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There are several variables that influence the global solar radiation (GSR) prediction; thus, determining
the most significant parameters is an important task to achieve accurate predictions. In this paper,
adaptive neuro-fuzzy inference system (ANFIS) is employed to identify the most relevant parameters for
prediction of daily GSR. Three cities of Isfahan, Kerman and Tabass distributed in central and south
central parts of Iran are considered as case studies. The ANFIS process for variable selection includes
evaluating several combinations of input parameters for three cases with 1, 2 and 3 inputs to recognize
the most relevant sets. To achieve this, nine parameters of sunshine duration (n), maximum possible
sunshine duration (N), minimum, maximum and average air temperatures (Tmin, Tmax and Tavg), relative
humidity (Rh), water vapor pressure (VP), sea level pressure (P) and extraterrestrial radiation (Ho) are
considered. The results reveal that an optimum sets of inputs are not identical for all cities due to dif-
ference in climate conditions and solar radiation characteristics. According to the results, considering the
most relevant combinations of 2 input parameters is the more appropriate option for all cities to achieve
more accuracy and less complexity in predictions. The survey results emphasize the importance of
appropriate selection of input parameters to predict daily GSR. Such suitable, simple and accurate pre-
diction is profitable to properly design and evaluate the performance of solar energy systems, which
subsequently leads to technical and economic benefits.
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1. Introduction

Due to the destructive influences fossil fuels on the environ-
ment and rapid growth in the global energy demands, renewable
energy sources are receiving further attention from researchers,
governments and industries. Solar energy is a promising renew-
able energy source due to its unique characteristic, which is widely
accessible around the world. Solar energy is utilized either directly
or indirectly in a substantial number of applications such as
electricity generation, air and water heating/cooling and etc. In
fact, solar energy based technologies would play a substantial role
in providing large portions of the current and future of global
energy demands for both private and public sectors. Currently,
solar energy harnessing is getting cheaper and more efficient due
to technological changes, market competition and also enhance-
ment in the capture, conversion and distribution processes. Solar
energy harnessing would be highly profitable to mitigate the
global warming and offer sustainability. The knowledge of global
solar radiation is a fundamental requirement in different techno-
logical and scientific applications of solar energy such as apprais-
ing the performance of established solar technologies, as well as
estimating the feasibility of installations in the future [1–4].

Ideally, the solar radiation information of every specific loca-
tion should be acquired frommeasurement stations using the high
precision instruments. Nonetheless, the reliable measured global
solar radiation data are relatively scarce in many locations around
the world because of paucity of instruments and fiscal issues [5,6].
As a consequence, several empirical models have been suggested
for estimating global solar radiation using different meteorological
and geographical elements [7–20]. Recently, soft-computing
approaches have also been employed as particularly effective
techniques to model global solar radiation in many parts of
the globe.

Soft-computing techniques can efficiently recognize the rela-
tionships between dependent and independent variables even for
non-linear natural processes. The adaptive neuro-fuzzy inference
system (ANFIS) is a soft-computing technique which its employ-
ment brings many advantages such as adaptability for optimiza-
tion and adaptive methods as well as computational efficiency. The
main idea behind ANFIS is providing a method for the fuzzy
modeling procedure to learn the information about data and
organize the fuzzy inference system with given input/output
data pairs.

Basically, there are several variables that have been typically
used as required inputs to predict global solar radiation. Because
considering many input parameters can increase the complexity
and decrease the generalization of the models, determining the
most significant variables is an important task to achieve accurate
predictions. In this research work, an ANFIS selection procedure is
applied to determine the most influential parameters affecting the
horizontal global solar radiation. The main aim is to introduce the
most significant parameters for prediction of daily horizontal
global solar radiation in three cities of Isfahan, Kerman and Tabass
distributed in the central and south central parts of Iran. These
regions of Iran has been considered as case study owing to the
remarkable solar energy potential. Also, measured global solar
radiation data are rarely accessible. Nevertheless, the applied
technique is totally applicable for other locations around the
world. The process, named variable selection, includes a number of
ways to determine a subset of the total recorded parameters that
show favorable capability of prediction. The ANFIS network is
utilized to examine how nine parameters (n, N, Tmin, Tmax, Tavg, Rh,
VP, P, and Ho) influence the daily global solar radiation.

The remainder of the article is structured as follows: In Section 2,
a review of the related literature about the selection and importance
of more relevant variables on solar radiation prediction is offered.
Section 3 describes the considered case studies and data sets. In
Section 4, the ANFIS methodology and variable selection process are
explained. Afterwards the results and discussion are described in
Section 5. Finally, the conclusions are offered in Section 6.
2. Literature survey

Due to existing correlations between solar radiation and other
variables, many researchers have applied different combinations of
input variables and analyzed their importance on accurate pre-
dictions of solar radiation, and then determined the more impor-
tant ones. In this section, some of the important and related stu-
dies are reviewed in brief.

Tymvios et al. [21] compared the Angstrӧm-Prescott and arti-
ficial neural network (ANN) models for estimation of daily global
solar radiation in Athalassa, Cyprus. They used the parameters of
sunshine hour, maximum possible sunshine hour, number of
month and maximum air temperature and developed 5 different
ANN models; 2 models with 2 inputs and 3 models with 3 inputs.
According to their results, considering sunshine hour, maximum
possible sunshine hour and maximum air temperature as inputs
provided higher precision. Bosch et al. [22] applied the automatic
relevance determination (ARD) technique to select the relevant
inputs for ANN model to estimate daily global radiation over
complex terrains in south east of Spain. They assessed the sig-
nificance of latitude, longitude, altitude, slope and azimuth angles,
extraterrestrial solar radiation, clearness index and day of the year.
They introduced three elements of altitude, day of the year and
clearness index as the more appropriate inputs for ANN. Bengha-
nem et al. [23] established six ANN-based models for daily global
solar radiation estimation in Al-Madinah in Saudi Arabia. They
utilized different combinations of input variables such as sunshine
hour, ambient temperature, relative humidity and day of the year.
Their results revealed that a higher accurate model was dependent
on sunshine duration and air temperature. Behrang et al. [24]
tested the performance of different ANN techniques to predict
daily global solar radiation in Dezful, Iran. They considered dif-
ferent sets of meteorological parameters as inputs and showed
that more precision was attained by considering five variables of
day of the year, average air temperature, relative humidity, sun-
shine hours and wind speed as inputs. Koca et al. [25] used ANN
technique to estimate global solar radiation for Mediterranean
region of Anatolia in Turkey. They considered 6 different combi-
nations of parameters with 4, 5 and 6 inputs elements and found
that higher accuracy can be obtained by considering latitude,
longitude, altitude, number of month, cloudiness and sunshine
hour. Yacef et al. [26] assessed the performance of Bayesian Neural
Network (BNN) in comparison with classical Neural Network (NN)
and empirical models to estimate daily global solar irradiation in
Madinah, Saudi Arabia. They used four different input elements of
air temperature, relative humidity, sunshine duration and
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Nomenclature

