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A Study on Classification of Micro-Cracks in Silicon Wafer Through the Fusion of
Principal Component Analysis and Neural Network
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Solar cell is typical representative of renewable green energy. Silicon wafer contributes about 66
percent to its cost structure. In its manufacturing, micro-cracks are often occurred due to
manufacturing process such as wire sawing, grinding and cleaning. Their detection and
classification are important to process feedback information. In this paper, a classification method
of micro-cracks is proposed, based on the fusion of principal component analysis(PCA) and
neural network. The proposed method shows that it gives higher results than single application of
two methods, in terms of shape and size classification of micro-cracks.
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Fig. 1 Shape of micro cracks machined

[ Input images ]

[ Learning ]
images
] |
v

XY, * ” Euclidean
Principal component Eigen values e
analysis Eigenvectors 2
il calculation

Fig. 2 Flow chart of PCA algorithm

T Ak webA gsedidel WiE ForHE, aid
HEfel dH el g MEAT xwe HOG)=
ojgste] L JteA y= FEUSE AdE ¥
W] g & & At
1 M
m=— X 1
M M
1 M .
C=—> (x,~m)(x, —m) 2
Mn:l
y = W[; (xlesl - m)7 Wp = ['J'I’H'Z .”ut] (3)

22 FE==40 2t njo|3 2 3 &/
FATEA gk A Z do]F wlolazE A
TAg kA Ao B H A S
A8l Fig. 101 YeERd A3 ol F(W ; width) 75,
125, 175/me} A o|(L ; length) 1000, 1250, 1500, 1750
me] 127}A] 2715 7FX A A (straight),  Z}F(cross),
H(star) Felok Z 100m}F Z el 1000, 1250, 1500,
1750ume] 47}A] A71E 7} Al (stair), AF(sharp)
FEHE ZF 4409 AHANAHE TFEElvh T
AYZ ol vwlolaz AWS HEEY] Y&
A 2AH FEAR TheE AlEe 239

4
G A5 A 2HIH GAe vlo|

1



=P YIS A M 32F 53 pp.463-470

May 2015 / 465

Table 1 Eigen values of learning images

Table 3 Classification rate of micro cracks using PCA

No Eigen value No Eigen value
01 34652.76 02 62517.54
03 65060.54 04 70984.67
05 82484.93 06 92409.86
43 11687882 44 1.68E+09

Table 2 Eigen vectors of learning images

No
Eigen 1 2 44
vector
1 0.018565 | -0.00225 0.012606
2 0.018639 | -0.00244 0.023159
3 0.018765 | -0.00281 0.011571
4 0.018842 | -0.00167 0.011177
3500 0.014662 | -0.00544 -0.03302
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Fig. 3 Reconstructed images for near-infrared input
images
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Table 4 Feature values according to shape and size of

micro cracks

Shape Size(W-L) A P s CP

75-1000im | 43 | 47.41 2

, 75-1250:m | 54 | 58 2
Straight

B 5 1500 | 64 | 69.41 2

75-7500m | 68 | 80.83 2

100-1000;m | 205 |114.63| - | 24

Ghapy | 100-1250im| 250 [190.63 - | 24

P 1700-15000m | 295 [232.63] - | 24

100-1750;m | 370 274.28| - | 24

l l l Target value
Output value
Output
Layer y
! X . X

Hidden
Layer

Input value

Fig. 4 Neural network configured to classification of
the cracks
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Table 5 Target values for neural network

Table 7 The error rates of between target and output

Target val Classification Test No. 01
Shape | Size(W-L) arge. value assification Test No .
Shape | Width | Length Shape | Size(W-L) Error (%)
75-1000pm | 0.1 0.1 0.1 Shape | Width | Length
7SSm0 o1 04 Straight | 75-1500m | 1.90 487 | 31.99
Straight 1= s 00m | 0.1 0l 0.7 Cross | 125-1750im|  2.65 253 | 9.63
75-75004m 0.1 0.1 1.0 Star | 75-1250/m 3.96 2.66 10.3
: : : Stair | 100-1000zm | 0.74 6.65 | 37.8
100-1000.m 1.0 1.0 0.1 Sharp | 100-12501m 1.81 0.73 35.36
- 1. 1. 4 2.21 16.81 25.01
Sharp 100-12504m 0 0 0 Average Tae8
100-15004m 1.0 1.0 0.7 .
100-1750m 1.0 1.0 1.0 Classification Test NEo. 02(0/)
. rror (%
. Shape | Size(W-L) g1 ve | Width | Length
Table 6 Output values obtained by to neural network Straight | 175-1250ym 570 227 31.18
learning Cross | 125-1500/m| 2.00 | 1445 | 46l
Classification Test No. 01 Star | 75-1750/m | 0.55 537 | 8.02
. Output -
- St 100-1250 0.31 0.22 32.9
hope | eV [ Shape [ Width [ Length Shzlr 100 1750uHl 122 | 048 | 1821
Straight | 75-1500m | 0.0981 | 0.1487 | 0.9239 P oy : '
1.96 14.22 18.98
Cross | 125-1750m | 0.3164 0.2988 | 0.9037 Average 172
Star | 75-1250zm | 0.5282 | 0.6814 | 0.3588 Classification Test No. 03
Stair | 100-1000/m | 0.7693 0.9335 | 0.1378 o
Shape | Size(W-L) Error (%)
Sharp | 100-1250xm | 0.9819 0.9927 | 0.9475 Shape Width | Length
Classification Test No. 02 Straight | 125-1250/m 6.8 2.15 21.85
. Output Cross | 75-1000im | 2.55 6.30 19.3
Shape | Size(W-L) - : : :
Shape | Width | Length Star | 75-1500m | 0.76 1.1 | 16.84
Straight | 175-1250/m | 0.0943 0.7159 | 0.2753 Stair | 100-1500;m 1.97 0.09 4127
Cross | 125-1500/m | 0.3185 0.4578 | 0.7323 Sharp | 100-1250m 0.90 0.60 118
Stair | 100-1250um | 0.7726 | 0.9978 | 0.2684 Average 9.62
Sharp | 100-1750um | 0.9878 0.9952 | 0.8179
Classification Test No. 03 _ _
sh Size(W-L Output 2 gF3sitt. 1 A g5S B FAHE =Y
ape ize(W-L) Shape Width | Length %= Table 60 YEpI™, 9% Ao L3 X|7He)
Straight | 125-1250pm | 0.1068 | 0.3914 | 0.4874 S AFES Table 7904 VERATH 3¥e] EHAH =
Cross | 75-1000m | 0.3167 | 0.0937 | 0.1193 = 15%0] 9] @ AF&-S UERHA T, Table 791 34
Star | 75-1500um | 0.5458 | 0.0889 | 0.8179 5 A} o] 7k nlolam Z o] Zul Zo|d
Stair | 100-1500zm | 0.7597 | 0.9991 | 0.9889 05k 0 27F 30~50%2 LElWITh welA mlo] g2
Sharp | 100-1250/m| 0.991 | 0.994 | 0.3528 ﬂaq 94 ] o 3 % o2 Zo ]7] 13 pca

