Calculation of the cell temperature of a High Concentrator Photovoltaic
(HCPV) module: a study and comparison of different methods

Eduardo F. Fernandez", F. Almonacid, P. Rodrigo, P. Pérez-Higueras.

Centre of Advanced Studies in Energy and Environment, University of Jaén, Jaén, Spain
*FEduardo F. Fernandez. Tel: +34 953213518, Fax: +34 953212183, E-mail: fenandez@ujaen.es

Abstract: Ascertaining the operating cell temperature of a high concentrator photovoltaic
(HCPV) module is critical because its electrical parameters are influenced by this factor.
However, measuring the cell temperature of an HCPV module is a complex task due to the
unique features of such a module. This paper calculates the cell temperature in an HCPV
module by using different methods to address this important issue. We conducted a
comparative study of four methods used to estimate the cell temperature of an HCPV module,
including the IEC 60904-5 method, a method based on thermal resistance proposed by the
Instituto de Sistemas Fotovoltaicos de Concentracion, the Lineal method and an artificial
neural network-based method introduced in this paper. The complete procedures, parameters
and coefficients required to estimate the cell temperature with each method are provided. The
results show that methods based on direct measurements of the HCPV module perform better
than methods based on atmospheric parameters. However, all of the studied methods can be
used to estimate cell temperatures with an acceptable margin of error.

Keywords: High concentrator photovoltaic, cell temperature, mathematical methods, outdoor
measurements.

1. Introduction

A high concentrator photovoltaic (HCPV) module utilises inexpensive optical devices to
concentrate light in a small solar cell, typically a III-V multi-junction (MJ) solar cell [1]. Due
to the expected high efficiencies for multi-junction solar cells and HCPV modules, this
technology can play an important role in future power generation markets [2, 3].

Multi-junction concentrator solar cells are influenced by their operating temperature.
Specifically, the efficiency, maximum power point, open circuit voltage and fill factor of
these devices decrease with increased temperatures. In contrast, the temperature influence on
the short circuit current of the cells is positive [3-7]. For this reason, the same behaviour is
exhibited in HCPV modules [8-9].

Knowing the operating cell temperature of an HCPV module is critical because its electrical
parameters are influenced by this factor. However, measuring the cell temperature in an
HCPV module is complex due to its unique features [10]. This paper calculates the cell
temperature in an HCPV module by using different methods to address this important issue.
In particular, four methods of estimating the cell temperature of an HCPV module are
described, applied and compared. In addition, the complete procedure used to estimate the cell
temperature for each method is provided. The analysed methods are as follows:

e The method described in the international standard IEC 60904-5 [11] that determines
the cell temperature of a photovoltaic device from its open circuit voltage.
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e The method proposed by the Instituto de Sistemas Fotovoltaicos de Concentracion
(ISFOC) that determines the cell temperature of an HCPV module from its heat-sink
temperature [12].

e The Lineal method proposed in [10] that determines the cell temperature of an HCPV
module from atmospheric parameters.

e A new method based on an artificial neural network (ANN) that relates the cell
temperature of an HCPV module with atmospheric parameters.

The first two methods are based on direct measurements on the HCPV module, while the
Lineal method is based on easily obtained atmospheric parameters. The use of these
atmospheric parameters has the advantage of estimating the cell temperature of an HCPV
module for a specific location without directly measuring the module. Following this
approach, and because ANNs have proven to be very helpful in solving complex problems, a
new method based on an artificial neural network is also introduced in this paper to estimate
the cell temperature of an HCPV module based on atmospheric parameters.

Section 2 describes the experimental set-up used to perform this study. In Section 3, the
methods presented in [10-12] are described and the new ANN-based method is introduced and
justified. The necessary parameters and procedures for obtaining the cell temperatures with
each are also provided. In Section 4, the results obtained from the cell temperature estimations
for each method are presented and a comparative study is performed. The primary
conclusions of the study are presented in Section 5.

2. Experimental set-up

The study was conducted at the Centre of Advanced Studies in Energy and Environment
(CEAEMA) at the University of Jaen. The major focus of this institution is the outdoor
evaluation of HCPV technology [13]. Jaén is located in the south of Spain, which has a
continental Mediterranean climate with cold winters, hot summers and a high direct annual
irradiation level [14].