ANFIS adaptive neuro-fuzzy inferences system
A, B, C and D fuzzy set
a, b and c membership function parameters
Gsc solar constant (equal to 1367W/m2)
H daily global radiation on horizontal surface (MJ/m2)
Ho daily extraterrestrial radiation on horizontal surface

(MJ/m2)
KT daily clearness index
MABE mean absolute bias error (MJ/m2)
n daily sunshine hours (hr)
nday number of days
N daily maximum possible sunshine hours (hr)
Ol; i output of the ith node in layer l
pi, qi and ri variable set

P daily sea level pressure (mb)
R correlation coefficient
RMSE root mean square error (MJ/m2)
Rh daily relative humidity (%)
Tavg daily average ambient temperature (°C)
Tmax daily maximum ambient temperature (°C)
Tmin daily minimum ambient temperature (°C)
VP daily water vapor pressure (mb)

Greek letters

δ solar declination angle (deg.)
ϕ latitude of the location (deg.)
ωs sunset hour angle (deg.)
μ membership function
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extraterrestrial irradiation and employed Automatic relevance
determination (ARD) method to determine the optimal input
element of the NN. Their results showed that sunshine duration is
the most relevant parameter followed by air temperature. Ozgoren
et al. [27] developed an ANN model on the basis of multi-non-
linear regression (MNLR) method to estimate the monthly global
solar radiation over Turkey. They established 10 models using
various variables by considering 1–10 input elements. They found
that by considering 10 input parameters of sunshine hours,
number of month, cloudiness, soil temperature, maximum, mini-
mum and average atmospheric temperatures, wind speed, altitude
and latitude gives higher precision. Mostafavi et al. [28] developed
a hybrid approach by combining genetic programming (GP) with
simulated annealing (SA) for global solar radiation estimation in
two Iranian cities. They performed a sensitivity analysis to assess
the influence of maximum and minimum air temperatures, rela-
tive humidity, precipitation and sunshine hours on global solar
radiation estimation. Maximum and minimum air temperatures
were found to be more relevant. Bhardwaj et al. [29] proposed a
combined method using hidden Markov and generalized fuzzy for
solar irradiation estimation in India. They assessed the influence of
15 different sets of meteorological parameters on solar radiation
estimation. Their results specified that sunshine hour is the most
significant element followed by air temperature, relative humidity,
atmospheric pressure and wind speed, respectively. Ramedani
et al. [30] developed 5 ANN-based models using 5 different sets of
input data to predict daily global solar radiation in Tehran, Iran.
They found that combination of maximum and minimum air
temperatures, sunshine hour, maximum possible sunshine hour,
extraterrestrial radiation and number of day offers more accuracy.
Will et al. [31] utilized the Niching Genetic Algorithms (NGA) to
identify the most important input elements for estimation of daily
global solar radiation in El Colmenar (Tucumán, Argentina). They
performed the analysis using measured data of 14 stations dis-
tributed in North part of Argentina. They considered different
inputs elements consisting the maximum, minimum and average
air temperatures, day of the year, relative humidity, atmospheric
pressure, cloudiness and sunshine hour. Yadav et al. [32] employed
Waikato Environment for Knowledge Analysis (WEKA) software
for determining the most significant parameters in 26 locations of
India to predict global solar radiation based on ANN. They used
latitude, longitude, altitude, sunshine hours as well as maximum,
minimum and average air temperatures as inputs. The latitude and
longitude were determined as the least influential parameters
while maximum, minimum and average air temperatures as well
as altitude and sunshine hour were introduced as the most
important inputs. Mohammadi et al. [33] developed a combined
SVM-WT model using the support vector machine (SVM) and
wavelet transform (WT) algorithm to predict both daily and
monthly mean global solar radiation in an Iranian city. They used
3 different combinations of parameters and found that for both
daily and monthly scales the combination of relative sunshine
duration, difference between air temperatures, relative humidity,
average temperature and extraterrestrial solar radiation as inputs,
lead to attaining more accuracy. Also, the extraterrestrial solar
radiation was recognized as a very important parameter. Yadav
and Chandel [34] employed J48 algorithm using WEKA software to
identify the most relevant input elements for ANN-based predic-
tion of global solar radiation in western Himalayan Indian state of
Himachal Pradesh. They introduced the air temperatures, altitude
and sunshine duration as the most significant elements and
recognized the latitude, longitude, clearness index and extra-
terrestrial radiation as the least important parameters. They
developed 5 ANN models to test the efficiency of J48 algorithm.
Lopez et al. [35] applied the automatic relevance determination
method (ARD) to determine more influential variables for esti-
mation of hourly direct solar irradiance. By considering several
atmospheric and radiometric variables, they found that clearness
index and relative air mass are more important input variables to
estimate direct solar irradiance using neural networks. Moham-
madi et al. [36] applied ANFIS methodology to determine the most
important variables for prediction of daily horizontal diffuse solar
radiation in city of Kerman, Iran. They analyzed the influence of
ten important variables and evaluated various combinations of
input parameters. According to their results, for the cases with one
input, sunshine duration (n) was determined as the most impor-
tant variable. In addition, for the cases with 2 and 3 inputs, com-
bination of horizontal global solar radiation (H) and extra-
terrestrial solar radiation (Ho) as well as combination of H, Ho and
n were recognized as the best sets for prediction of Hd,
respectively.

