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Abstract— Solar power has become an attractive alternative
of electricity energy. Solar cells that form the basis of a
solar power system are mainly based on multicrystalline
silicon. A set of solar cells are assembled and interconnected
into a large solar module to offer a large amount of
electricity power for commercial applications. Many defects
in a solar module cannot be visually observed with the
conventional CCD imaging system. This project aims at
defect inspection of solar modules in electroluminescence
(EL) images. The solar module charged with electrical
current will emit infrared light whose intensity will be
darker for intrinsic crystal grain boundaries and extrinsic
defects including micro-cracks. The EL image can distinctly
highlight the invisible defects but also create a random
inhomogeneous background, which makes the inspection
task extremely difficult. The proposed method is based on
independent component analysis (ICA), and involves a
learning and a detection stage. The large solar module image
is first divided into small solar cell sub images. In the
training stage, a set of defect-free solar cell sub images are
used to find a set of independent basis images using ICA. In
the inspectionstage, each solar cell sub image under
inspection is reconstructed as a linear combination of the
learned basis images. The coefficients of the linear
combination are used as the feature vector for classification.
Also, the reconstruction error between the test image and its
reconstructed image from the ICA basis images is also
evaluated for detecting the presence of defects.
Experimental results have shown that the image
reconstruction with basis images distinctly outperforms the
ICA feature extraction approach. It can achieve a mean
recognition rate of 93.4% for a set of 80 test samples.
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I. INTRODUCTION

SOLAR power has become an attractive alternative of
electricity energy due to growing environmental concerns
and global oil shortage. Solar cells that convert the photons
from the sun to electricity are mostly based on crystalline
silicon in the current market because it can generate good
performance in usable lifespan and conversion efficiency
among the currently available techniques. Multicrystalline
solar cells are more popular than monocrystalline solar cells.
They dominate the production volume in the photovoltaic
industry due to lower manufacturing costs.

The surface of a multicrystalline solar wafer shows
multiple crystal grains of random shapes and sizes in
random positions. and orientations. It results in a
heterogeneous texture in the surface. No two solar wafer
surfaces contain completely identical patterns. A solar wafer
is a thin slice of a silicon ingot.

It is further processed and fabricated into a solar
cell that forms the basic unit of a solar power system. A set

of solar cells are assembled and interconnected into a solar

module to offer a large amount of electricity power for a

variety of commercial applications. Fig. 1(a) shows the

image of a defect-free multicrystalline solar wafer. It

contains random crystal grains on the surface.
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Fig. 1(b) is a solar cell image taken by a typical
charge-coupled device (CCD) camera, where the vertical
thin metal strips are finger electrodes that supply current to
the two horizontal thick bus bars. The bus bars are used for
interconnecting solar cells to make a solar module. Fig. 1(c)
demonstrates a CCD-captured solar module image. It is
composed of a matrix of 36 solar cells.

Image processing techniques have become an
important tool for biometric recognition [1], [2], robotic
automation [3], [4] and industrial inspection [5]-[7]. The
quality inspection of a solar module in manufacturing is
very important to ensure the expected conversion efficiency
and durable lifespan. A few automatic defect detection
algorithms in the literature have been focused on the
detection of defects in solar wafers and solar cells.

The inspection in the early manufacturing stages
can prevent delivering defective materials to the subsequent
process. However, some of critical defects including micro-
cracks, breaks and finger interruptions may inevitably occur
in solar modules during the transportation, handling and
assembly. Fuyuki and Kitiyanan [8] have also pointed out
that the point-pressure cracks due to the failure in the metal
wire soldering could occur in the solar module assembly
process. The defects of a solar module may reduce the
current or even consume the power stored in the battery
bank. They may also cause thermal effect that deteriorates
the materials and eventually shorten the lifespan of the solar
module. This paper proposes an efficient machine vision
scheme for automatic defect detection in multicrystalline
solar modules. It can detect subtle defects in solar modules
with inhomogeneous surfaces, and is computationally very
fast to implement. It requires no complicated feature design
and feature extraction process for distinguishing local
defects from a wide variety of crystal
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Fig. 1: CCD-captured images of (a) multicrystalline solar
wafer (b) solar cell (c) solar module composed of 36 solar
cells

