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Abstract—Due to its special features, one of the problems of high
concentrator photovoltaic (HCPV) technology is the estimation of
the electrical output of an HCPV module. Although there are several methods for doing this, only some of them can be applied using easily obtainable atmospheric parameters. In this paper, four
models to estimate the maximum power of an HCPV module are
studied and compared. The models that have been taken into account are the standard ASTM E2527, the linear coefficient model,
the Sandia National Laboratories model, and an artificial neural
network-based model. Results demonstrate that the four methods
show adequate behavior in the estimation of the maximum power
of several HCPV modules from different manufacturers.
Index Terms—High concentrator photovoltaic (HCPV), mathematical methods, maximum power, outdoor measurements.

I. INTRODUCTION
FTER more than 30 years of research into high concentrator photovoltaics (HCPV), this technology is finally
entering the market [1], [2]. Although this technology has not
achieved yet the needed momentum, HCPV could be in the
power generation market soon because of the high efficiencies
already reached and expected for this technology [3]–[8].
HCPV cells and modules operate under concentrations between 300 and 2000 suns. This technology is based on optical
devices that focus the light received from the sun on the solar
cell surface. A typical HCPV module is composed of multijunction (MJ) solar cells, usually monolithic lattice-matched
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GaInP/GaInAs/Ge III–V triple-junction solar cells, interconnected in series with one optical device per cell, as well as a
Fresnel lens and a secondary optical element that concentrates
the light with a ratio of around 500–1000 suns [9]. MJ concentrator solar cells are influenced by changes in irradiance,
spectrum, and temperature [10]–[12]. Due to the use of these
kinds of cells and optical elements, the performance of HCPV
modules are also going to be mainly affected by these parameters [13]–[16].
While there is much experience in the modeling of conventional photovoltaic modules with comparisons among different
models having been done, there is a little experience in these
kinds of studies in HCPV. Therefore, these kinds of studies
present great interest and novelty for HCPV technology. Because of these special features, one of the problems of HCPV
technology is the difficulty of finding simple and accurate methods that allow prediction of the output of an HCPV module
under real conditions. There are several methods for the estimation of the maximum power of an HCPV module. These models
present different levels of complexity and accuracy and require
different equipment to be applied [17]. The aim of this paper is
to study and compare some of these models. In particular, the
models used will be those that estimate the maximum power of
an HCPV module from outdoor measurements easy to get or
estimate from atmospheric databases in order to facilitate their
application. Taking this into account, the only models consider
have been the standard ASTM E2527 model [18], the linear
coefficient model [19], the Sandia National Laboratories model
[20], and an artificial neural network (ANN)-based model [21].
The most of the other methods usually need measurements of
specific instruments, detailed information of the materials of the
modules which is not always available, and advanced knowledge
of semiconductor physics, optics, or different specific software.
The analysis and comparison of these models for the prediction
of the maximum power of HCPV modules in outdoor conditions is useful to promote this technology. Furthermore, the
coefficients of all the studied models for several modules are
given in order to have a reference of these values of current
HCPV modules. This also allows the application of each model
for the modules under study.
This paper is organized as follows. Section II describes the
experimental setup used to measure and study the HCPV module. In Section III, the descriptions of the models and results
obtained in the estimation of maximum power of HCPV modules under study are presented and commented on. In Section IV,
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TABLE I
MAXIMUM POWER OF THE MODULES UNDER STUDY MEASURED AT THE SAME
OUTDOOR REFERENCE CONDITIONS FOR WIND SPEED LOWER THAN 1 M/S
Manufacturer

P (W)

DNI (W/m2 )

Ta i r (°C)

AM

A
B
C

57.2
116.9
45.7

900
900
900

20
20
20

1.5
1.5
1.5

P: Maximum power. DNI: Direct normal irradiance. Ta i r : Air
temperature. AM: Air mass.

