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Abstract: Global irradiation on tilted planes is required in all engineering calculations for solar systems. Various
methodologies are compared in view to obtain these data from measured horizontal global solar irradiation using
empirical or semi-physical models and Artificial Neural Network (ANN).
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main problems relating to this sky anisotropy: the
circum-solar brightness due to the solar radiation
diffusion by aerosols and concentrated in the sky
area around the sun and the horizon brightness
concentrated near the horizon which is even more
important in clear skies.
• at last, these data are relatively rare.

1. INTRODUCTION
The time step at which data must be known
depends on the utilization we want to do. If monthly
average values allow to realize a preliminary sizing,
daily values and even better hourly values are
required if we want to perform a more correct and
precise sizing particularly when an energy storage
mean or an electrical power buffer is in the system. In
commercial software for solar systems, the inclination
of collectors is requested the software “inclines” the
horizontal global irradiation contained in the database
with generally, a low accuracy. It is useless to
develop precise models if the input data are too
approximated. In this work, we calculate the global
irradiation on tilted planes from only horizontal
global irradiation using two types of model:
• Empirical or semi-physical models computing
directly or by combination of two models the tilted
data;
• Method using Artificial Neural Network.
As said by Behr [1], three main reasons make it
impossible to develop a simple model for converting
horizontal global solar radiation into inclined
radiation:
• the radiation incident on a tilted plane
includes the radiation reflected by the environment;
• when the plane is tilted, only a portion of the
sky is “seen” and the sky diffuse component
depends not only on the inclination or the orientation
of the collector, on the elevation of the sun and its
azimuth but also on the sky conditions rarely
uniform. This induces some anisotropic effects
complex and difficult to quantify. There are two

2. SOLAR RADIATIONS COMPONENTS
When solar radiation enters the earth’s
atmosphere, a part of the incident energy is removed
by scattering and a part by absorption. The scattered
radiation is called diffuse radiation. A part goes back
to the space and another one reaches the ground
directly in line from the solar disk, this part is called
beam radiation (Fig. 1)
solar radiation reflected
back to space
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Fig.1. Solar radiation an horizontal and tilted surface
The solar radiation arriving on a tilted collector
has a beam component (nil by cloudy sky), two
diffuse ones coming from the sky and from the
ground (Fig. 1.).
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• then, computing the global solar radiation on
tilted planes from horizontal global and diffuse
radiations [5];
• at last, to group the two previous steps.
94 combinations were tested (for inclinations of
45° and 60°) in Ajaccio by Notton et al [6] using:
• seven horizontal diffuse solar irradiation
models: Orgill and Hollands [7], Erbs et al. [8],
Hollands [9], Hollands et Crha [10], Climed2 [2],
Skartveit & Olsen [11] and Maxwell [12]
• coupled with 15 tilted diffuse solar irradiation
models: Liu & Jordan [13], Koronakis [14], Jimenez
& Castro [15], Circum solar [5], Temps & Coulson
[16], Bugler [17], Klucher [18], Hay [19], Wilmott
[20], Ma & Iqbal [21], Skartveit & Olseth [22],
Reindl et al. [23], Muneer [24], Perez et al. [25] and
Gueymard [26].

3. THE EXPERIMENTAL DATA AND
VALIDATION TESTS
Measures were realized at the University of
Corsica in the laboratory “Sciences for
Environment” in the gulf of Ajaccio (lat: 41°55’ N;
long: 8°55’ E) situated at about 200 m from the sea
at an altitude of 70 m (Fig. 2). The site is
characterized by an insular Mediterranean climate.

Normal beam
radiation

Horizontal global
radiation

Global
radiation 45°

Global
radiation 60°

Fig.2. Position of the Meteorological station
Horizontal
diffuse radiation

The data are measured and stored each minute.
For the measure of the normal beam irradiance, a
pyrheliometer Kipp & Zonen at normal incidence is
mounted on an automatic Solar Tracker Model
SMT-3). Every two days, the pyrheliometer is
cleaned and its alignment is verified. The global
irradiance on horizontal, 45° and 60° tilted surfaces
is measured by three Kipp & Zonen (CM11)
pyranometers.
The experimental data have been collected since
January 2006 in a quasi-continuous manner. The
hourly values are computed by integration on the
hour. A quality control, suggested by De Miguel et
al. [2], is applied to the calculated hourly data, and
all data that do not comply with the following
conditions have not been used:

Global
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Fig.3. Method in two steps
0.3
Maxwell
Erbs
Hollands
Hollands and Chra
Circum solar
Average value for all first class models