Due to the random crystal grain surface of a solar
cell or interior defects that do not visually appear on the cell
surface, automatic defect detection in solar modules with the
typical CCD camera and lighting system cannot be
effectively realized. In order to highlight the deficiencies
that degrade the conversion efficiency of a solar module, the
electroluminescence (EL) imaging technique has been
proposed in recent years. In the EL imaging system, current
is sent through a solar module in a darkened room, and then
a cooled Si-CCD or In GA As camera is used to capture the
infrared light emitting from the excited solar module. Areas
of crystal silicon with higher conversion efficiency exhibit
brighter luminescence in the sensed image. Process
deficiencies such as micro-cracks will appear as dark
regions because they are inactive and hardly emit light. The
dislocation and grain boundary of silicon wafers also create
dark regions in the background of the EL image. Because
the crystal grain pattern is random and unique for each
individual multicrystalline solar wafer, the crystal grain
backgrounds of all solar cells in a solar module are also
randomly present in the EL image.

This causes automatic defect detection of solar
modules in EL images extremely difficult. Fig. 2(a) and (b)
demonstrates the EL images of a defect-free and a defective
solar-module, respectively. As seen in Figs. 1(c) and 2(b),
the solar module captured in the CCD image cannot detect
the inner micro-cracks and some subtle local defects, while
the EL image can well present various defects embedded in
the solar module. Fig. 3(a)—(c) further shows three enlarged
solar cell sub images in a solar module, which contain
respectively micro-crack, break and finger interruption. As
seen in Fig. 2(a), each solar cell in the solar module presents
a random background pattern. The defective solar cells in a
solar module can be visually present in the EL image, as
shown in Fig. 2(b).

it e

(@ (b)
Fig. 2: Demonstrative EL images of (a) defect-free solar
module, and (b) defective solar module

(a) ( (c)

b)
Fig. 3: Defect of solar cells displayed in the EL image
Because a typical solar module is composed of
multiple solar cells in series, the image size of a solar

module is generally very large. However, the local defects
of a small solar cell in the module image could be very
small. The large image size with a low resolution of defects
demands a very efficient and yet very effective automatic
visual inspection scheme for defect detection of
multicrystalline solar modules in EL images.

Because a typical solar module is composed of
multiple solar cells in series, the image size of a solar
module is generally very large. However, the local defects
of a small solar cell in the module image could be very
small. The large image size with a low resolution of defects
demands a very efficient and yet very effective automatic
visual inspection scheme for defect detection of
multicrystalline solar modules in EL images.

As aforementioned, most of the machine vision
algorithms for defect detection in the photovoltaic industry
are mainly focused on the process levels of solar wafers and
solar cells. Fu et al. presented a machine vision method to
detect cracks in solar cells by evaluating the geometric
features of the defect.

The method can only identify cracks occurred in
the cell edges with distinct gray levels from their
surroundings. Ordaz and Lush analyzed the conversion
efficiency of a solar cell based on the gray-level distribution
in the EL image. The gray-level histogram gives only the
information about the overall proportion of dark regions in
the EL image. It cannot be wused to detect the
presence/absence of local small defects in the EL image.
Pilla et al. used the thermo graphic technique to highlight
cracks in solar cells.

A self-reference scheme based on the Fourier
image reconstruction technique is proposed by for defect
detection of solar cells with EL images. The target defects
appear as line- or bar-shaped objects in the EL image. The
Fourier image reconstruction process is applied to remove
the possible defects by setting the frequency components
associated with the line- and bar-shaped defects to zero and
then back-transforming the spectral image into a spatial
image. The defect region can then be easily identified by
evaluating the gray-level differences between the original
image and its reconstructed image. The reference image is
generated from the inspection image itself and, thus, can
accommodate random  inhomogeneous  backgrounds.
Experimental results on a set of various solar cells have
shown that the proposed method performs effectively for
detecting small cracks, breaks, and finger interruptions. The
computation time of the proposed method is also fast,
making it suitable for practical implementation.

