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ARTICLE INFO ABSTRACT

A method for characterizing the performance ratio of thin-film photovoltaic modules based on the use of
data mining and statistical techniques is developed. In general, this parameter changes when modules are
working in outdoor conditions depending on irradiance, temperature, air mass and solar spectral irradi-
ance distribution. The problem is that it is usually difficult to know how to include solar spectral irradi-
ance information when estimating the performance of photovoltaic modules. We propose five different
solar spectral irradiance distributions that summarize all the different distributions observed in Malaga.
Using the probability distribution functions of these curves and a statistical test, we first checked when
two spectral distributions measured can be considered to have the same contribution of energy per
wavelength. Hence, using this test and the k-means data mining technique, all the measured spectra,
more than two hundred and fifty thousand, are clustered in only five different groups. All the spectra
in each cluster can be considered as equal and the k-means technique estimates one centroid for each
cluster that corresponds to the cumulative probability distribution function that is the most similar to
the rest of the samples in the cluster. The results obtained proves that 99.98% of the functions can be con-
sidered equal to the centroid of its cluster. With these five types of functions, we have explained the
changes in the performance ratio measured for thin-film photovoltaic modules of different technologies.
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1. Introduction

The increase in the performance of solar photovoltaic modules
is a pressing issue in order to improve solar photovoltaic market
share and make this industry more competitive. There are many
elements where this efficiency can be achieved. The elements to
be studied to better establish module performance are the key
parameters given by the standard test conditions (STC) used to
characterize and correct modules as defined by some international
standards such as IEC 60904-3 (IEC, 1989) or IEC 61215 (IEC, 1993).
The typical standard variables are temperature (25°), irradiance
(1000 W/m?) and AM 1.5 spectrum. This paper is focused on the
study and characterization of the spectrum (solar irradiance spec-
tral distribution) and its influence on thin-film photovoltaic de-
vices. The performance of these devices has a greater dependence
on the spectrum than photovoltaic modules built using conven-
tional technologies such as mono and policristalin-Si.
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Two standards for the AM 1.5 spectrum were defined for terres-
trial use by the photovoltaic industry and the ASTM (American
Society for Testing and Materials) (ASTM, 2012). The importance
of this parameter lies in the fact that photovoltaic modules have
a spectral response, (Martin and Ruiz, 1999), which will only allow
a part of the whole solar spectral irradiance received on their sur-
face ‘to be seen’. Spectral response is a characteristic of every cell
technology. Depending on this factor a module will be able to pro-
vide more or less energy for one quantity of irradiation received. To
study how solar spectral irradiance affects different cell technolo-
gies and to explain the different module performances observed, it
is first necessary to have an indepth knowledge of the solar spec-
trum in any outdoor conditions where photovoltaic modules will
be operating.

Previous papers used different parameters to characterize solar
spectrum. These include the Spectral Factor (SF), (Fabero and
Chenlo, 1991), Mismatch Factor (M, MM or MMEF), (Poissant
et al, 2003), Usefull Fraction (UF), (Gottschalg et al., 2003),
Photovoltaically Active Fractions (PAFs), (Berman et al., 1999),
and the Average Photon Energy (APE), (Gottschalg et al., 2003).
One of the reasons why solar spectrum is not among the typical
variables is that measuring solar spectral irradiance involves
using very expensive devices. We propose to analyze the APE
as this parameter uses a single number to characterize a whole
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spectrum what makes easier for it to be included and treated as
another meteorological variable, once calculated. The uniqueness
of the relationship between the solar spectral irradiance distribu-
tion and the APE is proven, (Minemoto et al., 2009); however,
these authors have proven this correspondence by dividing the
values of spectral irradiance into several 50 nm bands and using
these integrated spectral irradiance values. We propose a differ-
ent approach, based on the use of a statistical test that enables
us to use all the values of the spectrum. Moreover, the authors
suggest that the results obtained should be verified with data
from locations with different climatic conditions.