The following components were used to carry out this study:

e A two-axis solar tracker designed by BSQ on the roof of the research centre.

e An HCPV module mounted on a two-axis solar tracker. The major characteristics of
the HCPV module are shown in Table 1.

e A four-wire electronic load PVPM 1000C40 placed in the laboratory to register the I-
V curves.

e A four-wire PT100 placed in contact with the solar cell on a concentrator receiver to
measure the cell temperature (T.) (Figure 1-top right) and a four-wire PT100 placed
on the back of the module (under the solar receiver) to measure the heat-sink
temperature (Ths) (Figure 1-bottom right).

e An Agilent 34970A data logger located in the laboratory to record the cell temperature
and the heat-sink temperature of the module.

e An atmospheric station (MTD 3000C from GEONICA) to record other outdoor
parameters such as direct normal irradiance (DNI), wind speed (W5) and air
temperature (Tair). This station is located on the roof of the research centre and is
connected through the Ethernet with a PC located in the laboratory.



Figure 1 shows the aforementioned experimental set-up. All of the parameters were recorded
every five minutes since January 2011. The module was cleaned once a week and after rainy
days to avoid possible electrical losses.

3. Methods for estimating the cell temperature in an HCPV module

In this section, the following methods were considered: the IEC 60904-5 method [11], the
method proposed by ISFOC [12] and the Lineal method presented in [10] are described and
set. In addition, a new method based on an ANN is introduced and described.

3.1. The IEC 60904-5 Method

The international standard IEC 60904-5 allows the determination of the cell temperature of a
photovoltaic device through the open-circuit voltage method. In this study, the method is
applied to obtain the solar cell temperature of an HCPV module. The general proposed
equation to obtain T¢ is:

Te=Te¢ + B (Vo - Voo + (nk(Te + 273)/q)NsIn(DNI"/DNI) (1)

where T is the cell temperature at the reference conditions, B is the open circuit voltage
temperature coefficient (with a value of -25.16 mV/°C as provided by the manufacturer), Voc
is the open circuit voltage of the HCPV module (extracted from the measured I-V curve), Voo
is the open circuit voltage of the HCPV module under the reference conditions (with a value
of 17.82 V as provided by the manufacturer), n is the diode ideality factor of the multi-
junction solar cell, k is the Boltzmann constant, q is the electron charge, Ns is the number of
solar cells in series, DNI is the measured direct normal irradiance and DNI * is the reference
direct normal irradiance. The reference conditions are defined as: DNI" = 1000 W/m?2, T." =
25 °C and AM1.5d.

In equation (1), the value of n is not known. To estimate this value, equation (1) is rewritten
as:

(Voe - Voe™) - B(Te - Te") = n(k(Te +273)/q)Nsln(DNI/DNT’) )

where the value of n is empirically obtained by performing a linear regression analysis of (Voc
- Voo ) - B(Tc - T) as a function of (k(T¢ +273)/q)NsIn(DNI/DNT’) with a value of n = 3.714.
This is consistent with previous studies on the diode ideality factor of MJ solar cells. As seen
in [15], where different ideality factors of several MJ solar cells are obtained for cell
temperature ranges between 0 and 120 °C, this parameter is in the range of 3—4.

Once all of the parameters are known, equation (1) must be rewritten as a function of the
electrical parameters and direct normal irradiance to estimate the cell temperature of the
HCPV module as:

Te=(PB Tc" + Voc — Voo +(nk/q)NsIn(DNI*/DNI)273)/( B — (nk/q)NsIn(DNI*/DNI)) (3)
3.2. Thermal Resistance (ISFOC) Method

The Instituto de Sistemas Fotovoltaicos de Concentracion (ISFOC), in cooperation with the
Instituto de Energia Solar at the Universidad Politécnica de Madrid (IES-UPM), have



developed an outdoor method that addresses the issue of device temperature by taking into
account the internal thermal resistance between a solar cell and the back surface of an HCPV
module [12, 16]. This method allows for the calculation of the cell temperature from the
measurement of the heat-sink module temperature. To apply this method, it is necessary to
know the internal thermal resistance (p) of the HCPV module, which is defined as the thermal
fall between the cell and the heat-sink of the HCPV module as follows:

p = (T¢ - Ths)/DNI 4)

where p is empirically obtained by performing a linear regression analysis of (T¢ - Ths) as a
function of DNI with a value of p = 0.0104 K/Wm. This parameter is proportional to the
thermal resistance (R) between the cell and the heat-sink, but it uses the DNI that falls on the
module and not the luminous power that falls on the cell—an easier measurement [16].