Said Amirul Anwar and Mohd Zaid Abdullah this
paper presents an automated visual inspection scheme for
multicrystalline solar wafers using the mean-shift technique.
Mean-shift technique that moves each data point to the
mode of the data based on a kernel density estimator is
applied for detecting subtle defects in a complicated
background. Since the grain edges enclosed in a small
spatial window in the solar wafer show more consistent edge
directions and a defect region presents a high variation of
edge directions, the entropy of gradient directions in a small
neighborhood window is initially calculated to convert the
gray-level image into an entropy image. The mean-shift
smoothing procedure is then performed on the entropy
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image to remove noise and defect-free grain edges. The
preserved edge points in the filtered image can then be
easily identified as defective ones by a simple adaptive
threshold. Experimental results have shown the proposed
method performs effectively for detecting fingerprint and
contamination defects in solar wafer surfaces. The
proposed method is based on the independent component
analysis (ICA) technique. ICA is a novel statistical signal
processing technique to extract independent sources given
only observed data that are mixtures of unknown sources
without any prior knowledge of the mixing mechanism. It
has been applied in texture analysis that uses either the
estimated independent components or the column vectors of
the estimated mixing matrix as features for texture
classification/segmentation. The ICA techniques have also
been applied for surface defect detection of textile fabrics
and liquid crystal display (LCD) panels in manufacturing,
and for grading tomato ripening in agriculture. All the ICA-
based defect detection methods are only applicable to non-
textured or homogeneously-textured surfaces. They cannot
be extended for defect detection in the EL images with
inhomogeneous background patterns.

The proposed ICA-based defect detection scheme
involves a learning process and an inspection process. Each
solar module image is first partitioned into individual solar
cell subimages. Each 2D solar cell subimage used for
training is reshaped as a 1D signal and forms a row vector in
the data matrix. The ICA technique is then used to find a set
of statistically independent basis images from the training
data matrix. In the inspection process, the solar module
image is also  first divided into individual solar cell
subimages. A test solar cell subimage is reconstructed as a
linear combination of the learned basis images. It is
expected that a defect-free solar cell subimage can be well
represented by the basis images and the reconstructed image
of a defective solar cell subimage will be distinctly deviated
from its original one.

In this study, we evaluate ICA-based approaches
for identifying the presence or absence of defects in a solar
cell

The first ICA approach uses the coefficients of the
linear combination of basis images as the feature vector. It is
then compared with that of each training sample in the data
set by a distance measure, and the minimum distance among
all training samples is used as the discrimination measure. If
the distance or reconstruction error is larger than a
predetermined threshold, it is identified as a defective solar
cell subimage. Otherwise, it is declared as a defect-free
subimage. The performance between these ICA-based
approaches will be evaluated by a set of EL images of solar
modules. The proposed method can fast detect the
presence/absence of defects in solar modules, but it cannot
identify the actual shape and location of a defect in the
image.

The paper is organized as follows: Section Il first
discusses the basic ICA model, followed by the process for
extracting independent basis images from a set of training
samples. The feature extraction from the ICA basis images
for detecting the presence/absence of defects in an
inspection image are then presented. Section |1l evaluates
the performance of the proposed ICA-based detection

methods. The comparative study between the proposed
method and the existing methods of adaptive thresholding
multithresholding and Otsu thresholding is also presented in
this section. The paper is concluded in Section IV.

Il. ICABASIS IMAGES FOR DEFECT DETECTION

The EL image of a multicrystalline solar module
investigated in this study present multiple solar cell
subimages, each containing randomly-shaped dark regions
in the background. The critical defects found in a solar
module are micro-cracks, breaks and finger interruptions.
They are present as dark line- or bar shaped regions, or
divide a region into a bright and a dark area in the EL
image, as seen in Fig. 3(a)—(c). There are no straightforward
features based on geometric shapes and intensities to
distinguish the difference between defect regions and the
dark regions in the background. The proposed method uses
ICA to find a set of representative basis images that can best
describe various defect-free solar cell subimages. Each solar
cell subimage partitioned from a large EL image of solar
module is then represented as a linear combination of the
basis images.

The ICA model is used to find a set of independent
basis images from randomly sampled defect-free solar cell
subimages. In the on-line detection stage, feature extraction
from the basis images are used to evaluate the
presence/absence of defects in the inspection image. In the
following subsections, anisotropic diffusion filtering is
preprocessing for image smoothing is first present. Then
another useful preprocessing centering and whitening is
done before applying basis ICA model and then ICA briefly
discussed, followed by the off-line learning of independent
basis images. The on-line detections with feature extraction
are finally described.