In this study we are going to characterize the spectra at the
location of Malaga, Andalusia (Spain) with a Mediterranean cli-
mate whose typical features are high humidity and mild and
warm temperatures. Solar spectral irradiances have therefore
been recorded at the laboratory facilities of the Solar Photovol-
taic Energy group at the University of Malaga during a period
of over one year. By using more than one year of data a com-
plete range of spectrum under real working conditions is ob-
tained and a possible seasonal effect is isolated. Once the
spectrum is defined a more precise prediction of the energy pro-
duced by modules can be performed. This will result in better
tools for the photovoltaic industry to size up photovoltaic plants
and their integration into the power grid.

One of the objectives of this paper is to determine the different
types of solar spectral irradiance distribution curves and how these
different curves are related to the different estimated APE values.
Once these relationships are established, further goal of this paper
is to analyze how the performance ratio (PR) for different photo-
voltaic modules is explained using the relationship found. PR val-
ues for these modules are estimated using data collected
outdoors for over one year.

We propose to use both statistical and data mining techniques
that allows us to handle a large quantity of data in an automatic
way to analyse and characterize the different APE values in our
laboratory. On the one hand, we have used the well known
Kolmogorov-Smirnov two sample test to check whether or not
two distributions are the same (homogeneity test). On the other
hand, we have used the k-means data mining technique to cluster
all the estimated APEs in several clusters where all the measure-
ments included have the same cumulative probability distribution
of solar spectral irradiance.

Many different areas have used clustering including text min-
ing, statistical learning and pattern recognition, (Duda et al,,
2001; Hastie et al., 2001; Jain et al., 1999). In previous papers, spec-
tra were gathered using the APE value but data mining techniques
will here be used to characterize the spectra in a few types, aimed
at trying to put into the same group spectra with different values of
APE but with the same relative distribution of the irradiance for
each wavelength.

Once the different solar spectral irradiance measurements are
characterized taking into account the similarities observed, this
information has been used to analyze the performance ratio of dif-
ferent modules for many different outdoor conditions.

In the second section, a detailed description of the data set is
presented. In the third section the values of performance ratio
for thin-film modules of different technologies are depicted and
analyzed depending on several parameters. The fourth section is
dedicated to analyzing the relationship between solar spectral irra-
diance and APE value using statistical techniques and to character-
izing the different types of spectra irradiance measured using the
k-means data mining technique. The fifth section is dedicated to
presenting the obtained results and discussing these results for
their use in the characterization of performance ratio of thin-film
photovoltaic modules. Finally, the last section summarizes the con-
clusions of the work.

2. Data set

The device used is a grating spectroradiometer that works on
the spectral range of visual and near-infrared where most of the
cell technologies have their spectral response. The model used
for this study is a Grating Spectroradiometer EKO MS-710 prepared
for continuous outdoor exposure. It has a silicon sensor that allows
a spectral measurement ranges from 330 to 1050 nm, VIS and NIR.
The collection time is reduced to between 10 ms and 5 s, so that a
fine spectrum with no distortion is obtained on days with moving
clouds. This device is placed on a fixed 21° slope frame where con-
tinuous spectra were captured during a period of over one year, in
the Solar Photovoltaic Energy group facilities at the University of
Malaga (Spain), latitude 36.7°N, longitude 4.5°W, height 50 m.
The spectroradiometer has a glass dome. To avoid dust and other
substances being deposited on the dome, daily cleaning and main-
tenance are carried out in order to measure solar spectral irradi-
ance as more accurate as possible. There are some other
photovoltaic devices close to the spectroradiometer such as pira-
nometers, calibrated cells and modules of different technologies
on the same tilted frame structure and placed on the same plane,
with the same angle of inclination as recommended in the interna-
tional standard IEC 60904-7 (IEC, 1995).The manufacturer provides
its own software to use the spectroradiometer to measure solar
spectra. A custom-built system for I-V curves developed by
Piliougine et al. (2011), at the group of PV systems of the University
of Malaga was used to collect the meteorological data and the
electrical module parameters.

