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Solar Cell Classification using Gaussian Mixture Models
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ABSTRACT

In recent years, worldwide production of solar wafers increased rapidly. Therefore, the solar wafer technology in the
developed countries already has become an industry, and related industries such as solar wafer manufacturing equipment
have developed rapidly. In this paper we propose the color classification method of the polycrystalline solar wafer that
needed in manufacturing equipment. The solar wafer produced in the manufacturing process does not have a uniform
color. Therefore, the solar wafer panels made with insensitive color uniformity will fall off the aesthetics. Gaussian mixture
models (GMM) are among the most statistically mature methods for clustering and we use the Gaussian mixture models
for the classification of the polycrystalline solar wafers. In addition, we compare the performance of the color feature
vector from various color space for color classification. Experimental results show that the feature vector from YCbCr
color space has the most efficient performance and the correct classification rate is 97.4%.
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Fig. 1. Color difference of polycrystalline solar wafers.
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Fig. 2. Feature extraction based on color histogram.

= Fie 34 el

Flg. 3«] MEE 7Y EFE o] B 2

(3} 7ol Lhehd 5= 9

P1=3pb,(x) M
i1



Xp{—%(x—ui)'Z:(x—ui)}
@

3 2iEF

P (3)4 7ol 7k

W), TR 9

_ 1
(271)0/2’2111/26

A7NM we A G5 HaHEe
2k g go|n). 24l Hletu|E
AlE EFAE U] kR, Hd
2 A"

A= {pokp Y b LM, ©)

GMMS] =& HTiss/] A% stebvle 48 &
Fab7] f15tel Ak F4o] Mgk ARSES
913 sheolels EM SuelES MEHoE Al
T 5 AL THee) AFHH S GMME ©)§3
ol Ae) wHle] FAEE BxF7} AT,

Mixture weight:

— 1<,
Pf:};p(l | x,, A) “

Mean vector:

ol X, 1)x,

A ®
(i %)
=1

Variance vector:

Zp(l | an)xt
zp(z x,4)

—Ev—w‘-er% Bayes’ ruled] w2} C7lje] Ae] RdE
1558 P(L | X),1<c<C & HUi3} k= 2R
¢s e 740]‘3} o714 clel 2y SHEe
GMM =9 A,,.. A, & ZH7F Uepdt) o) ZHef &
Al=dle vt 2 7L° A= ZdT o Sdvk

—h (6)

_V}i

gl
=
=l

:(m

¢=arg max log p(x|A,) ™

GMM of
ﬁ wafer color 1
Feature / GMM of Decision
—» — —»class
\ ‘ wafer color 2 Logic

extraction '\

\ 2 /
\< GMM of
wafer color C

Fig. 4. Color classifier based on Gaussian mixture models.
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Table 1. Experimental data sets in Lab color model.

# of total | # of training | # of test
Classes . . .
images images images
Class 1 506 138 324
Class 2 228 59 140
Class 3 202 82 193
Total 936 279 657

Table 2. Experimental data sets in YCbCr color model.

Classes #.of total | # qf training # of test
images images images
Class 1 506 146 342
Class 2 228 63 147
Class 3 202 71 167
Total 936 280 656
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Table 3. Comparison of classification rate on the type of
feature vectors: Experimental data set 1 (result of
VQ using Lab color model), # of mixture is 4.

Correct
Type of feature vectors | classification |Error rate (%)
rate (%)
RGB color feature 93.9117 6.0883
HSV color feature 55.5556 44.4444
YCbCr color feature 92.3896 7.6104
Lab color feature 95.1294 4.8706

Table 4. Comparison of classification rate on the type of
feature vectors: Experimental data set 2 (result of
VQ using YCbCr color model), # of mixture is 4.

Correct
Type of feature vectors| classification | Error rate (%)
rate (%)
RGB color feature 92.3780 7.6220
HSV color feature 54.7256 452744
YCbCr color feature 96.7988 3.2012
Lab color feature 88.8720 11.1280
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Fig. 5. Comparison of classification rate on the number of
mixture components.
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Table 5. Comparison of classification rate on the number of mixture components (%).
# of mixtures 1 2 4 6 8 10
Correct Lab color model 89.3455 92.0852 95.1294 95.4338 94.9772 94.0639
classification
rate (%) YCbCr color model | 91.9207 96.0366 96.7988 97.4085 96.0366 94.0549
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