In Table 1, the summary of conducted studies on the used and
more relevant input parameters for prediction of different com-
ponents of solar radiation is presented.

Reviewing the related literature reveals that owing to the
dependency of solar radiation to different factors such as climate
conditions and geographical location, it is not feasible to introduce
an optimal or a set of optimum parameters with the highest
impact on solar radiation prediction for all regions. Therefore,
proper selections of more significant input parameters for pre-
diction of solar radiation to provide more precision and less
complexity would be of indispensable significance for every
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Table 1
Summary of reviewed studies on the used and more relevant input parameters for solar radiation prediction.

Reference Model Location Solar radiation
component

Considered input parameters More relevant input parameters

Tymvios et al. [21] ANN Athalassa, Cyprus Global solar
radiation

Five different input combinations using sunshine duration,
maximum possible sunshine duration, number of month and
maximum air temperature

Combination of sunshine duration, maximum possible sun-
shine duration and maximum air temperature

Bosch et al. [22] ARD 12 stations in south east of spain Global solar
radiation

Seven different input combinations using latitude, longitude,
altitude, slope and azimuth angles, extraterrestrial solar
radiation, clearness index and day of the year

Combination of altitude, day of the year and clearness index

Benghanem et al.
[23]

ANN Al-Madinah, Saudi Arabia Global solar
radiation

Six different input combinations using sunshine duration,
ambient temperature, relative humidity and day of the year

Combination of sunshine duration and air temperature

Behrang et al. [24] ANN Dezful, Iran Global solar
radiation

Six different input combinations using day of the year, daily
mean air temperature, relative humidity, sunshine duration,
evaporation and wind speed

Combination of day of the year, average air temperature,
relative humidity, sunshine duration and wind speed

Koca et al. [25] ANN Seven cities located in Medi-
terranean region of Anatolia in
Turkey

Global solar
radiation

Six different input combinations using latitude, longitude,
altitude, number of month, cloudiness, average temperature,
relative humidity, wind velocity and sunshine duration

Combination of latitude, longitude, altitude, number of
month, cloudiness and sunshine duration

Yacef et al. [26] BNN Madinah, Saudi Arabia Global solar
radiation

Average air temperature, relative humidity, sunshine dura-
tion and extraterrestrial solar radiation

Sunshine duration was identified as the most relevant
parameter followed by air temperature

Ozgoren et al. [27] ANN-MNLR 31 stations in Turkey Global solar
radiation

Ten different input combinations using latitude, longitude,
altitude, number of month, monthly minimum, maximum
and average air temperatures, soil temperature, relative
humidity, wind speed, rainfall, atmospheric pressure, vapor
pressure, cloudiness and sunshine duration

Combination of sunshine duration, number of month, clou-
diness, soil temperature, maximum, minimum and average
air temperatures, wind speed, altitude and latitude

Mostafavi et al. [28] GP-SA Two cities of Tehran and Kerman
in Iran

Global solar
radiation

maximum and minimum air temperatures, relative humid-
ity, precipitation and sunshine duration

maximum and minimum air temperatures

Bhardwaj et al. [29] hidden Markov-gen-
eralized fuzzy

Gurgaon, India Global solar
radiation

Sixteen different input combinations using sunshine dura-
tion, air temperature, relative humidity, wind speed and
atmospheric pressure

Sunshine duration was determined as the most significant
element followed by air temperature, relative humidity,
atmospheric pressure and wind speed

Ramedani et al. [30] ANN Tehran, Iran Global solar
radiation

Five different input combinations using maximum, mini-
mum and average air temperatures, sunshine duration,
maximum possible sunshine duration, extraterrestrial solar
radiation, precipitation and number of day

combination of maximum and minimum air temperatures,
sunshine duration, maximum possible sunshine duration,
extraterrestrial solar radiation and number of day

Will et al. [31] NGA 14 stations in El Colmenar
(Tucumán, Argentina

Global solar
radiation

Several combinations using maximum, minimum and aver-
age air temperatures, day of the year, relative humidity,
atmospheric pressure, cloudiness and sunshine duration

– (The authors did not introduced them)

Yadav et al. [32] WEKA 26 cities situated in different
climatic zones of India

Global solar
radiation

Latitude, longitude, altitude, sunshine duration as well as
maximum, minimum and average air temperatures

Maximum, minimum and average air temperatures as well
as altitude and sunshine duration

Mohammadi et al.
[33]

SVM-WT Bandar Abass, Iran Global solar
radiation

Three different input combinations of relative sunshine
duration, difference between maximum and minimum air
temperatures, relative humidity, water vapor pressure,
average air temperature and extraterrestrial solar radiation

Combination of relative sunshine duration, difference
between maximum and minimum air temperatures, relative
humidity, water vapor pressure, average air temperature and
extraterrestrial solar radiation

Yadav and Chandel
[34]

J48 algorithm using
WEKA

26 locations in Himachal Pradesh
state, India

Global solar
radiation

Air temperature, altitude and sunshine duration Air temperature, altitude, sunshine duration, latitude, long-
itude, clearness index and extraterrestrial radiation

Lopez et al. [35] ARD A desert location in USA Direct solar
radiation

Air temperature, relative humidity, atmospheric pressure,
dew point temperature, precipitable water, solar zenith
angle, clearness index, relative air mass and wind speed

clearness index and relative air mass

Mohammadi et al.
[36]

ANFIS Kerman, Iran Diffuse solar
radiation

Global solar radiation, sunshine duration, maximum possible
sunshine duration, maximum, minimum and average air
temperatures, relative humidity, water vapor pressure, solar
declination angle, extraterrestrial solar radiation

For the cases with one input, sunshine duration was deter-
mined as the most important variable. For the cases with
2 and 3 inputs, combination of global solar radiation and
extraterrestrial solar radiation as well as combination of
global solar radiation and extraterrestrial solar radiation and
sunshine duration
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Table 2
Geographical locations of Isfahan, Kerman and Tabass.

City Latitude (°N) Longitude (°E) Elevation from sea level (m)

Isfahan 32°37
0

51°40
0

1550
Kerman 30°15

0
56°58

0
1754

Tabass 33°36
0

56°55
0

711

Table 3
Information of the utilized data for training and testing phases.