A theoretical calculation of the internal thermal resistance of the HCPV module was
implemented to verify the obtained value of p. In the studied module, the cells have
germanium substrates that are bonded onto copper material, which is then bonded onto a heat-
sink. Figure 2 shows the structure of the materials between the solar cell and the back surface
of the HCPV module and Table 2 shows the heat conductivity (k) and the thickness (L) of
each material. Taking into account this structure and the values of k and L for each material,
R can be calculated as:

R =% (Li/ki) (5)

where the index i represents each material (germanium, copper and aluminium). Using
equation (5) and the data from Table 2, the value of R is obtained as 2.55x10-5 K/Wm™. To
establish a relationship between p and R, it is necessary to understand the relationship
between the DNI that falls on the module surface and the luminous power received by the
cell. The geometric concentration (Cgeometric) Of the investigated module is 500x. Taking into
account an optical efficiency of approximately 0.85, the optical concentration (Copticat) 1S
approximately 425x. As a result, the cells in the module receive approximately 425x the DNI
that falls on the module. Taking this into account, it is possible to relate p and R as follows:

p= CopticalR (6)

Using equation (6) and the determined values of Copticat and R above, the value of p can be
theoretically calculated as 0.0108 K/Wm™. This value is consistent with the empirically
obtained value of 0.0104 K/Wm™. This indicates that the empirical and theoretical procedures
used to obtain the internal thermal resistance are valid.

3.3. Linear Coefficients Method

In contrast to the two methods described above, the Lineal method introduced in [10] allows
for the calculation of the cell temperature of an HCPV module by using only atmospheric
parameters. The aim of the method is to obtain an expression that relates cell temperature with
the atmospheric parameters of the specific location of the HCPV module without knowing the
internal structure of the module or measuring its electrical parameters. To facilitate its
application, the method is based on a simple lineal equation as follows:



Te = Tair + aDNI + bW, (7)

The a and b parameters are empirically obtained through a regression analysis of outdoor
monitored data with values of a =0.0611 (°C/Wm) and b = -2.33 (°C/ms™"), which are
similar to the coefficients presented in [10].

3.4. ANN Method

Following the approach of the previous method, a new method for calculating the cell
temperature of an HCPV module from easily obtainable atmospheric parameters is introduced
in this paper. Because the process of measuring the cell temperature in an HCPV module is
complex and because ANNs have been proven effective in solving complex problems [17 —
27], we have developed a method based on the use of an artificial neural network.

3.4.1 Description of the method

The proposed artificial neural network-based method attempts to characterise the relationship
between the atmospheric parameters and the cell module temperature. As in the lineal model,
the direct normal irradiance (DNI), air temperature (Tair), and wind speed (Ws) are used as
inputs for the method. The cell temperature can thus be defined as a function of these
parameters:

Te =f (DNI, Tair, Ws) (8)

To estimate this function, a feed-forward neural network trained with the Levenberg-
Marquardt back-propagation algorithm has been used. The proposed ANN is synthesised in
Figure 3. The number of nodes in the input and the output layers are, respectively, based on
the input and output dimensions of the subject under study, while the number of hidden layer
nodes is determined empirically. In this case, the input layer has three nodes that correspond
to DNI, Tair, and W, the output layer has one node corresponding to the value of T¢ and the
hidden layer has five nodes. To determine the best architecture (i.e., the one that best fits the
network output to the target), several ANNs with different structures have been trained
following the procedure described in 3.4.2.

3.4.2. Training and validation process

To select the best structure of the ANN and to adjust the weights and bias of the hidden and
output layers (training process), the ANN requires a set of patterns of how the cell
temperature of an HCPV module varies according to atmospheric parameters. To create this
set of patterns, the cell temperature and the atmospheric parameters measured using the
experimental set-up outlined in Section 2 have been used.

To avoid overfitting during the training process, the available data have been divided into
three subsets. The first subset is the training set (70% of the sample), which is used for
computing the gradient and updating the network weights and biases. The second subset is the
validation set (15% of the sample), which is used to evaluate the model. The third subset is
the test set (15% of the sample), which is not used during the training process; it is used to
compare the actual and estimated data by the ANN.



