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Abstract: The prediction of solar radiation is very important tool in climatology, hydrology and energy
applications, as it permits estimating solar data for locations where measurements are not available. In this
paper, an adaptive neuro-fuzzy inference system (ANFIS) is presented to predict the monthly global solar
radiation on a horizontal surface in Libya. The real meteorological solar radiation data from 5 stations for
the period of 1982 - 2009 with different latitudes and longitudes were used in the current study. The data set
is divided into two subsets; the first is used for training and the latter is used for testing the model. (ANFIS)
combines fuzzy logic and neural network techniques that are used in order to gain more efficiency. The
statistical performance parameters such as root mean square error (RMSE), mean absolute percentage error
(MAPE) and the coeflicient of efficiency (E) were calculated to check the adequacy of the model. On the basis
of coeflicient of efficiency, as well as the scatter diagrams and the error modes, the predicted results indicate
that the neuro-fuzzy model gives reasonable results: accuracy of about 92% - 96% and the RMSE ranges
between 0.22 - 0.35 kW.hr/m?/day.
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1. INTRODUCTION

Solar radiation is the driving force for
hydrological cycle. It is one of the most important
factors used in estimation of evaporation (E)
and evapotranspiration (ET), where loss of water
through evaporation is a major consideration in
the design management of water supply reservoirs
and water supply. There is lack of solar radiation
measurements in Libya for practical problems
because it requires sensitive solar sensors which
are expensive and not available in most Libyan
meteorological stations. Thus, prediction of solar
radiation plays very important role in climate
impact assessments of agricultural, water system
management, design of the renewable and solar
energy systems. The strategic location of Libya in
the center of North Africa with vast area which is
mostly desert and its geographical position favors
the development and utilization of solar energy. This
makes it necessary to study and estimate the solar
radiation at several locations distributed all over the
country.

The ANFIS modeling strategy is widely used in
the applications or systems that involve uncertainty
or imprecision in the measurements and definitions
of the variables constituting the system’s behavior.
In other words, it is widely accepted as a promising
tool because it uses linguistic terms, and is able to
deal with nonlinear problems and can perform
predictions at high speed. In the last few decades,
ANFIS has been successfully applied to various
problems. Dakhil, et al. (2000) studied solar
radiation on horizontal surface in Libya over the

period 1981-1987. The solar radiation is estimated
by using empirical equations. Bannani, et al. (2005)
estimated the monthly average global radiation,
where regression equations for eleven stations in
Libya were fitted, using monthly average hours of
sunshine duration as predictors. Iqdour and Zeroual
(2006) used the Takagi-Sugeno fuzzy systems for
modeling daily global solar radiation recorded in
Dakhla, Morocco. The predicting results indicate
that the Takagi-Sugeno fuzzy model gives a good
accuracy of approximately 96% and a root mean
square error lower than 6%. Also Mellit et al. (2008)
proposed a new model based on neuro-fuzzy for
predicting the sequences of monthly clearness index
and applied it for generating solar radiation which
has been used for the sizing of a PV system. The
proposed model has been used for estimating the
daily solar radiation. Senkal and Kuleli (2009) also
used artificial neural networks for the estimation of
solar radiation in Turkey.

Meteorological and geographical data (latitude,
longitude, altitude, month, mean diffuse radiation
and mean beam radiation) are used in the input
layer of the network and Solar radiation is the
output. In 2011, Rahoma, et al applied a neuro-
fuzzy technique for the prediction of solar radiation
to Helwan, Egypt. They used the daily data and
showed that an ANFIS model gives a good accuracy
of approximately 96% and a root mean square error
lower than 6%. Recently, Sumithira, et al (2012)
developed an adaptive neuro-fuzzy inference system
(ANFIS) to predict monthly global solar radiation
(MGSR) in Tamilnadu, India.
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In this paper, an attempt has been made for
implementing the ANFIS model to predict monthly
global solar radiation data for the period of 1982-
2009 from 5 meteorological stations in Libya.

2. METHODOLOGY

An Adaptive Neuro Fuzzy Inference System
(ANFIS) is a kind of artificial neural network
that is based on Takagi- Sugeno fuzzy inference
systems ANFIS concatenates the fundamentals of
Neural Network and the Fuzzy logic. The ANFIS
architecture is proposed by Jang (1993) and is
developed based on the theory of fuzzy set and
fuzzy logic. It is a combination of two intelligence
systems, namely ANN system and FIS system in
such a way that the ANN learning algorithm is used
to determine the parameters of the FIS. ANN is a
non-linear statistical data-modeling tool, which can
capture and model any input-output relationship
(or can learn detect complex patterns in data).
FIS (involves membership function (mf), fuzzy
logic operator and if-then-rules) is the process of
formulating the mapping from a given input to an
output using fuzzy logic (Patel, 2014). Each fuzzy
system contains three main parts: fuzzification,
inference, and defuzzification. Basically a fuzzy
inference is composed of five functional blocks:

o Input characteristics to input membership
functions,

o Input membership function to rules,
o Rules to a set of output characteristics,

o Output characteristics to output membership
functions.

o The output membership function to a single
valued output, or a decision associated with the
output.