City Period of used data for training Period of used data for testing

Isfahan 1988–1991 & 1998–2000 2001–2003
Kerman 1995–2001 2002–2004
Tabass 1998–2002 2003–2004
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region. Basically, there can be drawbacks in the inclusion of many
input variables. Some of the drawbacks would include the diffi-
culty in explaining the model, inaccuracies caused by irrelevant
parameters, complexity in the developed model due to high
number of required inputs and time consuming task for collecting
more data. These factors may consequently deteriorate the gen-
eralization capacity of the model.

This process of selection is usually named variable selection.
Essentially, with neural network (NN) as the foundation, the
complex system's architecture in function of approximation and
regression is modeled. This is achieved in the process of variable
selection. The purpose of this procedure is to find a subset of the
total set of parameters that have been recorded to show favorable
capability of prediction [37–41]. Among many NN systems, the
adaptive neuro-fuzzy inference system (ANFIS) is one of the most
utilized and powerful techniques. Thus, in this study the ANFIS is
employed for the first time to select the most influential variables
on global solar radiation prediction [42,43].

To determine how the nine above-mentioned parameters
influence the global solar radiation, a parameter search by
employing the ANFIS was conducted. ANFIS [44] is a hybrid
intelligent system which increases the capability of learning and
adapting automatically, has been widely utilized by researchers in
a variety of engineering systems for different purposes such as
modeling [45–47], prediction [49–51] and control [52–54,56]. This
neuro-adaptive learning methodology allows the fuzzy modeling
process to obtain information regarding the data gathered [57,58].
This is the foundational idea underlying all neuro-adaptive
learning methodologies. The ANFIS methodology aims to orga-
nize the FIS (fuzzy inference system) by analyzing the input/output
data pairs [59,60]. It gives fuzzy logic the ability to adjust the MF
parameters so that it is optimal in allowing the associated FIS to
detect and trace the given input/output data [61,62].
3. Case studies and data sets

Iran is a vast country situated in Middle East with an area of
1,648,195 km2. Iran enjoys highly diverse climatic conditions with
very high temperature difference between the hottest and coldest
regions of the country. Despite its considerable climate diversity,
Iran is one of the countries which enjoys favorable level of solar
radiation and sunshine hours. Central and south central parts of
Iran are placed among the sunniest parts of the country and even
the world. For this study, three cities of Isfahan, Kerman and
Tabass distributed in central and south central parts have been
considered as case studies. As all three cities are located in sunny
regions, they enjoy remarkable solar energy potential during the
entire year. The geographical locations of Isfahan, Kerman and
Tabass are presented in Table 2.

The city of Isfahan, as capital of Isfahan province, is located in
the semi-dessert region in the central part of Iran. Isfahan enjoys
mild and dry weather condition with low level of participation
throughout the year, which is only around 123 mm [63]. On the
basis of the Köppen classification, the climate of Isfahan is cate-
gorized as BWk, which relates to arid desert cold [64]. The city of
Kerman, as the center of Kerman province, is the second case
study. Kerman is situated in the south central part of Iran with a
semi-moderate and dry climate [65]. Based upon the Köppen
classification, the Kerman climate condition is also classified as
BWk [64]. The city of Tabass, as the third nominated case study, is
placed in the central desert of Iran in the South-Khorasan pro-
vince. Tabass climate is characterized with hot summers and rare
snowfall in the winters [66]. Also, according to the Köppen clas-
sification its climate is categorized as BWh, which relates to arid
desert hot [64].
For this research work, long-term measured data provided by
Iranian Meteorological Organization (IMO) have been utilized. The
used data sets for all cities include measured daily global solar
radiation on a horizontal surface (H), sunshine duration (n),
average ambient temperature (Tavg), maximum ambient tem-
perature (Tmax), minimum ambient temperature (Tmin), relative
humidity (Rh) and sea level pressure (P) as well as the calculated
values of daily water vapor pressure (VP), daily maximum possible
sunshine duration (N) and extraterrestrial solar radiation on a
horizontal surface (Ho). It is worth mentioning that for most Ira-
nian meteorological stations including the considered case studies,
the water vapor pressure is calculated based upon the measure-
ments of other parameters. In fact, in the data sets used for this
study, the amount of water vapor pressure were computed and
offered by the meteorological experts and staff working in IMO.
Moreover, the values of N and Ho were computed using the
equations presented in the Appendix 1.

Due to some missing and also unreliable values in the used
daily global solar radiation data, prior to performing any attempt
for data analysis, the quality of global solar radiation data was
enhanced. For this aim, first, the daily clearness index (KT) was
computed and the values which were out of range of
0.015oKTo1 were eliminated [67,68]. Second, if in a month there
were a few missing or unreliable global solar radiation values they
were substituted by proper values obtained using interpolation
[67,68].

The available data for this study were divided into two parts of
training and testing data sets. Table 3 presents the time periods of
data used for training and testing for Isfahan, Kerman and Tabass.
It should be mentioned that these are the only available reliable
horizontal global solar radiation data for selected case studies.
Furthermore, for city of Isfahan for the period of 1992–1997 which
were not included in this study, the horizontal global solar
radiation data contained either so many missing or unreliable
values. Thus, this period of data was eliminated from the analysis.
4. Simulation using ANFIS technique

In this section, the process of conducted simulation using ANFIS
technique to select the more relevant variables for global solar
radiation prediction is explained. On this account, first, the input
and output variables utilized for modeling are offered in the fol-
lowing sub-section.
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Table 5
Descriptive statistics for daily horizontal global solar radiation as output parameter.

Parameter City H (MJ/m2)

Min Isfahan 1.2
Max 34.7
Mean 19.5
St. dev. 7.1
Range 33.5

Min Kerman 0.9
Max 33.5
Mean 20.6
St. dev. 7.0
Range 32.6

Min Tabass 1.3
Max 37.6
Mean 20.2
St. dev. 7.2
Range 36.4

Fig. 1. Simple flow chart of the ANFIS selection procedure.
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4.1. Input and output variables

As stated earlier, identifying the most significant parameters
which are potentially influential in predicting the daily horizontal
global solar radiation (H) is the main objective of this research
work. Nine widely available input elements including n (input 1),
N (input 2), Tmin (input 3), Tmax (input 4), Tavg (input 5), Rh (input 6),
VP (input 7), P (input 8) and Ho (input 9) were considered to assess
their influence on prediction of H (output). Table 4 presents some
descriptive statistics including mean values, standard deviation,
minimum and maximum values as well as the range of the 9 input
parameters for all selected case studies. Also, similar descriptive
statistics for H as the output parameter are offered in Table 5.