0.25

Climed2
Skartveit and Olseth
Orgill and Hollands
Olmo
Jimenez

R elative R M SE

0.2

0.15

4. CONVENTIONAL METHODS
There are a number of models available to
estimate global radiation on inclined surface from
radiation on a horizontal surface. But, these
models require information at the same time on
the global and the beam or diffuse radiation on a
horizontal surface. Olmo et al [3] developed a
model only requiring the global radiation, the
sun’azimuth and elevation. Another method
consists in successively applying two types of
models as illustrated on Fig. 3.
• firstly, calculating the horizontal diffuse
solar radiation from the horizontal global solar
radiation [4];
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Skarveit
and Olsen

Perez

Second class model

Fig.4. Performances of second class model (RMSE)
The RRMSE obtained with these combinations
are around 10% and the best combination conduces
to a RRMSE of 8.11% for 45° and 10.71% for 60°
(Figs. 4-5).
Using the Olmo direct method [3], the RRMSE
was 12.14% for 45° and 17.01% for 60°.
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To illustrate the accuracy of the best
combinations for the two inclination angles, we
plotted the estimated data and the experimental
values in Figs. 6 and 7.
5. ARTIFICIAL
MODEL

NEURAL

The number of hidden layers and of neurons in
each layer depends on the specific model,
convergence speed, generalization capability,
physical process and training data that the network
will simulate [27].

NETWORK
1000

Artificial Neural Networks (ANN) have been
developed so as to model how the human brain
processes information. An ANN has a paralleldistributed structure and consists of a set of
processing elements called neurons. The ANN
structure is composed of:
• an input layer which receives data;
• an output layer to send computed information;
• one or several hidden layers linking the input and
output layers.

MBE = -2.11 %
RMSE = 10.71 %
CC = 0.987

Estimated data (Wh/m²)

800

600

400

200

0
0

200

400

600
Experimental data (Wh/m²)

800

1000

0.3
Klucher
Ma and Iqbal
Hay and Davies
Skarveit and Olsen
Koronakis
Reindl
Temps and Coulson

0.25

Fig.7. Combination Skarveith & Olseth + Klucher (60°)

Perez
Hay and Wilmott
Gueymard
Muneer
Liu and Jordan
Bugler
Average value for all second class models

The neuron consists essentially of a set of
connections, called synapses, (Fig. 8), which can
accept input signals p i that are defined by synaptic
weights wi,j (i is the layer index, j is the neuron
index) and an integrator that performs the weighted
sum of its inputs. The result of this sum, n, is then
transformed by a transfer function f which produces
the output a of a neuron if this sum exceeds a certain
threshold or bias. The output is then distributed to
other neurons as inputs.
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Fig.6. Combination Maxwell + Klucher (45° tilted plane)

Fig.8. Neuron model

According to the chosen architecture, all or a part
of the neurons in a layer are connected with all or a
part of the neurons of the previous and next layer.

There are two problems concerning the ANN
implementation: specifying the network size
(number of layers in the network and number of

15

Ecological Engineering and Environment Protection, No 3, 2012, pp. 13-19
nodes in each layer), finding the optimal values for
the connection weights.
An insufficient number of hidden nodes cause
difficulties in learning data whereas an excessive
number of hidden nodes might lead to unnecessary
training time with marginal improvement in training
outcome as well makes the estimation for a suitable
set of interconnection weights more difficult. To
determine the optimal number of hidden nodes, the
method commonly used is trial and error based on a
total error criterion. This method starts with a small
number of nodes, gradually increasing the network
size until the desired accuracy is achieved.
One of the properties of ANNs is their ability to
learn from their environment and to improve their
performance through a learning process also called
training process. Learning results in a change in the
weights value connecting the neurons from one layer
to another. The goal is to achieve equality between
the actual output and simulated output. It is therefore
necessary first to choose the learning algorithm and
define the part of the data used for learning in
relation to the total amount of data available.
The various steps in the implementation of an
optimized ANN consist in selecting:
• an ANN structure
• a transfer function type
• an ANN size (number of layers and of neurons
per layer)
• a learning algorithm;
• a training/test set;
• input data