For simplicity, a fuzzy inference system has two
inputs x and y one output is assumed. For a first-
order Sugeno fuzzy model, a common rule set with
two fuzzy IF-THEN rules are defined as:

Rule 1: Ifxl is A and x,is B, then f1 =ax + blx2

F O, ettt ettt ettt tne )

Where: a, a, and b, b, are membership of input
variables x and y which are parameters of the output
function f and f,.

A typical architecture of an ANFIS model with
two input variables, in which a circle indicates a fixed
node, whereas a square indicates an adaptive node,
is shown in Figure 1. In this connections structure,
there are input and output nodes, and in the hidden
layers, there are nodes functioning as membership
functions (MFs) and rules.
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Figure (1). ANFIS architecture
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3. THE STUDY AREA

Libya occupies a part of Northern Africa located
between 20° to about 34° N latitude and between 10°
to 25° E longitude. It has an important physical asset
by its strategic location at the midpoint of Africa’s
Northern rim as shown in Figure 2. Total area of
Libya is about 1.76 Million km2; it ranks fourth
in area among all countries of Africa and fifteenth
among all countries on earth. More than 95% of
Libya is desert (El-Tantawi, 2005). The maximum
global solar radiation over Libya ranges between
9.30 to 10.69 kW.hr/m2/day going from north to
south. Also the yearly average values are 5.79 and
8.58 kW.hr/m2/day (El-Tantawi, 2005). The latitude,
longitude and altitude of the five considered stations
are presented in Table 1.

Table (1). Latitude, Longitude and Altitude of the
stations under consideration (Dakhil et al.,

2000)

Latitude Longitude Altitude
Station

(N) (E) (m)
Benina 32.10 20.15 39
Ghat 26.07 10.15 699
Hun 29.13 15.95 265
Sabha 27.02 14.43 437
Tripoli 32.97 13.18 30

4, PREDICTIONS OF SOLAR

RADIATION

4.1 Data Collection

In the current study, data used for training and
testing the ANFIS models have been collected from
the Libyan National Meteorological Center, Tripoli
and from the Center for Solar Energy Research
and Studies, Tripoli. The data are mainly monthly
average for the in-situ observations of sunshine
duration (SH) and solar radiation (SR). Table 2

u]

displays statistical summary of SH and SR for the
five stations under consideration.

Figure (2). Physical setting of the study area.

Table (2). The statistical information for all stations
under consideration

**SR (kW.h
Variables *SH (hr) ( v/

m?/day)
M) 15606.47 9301.32
Mean 9.29 5.45
Variance (0 %) 3.80 2.86
Standard 1.95 1.69
deviation (o)
Skewness 0.31 023
coefficient (S.C) ' ’
Coefl. of

0.21 0.30

variation (C.V)
Correl:(mon 0.85
coeflicient (r)

*SH is the Sunshine Hours (hr) and ** SR is the Solar
Radiation (kW.hr/m?/day).

4.2 Training of the ANFIS Models and
Application

In the training and testing phases of the
proposed models, data sets of 1500 values from 1982
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to 2006 and 180 values from 2007 to 2009 have been
used, respectively. Firstly, the model is constructed
by using 1 input (i.e. sunshine duration) which
was split into six membership functions. Then the
ANFIS model was trained for 3 inputs with four and
six membership functions and one output. Finally,

to predict monthly solar radiation; the year, month,
latitude, longitude and sunshine duration were used
as inputs to the model. The number of membership
functions and the linguistic variable of the neuro-
fuzzy are presented in Table 3.

Table (3). The linguistic variable for the input for the neuro-fuzzy membership functions for all stations

'The variahle The linguistic variable
Name Symbol
Years First Group Gl
Ranges of data Second Group G2
1982 to 2009 Third Group G3
Fourth Group G4
Months First Season S1
Ranges of data Second Season S2
1to 12 Third Season S3
Fourth Season S4
Latitude (N) Small S
Ranges of data Medium M
24.95 to 32.54 High H
Longitude (E) Small S
Ranges of data Medium M
10.17 to 20.16 High H
Sunshine duration (hr) Very Short VSh
Ranges of data Short Sh
2.30 to 13.00 Medium M
High Medium HM
Long L

Figures 3, 4 and 5 demonstrate the membership
function of the input data with 1 input, the
membership function of the input data with 3
inputs and the membership function of the input
data of 5 inputs respectively. As we can see from the
figures that the shape of HM membership function,
red colored line, can be any appropriate function
that are continuous and piecewise differentiable
such as Gaussian, general bell shaped, such shapes
were chosen by MATLAB functions used for such
calculations.
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4.3 Performance Indicators

Basis of the following statistical error tests: the
mean absolute percentage error (MAPE), root mean
square error (RMSE) and the coefficient of efficiency
(E) tests were applied as they are the most commonly
used teqniques in comparing the models of solar
radiation estimations. They are defined below as:

A. Mean absolute percentage error (MAPE):

o | XiT Y,
z{ v, J

n

MAPE =
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Figure (3). The membership function of the input
data, (ANFIS - 1 input)
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Figure (4). The membership function of the input
data, (ANFIS - 3 inputs).