4.2. Variable selection using ANFIS

Generating predetermined input-output subsets requires the
construction of a set of fuzzy ‘IF THEN’ rules with the suitable MFs
(membership function). The ANFIS can serve as the foundation for
such a construction. The input-output data are converted mem-
bership functions. In accordance to the collection of input-output
data, the ANFIS takes the initial FIS and adjusts it through a back
propagation algorithm. The FIS consists of three components: (1) a
rule base, (2) a database and (3) a reasoning mechanism. The rule
base includes a choice of fuzzy rules. The database assigns the MFs
which are employed in the fuzzy rules. Finally, the last component
is the reasoning mechanism and it infers from the rules and input
data to come to a feasible outcome. These intelligent systems are a
combination of knowledge, methods and techniques from a vari-
ety of different sources. They are adjusted to perform better in the
environments which are changing. These systems have similar-
human intelligence within a specific domain. The ANFIS recognizes
patterns and assists in the revision of environments. FIS integrates
human comprehension, does interfacing, and makes decisions.

FIS in MATLAB is employed in the whole process of the FIS training
and evaluation. Fig. 1 illustrates a simple flow chart of the ANFIS
selection procedure. Also, Fig. 2 shows all inputs parameters in the
ANFIS selection procedure. The ANFIS model should select the para-
meter or a set of parameters which are the most influential to the
output (i.e. daily horizontal global solar radiation). For this aim, three
cases with 1, 2 and 3 input parameters are considered and evaluated.
As a sample, an ANFIS network for 2 input variables is depicted in
Fig. 3 and then its description is presented in the following.

The fuzzy IF-THEN rules of Takagi and Sugeno's class and two
inputs for the first-order Sugeno are employed in this study:

if x is A and y is C then f 1 ¼ p1xþq1yþr1 ð1Þ
Table 4
Descriptive statistics for the utilized daily input parameters.

Parameter City n (hr) N (hr) Tmin (°C) Tmax (°C

Min Isfahan 0.8 9.9 �14.4 �1.0
Max 13.9 14.1 28.2 43.0
Mean 9.2 12.0 9.7 24.3
St. dev. 3.0 1.5 8.8 10.2
Range 13.1 4.2 42.6 44.0

Min Kerman 0.5 10.1 �17.2 �4.0
Max 13.4 13.9 26.6 42.0
Mean 9.1 12.0 7.1 25.1
St. dev. 3.2 1.4 8.1 9.0
Range 12.9 3.8 43.8 46.0

Min Tabass 0.5 9.8 �5.2 2.2
Max 13.4 14.2 35.4 48.6
Mean 9.1 12.0 15.7 28.4
St. dev. 3.2 1.5 9.6 10.9
Range 12.9 4.4 40.6 46.4
The 1st layer is made up of input parameters MFs, and it pro-
vides the input values to the following layer. Each node is con-
sidered as an adaptive node having a node function O¼ μAB xð Þ and
O¼ μCD xð Þ where μAB xð Þ and μCD xð Þ are membership functions. Bell-
shaped membership functions having the maximum value (1.0)
and the minimum value (0.0) are selected, such as:

μ xð Þ ¼ bell x;ai; bi; cið Þ ¼ 1

1þ x� ci
ai

� �2
� �bi ð2Þ

where ai; bi; ci
� �

is the set of parameters set. The parameters of
this layer are designated as premise parameters. Here, x and y are
the inputs to nodes.

The membership layer is the second layer. It looks for the
weights of every membership function. This layer gets the
receiving signals from the preceding layer and then it acts as
membership function to the representation of the fuzzy sets of
each input variable, respectively. Second layer nodes are non-
adaptive. The layer acts as a multiplier for the receiving signals and
) Tavg (°C) Rh (%) VP (mb) P (mb) Ho (MJ/m2)

�5.2 7.4 1.1 986.5 18.2
34.4 98.8 18.0 1036.2 41.4
17.0 35.2 6.3 1009.9 30.8
9.3 17.1 2.6 9.3 8.3

39.6 91.4 16.9 49.7 23.2

�10.1 7.0 1.0 987.2 19.6
32.2 98.4 16.1 1035.6 41.2
16.1 32.0 5.7 1009.8 31.4
8.2 17.2 2.2 9.3 7.7

42.3 91.4 15.1 48.4 21.6

0.7 9.4 1.8 989.7 17.6
40.5 93.9 20.6 1037.1 41.5
22.0 32.2 7.3 1011.2 30.5
10.1 17.7 2.6 9.4 8.5
39.8 84.5 18.7 47.4 23.9
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sends out the outcome in wi ¼ μAB xð Þ � μCD yð Þ form. Every output
node exhibits the firing strength of a rule.

The third layer is known as the rule layer. All neurons in this
layer act as the pre-condition matching the fuzzy rules i.e. each
rule's activation level is calculated whereby the number of fuzzy
rules is equal to the quantity of layers. Every node calculates the
normalized weights. The nodes in the 3rd layer are also considered
non-adaptive. Each node computes the value of the rule's firing
strength over the sum of all rules’ firing strengths in the form of
w�

i ¼ wi
w1 þw2

, i¼ 1;2: The outcomes are referred to as the normal-
ized firing strengths.
Fig. 2. Input parameters for ANFIS selection procedure.

Fig. 3. ANFIS structure with two inputs.

