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ABSTRACT

Silicon wafer is one of main materials in solar cell. Micro-cracks in silicon wafer are one of reasons to decrease

efficiency of energy transformation. They couldn’t be observed by human eye. Also, their shape is not only various

but also complicated. Accordingly, their shape classification is absolutely needed for manufacturing process quality

and its feedback. The performance of typical classification techniques which is principal component analysis(PCA),

neural network, fusion model to integrate PCA with neural network, and support vector machine(SVM), are evaluated

using pattern features of micro-cracks. As a result, it has been confirmed that the SVM gives good results in micro-

crack classification.
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Fig. 1. The shape of micro-cracks machined.
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Table 1. Classification rate and average eigenvalue

according to PCA
Shape Classification Average
P rate(%) Eigenvalue

Pattern 1 19.4 3.4x10*
Pattern 2 2.8 2.0x10°
Pattern 3 5.6 6.4x10°
Pattern 4 66.7 2.5%x10°
Pattern 5 100 6.3x10°
Average 389
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Fig. 2. A Classification design by neural network
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Table 2. Target values for neural network

. Target value
Shape Size(W-L) -
Shape | Width | Length
75-1000pm 0.1 0.1 0.1
75-1250 0.1 0.1 0.4
Pattern 1 Hm
75-1500pm 0.1 0.1 0.7
75-1750pm 0.1 0.1 1.0
100-1000pm 1.0 1.0 0.1
100-1250pm 1.0 1.0 0.4
Pattern 5
100-1500pm 1.0 1.0 0.7
100-1750pm 1.0 1.0 1.0
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Table 3. Output values obtained by neural network learning

. Output
Shape Size(W-L) -

Shape | Width | Length
Pattern 1 75-1500 um | 0.0784 | 0.5079 | 0.6969
Pattern2 | 75-1750 um | 0.2926 | 0.0903 | 0.7749
Pattern 3 | 125-1500 um | 0.4500 | 0.0850 | 0.7134
Pattern4 | 100-1500 um | 0.6774 | 0.4382 | 0.5817
Pattern 5 | 100-1750 pm | 0.9000 | 0.8419 | 0.5500

Table 4. The Classification rates of between target and output

Classification rate(%o)

Shape Size(W-L) -

Shape | Width | Length
Pattern 1 75-1500 um 78.4 59.2 89.9
Pattern2 | 75-1750 um 90.0 90.4 99.0
Pattern 3 | 125-1500 um 90.0 85.0 92.1
Pattern4 | 100-1500 pm 93.4 438 75.1
Pattern 5 | 100-1750 pm 90.0 84.2 71.0

88.4 72.5 85.6

Average
822
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Table 5. Output values obtained by to neural network and

PCA fusion model learning
. Output
Shape Size(W-L) -

Shape | Width | Length
Pattern 1 | 75-1500 um | 0.0994 | 0.0958 | 0.6861
Pattern2 | 75-1750 um | 0.2950 | 0.0945 | 0.5500
Pattern 3 | 125-1500 pm | 0.4646 | 0.0910 | 0.7697
Pattern4 | 100-1500 um | 0.6749 | 0.9307 | 0.5504
Pattern 5 | 100-1750 pm | 0.6625 | 0.9793 | 0.7197

Table 6. The Classification rates between target and output

. Classification rate(%)
Shape Size(W-L) -

Shape | Width | Length
Pattern 1 | 75-1500 pm 99.4 95.9 88.5
Pattern 2 | 75-1750 pm 90.8 94.5 71.0
Pattern3 | 125-1500 pm | 92.9 91.0 99.3
Pattern4 | 100-1500 um | 93.1 93.1 71.0
Pattern 5 | 100-1750 pm | 66.3 97.9 92.9

88.5 94.5 84.5

Average
89.2
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Table 7. Classification rates by SVM
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— —— 5
Classification case Classification rate(%o) PCA Neural  Fusion <YM
Test 1 80 network  model
Test 2 100 - - —
Test3 100 Fig. 4. Performance evaluation for classification results.
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