a comparative study among the models used is presented. The
main conclusions of the work are presented in Section V.
II. EXPERIMENTAL SETUP
To conduct this study, three HCPV modules from different
manufacturers have been selected. These modules are representative of the current industrialized modules, but for confidentiality reasons, they are named as module A, module B, and
module C, respectively. The three modules are made of latticematched GaInP/GaInAs/Ge MJ solar cell, a PMMA Fresnel
lens as primary optic, and a refractive truncated pyramid as secondary optic. Module A has a geometric concentration of 500
and six cells connected in series. Module B has a geometric
concentration of 550 and 25 cells connected in series. Module C
has a geometric concentration of 625 and five cells connected
in series. All of them have a passive cooling. Table I shows
the maximum power of the modules under study, measured at
the same outdoor reference conditions, obtained following the
procedure described in [13].
HCPV modules were measured at the Centre of Advanced
Studies in Energy and Environment (CEAEMA), University of
Jaén. The center is located at the south of Spain, Jaén, which has
a high direct annual irradiation level [22] and air temperatures
that can easily reach 40 °C in summer and 5 °C in winter. Because of this, the solar research center is located in an adequate
place for HCPV outdoor evaluation.
To carry out this study, the modules were mounted on a highaccuracy two-axis solar tracker. The I–V characteristics of the
modules were measured with a four-wire electronic load. In
addition, a four-wire PT100 placed in contact with the solar cell
on the concentrator receiver for each module to measure the
cell temperature was installed. It is important to note that each
temperature sensor was located in a receiver between the center
and the border of the modules so that the measured temperatures
should be considered as the average temperature of a receiver
due to the temperature distribution of HCPV modules. This
approach has been previously used and has been considered as
a useful tool for the estimation of the cell temperature of an
HCPV module and for its electrical characterization [23]–[25].
An atmospheric station recorded other outdoor parameters such
as global irradiance (G), direct normal irradiance (DNI), wind
speed (Ws ), air temperature (Tair ), relative humidity (Hr ), or sun
elevation (γ s ), among others.
Fig. 1 shows the experimental setup to study the behavior of
the HCPV modules described above. All the parameters were

Fig. 1. Scheme of the experimental setup used to study the HCPV modules’
behavior at the CEAEMA of the University of Jaén.

recorded every 5 min from January 2011 to December 2012. It
is also important to note that the modules were cleaned once a
week and also after rainy days to avoid possible power losses.
Since the MJ solar cells and the HCPV modules are influenced
by the incident spectrum, some of the methods that will be
studied in next sections use different atmospheric parameters to
evaluate its impact. As will be commented, the parameters used
are the air mass (AM) and the precipitable water (PW). These
parameters are not directly given by the atmospheric station but
can be easily calculated. In this case, AM has been determined
knowing γ s [26] and PW knowing Tair and Hr [27], [28].
Fig. 2 shows the distribution of the main annual atmospheric
parameters measured during the experiment at Jaén.
III. HIGH CONCENTRATOR PHOTOVOLTAIC MODULE METHODS
In this section, the models that have been considered will be
described and studied. Particularly, the considered models are
the standard ASTM E2527 model [18], the linear coefficient
model [19], the Sandia National Laboratories model [20], and
an ANN-based model [21]. The parameters of each model considered have been obtained from outdoor monitorized data and
following the procedure described for each author.
A. Model of the Standard ASTM E2527
The American standard ASTM E2527 [18] defines a simple
procedure to predict the maximum power of an HCPV module.
The proposed equation is
PASTM = DNI · (A1 + A2 · DNI + A3 · Tair + A4 · Ws )
(1)
where A1 , A2 , A3 , and A4 coefficients are estimated by means
of regression analysis from outdoor monitorized data following the procedure described by the authors. Table II shows the
values of the coefficients for each module under study. As can
be seen, although the HCPV module is influenced by spectral
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TABLE II
COEFFICIENTS OBTAINED FOR THE THREE MODULES UNDER STUDY
OF THE ASTM E2527 MODEL

A
B
C

A1

A2

A3

A4

3.60905E-02
9.56743E-02
3.24868E-02

2.76245E-05
3.34642E-05
1.61190E-05

1.42270E-04
1.11243E-04
0.85932E-04

2.13138E-04
8.00692E-04
4.85177E-04

TABLE III
TEMPERATURE COEFFICIENTS OF MAXIMUM POWER (δ) AND AM
COEFFICIENTS OF MAXIMUM POWER (ε) OBTAINED FOR THE THREE HCPV
MODULES UNDER STUDY OF THE LINEAR COEFFICIENT MODEL
Manufacturer

A
B
C

δ (%/°C)