During the training process, when an input vector (DNI, Tair, Ws) of the training set is applied
to the network input layer, the network weights and bias are iteratively adjusted using the
Levenberg-Markquard algorithm to minimise the mean square error between the network
output (T measured for this input vector) and the target output (T¢ provided by the ANN for
this input vector). The Lervenberg-Markquard algorithm updates the ANN weights as
follows:

Ao=— [ul + Z;l P(w)'Jr (m)TVE(m) 9)

where J,(w) is the Jacobian matrix of the error vector E,(w) evaluated in w, and / is the
identity matrix. The vector error E,(w) is the error of the network for a pattern p: E,(w) = t, -
vp(w). The parameter / is increased or decreased at each step. If the error is reduced, then / is
divided by a factor b; otherwise it is multiplied by b. This calculates the network output, the
error vectors, and the Jacobian matrix for each pattern. It then computes Aw using Eq. (9) and
recalculates the error, with w + Aw as network weights. If the error has decreased, / is divided
by b, the new weights are maintained, and the process begins again; otherwise, / is multiplied
by b, Aw is calculated with a new value, and it iterates again.

The error on the validation set is monitored during the training process. The validation error
normally decreases during the initial phase of the training in the same manner as the training
set error. However, when the network begins to overfit the data, the error on the validation set
generally begins to rise. When the validation error increases for a specified number of
iterations, the training is stopped and the weights and biases at the minimum value of the
validation error are returned. The fest set error is not used during training; it is later used to
compare the different models.

The procedure used for designing the ANN can be summarised as follows:

Divide the available data into training, validation and test sets.

Select the architecture and training parameters.

Train the model by using the training set.

Evaluate the model by using the validation set.

Repeat steps 2-4 using different architectures and training parameters.

Select the best model and train it by using data from the training and validation sets.
Assess this final model by using the test set.

Nk =

The final structure of the ANN developed for estimating the cell temperature of the HCPV
module from atmospheric parameters is shown in Figure 3. Tables 3 and 4 show the values of
the weights and bias for the neurons of the hidden layer and the output layer, respectively, that
were obtained for the final model.

To study the behaviour of the ANN developed to calculate the cell temperature, the following
statistical parameters have been calculated for different sets of data (training set, validation set
and test set): the mean square error (RMSE), the mean bias error (MBE) and the correlation
coefficient (R?), as shown in Table 5. The RSME is lower than 5% for all sets. The MBE is
lower than +0.3%, which indicates that the ANN neither overestimates nor underestimates the
cell temperature. The correlation coefficient for all sets varies in the range of 0.94-0.95,
which indicates that there is an adequate fit between the actual and predicted data. It is
important to note that the training set and the validation set were used during the training



process of the ANN, while the fest set was comprised of data that the network has never seen.
In addition, there is also an adequate fit between the actual and predicted data, in this case an
R?=0.95, a MBE =-0.27% and a RSME = 4.73%.

A comparative study of the proposed and previously described methods, as well as a detailed
analysis of all the methods for determining the cell temperature of an HCPV module, is
implemented in the next section.

4. Comparative study
4.1 Analysis of results

First, to analyse the results in the estimation of the cell temperature with the four methods
described above, a linear regression analysis between the actual and predicted data was
performed, as shown in Figure 4. Based on this analysis, the method that yields the best
results is the ISFOC method, with a R? = 0.99. The IEC method provides similar results to the
ISFOC, with a R? = 0.98. The Lineal method shows the poorest results, with a R> = 0.90. The
proposed method based on an ANN improves on the Lineal method but falls short of the IEC
and ISFOC methods, with a R? = 0.95. Based on this analysis, it can be concluded that all of
the methods present a good match between the actual and predicted data because their R?
values are equal to or greater than 0.90.