configurations give the best results with a small
error. The compromise between the number of
hidden layers and the number of neurons in each
layer allows to obtain a fast and robust network that
will give the best results. Moreover, a large sized
architecture requires more data and easily becomes
over-trained, i.e unable to generalize efficiently.
Unfortunately, today, there is no mathematical
method allowing the optimal sizing of the ANN; the
choice of the optimal structure can be done only
after testing different configurations and estimating
their performance.
6) input data: The declination represents the
position of the Earth from the Sun and depends on the
day number. The sun position influences the quantity
and the quality of the sun radiation: when the sun is
high in the sky (low zenith angle), the solar radiation
is maximal (in clear skies) and as the optical path is
minimal, therefore the incident radiation is less
absorbed. This position is characterized by the zenith
angle. Depending on the season and sky conditions,
several values of inclined solar irradiation correspond
to the same horizontal irradiation. In the diffuse
radiation model, the clearness or the diffuse index are
used to take account of sky condition which is an
important parameter in the repartition of diffuse and
beam radiations. The higher the clearness index is, the
clearer the sky is and the more is global radiation
composed of beam radiation. The extraterrestrial
irradiation is used as reference and is useful as an
input parameter. We also chose to enter the hour as
input data. Amongst the three parameters: time,
declination and zenith angle, one may not be useful
because the zenith angle is calculated from the time
and the declination. To remove this ambiguity, we
will conduct a sensitivity analysis of these 3
parameters. Thus, the input parameters will be: i) the
hour, ii) the declination, iii) the zenith angle, iv) the
horizontal global and v) the extraterrestrial horizontal
solar irradiation.

5.1. ANN Implementation
On the basis of a bibliography review, we chose
for each step of the ANN implementation :
1) structure: we used a MultiLayer Perceptron
(MLP) using feed-forward back-propagation .
2) transfer function: the combination of a
sigmoid and a linear transfer functions allows a good
approximation of several types of functions.
3) learning algorithm: The Levenberg–Marquardt
algorithm (LM) is an approximation to the Newton
method used during the training;
4) training/test set: Among all the available data,
we must use a percentage for the training and the rest
will serve for the testing. As proposed by Dreyfus
[28] we must use more than 50% of data for the
training phase. Thus, we decided to take 3 whole
years of data for training (60%) and 2 whole years
(40%) for testing;
5) ANN size: Whatever the number of inputs,
the ANN has to be as simple as possible. These

5.2. Choice of architecture
We developed three ANNs (Fig. 9):
1. the first one for the estimation of hourly
global horizontal on a 45° tilted plane;
2. the second one for the estimation of hourly
global horizontal on a 60° tilted plane;
3. the third one for the estimation of hourly
global horizontal on a 45° or 60° tilted plane;
In case 3, the number of input data is doubled
because each value of hourly global horizontal
irradiation is entered twice, first with β=45° and
after with β=60°.
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Input layer

We use a two hidden layers model and we
optimize it in varying the number of neurons in each
hidden layer.
We varied the number of neurons in the first
hidden layer from 15 to 50 and in the second one
from 5 to 50; we limited the number of hidden layers
to two because the ANN must be as simple as
possible. In Table 1, we present, the best architecture
for each model.
We wondered whether there wasn’t a redundancy
between some input data. The extraterrestrial
irradiation cannot be deleted because it is used as a
reference of maximum irradiation. The declination is
linked to the day number of the year. The zenith
angle depends on the declination and the hour angle
and the same information is likely to be contained in
the hour and the zenith angle. To verify this
hypothesis, we repeated the previous study, by
removing respectively the hour and zenith angle and
comparing the results with the previous ones.
Whatever the model is, removing the hour as input
data improves the network performances. We found
that reducing the number of input data did not
change the optimal structure i.e. the number of
neurons in hidden layers.

Model 1

Zenith angle

β

θz

Hourly global irradiation
on a 45° tilted plane I45°

Hourly Extraterrestrial
horizontal irradiation I0
Hourly horizontal
Global Irradiation I
Input layer

Hidden layers

Output layer

δ

Declination

Model 2

Hour h
Zenith angle

θz

Hourly global irradiation
on a 60° tilted plane I60°

Hourly Extraterrestrial
horizontal irradiation I0
Hourly horizontal
Global Irradiation I
Input layer

Hidden layers

Output layer

δ

Declination

Model 3

Hour h
Zenith angle

θz

Hourly global irradiation
on a β° tilted plane Iβ

Hourly Extraterrestrial
horizontal irradiation I0
Hourly horizontal
Global Irradiation I
Inclination angle β
(β= 45°or 60°)

Input measured data
Starting data

Output researched data
Incoming data

Input calculated data

Fig.9. The three ANN models
We show in Fig. 10 the estimated data versus the
experimental data for the three models.
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Deleting the hour in the input data, the results are
given in Table 2.
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We randomly selected 3 periods of days for
which we plotted the experimental and calculated
data (Fig. 11).
800
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