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In this paper, the classification rate of micro-cracks in silicon wafers was improved using a SVM.
In case |, we investigated how feature data of micro-cracks and SVM parameters affect a classifi-
cation rate. As a result, weighting vector and bias did not affect the classification rate, which was
improved in case of high cost and sigmoid kernel function. Case Il was performed using a more
high quality image than that in case I. It was identified that learning data and input data had a
large effect on the classification rate. Finally, images from cases | and Il and another illumination
system were used in case lll. In spite of different condition images, good classification rates was
achieved. Critical points for micro-crack classification improvement are SVM parameters, kernel
function, clustered feature data, and experimental conditions. In the future, excellent results could
be obtained through SVM parameter tuning and clustered feature data.
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Fig. 1 Description of kernel function

Table 1 Type of kernel function

Function Formula
Polynomial K(x,x,)=(x"x,+r), 7>0
RBF K(x,,xj):exp(—}/ by xsz), y>0
Sigmoid K(x,,x;) = tanh(yx,x; +7)
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Fig. 3 Near-Infrared images of micro-crack
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Fig. 5 Case I experiment

Table 2 Classification rates for cost parameters

Kernel function C Classification rate (%)
10! 27.27
10° 29.55
10° 43.18
10* 31.82
Polynomial 10° 31.82
10° 56.82
107 34.09
10® 34.09
10° 34.09

Table 3 Classification rates for cost parameters

Kernel function C Classification rate (%)
10! 36.36
10° 36.36
10° 36.36
10* 40.91
RBF 10° 56.82
10° 68.18
107 86.36
108 79.55
10° 79.55

Table 4 Classification rates for cost parameters

Kernel function C Classification rate (%)
10! 50.00
10% 50.00
10° 50.00
10* 52.27
Sigmoid 10° 68.18
10° 81.82
107 93.18
10® 95.45
10° 97.73
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Table 5 Condition of classification test

Table 7 Classification rates for RBF kernel

learning | Input

. . Feature data
image | image

Area, Perimeter,
Convex perimeter,
Elongation,

Sum of pixel,
Sum of moment,
Eigenvalue

Area, Perimeter,
Convex perimeter,
Elongation,

Sum of pixel,
Sum of moment,
Eigenvalue,

Eigenvalue

Eigenvalue, SURF,
Corner point

Condition 1 616 44

Condition 2 44 616

Condition 3 44 616

Condition4 616 44

Table 6 Classification rates for polynomial kernel

C |Condition 1|Condition 2|Condition 3|Condition 4
10! 27.27 56.66 67.69 27.27
10*|  29.55 56.66 67.69 29.55
10° 43.18 56.66 67.69 43.18
10* 31.82 56.66 71.43 31.82
10° 31.82 60.39 78.57 31.82
10° 56.82 71.43 92.05 31.82
107 34.09 85.55 89.94 36.36
10% 34.09 65.75 75.32 34.09
10° 34.09 64.94 74.51 34.09
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C |Condition 1 |Condition 2 | Condition 3 |Condition 4
10 36.36 58.44 66.40 56.82
10 36.36 58.44 66.40 56.82
10° 36.36 58.44 66.40 56.82
10* 40.91 58.44 67.69 61.36
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Table 8 Classification rates for sigmoid kernel

C |Condition 1|Condition 2 |Condition 3 |Condition 4
10" 50.00 50.32 45.78 50.00
10>  50.00 52.44 45.78 52.27
10°|  50.00 52.44 45.78 65.90
10*| 5227 52.44 45.78 79.55
10°| 6591 52.44 51.14 93.18
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Table 9 Classification rate by experiment of case 11

Kernel Learning | Input | Classification
. C . .

function image image rate (%)

Sigmoid | 10° 50 350 95.43

Table 10 Classification rates by experiment of case I1I

Kernel Learning | Input | Classification
. C . .

function image image rate (%)

Sigmoid | 10° 812 512 61.7

Sigmoid | 10° 922 402 83.8
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