For over a full year, solar spectral irradiances were collected all
day long from sunrise to sunset at the rate of one spectrum per
minute between November 2010 and May 2012, both included. So-
lar spectral samples were measured under the full range of mete-
orological conditions expected in Malaga. This meant that snow
was never recorded, but heavy rain, humidity, wind, cloud inter-
vals and sun were experienced. Based on these premises, around
four-hundred-thousand spectra were captured with a spectral res-
olution below 8 nm at wavelength interval of 0.75 nm.

The data recovered for the module were obtained with a time
interval of five minutes where their electrical parameters Isc, Voc,
Tumop, G and I-V curves plus meteorological data are captured
simultaneously.

Although these measurements are very accurate the exact time
when sun rises and sets is very difficult to implement in the mea-
surement system, and therefore some of the spectra were captured
in the dark at night. Therefore, the data was filtered to avoid reflec-
tion produced by angle of incidence and other effects. Spectra ta-
ken with an elevation angle under fifteen degrees are removed,
following (Nann and Riordan, 1991).

Eq. (1) was used (Reda and Andreas, 2004) to calculate the topo-
centric elevation angle without atmospheric refraction correction -
a- for a surface oriented in any direction.

o = arcsin(sin ¢ - sin &’ + cos ¢ - cos &' - cosH') (1)
where:

¢ is the geocentric latitude
&' is the topocentric sun declination
H’ is the local hour angle for the sun transit

The total amount of data remaining after filtering is up to 70% of
the initial measurements, a total amount of two-hundred-eighty-
thousands spectra.

Some thin-film modules and the above described spectroradi-
ometer are installed nearby in the same frame. Three commercial
thin-film modules are used for this paper: an a-Si/uc-Si, a single
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a-Si and a CdTe with peak power quoted by the manufacturer of
121 Wp, 60 Wp, 70 Wp, respectively.

3. Performance of thin-film photovoltaic modules

The influence of solar spectral irradiance distribution on photo-
voltaic modules is the final scope of this study. After obtaining a
complete characterization of this distribution for different APE val-
ues, the relationship between APE, temperature of the module and
photovoltaic module performance ratio (PR) is achieved. The en-
ergy produced by photovoltaic modules and their subsequent per-
formance is related to the temperature, air mass and solar
radiation. Moreover, some authors also include the influence of
the Average Photon Energy (APE), (Zanesco and Krenzinger,
1993), that contains information on the solar spectral irradiance
distribution. In our paper, we are going to follow indications given
by Minemoto et al. (2007) to connect spectrum by means of APE
and energy produced where it is necessary to calculate the perfor-
mance ratio (PR) of the module and depict it as a function of APE
and Tyop, using contour graphs. The performance ratio applied to
a stand-alone module is the final yield divided by the reference
yield (Kymakis et al., 2009). This final yield is defined as the energy
output of the photovoltaic module divided by its peak power and
the reference yield is the in-plane solar irradiance divided by the
array reference irradiance 1000 W/m?, according to the following
expression:

_ Poutput/linput
PR = Psrc/1000 2)
where:

Poutpue is the module output power, (W), Iippy is the received
irradiance in the module surface, (W/m?), Psyc is the module power
at standard conditions, (W) and 1000 is the irradiance at standard
conditions, (W/m?).

The performance ratio is measured in % and represents the devi-
ation of the output of the module with respect to the standard con-
ditions (STC): if the PR value is 100, the module is working at STC
and output power is its nominal output power. Different PR values
represent different working conditions of the module due to differ-
ent irradiance, air mass, module temperature and/or incident
spectrum.