& 75-1250pm, ATHE 100-1000pm, AF3E 100-1250um

olH, A3 2& HAAY
1500/m, B3 75-17504m,

175-1250/m, A A+ 125-
AGd 100-1250um, 4F3

100-1750/m wFA2Fo 2 A3 32 A4dF 125-1250
mm, AAFE 75-10000m, HE
100-1500im, & 100-1250pme F4 3o, 4
A 3970e] wmpolaR AHS

AEZE= 0

75-1500/m,

A

001 o]
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Table 8 The output value obtained through to fusion
PCA and neural network by learning

Table 9 The error rates of between target and output
Classification Test No. 01

3 AAs 2 o vrolar Ad E e vl
ojf= Aol F3h Holo kel 30%7F W
2 AES wole A9 il WA
=7 EAHE metslr] e FAEEA
ok AAFETE Soete] A2 doly viel
Az A9& ERsslth 2 e 71E 8
o] ARz zLe] 9T mEd FARENE T
& ¥ojx Table 19 AF3S F7etdth. 1 o
e FATEAS o8 vlojaz a9 R4
go] A%Z e Table 3914 A, A, 4
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FAREN AAI2HS Fe vlolaz
A8 BEFAE2 e =25 U1 d8E, 157

Classification Test No. 01 . Error (%
. Output Shape | Size(W-L) Shape WidEh : Length
Shape | Size(W-L) Shape | Width | Length Straight | 75-1500m |  0.50 26.8 15.66
Straight | 75-1500um | 0.1005 | 0.1268 | 0.8096 Cross | 125-1750um | 0.43 14.45 1.63
Cross | 125-1750im | 0.3264 | 0.4578 | 0.9837 Star | 75-1250/m | 0.67 2.04 11.63
Star | 75-1250im | 0.5537 | 0.7143 | 0.4465 Stair | 100-1000zm | 6.09 4.96 15.8
Stair | 100-1000zm | 0.7278 | 0.9504 | 0.1158 Sharp | 100-1250m | 18.41 0.42 5.99
Sharp | 100-1250zm | 0.8159 | 0.9958 | 0.7419 Average 5.22 9.73 10.14
Classification Test No. 02 8.37
. Output Classification Test No. 02
Shape | Size(W-L) Shape Wi(l;th Length Sha . Error (%)
pe | Size(W-L) -
Straight | 175-1250zm | 0.1022 | 0.7061 | 0.3215 Shape | Width | Length
Cross | 125-1500zm | 0.3213 | 0.4572 | 0.7224 Straight | 175-1250m | 2.20 0.87 19.63
Star | 75-1750m | 0.538 | 0.0892 | 0.9269 Cross | 125-1500zm | 1.14 14.3 3.20
Stair | 100-1250;m | 0.7671 | 0.9929 | 0.3357 Star | 75-1750/m | 2.18 10.8 7.31
Sharp | 100-1750m | 0.9839 | 0.9991 | 0.8975 Stair | 100-1250zm | 1.02 0.71 16.08
Classification Test No. 03 Sharp | 100-1750im | 1.61 0.09 10.25
. Output 1.63 5.35 11.29
Shape | Size(W-L) g e Wi(lioth Length Average 6.09
Straight | 125-1250pm | 0.0997 | 0.3812 | 0.4487 Classification Test No. 03
Cross | 75-1000zm | 0.3333 | 0.0864 | 0.1133 Shape | Size(W-L) Error (%)
Star | 75-1500um | 0.5571 | 0.0741 | 0.761 Shape | Width | Length
Stair | 100-1500m| 0.7944 | 0.9982 | 0.8671 Straight | 125-1250/m | 0.30 470 | 12.18
Sharp | 100-1250/m | 0.9876 | 0.9933 | 0.4315 Cross | 75-1000um | 2.55 13.6 133

Star | 75-1500.m 1.29 25.9 8.71

Stair | 100-1500um | 2.50 0.18 23.87

Sharp | 100-1250pm| 1.24 0.67 7.88

1.58 9.01 13.19
7.92

Average

43T a8 39 =
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Fig. 5 The error comparison of neural network and the
fusion of PCA and neural network
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