A. Anisotropic diffusion filtering

This subsection presents an implementation of anisotropic
diffusion filtering for image enhancement. As seen in Fig. 2,
each solar cell subimage presents a random dark-region
pattern in the background. Some of the dark regions are
similar to the defect regions. In order to smooth the dark-
region background and preserve the defect shapes in the EL
image, a specific anisotropic diffusion filtering process is
preformed first in the EL image.

In order to achieve this, the diffusion filter is
programmed to take into account not only the intensity of
the gradient but also the intensity of the gray level of each
pixel. The details are explained below. The anisotropic
diffusion filtering can be defined in terms of the diffused
image Id(x, y, t) at iteration t.Mathematically,
gy, 1) = Gy, t = 1) + - T, c(IVIZDVIL, t>0 (1)

where V is a gradient and ¢ is a diffusion
coefficient that is a non-negative function of the magnitude
of the gradient of four Laplacian neighbors, i = {1, 2,..., 4}.

Letting s = |VId|, then the diffusion coefficient in Equation 1
is given as

c(s)=exp [— (E)Z ] )

or
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0(5)2[1 + exp (i) ] 3)

These diffusion coefficients exhibit a low value at
high gradient purposely to preserve the corresponding
edges. On the other hand, these coefficients produce high
value at low gradient indicating a strong smoothing effect on
the pixels involved. Thus, the anisotropic diffusion filtering
will produce a smoothed image while the important edges
are preserved. Parameter K appearing in Equations 2 and 3
is an edge stopping threshold, and it needs to be correctly
specified in order to ensure a successful application of this
filtering strategy. If K is too small, then the diffusion
process will be terminated earlier, resulting in 1d(x, y, and t)
which is approximately equal to Id(x, y, 0). In contrast,
fixing K too large will significantly diffuse the image,
resulting in image blurring. Therefore, the choice of the
parameter K is important for producing a diffused image
that retains the important edges while smoothing the other
regions of the image.

Processing the micro-crack using the proposed
technique would result in blurred response in the diffused
image since this type of defect is characterized by low gray
scale and high gradient. Theoretically, subtracting this
image from the original undiffused background would
enhance the defect by removing some of the background
components.

B. Centering and whitening

The most basic and necessary preprocessing is to center X,
i.e. Subtract its mean vector m=E{x} so as to make x a zero-
mean variable. This implies that s is zero-mean as well.
After estimating the mixing matrix A with centered data, we
can complete the estimation by adding the mean vector of s
back to the centered estimates of s:
E{s} =A"TE{x} (4)
Another useful preprocessing strategy in ICA is to
whiten the observed variables. This means that after
centering, we transform the observed vector x linearly so
that we obtain a new vector ¥ which is white, i.e. its
components are uncorrelated and their variances equal unity.
SVD is based on a theorem from linear algebra which says
that a rectangular matrix A can be broken down into the
product of three matrices - an orthogonal matrix U, a
diagonal matrix S, and the transpose of an orthogonal matrix
V. The theorem is usually presented something like this
Amm = Ummsmnvr;rn (5)
Where,UTU=I,VTV=I, the columns of U are
orthonormal eigenvectors of ATA and S is diagonal matrix
containing the square roots of eigen values from U and V in
descending order.

C. ICA model

In the ICA model, the observed mixture signals X can be
expressed as
X=As (1)
where is an unknown mixing matrix; represents the
latent source signals, meaning that they cannot be directly
observed from the mixture signals. The ICA model
describes how the observed mixture signals are generated by
a process that uses the matrix to mix the latent source
signals. The source signals are assumed to be mutually

statistically independent. Based on this assumption, the ICA

solution is obtained by finding a demixing matrix. It is used

to linearly transform the observed mixture signals to yield
the estimated independent signals U with

U=WX )

The separated components in, called independent
components (ICs), are required to be as mutually
independent as possible. The matrix is an estimate of the
latent source signals.