The aim of studying PR as a function of APE, solar spectral irra-
diance and temperature is to establish the most typical spectrum
and temperature conditions for the module working in Malaga
and how these affect the performance of the module. If the rela-
tionship between solar spectral irradiance distribution and APE is
established, it would allow the PR of thin-film modules of different
technologies to be better explained. These parameters are used to
perform a complete characterization of the usual conditions, tem-
perature-irradiance-air mass-spectrum. Spectrum is inherent to
APE and irradiation to PR.

We have analyzed the dependence of the performance of the in-
stalled thin-film modules on the temperature and APE. The results
can be seen in Fig. 1 where the PR is depicted as a function of APE
and temperature. As it can be observed, the operation conditions of
modules are very different from STC conditions where PR is 100.

As it can be observed from these figures, the different PR values
estimated cannot be explained only using the APE and temperature
values. For instance, for the temperature of 25, there are several
different values of PR and APE that correspond to the same value
of temperature. Greater knowledge of the spectral distribution that
corresponds to the different APE values would allow us explain the
different PR values estimated.

4. Characterization of solar spectral irradiance distribution

Average Photon Energy, APE, is an indicator of the light that
reaches the surface of the Earth. To calculate APE (Williams et al.,
2003) the integrated irradiance has to be divided by the integrated
photon flux density (Minemoto et al., 2007), according to the fol-
lowing expression.

b
APE = M ev)

3
q [P ®(2)di )

Spectral characteristics of received irradiance change depending on
the particles suspended in the atmosphere, daytime or season, and
therefore its corresponding APE also changes. There is also high
dependency on the location mainly due to latitude and atmospheric
agents. These can be grouped in two principal effects, Rayleigh Scat-
tering and Water Vapor, (Ishii et al., 2011).

The value of APE for AM 1.5 in the range between 350 and
1050 nm is 1.88 eV. Lower value of APE denote a shift of the spec-
trum to the ‘red’ while a higher APE value means a higher contri-
bution of the smallest wavelengths that is the same as a shift to
the ‘blue’ (Nann and Emery, 1992). Hence, the APE value changes
depending on air mass and the atmospheric composition as the so-
lar spectral irradiance distribution changes.

We have estimated the APE value for all the spectra we have re-
corded. The histogram of the distribution of estimated APEs is
shown in Fig. 2(A) and (B) shows the cumulative histogram.

It can be seen from Fig. 2(B) that over 70% of the spectra have
APE of over 1.88 eV (APE value for the STC spectrum AM 1.5),
which means that the spectra are shifted to the blue. This can be
explained because of the water vapor held in the atmosphere at
Malaga, a seaside town with high rates of relative humidity. Water
vapor filters spectral irradiance in higher wavelengths so the con-
tribution of this part of the spectrum decreases and a shift to the
blue occurs (Ishii et al., 2011).

4.1. Comparing distributions depending on the APE value

In order to determine the relationship between APE and solar
spectral distribution, a comparison of spectra with the same APE
is performed using all the recorded measurements. The goal of this
comparison is to evaluate the uniqueness of this relationship for
the different values of APE, as proposed by Minemoto et al.
(2009) using data for Tokyo. Nevertheless, the method we propose
to use is different as it is based on the whole data measured for the
spectrum and on the use of a statistical test. We have checked the
uniqueness of this relationship for many different values of APE
ranging from 1.79 eV to 2.09 eV that correspond to different values
of air mass and meteorological conditions.

For instance, two spectral irradiances can be seen in Fig. 3. Both
were recorded on different days and moments, one at midday and
the other in the evening. These spectra are different at first glance,
but they have the same APE value.

Although the spectra of Fig. 3 are different, the proportional
contribution of irradiance for each wavelength to the total energy
is the same. Some normalization of the spectrum values is neces-
sary to obtain these contributions. Instead of normalizing by irra-
diance as in Minemoto et al. (2007), we propose to normalize
using the total irradiance for the 350 to 1050 nm range. When this
normalization is used, the data obtained are the cumulative
distribution probability functions (c.p.d.f.) that range from 0 to 1.
Mathematically, this function is estimated using the following
expression:

cpdf.(A)=PA< )= //1 f(tydt for —oco< i< (4)
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Fig. 1. Performance ratio vs average photon energy and temperature.