Table 6
Achieved statistical parameters for both training (tra) and testing (tes) periods and ran

ANFIS model Input MABE (tra) MABE (tes)

Model (1) n (input 1) 2.2397 2.1187
Model (2) N (input 2) 2.4556 2.4023
Model (3) Tmin (input 3) 3.2223 3.1247
Model (4) Tmax (input 4) 2.9112 2.8842
Model (5) Tavg (input 5) 3.1153 3.0444
Model (6) Rh (input 6) 3.1723 3.1191
Model (7) VP (input 7) 4.5643 4.5128
Model (8) P (input 8) 3.3221 3.2119
Model (9) Ho (input 9) 2.3176 2.2937
The 4th layer provides the output values as a result of the
inference of rules. This layer is known as the defuzzification layer.
Every 4th layer node is an adaptive node having the node function
O4
i ¼w�

i xf ¼w�
i ðpixþqiyþriÞ. In this layer, the pi; qi; r

� �
is the

variable set. The variable set is designated as the consequent
parameters.

The 5th layer (final layer) is known as the output layer. It adds
up all the receiving inputs from the preceding layer. Thereafter, it
converts the fuzzy classification outcomes into a binary (crisp).
The single node of the 5th layer is considered non-adaptive. This
node calculates the total output as the whole sum of all receiving
signals,

O5
i ¼

X
i

w�
i f ¼

P
iwi fP
iwi

ð3Þ

In the process of identification of variables in the ANFIS
architectures, the hybrid learning algorithms are applied. The
functional signals progress until the 4th layer whereby the hybrid
learning algorithm passes. Further, the consequent variables are
found by the least squares estimation. In the backward pass, the
error rates circulate backwards and the premise variables are
synchronized through the gradient decline order.
5. Results and discussion

In this study, using the considered data sets and ANFIS techni-
que, an extensive exploration was performed to evaluate the
influence of nine important input variables of n, N, Tmin, Tmax, Tavg,
Rh, VP, P and Ho on prediction of daily horizontal global solar
radiation (H) and then identify the most relevant sets of input
parameters. 50% of the collected data sets were used for training
and the subsequent 50% served for testing. Several ANFIS models
were built which include functions for various possible combina-
tions of the used inputs. Then they were trained respectively for
single epoch and then the achieved performance on the basis of
each combination was reported. Three statistical parameters of
mean absolute bias error (MABE), root mean square error (RMSE)
and correlation coefficient (R) were used as reliable indicators to
show the accuracy level of global solar radiation prediction using
each combination of inputs and subsequently determine the rank of
each input parameter from the most relevant to least relevant. The
brief descriptions of these statistical parameters are given in
Appendix 2. The input or set of inputs which provides the lowest
errors and highest R is considered as the most relevant variable for
daily global solar radiation prediction. The selection of most sig-
nificant parameters was carried out for three cases. For the first
case, only one input was considered and the rank of inputs was
identified. Furthermore, for the second and third cases different
possible combinations of parameters with respectively two and
three input elements were considered. Afterwards the best and
worst sets of inputs were determined. The examinations were
k of input parameters for case of using 1 input for Isfahan.

RMSE (tra) RMSE (tes) R (tra) R (tes) Rank

3.6175 3.5476 0.9875 0.9891 1
3.8374 3.6921 0.9812 0.9819 3
4.8469 4.6458 0.9324 0.9345 8
4.3817 4.2659 0.9478 0.9489 4
4.5254 4.3642 0.9406 0.9427 5
4.5779 4.5961 0.9388 0.9376 6
6.7459 6.6297 0.8723 0.8745 9
4.7440 4.6089 0.9345 0.9352 7
3.6256 3.5624 0.9843 0.9853 2



Table 7
Achieved statistical parameters for both training (tra) and testing (tes) periods and rank of input parameters for case of using 1 input for Kerman.

ANFIS model Input MABE (tra) MABE (tes) RMSE (tra) RMSE (tes) R (tra) R (tes) Rank

Model (1) n (input 1) 2.6613 2.6121 4.0102 3.8910 0.9762 0.9783 1
Model (2) N (input 2) 2.8143 2.8186 4.4152 4.4238 0.9461 0.9469 3
Model (3) Tmin (input 3) 3.2734 3.2698 5.1891 5.1788 0.9211 0.9249 7
Model (4) Tmax (input 4) 2.8456 2.8512 4.4455 4.4622 0.9432 0.9419 4
Model (5) Tavg (input 5) 2.9324 2.9436 4.5798 4.5971 0.9423 0.9398 5
Model (6) Rh (input 6) 3.2213 3.2422 5.1359 5.1888 0.9277 0.9238 8
Model (7) VP (input 7) 4.2278 4.2266 6.7008 6.6995 0.8766 0.8787 9
Model (8) P (input 8) 3.0980 3.1211 4.7292 4.8096 0.9355 0.9323 6
Model (9) Ho (input 9) 2.7235 2.7023 4.0400 3.9198 0.9733 0.9741 2

Table 8
Achieved statistical parameters for both training (tra) and testing (tes) periods and rank of input parameters for case of using 1 input for Tabass.

ANFIS model Input MABE (tra) MABE (tes) RMSE (tra) RMSE (tes) R (tra) R (tes) Rank

Model (1) n (input 1) 2.4386 2.4113 3.8171 3.7682 0.9812 0.9831 3
Model (2) N (input 2) 2.2235 2.2018 3.6007 3.4937 0.9887 0.9892 1
Model (3) Tmin (input 3) 2.6923 2.6876 4.1267 4.1041 0.9718 0.9733 4
Model (4) Tmax (input 4) 2.7591 2.7529 4.3125 4.2770 0.9564 9.9579 6
Model (5) Tavg (input 5) 2.7163 2.7112 4.1659 4.1314 0.9539 0.9512 5
Model (6) Rh (input 6) 3.3002 3.2989 5.1946 5.1806 0.9266 9.9283 8
Model (7) VP (input 7) 4.1887 4.1809 6.3906 6.2599 0.8875 0.8913 9
Model (8) P (input 8) 2.8439 2.8112 4.5237 4.4349 0.9474 0.9433 7
Model (9) Ho (input 9) 2.2413 2.2399 3.6318 3.5247 0.9865 0.9882 2

K. Mohammadi et al. / Renewable and Sustainable Energy Reviews 63 (2016) 423–434430
performed separately for each considered case study to offer further
reliability in the evaluations since each case study enjoys different
climate conditions and solar radiation characteristics. The attained
results are presented and discussed in the following sub-sections.