0.14
0.12
0.17

ε (%)
AM > AMU
AM ࣘ AMU
0
0
0

4.74
4.11
4.80

the HCPV module. The equation of the model to obtain the
maximum power of a HCPV module is
PLinear =

P+
+
DNI(1 − δ(Tair − Tair
))
DNI+
(1 − ε(AM − AMU ))

(2)

where P+ , DNI+ , Tair are, respectively, the maximum power,
direct normal irradiance, and air temperature at reference conditions (see Table I); δ is the air temperature coefficient of
maximum power; ε is the AM coefficient of maximum power
of an HCPV module (its value being 0 for AM ࣘ AMU and the
value obtained by the regression analysis of outdoor monitored
data for AM > AMU ); and AMU is defined as the umbral AM
at which the maximum power begins to be influenced, where its
value is about 2, as has been found in [16], [19], and [30].
The temperature coefficients of maximum power (δ) and AM
coefficients of maximum power (ε) for the HCPV modules under
study are obtained from outdoor monitorized data by means of
regression analysis following the procedure described by the
authors; results are shown in Table III.
C. Model of Sandia National Laboratories
The model of Sandia National Laboratories [20] uses the
DNI, the AM and the Tcell as inputs. The equations that allow
calculating the HCPV module maximum power are
Fig. 2. Distribution of DNI, T a ir , Ws , and Hr values measured during the
experiment.

changes, this model does not take into account any spectral
correction.
B. Model Based on Linear Coefficients
The linear coefficient model [19], [29] uses input parameters DNI, Tair , and AM to quantify the spectral influences on

f1 (AM) = a0 + a1 · AM+ a2 · AM2
+ a3 · AM3 + a4 · AM4

(3)

Bef (AM) = (DNI · f1 (AM)) DNI∗

(4)

δ = (m · k · (Tcell + 273.15)) /q
βV m pp = βV m pp0 + mV m pp · (1 − Bef )


2
Im pp = C0 · Bef + C1 · Bef
∗
∗
× (Im
pp + αIm pp · (Tcell − Tcell )

(5)
(6)

(7)
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TABLE IV
PARAMETERS OBTAINED FOR THE THREE MODULES UNDER STUDY
OF THE MODEL OF SANDIA NATIONAL LABORATORIES
Parameter

A

B

C

Units

αIm p p
βV m p p 0
mV m pp
a0
a1
a2
a3
a4
∗
Im
pp
V m∗ p p
m
C0
C1
C2
C3

0.0077
−0.049
−0.002
1.0185
0.00198
−0.0127
0.00102
−2.367E-5
4.12
15.92
1.14
1.018
−0.018
−4.33
−48.93

0.0009
−0.140
−0.004
0.8841
0.08849
−0.0279
0.00201
−4.575E-5
2.37
60.91
5.12
0.928
0.072
−0.20
−1.28

0.0083
−0.029
−0.001
0.8991
0.09765
−0.0294
0.00210
−4.769E-5
4.24
12.22
5.59
0.950
0.050
−0.15
−0.98

A/°C
V/°C
V/°C
–
–
–
–
–
A
V
–
–
–
–
1/V

Fig. 3. Structure of the ANN for the prediction of the maximum power of an
HCPV module.

TABLE V
CONFIGURATION AND TRAINING PERFORMANCE OF ANN FOR ESTIMATING
THE OUTPUT OF THREE MODULES UNDER STUDY
Programing Language
Neurons inputs
Neurons output layer
Neuron hidden layer
Maximum iteration limits
Training function
Performance function
Performance goal
Minimum gradient

Vm pp = Vm∗ pp + C2 · NS · δ · ln (Bef )
+ C3 · NS · (δ · ln (Bef ))2
∗
+ βV m pp · (Tcell − Tcell
)

PSandia = Im pp · Vm pp .