When expression (4) is used for the irradiances in Fig. 3 the
c.p.d.f. shown in Fig. 4 are obtained. Both c.p.d.f. curves have the
same slope and shape, which means that spectra do have the same
proportional contribution of irradiance in all the wavelengths. To
reinforce this explanation a superposition of both c.p.d.f. curves
can be seen in Fig. 5.

The overlapping is almost total. Consequently both spectra have
the same distribution (proportion) of irradiance in every wave-
length. It could therefore be said that these spectra are equal in rel-
ative terms.

In order to compare all spectra that have the same APE value
(£ 0.05) we have used the well known Kolmogorov-Smirnov two
sample test that allows us to determine whether or not the distri-
butions of two variables are the same. This test can be performed
using the Kolmogorov-Smirnov statistic that compares the
empirical c.p.d.f.s obtained with each sample; this statistic for
two samples (1 and 2) of sizes m and n, is estimated using the
expression:

disty, = T%x|cpaf1 (7)) — cpdfa(ie)| 350 < 7 < 1050 (5)
€
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where:
|A| means the absolute value of A. The distribution will be the
same with significance level « if the following holds:

12
nm .
(n — m> distym < Cy (6)

where c, is a critical value that only depends on o (for details, see
e.g. Rohatgi and Saleh, 2001).

To carry out spectrum comparison they are gathered in APE
classes using width intervals of 0.01 eV. Solar spectral irradiances
with the same APE value are then compared by means of the
c.p.d.f. (4). The intervals used are the following:

X; € G; if APE; € [1.78 + (i — 1)+ 0.01,1.78 + i+ 0.01) (7)

To demonstrate that this procedure detects spectra which
wavelengths contributes differently to the total APE, a comparison
of two spectra that are different (captured in different days and



7146 R. Moreno Sdez et al. / Expert Systems with Applications 40 (2013) 7141-7150

CPDF for Similar Spectra
1 T T T

o
)
T
1

Cumulative probability
o
(&
T
1

041 .
0.3~ .
0.2~ .
01 — 14/jun/2011 12:00:00 APE = 1.9065eV
| ‘ ‘ ‘ ——20/sep/2011 16:43:00 APE = 1.9007eV
800 400 500 600 700 800 900 1000 1100

A [nm]

Fig. 5. Cumulative probability distribution function overlapped for the two spectra of Fig. 3. These measurements have different spectra but the same APE.

Different Spectral Distributio (same APE)

30 ‘ ‘ : : :
——19/Nov/2011 15:48:00 APE = 2.0166eV
——30/Dic/2010 10:55:00 APE = 2.0139eV
Ay
251 YAV VAV i
[T
B
<& 201 i
£
)
@
o
& 151 ,
o
g
S
3 10+ -
5 |
)l
» il
5 ")\y h ’\, !l n
A ‘M E
Pl ‘
v
| il

1 1 1 1 1 1
goo 400 500 600 700 800 900 1000 1100
Wavelength, A [eV]

Fig. 6. Two different spectra that have the same APE value but different contribution for each wavelength.

CPDF CPDF
1 ‘ ‘ : ‘ 1 ‘ ‘ : :
0.9} 1 0.9} 1
0.8} 1 0.8} : ~ 1
0.7} 1 0.7} / 1
>
2 o6t 1 0.6 : / : 1
Qo /
o /
Q.
© 0.5/ 1 0.5 / 1
=
: /
g 04 / 1 04} / J
=1 / /’
o / /
0.3f / 1 0.3f / 1
/ ‘/f
0.2r / 1 0.2+ / 1
/ /
/ J
01} / 04} /
: ~ 30/Dic/2010 16:15:00 : / — 19/Novi2011 15:49:00
APE = 2.0189eV APE = 2.0103eV
%00 400 600 800 1000 1200 %00 400 600 800 1000 1200
A [nm] A [nm]

Fig. 7. Cumulative probability distribution function for two different spectra with the same APE.