In addition to the linear regression analysis, the MBE and RMSE (relative and absolute
values) between the actual and predicted data have also been calculated to study the results of
the used methods in more detail, as shown in Table 6. The MBE for the four studied methods
is approximately 0%, which indicates that the methods neither overestimate nor underestimate
the cell temperature. With regard to the RMSE, the ISFOC method shows the best results,
with a relative RMSE = 2.47% and an absolute RMSE = 1.70 °C. Similar results are obtained
with the IEC method, showing a relative RMSE = 2.95% and an absolute RMSE = 2.00 °C.
As in the previous analysis, the Lineal method provided the poorest results, with an RMSE =
6.40% and an absolute RMSE = 4.30 °C. The proposed method improves on the Lineal
method but falls short of the other two methods, with a RMSE = 4.80% and an absolute
RMSE = 3.24 °C. Based on this analysis, it can also be concluded that the four methods
perform effectively in the prediction of the cell temperature of an HCPV module. The four
methods have a MBE almost equal to 0% and a maximum absolute RMSE lower than 4.30 °C
an acceptable margin of error, taking into account that cells in an HCPV module are working
in the range of 50 — 80 °C in 80% of the cases. The distribution of the cell temperature
measured during the experiment is shown in Figure 5. This distribution is consistent with the
average working cell temperature of an HCPV module as noted by different authors and
research groups [28, 29].

Based on the analysis of R, MBE and RMSE between the actual and estimated data, it can be
stated that the four methods can be used to estimate the cell temperature of an HCPV with
sufficient accuracy. However, as seen in Figure 4, some of the methods show a significant
range of scatter between the actual and predicted data. To study this scatter in more detail, the
absolute RMSE for each cell temperature for the studied methods has been calculated and
shown in Figure 6. The ISFOC method again shows the best results, with a performance that
is almost constant for all working cell temperatures with absolute RMSE values varying from
3.0°Cto 1.0 °C. The IEC method shows similar results to the ISFOC method for cell
temperatures above 30 °C; however, for cell temperatures below 30 °C the absolute RMSE



shows a tendency to increase as the cell temperature decreases. This method shows the widest
range of scatter, with absolute RMSE values varying from 7.5 °C to 1.0 °C. The Lineal
method shows the highest values of absolute RMSE for each cell temperature, ranging from
7.0 °C to 3.2 °C and without showing any particular trend. As for the ANN method, the
absolute RMSE is centred around 3.0 °C for all cell temperatures, although it shows a
tendency to increase at the highest cell temperatures. The highest absolute RMSE values for
all methods occur for temperatures lower than 30 °C or higher than 80 °C. However, as
previously noted, the working cell temperature of an HCPV module is in the range of 50 — 80
°C in approximately 80% of the cases. This indicates that, despite the fact that some methods
provide better results than others, all of them can be used to estimate the cell temperature of
an HCPV module with sufficient accuracy.

4.2. Study of the influence of the errors in the cell temperature estimation in the
calculation of the maximum power of an HCPV module

Knowledge of the cell temperature is an important issue in estimating the electrical
parameters of an HCPV module. The maximum power (P) can be considered the most
important because it discloses the energy production of an HCPV system. Because of this,
most of the models for the electrical characterisation of HCPV modules only address the
estimation of the maximum power [30]. To account for this, we studied the influence of the
errors in the estimation of the cell temperature in the calculation of the maximum power of an
HCPV module.

The maximum power of an HCPV device can be expressed as:
P =P"(DNI/DNI)(1 - §(T." - Tc)) (10)

where P is the maximum power at the reference conditions and § is the temperature
coefficient of the maximum power.

The deviation (AP) between the maximum power calculated with the actual cell temperature
and the maximum power calculated with the estimated cell temperature using the studied
methods can be expressed as:

AP (%) = (1 - P(Tc,actual)/ P(Tc,estimated))loo (1 1)
Taking into account equations (10) and (11), AP (%) can be expressed as:
AP (%) = [(1 - S(Tc* = Tc,actual))/ (1 - S(Tc* - Tc,estimated))] 100 (12)

To estimate AP (%) by using equation (12), it is necessary to know the value of 8. The
temperature dependence of several HCPV modules has been reported in [8]. Based on this
study, a value of 6 = -0.20%/K has been selected as a representative value of an HCPV
module.