MATLAB 2011bT
3
1
5
500
Levenberg–Marquardt
Mean Square Error
1.00e−010
1.00e−05

(8)
(9)

Equation (3) approximates the spectral correction factor
f1 (AM), as defined in the standard ASTM E 973 [31], by a
fourth-order polynomial. Equation (4) calculates the effective
irradiance (Bef ), that is, the irradiance at which the cells actually respond. This irradiance is the DNI corrected with the
spectral correction factor, f1 (AM), and normalized to the reference irradiance, DNI∗ . Equation (5) defines the δ parameter,
which is the product of the effective ideality factor of the MJ
cell (m) and the thermal voltage. The thermal voltage is obtained
from the Boltzmann constant (k), the electron charge (q), and
the cell temperature. Equation (6) allows the determination of
the temperature coefficient βV m pp . This coefficient is used afterward for quantifying the effect of temperature on the module
maximum power point voltage. The coefficient is expressed as
a linear function of the effective irradiance, i.e., it is allowed to
vary with the concentration ratio. Equations (7) and (8) calculate
the module maximum power point current (Im pp ) and voltage
∗
∗
(Vm pp ) from their values at reference conditions (Im
pp , Vm pp ).
αI m pp is the temperature coefficient for Im pp , and NS is the
number of cells in series for the module. Finally, (9) obtains the
maximum power of the HCPV module. The reference conditions
∗
= 25 °C and AM1.5.
are defined as: DNI∗ = 1000 W/m2 , Tcell
Every model parameter is obtained from outdoor monitorized
data by means of regression analysis, following the procedures
described by the authors; results are shown in Table IV.
D. Model Based on Artificial Neural Network
Due to the fact that the relation between atmospheric parameters and module output maximum power is complex, a model
that tries to characterize the relation between atmospheric parameters and module output maximum power through ANNs

has been proposed in [21]. The model takes into account the
spectral influences through easily measurable parameters: the
AM and the PW. Inputs of the model are the DNI, the Tair , the
Ws , the AM, and the PW. Therefore, the maximum power is
defined by the following function:
PANN = f (DNI, AM, PW, Tair , Ws ) .

(10)

To estimate this function, a feed-forward neural network
trained with the Levenberg–Marquardt (LM) back-propagation
algorithm was used. The developed ANN has the structure
shown in Fig. 3: five nodes in the input layer (DNI, AM, PW,
Tair , Ws ), seven nodes in the hidden layer, and one node in
the output layer: the maximum power. The number of hidden
layer nodes was determined empirically [32]–[35]. To find the
final architecture (weights and bias and the number of nodes in
the hidden layer), several ANNs with different structures were
trained in order to find the ANN that best fitted the network output to the target. The LM training algorithm was used to adjust
the weights and bias such that the neural network produces the
required output for the given inputs data [36]–[38]. In order to
train, validate, and test the ANN, a set of outdoor measurements
were used for a wide range of operating conditions following
the procedure described by the authors.
Table V shows the configuration and main features of the
ANN used to estimate the output of the HCPV modules considered. Tables VI and VII show values of weight and bias for
the hidden and output layer neurons obtained for the studied
modules.
IV. COMPARATIVE STUDY
To study the behavior of the presented models in detail, the
root mean square error (RMSE), the mean bias error (MBE),
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TABLE VI
VALUES OF WEIGHTS AND BIAS OBTAINED FOR THE HIDDEN LAYER NEURONS
FOR THREE MODULES UNDER STUDY
Hidden layer
Weights

Bias
−1.8429
12.7312
−0.7949
2.6424
−9.2255
−1.6165
1.8776
−0.0333
5.1063
0.0492
0.8378
0.3880
−2.5878
1.3662
−3.5358
−0.0284
0.8811
−1.2296
−0.9498
−4.0959
4.2547

A

B

C

2.5940
−1.1261
0.3861
−2.0327
−8.7349
1.0121
2.0357
−0.8164
0.8322
−1.6218
−0.2589
−1.4806
1.9492
2.7184
−0.5130
−1.5463
−0.7570
−1.7805
0.3862
−0.0648
−0.1722

2.2913
−18.5147
0.0269
−1.7782
13.4286
−0.0637
0.5695
−0.0158
−0.3461
−0.3890
−0.4826
−0.4486
−0.8359
0.9630
−0.1083
−0.3744
−0.0183
−0.2535
0.0077
0.4302
−2.1945

2.0389
−2.7033
−0.1795
−1.0675
−5.9909
−1.0271
1.6886
0.1841
5.8053
−1.4026
0.2493
0.7209
−1.3351
−1.3420
−2.9562
−3.8941
−0.0592
−2.0785
−0.2388
−3.0006
2.6365