R. Moreno Sdez et al. / Expert Systems with Applications 40 (2013) 7141-7150

7147

CPDF for Different Spectra

1 T

0.9~

0.8~

e
3
T

o
)
T
N\

Cumulative probability
o o
'S o
T T

o
w
T
X

0.2~ 4 o
,///
o1r g4 ’ ——30/Dic/2010 16:15:00 APE = 2.0189eV
,//1 | | | —— 19/Nov/2011 15:49:00 APE = 2.0103eV
800 400 500 600 700 800 900 1000 1100
A [nm]

Fig. 8. Different cumulative probability distribution functions overlapped for two different spectra with the same APE.

Difference between CPDFs

0.06 T

©
o
i

o
Q
@

o
Q
]

0

Level of Confidence
o
2

-0.01

-0.02

-0.03

- L 1 1
0'O%OO 400 500 600

i i i i
700 800 900 1000 1100

Wavelength, A [eV]

Fig. 9. Distance of two different cumulative probability distribution functions that are statistically different, using the Kolmogorov-Smirnov two samples test.

moments) and which have the same APE value are carried out, see
Fig. 6. The result of calculating the c.p.d.f. of both spectra can be
seen in Fig. 7. An overlapping of both c.p.d.f.s is performed in
Fig. 8 where it can be seen that these spectra have a different con-
tribution of irradiance per wavelength. The distance between
c.p.d.f.s is calculated in Fig. 9.

These spectra are statistically different as the maximum dis-
tance between these two curves is greater than the statistic c,
for o as significance level.

4.2. Types of solar spectral irradiance distribution

We likewise analyse whether the equality occurs among spectra
with different APE. For this analysis, we first cluster the spectra.
The cluster method chosen is the k-means method (MacQueen,
1967). It is an unsupervised learning algorithms that calculates
for each cluster the Euclidean distance between gathered samples
and reference samples named centroids and assigns each sample to
the closest centroid iteratively, (Han and Kamber, 2001). The pro-
cedure is quite easy and has been implemented several times.

The goal of clustering is to partition the whole data set into a num-
ber of groups (Cao and Liang, 2011) so that data in the same cluster
are more similar than data in other clusters. Then, for each cluster,
the algorithm selects the data (in our experiment the c.p.d.f.) that
is more similar for all the spectra in the cluster, that is, the centroid
of the cluster.

The steps of clustering using k-means are the following

1. Select k centroids, one per each cluster, as far as possible
each other,

2. Assign every sample to a cluster (centroid),

3. Recalculate the centroids taking into account the distance
among samples in each cluster and its centroid,

4. Repeat steps 2 and 3 until the centroids no longer move.

Clustering the spectra allows us to compare all the c.p.d.f. of one
cluster and its centroid using the Kolmogorov-Smirnov test. The
difficult decision in our case is to choose the number of clusters.
The maximum number of clusters is given by the number of APE
classes, thirty one. After several trials five clusters were settled
as optimal.
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Fig. 10. Percentage of cumulative probability distribution functions of spectra which are the different for each APE value.

5. Results

5.1. Equality of solar spectral irradiance distributions with the same
APE

Using Eq. (7) there are a total of 31 groups of APE. The statistic
of Eq. (5) has been estimated for every pair of c.p.d.f. in each group.
The level of confidence « is set at 0.05. If the difference dist, , (EqQ.
(5)) is lower than the statistic ¢, that corresponds to this signifi-
cance level the two c.p.d.f’s are the same for each comparison
otherwise they are different. Fig. 10 shows the percentage of
cumulative probability distribution functions that can be consid-
ered equals for each value of APE (APE £ 0.05).

When analyzing the results in Fig. 10, it can be observed that al-
most all the spectral irradiances are the same that those of their
class for APE values lower than 2.00 eV, that represent more than
the 98% of spectra. Hence we can conclude that the spectra from
1.79 to 2.00 eV are the same to those with the same APE value.