There exist many algorithms performing ICA. Fast
ICA is one of the most widely used techniques to solve for
the ICA model due to its computational efficiency and
effectiveness for source separation. The objective of an ICA
model is to maximize the statistical independency of ICs.
Non-Gaussianity is a commonly used measure for statistical
independency. It can be given by the negentropy
](u) = H(ugauss) - H(u) (3)

UgaussiS @ Gaussian random vector of the same
covariance matrix as u.H(.) is the entropy of a random
vector .The negentropy is always non-negative and is zero if
and only if the random variable has a Gaussian distribution.
It is well justified as an estimator of the non-Gaussianity of
the ICs. Since the exact probability density of the random
variable is unknown, the exact negentropy computation
using (3) above is prohibited.An approximation of the
negentropy is proposed as follows:

J() = {E[G(w)] — E[GW)]}? (4)

where is a Gaussian variable of zero mean and unit
variance. is a non-quadratic function, which can be given
by, as suggested by Hyvarinen et al. The demixing matrix
with that maximizes the negentropy can be efficiently
calculated with the fixed-point search algorithm in

FastiCA.To do this, recall from that mutual information is

minimized (under the constraint of decorrelation) when the

sum of the negentropies of the components in maximized.

Maximize YL, Jo(Wy)wrt.W,,i=1,...n.

— Under constraint E{(Wy X)(W,"X)}=0; where at the
maximum, every vector W;, i=1,...n gives one of the
rows of the matrix W, and the ICA transformation is
then given by s=Wx.

The demixing matrix W with U=WX that
maximizes the negentropy can be efficiently calculated with
the fixed-point search algorithm in Fast ICA.

1) Choose initial (i.e. random) weight vector w

2) Increment: w+ = E[xg(WT x)]-E[g'(WT x)]w

3) Normalize: w = w+/||w+]|

4) Repeat steps 2 & 3 until converged

where g and g’ are the first and second derivatives
of the contrast function G(-).In the ICA model, each training
sample of a 2D solar cell sub image must be reshaped as a
1D row vector in the data matrix. Denote by f(r, c)the gray
level at pixel coordinates (r,c) of an(M, N) sub image. The
data matrix consists of B defect-free and defected samples,
i.e, X=[x4,X,, ....xg]T, where x;is the i-th training sample,
and X; = X, Xj, «..., Xy With K= M. N. The 1D elements of
x;are obtained from the 2D subimage f(r,c), i.e.,

Xir+(c-1M = f(r,c) ®)

Forr=1,2,..,Mandc = 1,2,...N.The ICA model for the

training data matrix is given by
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U=WX
The demixing matrix W is obtained from the Fast
ICA algorithm. The independent component obtained by
ICA algorithms are used as feature vectors for classification.
The minimum Euclidian distance of feature vectors between
the test image and all training samples is then used as the
discrimination measure.

I1l. EXPERIMENTAL RESULTS

This section presents the experimental results from a
number of multicrystalline solar modules in EL images to
evaluate the performance of the proposed method. All
proposed algorithms and experiments were implemented on
a personal computer with a Pentium Core 2 Duo 3.00 GHz
processor. The whole image of a solar module is 1250
%1250 pixels wide with 8-bit gray levels. The solar module
under test comprises a matrix of 36 solar cells, each of
image size 208 x208 pixels. The proposed ICA-based defect
detection method is highly dependent on the solar cell
training samples for extracting representative basis images.
The performance of the proposed method under different
scenarios is evaluated by the recognition rate. It is defined as
R%:NT_(NFN"'NFP)IIOO

T
where is Nt the total number of test samples;
Ny is the number of mis-detected defect samples;
Ngp is the number of falsely-detected defect-free samples.

In the experiments, there are a total of 80 solar cell
sub images used as the test samples, of which 28 are defect-
free and 52 are defective. The quality engineers care more
about the detection capability for various defect types that
may present randomly in any locations in solar modules.
Most of the currently available algorithms for solar
wafer/cell inspection such as are either based on adaptive
thresholding,otsu  thresholding,and multithresholding
followed by region-segmentation. It fails to identify the
subtle micro-cracks, and presents severe noise. Threshlding-
based methods require a higher defect contrast than the grain
boundary contrast in the EL image. The thresholding
method thus mis-detects the crack and presents some grain
edge points as noise in the segmented image. The proposed
method can identify correctly all these four test samples.
The comparative methods of adaptive thresholding and
gray-level morphology are also applied to the 80 test
samples aforementioned in this section. The two
comparative methods perform poorly with recognition rates
lower than 50%, which are worse than random guess.The
quality engineers care more about the detection capability
for various defect types that may present randomly in any
locations in solar modules.Here effect of the number of
basis images on the recognition rate

