4 Axr} A

10, of detected X (feature variable for training) c
point T T, T, T, T T T, T o (human inspector)
1 0.0 0.0 1.0 1.0 17.0 20.2 3.0 11.0 57.5 Good
2 0.0 0.0 1.0 1.0 17.0 20.2 3.0 11.0 59.6 Good
7 0.0 0.0 1.0 1.0 13.4 10.4 3.0 10.0 55.0 Bad
15542 0.0 48.0 1.0 4.0 17.7 62.2 3.0 9.0 75.5 Good
KIGAS Vol. 19, No. 2, April, 2015 - 50 -



ol B Hlol= 775 283 @A e AT
Table 2. Mean and Variance of Training Data
C X (feature variable)
(classifications by human inspector) x x, T T, Ty o x, Tg T
mean, [ 0.0 34.0 12.0 2.6 170.8 38.3 2.7 9.0 250.6
Good
variance, o? 0.0 394.2 20.1 1.5 4.0e3 319.4 0.2 11.2 1.3e6
mean, [ 0.0 29.4 11.3 22 159.0 309 2.5 7.8 654.4
Bad
variance, o? 0.0 173.5 20.8 0.7 4.1e3 153.6 0.3 8.6 4.0e6
Table 3. Sample Feature Variable
X (g Lo T3 Ty Ty Lg L7 Ty Ty
(feature variable for festing) 0.0 480 10 40 195 655 30 11.0 35.1
p(z,1C)) 100 1.57 0.44 1700 | 36le2 | 070 71.23 997 | 3.44e2
probability (%)
p(x,|Cy) 100 L12 0.68 471 | 58le2 | 654c-2 | 48.02 750 | 1.90e-2
Table 4. Comparison of Classification Results between Naive Bayes Classifier and Human Inspector
1no. of X (feature variable for performance comparison) C C (Naive Bayes)
detected ( human MAP AMPB
point xy Ty Z3 Zy Z; T Z7 Tg Ty inspector) e=50% | €=0.01%
1 0.0 48.0 1.0 4.0 19.5 65.5 3.0 11.0 35.1 Good Good Good
2 0.0 48.0 1.0 4.0 19.5 65.5 3.0 11.0 60.5 Good Good Good
274 0.0 0.0 1.0 1.0 11.4 16.4 3.0 10.0 55.0 Bad Good Bad
3324 0.0 63.0 16.0 4.0 230.6 63.6 2.0 6.0 324.5 Good Good Bad
BH=

E OgEt o] A AAEE 4 AEHXE E
F Ao g A= AR fig 29]oA & F
A& vke} Zo] g AESAXE AbFAR 0] A Ak
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Z B7719 A B4 HEiA &9 £59Y
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Table 5. Confusion Matrix of MAP Naive Bayes
Classifier (Unit: ea)

o

MAP Naive Bayes
€ =50%
Good Bad
Human Good (a) 3023 (b) 98
Inspector Bad () 148 @ 55

Table 6. Confusion Matrix of AMPB Naive Bayes
Classifier (Unit: ea)

AMPB Naive Bayes
e=0.01%
Good Bad
Human Good (a) 910 (b) 2211
Inspector Bad © 11 @ 192

Table 7. Performance of Naive Bayes Classifier

MAP Naive Bayes AMPB Naive Bayes
e=50% €=0.01%
LR 4.7% 1.2%
HR 4.6% 72.3%

Table 7> ©]33 22 Wil ot 4= v}
H o]z B/7]9 A5 Y Al
F715 AL3sE 4% HR & AP AR 2 &%
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AMPB B357]9] 74 HR & 723% ’x lUr LR
1.2% &2 2 MAP W ol B3l &
e A Zole AT F 21@.
A F7HA e EA S ZRE] Yo]H wlo]x £F/7]
9] AT 210)0014 e gkl A &S & T
At whetA Table 79 A5 ¢ kel Wslol ujet
Hegs] 24T da7) ok fig. 4+ 1 AAE 19
2 TAE Zlojth o|2RE Yo|H Ho|= BRF
719 A% B3] nH 1 A= olfet 2k

A {or{rﬂ&

- YolB Hlolz £771E A&l UM &
A 71E & A(10)9] € & ST m}
& EFY 72 52 U A¥F 0w S
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Fig. 4. Performance of Naive Bayes Classifier
in accordance with value of e.
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