5.2. Types of solar spectral irradiance distributions

For this analysis we have only used the spectra with APE ranges
from 1.78 to 2.00 eV as the spectral irradiance distributions for
greater values are different even for the same APE, see Fig. 10.

Using k-means data mining technique, all the spectra have been
clustered using different number of cluster. After assigning the
spectra c.p.d.f. to cluster and the distance of each sample to its
cluster is performed to verify that the clustering is reliable. The
confidence level is set at 0.05. Table 1 shows the results obtained
when 2, 3, 4, 5 and 6 different clusters are used. Third column
shows the percentage of elements in each cluster for each one of
the total clusters used and fourth column shows the percentage
of spectra that have the same spectra probability distribution in
each cluster.

Regarding this table, we have selected five clusters as the most
homogeneous clustering option such that a similarity of 99.98%
arises for every cluster; that is, only less than 0.02 per cent of
the spectra are not similar to the centroid of their cluster, see Ta-
ble 1. Fig. 11 shows how the values of APE are distributed in each
cluster.

It is remarkable that there is a strong relation between the APE
value and the cluster to which the corresponding c.p.d.f. belongs to,
even though some spectra with the same APE value are allocated in
different clusters. This happens for samples whose APE value is at

Table 1
Spectra that meet the requirements of closeness to its centroid (percentage).

# Clusters  # Centroid Spectra per cluster (%) CDPF equal per (%) cluster
2 1 32.92 99.45
2 67.08 97.60
3 1 25.23 99.66
2 63.48 100.00
3 11.29 98.67
4 1 26.36 100.00
2 9.33 99.10
3 52.70 100.00
4 11.61 99.78
5 1 4.42 99.98
2 48.40 100.00
3 13.92 100.00
4 23.52 100.00
5 9.74 99.81
6 1 11.02 100.00
2 40.70 100.00
3 5.93 99.90
4 3.74 100.00
5 23.19 100.00
6 15.43 100.00

the limit of values belonging to a cluster. For instance, for APE val-
ues in the range [1.91 — 1.92), the percentage of samples in cluster
3 is 5.07 and in cluster 4 is 5.62. For these cases, the c.p.d.f. that
corresponds to the APE value could be either three or four clusters.
These measurements could be assigned to both clusters using
rough k-means clustering, (Chen and Miao, 2011); it could be an
improvement of the k-means used but this is beyond the scope
of this paper where we are more interested in obtaining a general
and easy method to classify each spectrum.

Using the proposed clustering, we have analyzed the relation-
ship between solar spectral irradiance distribution and the perfor-
mance of different modules and how the selected centroids can
explain these performances.

5.3. Performance of thin-film photovoltaic modules
The types of c.p.d.f. found using k-means allows us to better ex-

plain the contour graphs previously presented, Fig. 1: If we analyze
the obtained data for the temperature at STC (25°), the changes in
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Fig. 11. Distribution of APE values in each cluster when 5 different clusters are used.

the value of PR are well explained if we consider the changes in the
solar spectral irradiance distribution for the different APE values.
That is, it is not enough to use only the values of APE to understand
the changes in PR as the same PR value corresponds to different
APE values. However, if we add the changes in the spectral distri-
bution to the analysis, there is a clear correspondence between the
cluster to which the APE belongs to and the PR value for this APE.

For a-Si modules, at 25° the PR ranges from 1.83 to 1.93 eV. The
lower PR values (less than 85%) correspond to the APE values that
belong to the first cluster; PR values that range from 85% to 90%
correspond to the measurements included in the second cluster
(APEs from 1.85 to 1.88 eV); PR values between 90% and 95% cor-
respond to measurements that belong to the third cluster where
APE values are in the 1.89-1.90 eV interval; PR values from 95%
to 100% are estimated using APE values that range from 1.91 to
1.92 eV; finally, the greatest PR values (more that 100%) are ob-
tained for the measurement in the fifth cluster whose APE values
are greater than 1.91 eV.