B. Root mean square error (RMSE):

i(x,. —1.)7 cecescscescescscescesces (4)

RMSE =
n

C. Nash-Sutcliffe
efficiency):

efficiency (coefficient of

The efficiency factor (E) proposed by Nash and
Sutcliffe (1970) is defined as follows:

pICEEDS
> -3y

E=1

u]

Where: xi the predicted data; yi the observed data
and n the number of data observed.
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Figure (5). The membership function of the input
data, (ANFIS - 5 inputs)

5. RESULTS AND DISCUSSION

The ANFIS system was applied to the available
data, the model is trained for many scenarios
with different inputs. Membership functions of
different variables are selected as Gaussian shapes.
The Performance of each model was studied by
evaluating its statistical performance. The three
most widely used statistical indicators in estimation
models are the coefficient of determination E, the
root mean square error (RMSE) and the mean

absolute percentage error (MAPE). On the basis of
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correlation coefficients and the efficiency factor (E)
as well as the scatter diagrams, the ANFIS models
appear successful and yield reliable results. It was
found out that using more input variables in the
training phase leads to enhance the performance of
the models. That is the ANFIS with 5 inputs variable
produces good results in comparison to the model
with 1 input variable. The MAPE decreases and the E
increases as the number of input variables increases.
For example, the model with the latitude, longitude,
year, month and sun shine hours as inputs gives

Table (4). Models statistical performances

MAPE (3.76%) and E (0.96) whereas the model with
the sunshine hours as input gives MAPE (13.82%)
and E (0.74). In the training phase the coefficient
of efficiency E was found to vary between 0.74-
0.96 for the monthly solar radiation during 1982
to 2006 for the 5 stations. However, in the testing
phase the coefficient of efficiency E ranged between
0.70 - 0.92 for the monthly solar radiation during
2007 to 2009 for the 5 stations. The models statistical
performances for all station are presented in Table 4.

Period (1982-2006) Period (2007-2009)
The statistical error ANFIS ANFIS | ANFIS [ ANFIS ANFIS | ANFIS
1 input 3inputs | 5inputs | 1 input 3inputs | 5inputs
MAPE % 13.82 5.77 3.76 12.98 8.18 9.54
RMSE (kW.hr/m2/day) 0.85 0.37 0.22 0.95 0.57 0.35
E % 74 95 96 70 89 92
Mean (kW.hr/m2/day) 5.49 5.49 512 5.58 5.75 5.56
o (kW.hr/m2/day) 1.44 1.63 1.83 1.45 1.72 1.77
Figures 6, 7 and 8 show Scatter diagram of
predicted and observed monthly solar radiation for 5
ANFIS models. Figures 9, 10 and 11 show the £95% :
confidence interval for the predicted solar radiation R?=0.9445 4
data for ANFIS models. : ‘
10 E 6
R*=0.7381 §
8 g .
'E [
] 2 .
s
% a .
0
2 0 2 4 6 8 10
3 SR ANFIS

4 &
SR ANFIS

Figure (6). Scatter diagram of predicted and
observed monthly solar radiation for all
stations, (ANFIS - 1 input).
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Figure (7). Scatter diagram of predicted and
observed monthly solar radiation for all
stations, (ANFIS - 3 inputs).
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Figure (8). Scatter diagram of predicted and  Figure (11). The +95% confidence interval for
observed monthly solar radiation for all the predicted solar radiation data for all
stations, (ANFIS - 5 inputs). stations, (ANFIS - 5 inputs)
fo0 ——sRoberves YT ra—T Y55
6. CONCLUSION
N The proposed ANFIS model to predict the
% b e N R monthly global solar radiation is a successful tool
‘;" S s A . and suitable for solar radiation application. Also,
= it is possible to generate this data for any remote
200 regions. The values of performance parameters such
as root mean square error (RMSE), the coefficient
of efficiency (E) and the mean absolute percentage
200

FEIFFEPFEISFSFS

v v
Years

Figure (9). The *95% confidence interval for
the predicted solar radiation data for all
stations, (ANFIS - 1 input).

SR Observed ----- SRANFIS — — --%95 +%395

@
2
5]

~

SR (kW.hr/m?/day)

b
=1
a

Figure (10). £95% confidence interval for the
predicted solar radiation data for all
stations, (ANFIS - 3 inputs)

error (MAPE) presented in this paper are very
satisfying. The ANFIS models show promising
results for evaluating monthly global solar radiation
in any region. The findings demonstrate the
predicting capability of ANFIS models and their
compatibility for any region with varying climatic
conditions. Furthermore, it is suitable for a place
where a network of monitoring stations has not been
setup. In the future works, some additional inputs
may be employed for solar radiation prediction
and dividing the data to seasonal data may be more
useful. In addition, authors recommend using
hourly data instead of mean monthly data for the
predictions of solar irradiation. This will be done in
another paper in future.
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