The histogram of the distribution of AP (%) for the studied methods is shown in Figure 7. The
ISFOC method shows the best results, with a maximum deviation in the calculation of
maximum power of £1.0% and a deviation of £0.5% in 90% of the cases. The IEC method
shows the second best results, with a deviation ranging from -3.5% to 2.0%, although 85% of
the cases are in the range of £0.5%. The Lineal method yields the poorest results, with a



maximum deviation of +4.5%, although it is in the range of £1.0% in 72% of the cases and in
the range of £1.5% in 88% of the cases. As for the proposed method based on ANN, the
maximum deviation is in the range of +2.5% although it is in the range of £ 0.5% in 62% of
the cases and in the range of £1.0% in 86% of the cases. Once again, the proposed method
improves on the results obtained through the Lineal method but falls short of the others.
Based on this analysis, it can be seen that the deviation in the estimation of the maximum
power introduced by the methods is in the range of 1.5% in the majority of the cases, which
indicates that all of the methods can be used to estimate the cell temperature of an HCPV
module with a satisfactory degree of accuracy in order to estimate the maximum power.

5. Conclusions

This paper has examined four methods for estimating the cell temperature of an HCPV
module. The studied methods were the IEC 60904-5 method, the ISFOC method, the Lineal
method and a method based on artificial neural networks introduced in this paper. The
complete procedures, parameters are coefficients required to estimate the cell temperature
with each of these methods was also provided.

To compare and analyse the results of these methods, a number of statistical analyses were
conducted. Based on these analyses, it can be concluded that the ISFOC method shows the
best results with a R> = 0.99, a relative RMSE = 2.47% and an absolute RMSE = 1.70 °C. The
IEC method shows similar results, with a R?> = 0.98, a relative RMSE = 2.95% and an
absolute RMSE = 2.00 °C. The Lineal method provides the poorest results, with a R* =0.90, a
relative RMSE = 6.40% and an absolute RMSE = 4.30 °C. Finally, the proposed method
based on an ANN significantly improves on the results of the Lineal method but falls short of
the other two, with a R? = 0.95, a relative RMSE = 4.80% and an absolute RMSE = 3.24 °C.
In addition, the absolute RMSE for each cell temperature was calculated for a more detailed
analysis of the scatter in some of the methods. Taking into account that the working cell
temperature of an HCPV module is in the range of 50 — 80 °C in 80% of the cases, this
analysis leads to the same conclusions mentioned above: the ISFOC and IEC methods show
the best results, the Lineal method provides the poorest results, and the ANN method
improves on the results of the Lineal method but not the other two. The four methods show a
MBE of near 0%, indicating that none of them overestimate or underestimate the cell
temperature.

A study on the influence of the errors in the estimation of the cell temperature in the
calculation of the maximum power of an HCPV module was also implemented. In particular,
the deviation between the maximum power calculated with the actual cell temperature and the
maximum power calculated with the estimated cell temperature using the studied methods
was analysed. Based on this analysis, it can be concluded that the ISFOC method shows the
best results, with a deviation of £0.5% in 90% of the cases, the IEC method shows the second
best results, with a deviation of £0.5% in 85% of the cases and the Lineal method presents the
poorest results, with a deviation of £1.5% in 88% of the cases. The proposed method
improves on the results of the Lineal method, with a deviation of £1.0% in 86% of the cases,
but provides worse results than the other two methods.

It is important to note that, despite the fact that some methods perform more efficiently than
others, all of them could be used for the estimation of the cell temperature with an acceptable
degree of accuracy. This is because all of them have an R? value equal to or greater than 0.90,
an absolute RMSE lower than 4.30 °C (considered an acceptable degree of error, taking into



account that the cells in an HCPV module work in the range 50 — 80 °C in approximately 80%
of the cases), a MBE near 0% and a deviation in the estimation of the maximum power in the
range of £1.5% in the majority of the cases.

It can also be concluded that the methods based on direct measurements of an HCPV module
(such as heat-sink temperature or open circuit voltage) provide better results than methods
based on atmospheric parameters. Despite this, it is important to note that the methods based
on atmospheric parameters have the advantage of allowing the estimation of the cell
temperature of an HCPV module for a specific location without directly measuring the
module. Taking this into account, the proposed method based on artificial neural networks
significantly improves upon the Lineal method and can be considered a useful new tool for
estimating the cell temperature of an HCPV module.

Acknowledgements

This work is part of the project “SIGMPLANTAS: La innovacion en las plantas y modelos de
sistemas de Concentracion Fotovoltaica en Espafia”, IPT-2011-1468-920000 supported by the
Spanish Science and Innovation Ministry, and by the European Regional Development Fund /
Fondo Europeo de Desarrollo Regional (ERDF / FEDER).

The authors express their deep appreciation to Juan Ignacio Fernandez Carrasco for his
technical support.