Similar results can be observed in the other two technologies.
For the same temperature, 25°, CdTe has PR under 90% for APE val-
ues lower than 1.82 eV; the PR varies from 90% to 95% for APE val-
ues that range from 1.82 eV to 1.88 eV (first and second cluster);
the PR ranges from 95% to 100% for APE values between 1.88 to
1.90 eV (third cluster); PR values greater than 100% correspond
to APE estimates for the measurements in the fourth and fifth
clusters.

The PR for a-Si/uc-Si module also shows the same dependence
on solar spectral irradiance distributions. The changes in the distri-
bution from one cluster to another correspond to changes in PR
values. PR values are under 90% for measurements whose APE va-
lue is below 1.88 (first and second cluster); there are PR values that
range between 90% to 100% for APE values that range from 1.88 to
1.91 eV (third cluster); the highest values of APE (greater than
1.91 eV) correspond to PR greater than 100%.

We can conclude that there is a significant relation between the
spectral distribution clusters proposed and the changes observed
in the performance ratio of the modules. As a matter of fact, it is
important when modeling the PR of a module to consider not only
the solar irradiance received and temperature but also the type of
spectral distribution that corresponds to the irradiance received.
An important contribution of this paper is that it is possible to
model all the solar irradiance spectral distributions measured in
Malaga using only 5 different types of distributions. It would be
interesting to establish whether this is the case for other different
type of climates.

As can be noted from these figures, optimal conditions are
achieved when modules reach PR close to 100%. As the peak power
is given in STC of 25°C and AM 1.5 (1.88 eV), the PR will be the
highest when the modules are working at around this values. A
PR of 105% can be seen, as optimal conditions are surpassed and
an APE of over 1.88 eV at a temperature of 25°C has occurred.

A very interesting result given by the three contour graphs
intensifies the idea of clustering all APE in five groups. Although
all three modules belong to different cell technologies and have
different behavior for different outdoor conditions, all the changes
in the PR can be explained using the selected clusters. If we focus
on one fixed module temperature, for example the STC tempera-
ture, and we look at the different APE values at this temperature
interval, we can see that APEs gather into different colors. These
colors are related to centroids and APEs are clustered in every
centroid.

6. Conclusions

We have analyzed the influence of the solar spectral irradiance
distribution on the performance ratio of thin-film photovoltaic
modules of different technologies. To carry out this analysis, we
first characterize the cumulative probability distribution function
of each spectrum using its APE value. After analyzing more than
two hundred and fifty thousand measurements of solar spectral
irradiation distributions, we can conclude that all these distribu-
tion can be represented using only 5 different distributions related
to the APE values. We use statistical and data mining techniques to
state this fact. Secondly, we prove that all the spectra that have the
same APE value also have the same distribution shape. We here use
the Kolmogorov-Smirnov two sample test that allows us to com-
pare whether or not two cumulative probability distributions are
the same. After perform this, we find that there are only five differ-
ent types of distributions using the k-means data mining tech-
nique. Thanks to this technique it has been possible to reduce
over two hundred and fifty thousand measured spectra to only five.
Moreover, these five spectra are selected using the k-means algo-
rithm; in fact, they are the centroids of each cluster. Almost all
the spectra, more than 99.98% included in each cluster are the
same to the centroid of the cluster using statistical criteria.

Using these five selected distributions, the performance ratio
values estimated for photovoltaic modules built with different
technologies are analyzed. A detailed analysis of the curves of per-
formance ratio obtained when they are used as independent vari-
ables the temperature and the APE value for each outdoor
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conditions allows us to conclude that the changes in the perfor-
mance ratio of modules can be better explained if it is considered
the spectrum associated to each APE value.

All these results have been obtained using data from Malaga. It
would be of great interest to perform them for other locations with
different climatic conditions.
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