0.9202
0.3902
0.0312
−0.6628
15.7909
0.1804
0.7943
0.0311
−1.3989
−1.8233
−0.6977
−0.0565
0.1719
−1.1131
0.6337
−8.0610
0.1353
0.1738
−0.0352
0.3828
1.1541

0.2399
−0.3920
0.0682
−0.1742
−0.5748
0.3708
-1.0422
−0.0203
0.0735
0.7208
−2.1617
−1.3546
1.3480
1.68329
−2.4696
6.2506
0.0915
−0.3308
−0.0522
−0.0756
0.7253

TABLE VII
VALUES OF WEIGHTS AND BIAS OBTAINED FOR THE OUTPUT LAYER NEURONS
FOR THREE MODULES UNDER STUDY
Output layer
Weights

Bias
A
B
C

−2.73
−0.14
1.065

2.73
−1.10
−0.08

0.06
0.14
−0.03

4.51
−0.12
3.42

7.67
0.07
−0.24

−0.02
−0.05
8.02

−0.56
0.113
−2.030

0.130
0.203
−0.169

TABLE VIII
RMSE, MBE, AND DETERMINATION COEFFICIENT (R2 ) OBTAINED
FOR THE STUDIED MODELS

A

B

C

Model

RMSE (%)

MBE (%)

R2

Standard ASTM E2527
Linear Coefficients
Sandia National Laboratories
Artificial Neural Network
Standard ASTM E2527
Linear Coefficients
Sandia National Laboratories
Artificial Neural Network
Standard ASTM E2527
Linear Coefficients
Sandia National Laboratories
Artificial Neural Network

4.59
3.22
3.35
2.11
4.50
3.48
3.60
1.96
5.20
3.55
3.60
2.56

0.00
0.05
−0.05
0.00
0.00
−0.07
−0.09
-0.07
0.00
0.03
−0.08
−0.05

0.97
0.99
0.99
0.99
0.97
0.99
0.99
0.99
0.96
0.98
0.98
0.98

and the value of determination coefficient (R2 ) between predicted and actual data have been calculated (see Table VIII).
In addition, as an example, Fig. 4 shows the linear regression
analysis between actual data and predicted data for the studied
models for module A in order to show their performance
As can be seen, the value of R2 is close to 1 for the studied
models, which indicates a good fit for all of them, as shown in