A. Effect of the Number of Basis Images on the Recognition
Rate

Training Number of basis images
data set 20 25 30 40
1 91.2% 90.0% 92.5% 92.5%
2 91.2% 92.5% 92.5% 92.5%
3 96.5% 97.5% 97.5% 97.5%
4 91.2% 88.7% 87.5% 87.5%
5 92.5% 92.5% 92.5% 92.5%
6 86.5% 91.2% 93.7% 93.7%
7 90.0% 90.0% 92.5% 92.5%
8 95.0% 05.0% 95.0% 95.0%
9 97.5% 98.7% 98.7% 98.7%
10 86.2% 91.2% 91.2% 91.2%
Mean 91.8% 92.7% 93.4% 93.4%
Std. dev. 3.8% 3.3% 3.2% 3.2%

Table 11l summarizes the statistics of recognition
rates with varying number of basis images from 20, 25, 30
to 40. It shows that the recognition rate increases as the
number of basis images is added up to 30. A small number
of basis images of 20 also generate a good mean recognition
of 91.8%. A larger number of basis images of 40 cannot
further improve the recognition rate.

In this study, each individual inspection image is
reconstructed from a linear combination of a given set of
basis images. If the derived basis images cannot sufficiently
represent a variety of crystal-grain backgrounds in EL
images, the resulting reconstruction errors could be very
large even for defect-free test images. With less training
samples, the limited number of basis images cannot well
represent all possible defect-free background patterns. Both
defect-free and defective EL images may thus generate large
reconstruction errors in a similar range, and the resulting
measurement cannot distinctly discriminate the defective
images from the normal ones. When the number of training
examples is sufficiently large, more training examples give
only redundant representations of crystal-grain background
patterns in EL images and cannot further improve the
recognition rate.

IV. CONCLUSION

In this paper, we have proposed defect detection methods
based on ICA basis images to detect defective solar cell
subimages of a large solar module in the
electroluminescence image. The line- and bar-shaped
defects of micro-cracks, breaks and finger interruptions in
the solar module can be well presented as dark regions in the
EL image. However, the EL image also displays the
dislocations and grain boundaries of the multicrystalline
solar wafer as dark regions and results in a random
inhomogeneous background. The dark regions of defects
and those in the defect-free background can be visually
observed in the EL image, but they are extremely difficult to
be distinguished automatically.

We have evaluated two discrimination approaches
based on ICA basis images. The first feature extraction
approach represents the test image under inspection as a
linear combination of the basis images and takes the
coefficients as the feature vector. The minimum cosine
distance of feature vectors between the test image and all
training samples is then used as the discrimination measure.
The second image reconstruction approach synthesizes the
test image by the linear combination of the basis images.
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The reconstruction error between the test image and its
reconstructed image is then used as the discrimination
measure. Experimental results show that the image
reconstruction approach distinctly outperforms the feature
extraction approach and it can use the original defect-free
training samples as the basis images without the need of
ICA process for learning. The overall recognition rate of the
image reconstruction approach is 93.4% for the inspection
of solar cell subimages.

A more efficient smoothing preprocessing that can
effectively remove the random dark regions in the
background for better basis image extraction and
representation is worth further investigation. The proposed
method in this study can be treated as a “global” approach
that detects only the presence/absence of defects in solar
modules. It cannot classify the type of defect. A “local”
approach that detects the shape and location of a defect in
the EL image using a more complicated spectral technique
such as the Fourier transform or the wavelet transform is
currently under investigation. The “local” approach
generally could be computationally more intensive. Since a
solar module involves a very large image size, the “global”
approach can efficiently screen the suspected defective solar
cells and then the “local” approach can effectively verify
and detect the actual shape and location of a defect for the
suspected solar cells. The incorporation of both “global” and
“local” approaches can then both efficiently and effectively
identify defects of solar modules in EL images.
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