References

[1] Luque, A. L. and Andreev, V. M., Concentrator Photovoltaics, New York: Springer-
Verlag 2, 2007.

[2] Swanson, R.M. Promise of concentrators. (2000) Progress in Photovoltaics: Research and
Applications, 8 (1), pp. 93-111.

[3] Pérez-Higueras, P., Mufioz, E., Almonacid, G., Vidal, P.G. High Concentrator
PhotoVoltaics efficiencies: Present status and forecast. (2011) Renewable and Sustainable
Energy Reviews, 15 (4), pp. 1810-1815.

[4] Siefer, G., Bett, A.W. Analysis of temperature coefficients for III-V multi-junction
concentrator cells. (2012) Progress in Photovoltaics: Research and Applications, DOI:
10.1002/pip.2285.

[5] Fernandez, E.F., Loureiro, A.J.G., Higueras, P.J.P., Siefer, G. Monolithic III-V triple-

junction solar cells under different temperatures and spectra. (2011) Proceedings of the 8th
Spanish Conference on Electron Devices, CDE2011, art. no. 5744222.

[6] Fernandez, E.F., Siefer, G., Schachtner, M., Garcia Loureiro, A.J., Pérez-Higueras, P.
Temperature coefficients of monolithic III-V triple-junction solar cells under different spectra
and irradiance levels. (2012) AIP Conference Proceedings, 1477, pp. 189-193.

[7] Fernandez, E.F., Siefer, G., Almonacid, F., Loureiro, A.J.G., Pérez-Higueras, P. A two
subcell equivalent solar cell model for III-V triple junction solar cells under spectrum and
temperature variations. (2013) Solar Energy, 92, pp. 221-229.

[8] Peharz, G., Ferrer Rodriguez, J.P., Siefer, G., Bett, A.W. Investigations on the temperature
dependence of CPV modules equipped with triple-junction solar cells. (2011) Progress in
Photovoltaics: Research and Applications, 19 (1), pp. 54-60.

[9] Fernandez, E.F., Pérez-Higueras, P., Almonacid, F., Garcia Loureiro, A.J., Fernandez, J.1.,
Rodrigo, P., Vidal, P.G., Airnonacid, G. Quantifying the effect of air temperature in CPV
modules under outdoor conditions. (2012) AIP Conference Proceedings, 1477, pp. 194-197.



[10] Almonacid, F., Pérez-Higueras, P.J., Ferndndez, E.F., Rodrigo, P. Relation between the
cell temperature of a HCPV module and atmospheric parameters. (2012) Solar Energy
Materials and Solar Cells, 105, pp. 322-327.

[11] IEC 60904-5. Photovoltaics Devices — Part 5: Determination of the equivalent cell
temperature (ECT) of photovoltaic (PV) devices by the open-circuit voltage method.

[12] Rubio F., Martinez M., Coronado R., Pachon J.L., Banda P. Deploying HCPV power
plant—ISFOC experiences. (2008) Photovoltaic Specialists Conference, PVSC '08, 33rd
IEEE.

[13] Fernandez, E.F., Pérez-Higueras, P., Garcia Loureiro, A.J., Vidal, P.G.

Outdoor evaluation of concentrator photovoltaic systems modules from different
manufacturers: First results and steps. (2013) Progress in Photovoltaics: Research and
Applications, 21 (4), pp. 693-701.

[14] Pérez-Higueras, P.J., Rodrigo, P., Fernandez, E.F., Almonacid, F., Hontoria, L.

A simplified method for estimating direct normal solar irradiation from global horizontal
irradiation useful for CPV applications. (2012) Renewable and Sustainable Energy Reviews,
16 (8), pp. 5529-5534.

[15] Kinsey, G.S., Hebert, P., Barbour, K.E., Krut, D.D., Cotal, H.L., Sherif, R.A.
Concentrator multifunction solar cell characteristics under variable intensity and temperature.
(2008) Progress in Photovoltaics: Research and Applications, 16 (6), pp. 503-508.

[16] ISFOC. Specifications of general conditions for the call for tenders for concentration
Photovoltaic Solar Plants for the Institute of Concentration Photovoltaic Systems (ISFOC).
2007.