5

Table VIII. The MBE gives an indication on the average deviation of the predicted values from the corresponding measured
data. A positive MBE value indicates the amount of overestimation in the predicted data and vice versa. As can be seen
in Table VIII, the four studied models have an MBE around
0%, what indicates that all the models are not overestimating
or underestimating the maximum power of the HCPV modules
under study. The RMSE represents a measure of the variation
of predicted values around the measured data. As can be seen
in Table VIII, the model with a larger RMSE is the standard
ASTM E2527, its value being between 4.50% and 5.20%. This
is probably because the model does not introduce any spectral
correction. The linear coefficient model and the Sandia National
Laboratories model yield similar results, i.e., an RSME around
3.5%. As can also be seen, the model based on ANN has the
lowest RMSE, its value being between 1.96 and 2.56%. From
this analysis, it can also be concluded that the four models perform effectively in the prediction of the maximum power of
HCPV modules: the four models have an R2 equal to or greater
than 0.96, an MBE almost equal to 0%, and a maximum RMSE
lower than 5.50% which can be considered as an acceptable
margin of error.
In order to study the models in more detail, the RMSE versus
the main parameters that affect the performance of an HCPV
module is calculated: DNI, cell temperature, and spectrum. It
is important to note that the spectral effects on the output of
an HCPV module are mainly given by the AM, aerosol optical depth, and PW [15], [39]–[41]. However, the aerosol optical depth values were not available during the measurements.
Hence, in order to study the quality of the models versus the
spectrum, the only atmospheric parameters taken into account
are the AM and PW. Fig. 5 shows an example of the performance of the four models versus these parameters for module
A. It is important to note that the behavior found for the other
two modules yields to the same conclusions commented below.
Fig. 5(a) shows the RMSE for each DNI level. As can be seen,
the ANN model shows the best results with an RMSE almost
constant, centered around 2%. The linear and Sandia models
show similar results. Both models show the poorest results for
low DNI levels with a maximum RMSE around 4% and show
a tendency to have a better performance as the DNI increases
until an RMSE value around 2%. The ASTM model shows the
poorest results with a maximum RMSE around 6% and shows
no particular trend.
Fig. 5(b) shows the RMSE for each Tcell level. As can be
seen, the ANN, the linear, and the Sandia models have a similar
behavior with an RMSE almost constant for all Tcell values.
However, the ANN model shows the best results with an RMSE
around 2%, while the linear and Sandia models have an RMSE
around 3%. Again, the ASTM model shows the poorest results
with an RMSE that shows a clear tendency to increase for high
Tcell values with a maximum around 6%.
Fig. 5(c) and (d) shows the RMSE for each AM and PW
level, respectively. Regarding AM, the ANN shows the best
results with an RMSE almost constant, centered around 2%.
Again, the linear and the Sandia models have a similar behavior
with an RMSE that shows a tendency to increase until AM val-
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Fig. 4. Linear regression analysis between actual data and predicted data for
the studied models for module A.
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Fig. 5. RMSE for different DNI, Tc e ll , AM, and PW levels for the four studied
models for module A.
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ues around 5 and keeps almost constant for higher AM values
at around 3.5%. The ASTM model shows the poorest results
with a maximum RMSE around 5.8% and shows no particular
trend. Regarding the PW, all models show the same behavior
with a not clear tendency. However, the ANN model provides
the best results, while the ASTM model yields the poorest results. The linear and the Sandia models again show similar
results.
From the analysis of results, it can be concluded that the model
that yields better results is the ANN-based model. This could be
explained because the model takes into account a wind speed
correction and two spectral corrections (AM and PW) and also
to ability of ANN of solving complex problems. However, the
model needs advanced knowledge in ANNs. The method based
on linear coefficients shows the second best results; furthermore,
this model has the advantage that is quite simple to fit and
apply. The Sandia National Laboratories model shows a similar
behavior to the linear coefficient model. However, this model
requires a more complex procedure than other models in order
to fit its parameters and needs the cell temperature as input
parameter, which is difficult to get, although it is possible to
estimate from atmospheric parameters [42]. The ASTM model
is also so easy to apply and fit as the linear coefficient model
but, because it does not take into account that any spectral
correction gives worse results. However, recent works suggest
the introduction of spectral correction based on AM and PW in
order to improve it [43].
V. CONCLUSION
A comparative study of four models to estimate the power
output of an HCPV module has been undertaken. The studied
models estimate the output of HCPV modules from atmospheric
parameters that are easy to obtain so that they are useful for
a wide variety of HCPV applications. To conduct this study,
three HCPV modules from different manufacturers have been
selected. These modules are representative of the current industrialized modules; therefore, this study could also allow a further
understanding the behavior of this technology in outdoor conditions and promote its application.
From the comparison of the errors of the models, the following conclusions have been found. The ASTM E2527 is the
model that gives the poorest results, with an RMSE in the range
of 4.50–5.20%. This could be explained because this model
does not take into account any spectral correction. The Sandia
National Laboratories and the linear coefficient models show
similar behavior, with RMSE around 3.5%. The model that
shows the best result is the ANN-based model with an RMSE
lower than 2.6%. This could be explained because the model includes a wind speed correction and PW as an additional spectral
correction. However, results show that the four models can be
used to estimate the maximum power of a HCPV module with
an RMSE lower than 5%, which can be considered to be an
acceptable margin of error. Furthermore, it is important to note
that all the models present an MBE around 0%, which means
that all of them could be useful to estimate the energy produced
by an HCPV module over a year.
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In addition, in this paper, all the coefficients obtained for the
application of four studied models have been given. This also allows the application of each model for the modules under study.
Besides, a significant conclusion could be found from the analysis of coefficients obtained for each model. The coefficients
of the ASTM E2527, the Sandia National Laboratories, and
the ANNs models have to be considered as fitting parameters
without direct physical meaning (with the exception of some
coefficients of the Sandia National model). However, the coefficients obtained with the linear model have a physical meaning:
relative maximum power losses due to temperature and AM.
This means that this model could be used to estimate the maximum power of an HCPV module with similar characteristics to
the studied modules, while for the other models, the coefficients
need to be adjusted for each different module.
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