5.1. Case 1: parameter selection for 1 input

For the first case, only one parameter is considered as input. For
this purpose, 9 ANFIS models were developed to evaluate the
importance of each input variable and identify the most relevant
input. The significance of inputs is ranked based upon the con-
sidered statistical parameters of MABE (MJ/m2), RMSE (MJ/m2) and
R (dimensionless). Tables 6–8 present the results of ANFIS
regression errors for both training and testing phases as well as
the achieved rank of input parameters, respectively for Isfahan,
Kerman and Tabass. The obtained results reveal that for Isfahan
and Kerman the variable of sunshine hour (n or input 1) and for
Tabass the variable of maximum possible sunshine hour (N or
input 2) are identified as the most relevant parameters for pre-
diction of global solar radiation. It is also found that for all cities n
(input 1), N (input 2) and Ho (input 9) are the most influential
variables.

Basically, n and N have been extensively endorsed as highly
effective variables for prediction of global solar radiation (H) [69].
Based on a particular definition of the World Meteorological
Organization (WMO), n is the sum of periods for which the beam
(direct) solar irradiance exceeds 120 W/m2 [70]. It typically defines
the sky conditions in every location as clear sky, partly cloudy sky
and cloudy sky conditions. The N, or the expected day length, is
the time interval between sunrise and sunset. Ho, as another
important element for prediction of global solar radiation, is a
constant value for each specific day in any geographical location,
irrespective of change of year. Nevertheless, solar attenuation
happens as radiation passes through the atmosphere due to dif-
ferent atmospheric phenomenon. The ratio between the H and Ho

defines the concept of clearness index (KT). The Angström–Prescott
model is a widely used regression based global solar radiation
model [7,8]. This model has been successfully utilized to predict
horizontal global solar radiation in many locations around the
globe. It has been developed based on the correlation of H with n,
N and Ho. The successful application and high flexibility of this
model among several regression based global solar radiation
models highlight the significance of n, N and Ho on prediction of H,
as the achieved results of this study further prove this point.

Also, VP (input 7) is recognized as the least relevant parameter
for all cities. The difference between the utilized statistical para-
meters for the considered variables indicates the importance of
proper selection of input parameters. This difference is indeed
significant between the most and least relevant input parameters.
The fact that both the training and testing statistical parameters
are comparable is an indirect indication that suggests that there is
no over fitting. This means that the selection of more than one
input parameter in the construction of the ANFIS model can be
explored. Thus, in the Sections 5.2 and 5.3 the most significant
combinations of parameters using 2 and 3 inputs are determined
and discussed, respectively. It should be highlighted that the least
relevant input (VP or input 7) is not omitted from the possible sets
of parameters to provide and assess the importance of more
combinations of inputs.

5.2. Case 2: parameter selection for combination of 2 inputs

To recognize the best integration of 2 parameters, 36 possible
sets of inputs (36 ANFIS models) were considered and analyzed.
Table 9 provides comparisons between the most and least relevant
combinations of 2 input variables and the achieved values of sta-
tistical parameters for both training and testing phases for Isfahan,
Kerman and Tabass. Obviously, once the lowest errors and highest
R are attained for a set of inputs, it is determined as the most
relevant combination of 2 inputs and vice versa. It is evident that
the optimal combination of inputs is different among cities due to
different solar radiation characteristics and weather conditions.
For Isfahan the combination of n and Ho (inputs 1 and 9) and for
Kerman and Tabass the combination of n and N (inputs 1 and 2)
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Table 9
The best and worst combinations of 2 inputs and related statistical parameters for both training (tra) and testing (tes) periods for Isfahan, Kerman and Tabass.

City Best/worst model Combination of inputs MABE (tra) MABE (tes) RMSE (tra) RMSE (tes) R (tra) R (tes)

Isfahan Best n and Ho (inputs 1 and 9) 1.6533 1.6488 2.4899 2.3596 0.9922 0.9931
Worst VP and P (inputs 7 and 8) 2.8566 2.8502 4.6139 4.5120 0.9455 0.9463

Kerman Best n and N (inputs 1 and 2) 1.8835 1.8854 2.7337 2.7485 0.9896 0.9892
Worst Tmin and P (inputs 3 and 8) 2.9932 3.0051 4.7267 4.7742 0.9421 0.9403

Tabass Best n and N (inputs 1 and 2) 2.1139 2.1103 3.4263 3.3200 0.9877 0.9886
Worst VP and P (inputs 7 and 8) 2.7869 2.7478 4.5133 4.4288 0.9438 0.9459

Table 10
The best and worst combinations of 3 inputs and related statistical parameters for both training (tra) and testing (tes) periods for Isfahan, Kerman and Tabass.

City Best/worst model Combination of inputs MABE (tra) MABE (tes) RMSE (tra) RMSE (tes) R (tra) R (tes)

Isfahan Best n, N and Tmax (inputs 1, 2 and 4) 1.4839 1.4718 2.4232 2.3537 0.9929 0.9932
Worst Tmin, Tmax and Tavg (inputs 3, 4 and 5) 2.6881 2.6711 4.1938 4.1377 0.9530 0.9588

Kerman Best n, N and Tmax (inputs 1, 2 and 4) 1.7553 1.7690 2.6527 2.7345 0.9899 0.9878
Worst Tavg, VP and P (inputs 3, 7 and 8) 2.7223 2.7672 4.3804 4.5220 0.9476 0.9455

Tabass Best n, N and Ho (inputs 1, 2 and 9) 2.1227 2.1176 3.4033 3.3122 0.9871 0.9880
Worst Tmax, Rh and VP (inputs 4, 6 and 7) 2.6569 2.6703 4.0613 4.1526 0.9551 0.9537
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are determined as the most significant sets of 2 inputs. Clearly, it is
found that in the optimal sets of inputs for each city there are two
out of three parameters of n, N and Ho determined as the most
influential elements. Owing to the wide accessibility of the
recorded sunshine duration in most meteorological stations, using
these combinations of inputs would be highly applicable to predict
global solar radiation.