[17] Hontoria, L., Aguilera, J., Riesco, J., Zufiria, P. Recurrent neural supervised models for
generating solar radiation synthetic series. (2001) Journal of Intelligent and Robotic Systems:
Theory and Applications, 31 (1-3), pp. 201-221.

[18] Hontoria, L., Aguilera, J., Zufiria, P. Generation of hourly irradiation synthetic series
using the neural network multilayer perceptron. (2002) Solar Energy, 72 (5), pp. 441-446.
[19] Hontoria, L., Aguilera, J., Nofuentes, G., Almonacid, F., De la Casa, J. Contribution to
quality control of PV modules: a new standard test conditions (STC) V—I curve conversion
method using neural networks. (2005) World Renewable Energy Congress, Aberdeen, United
Kingdom.

[20] Almonacid, F., Hontoria, L., Aguilera, J., Nofuentes, G. Improvement in the quality
control of PV modules using neural network. (2006) 21st European photovoltaic solar energy
conference and exhibition, Dresden, Germany.

[21] Hontoria, L., Aguilera, J., Almonacid, F., Nofuentes, G., Zufiria, P. Artificial neural
networks applied in PV systems and solar radiation. In: Artificial intelligence in energy and
renewable energy systems. (2006) Artificial intelligence, Vol. 5, United Kingdom: Nova
Publishers Inc., pp. 163-200.

[22] Hontoria, L., Aguilera, J., Zufiria, P.J. A tool for obtaining the LOLP curves for sizing
off-grid photovoltaic systems based in neural networks. (2003) 3rd World Conference on
Photovoltaic Energy Conversion, Osaka, Japan.

[23] Almonacid, F., Rus, C., Hontoria, L., Fuentes, M., Nofuentes, G. Characterisation of Si-
crystalline PV modules by artificial neural networks. (2009) Renewable Energy, 34 (4), pp.
941-949.

[24] Almonacid, F., Rus, C., Hontoria, L., Muioz, F.J. Characterisation of PV CIS module by
artificial neural networks. A comparative study with other methods. (2010) Renewable
Energy, 35 (5), pp. 973-980.

[25] Almonacid, F., Rus, C., Pérez, P.J., Hontoria, L. Estimation of the energy of a PV
generator using artificial neural network. (2009) Renewable Energy, 34 (12), pp. 2743-2750.


http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=4815197
http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=4815197

[26] Almonacid, F., Rus, C., Pérez-Higueras, P., Hontoria, L. Calculation of the energy
provided by a PV generator. Comparative study: Conventional methods vs. artificial neural
networks. (2011) Energy, 36 (1), pp. 375-384.

[27] Almonacid, F., Fernandez, E.F., Rodrigo, P., Pérez-Higueras, P.J., Rus-Casas, C.
Estimating the maximum power of a High Concentrator Photovoltaic (HCPV) module using
an Artificial Neural Network. (2013) Energy, 53, pp. 165-172.

[28] Philipps, S.P., Peharz, G., Hoheisel, R., Hornung, T., Al-Abbadi, N.M., Dimroth, F.,
Bett, A.W. Energy harvesting efficiency of III-V triple-junction concentrator solar cells under
realistic spectral conditions. (2010) Solar Energy Materials and Solar Cells, 94 (5), pp. 869-
877.

[29] Kinsey, G.S., Edmondson, K.M. Spectral response and energy output of concentrator
multijunction solar cells. (2009) Progress in Photovoltaics: Research and Applications, 17 (5),
pp. 279-288.

[30] Rodrigo, P., Fernandez, E.F., Almonacid, F., Pérez-Higueras, P.J.

Models for the electrical characterization of high concentration photovoltaic cells and
modules: A review. (2013) Renewable and Sustainable Energy Reviews, 26, pp. 752-760.



Figure caption

Figure 1. Experimental set-up used to carry out the study at the Centre of Advanced Studies
in Energy and Environment of the University of Jaén.

Figure 2. Structure of materials between the solar cell and the back surface of the HCPV
studied module.

Figure 3. Final structure of the proposed artificial neural network to estimate the cell
temperature of a HCPV module from atmospheric parameters.

Figure 4. Linear regression analysis between actual and predicted data using the four studied
methods.

Figure 5. Distribution of cell temperature of the HCPV module measured during the
experiment.

Figure 6. Absolute root mean square for each cell temperature for the four studied methods.
Figure 7. Histogram of the distribution of AP (%) for the studied methods.