Although identifying the best combinations of input para-
meters is of particular significance, having knowledge on worst
combination inputs may also be interesting. It is found that com-
binations of Tmin and P (inputs 3 and 8) as well as VP and P (inputs
7 and 8) as inputs are among the worst choice to predict the global
solar radiation. The comparison between the highest and lowest
rank (i.e. the best and least combinations of inputs) is profitable to
demonstrate that how much difference in predictions accuracy
exists between most and least relevant sets of 2 inputs. For Isfahan
and Kerman these differences are higher than Tabass.
5.3. Case 3: parameter selection for combination of 3 inputs

Final test was performed to select the most important sets
combined of 3 input parameters. To achieve this, 84 different
combinations of 3 inputs (84 ANFIS models) were considered to
determine and introduce the most significant one for prediction of
global solar radiation. In Table 10, the most and least significant
combinations of 3 input variables and also the attained statistical
parameters both training and testing phases are compared for
each case study. It is observed that the most influential set of
3 inputs are identical for Isfahan and Kerman while it is different
for Tabass. In fact, for Isfahan and Kerman the combination of n, N
and Tmax (inputs 1, 2 and 4) and for Tabass the combination of n, N
and Ho (inputs 1, 2 and 9) are recognized as the optimal combi-
nations of 3 inputs. The attained results for the least significant
combinations of 3 parameters indicate that the worst combina-
tions of inputs are different for cities. It is noticed that the worst
combination of 3 inputs for Isfahan is the combination of Tmin, Tmax

and Tavg (inputs 3, 4 and 5) while for Kerman and Tabass are Tavg,
VP and P (inputs 3, 7 and 8) and also Tmax, Rh and VP (inputs 4, 6 and
7), respectively. The differences between the used statistical
parameters for the best and the worst sets of inputs highlight the
importance of appropriate selection of parameters to predict the
daily global solar radiation.
5.4. Comparing the cases and introducing the best combination of
inputs

Although in the sub-Sections 3.1–3.3 the most significant
combinations of 1, 2 and 3 inputs were identified for global solar
radiation prediction, it would be important to introduce the best
possibility among all. This evaluation is offered here only based on
RMSE. Fig. 4(a)–(c) show the amount of RMSE (MJ/m2) during
training and testing phases for the most relevant set of parameters
with 1, 2 and 3 inputs, respectively for Isfahan, Kerman and Tabass.
It is found that by increasing the number of most relevant input
from 1 to 2 and then from 2 to 3, the amount of errors decrease;
thus, the prediction accuracy enhance. This improvement is
notable for Isfahan and Kerman and it is acceptable for Tabass
when the number of inputs increase from 1 to 2. Nevertheless, this
enhancement declines significantly for all cities when the number
of inputs increases from 2 to 3. Thus, increasing the number of
inputs to higher than 3 may not advisable due to minor
improvements achieved and further complexity in the required
inputs to predict global solar radiation. Generally, as a model with
more simplicity in terms of required inputs is always preferable,
use of more than two inputs in the construction of the ANFIS
model may not be desirable and appropriate. Therefore, con-
sidering the most relevant combinations of 2 inputs would be the
more suitable possibility in terms of optimum number of inputs to
provide a balance between the simplicity and high precision.

Fig. 5(a)–(c) show the ANFIS decision surfaces for the optimal
combinations of the two parameters for each city. These surfaces
are useful to illustrate that how the output (i.e. daily global solar
radiation) in each city varies with the 2 input parameters.
According to the Fig. 5(a) and (b), it is interesting to note that the
parameters of n and Ho have the similar influence on the global
solar radiation as the parameters of n and N. While comparison
between Fig. 5(b) and (c) reveals that although n and N are the
optimum input parameters for Kerman and Tabass, the variation of
H with the parameters of n and N are totally different. This could
be due to difference between the climate conditions and solar
radiation characteristics of the cities.
6. Conclusions

Accessibility to precise global solar radiation data is of indis-
pensable significance in various applications of solar energy.



Fig. 4. RMSE (MJ/m2) for the most significant combinations of parameters with 1,
2 and 3 inputs for (a) Isfahan, (b) Kerman and (c) Tabass.

Fig. 5. ANFIS decision surfaces for the optimal combinations of the two the most
influential parameters for (a) Isfahan, (b) Kerman and (c) Tabass.
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Therefore, determining the most important parameters to predict
global solar radiation by means of efficient models and techniques
is truly essential. In the study, using ANFIS methodology, a sys-
tematic approach was applied to select the most significant
parameters for prediction of daily global solar radiation (H). The
ANFIS network was used to perform a variable search for deter-
mining that how nine important parameters of n, N, Tmin, Tmax, Tavg,
Rh, VP, P and Ho influence H. Using the given data sets, an extensive
examination was performed to select the set of the optimal com-
binations of parameters with 1, 2 and 3 inputs that have the most
influence on prediction of daily global solar radiation. To recognize
the best integration of parameters with 1, 2 and 3 inputs,
respectively 9, 36 and 84 possible combinations of inputs (9, 36
and 84 ANFIS models) were considered. MABE, RMSE and R were
used as reliable indicators to show the accuracy level of prediction
using each combination and subsequently determine the rank of
each input variable from the most relevant to least relevant set.

It was found that proper selections of input parameters have
significant impacts on accurate prediction of daily global solar
radiation. Nevertheless, the results indicated that it is not possible
to introduce an optimal combination of inputs for all cities because
the climate conditions and solar radiation characteristics of the
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cities are different. For Isfahan and Kerman n and for Tabass N
were the most relevant parameters while VP was the least relevant
parameter for all cities. In terms of combination of 2 inputs, for
Isfahan n and Ho and for Kerman and Tabass n and N were the
most significant sets. Moreover, regarding the optimal set of
3 inputs, for Isfahan and Kerman n, N and Tmax and for Tabass n, N
and Ho were the most optimum combinations. The study results
revealed that considering the most relevant combinations of
2 inputs would be regarded as the more suitable possibility to
provide a balance between lower simplicity and higher precision
in prediction of daily global solar radiation. In fact, these more
appropriate combinations of 2 input parameters offer higher
accuracy and insights in the relevance of global solar radiation
prediction in the selected case studies.
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Appendix 1

The extraterrestrial solar radiation on a horizontal surface (Ho)
is expressed as [69]:

Ho ¼
24� 3600

π
Gsc 1þ0:033 cos

360 nday

365

� 	

� cos φ cos δ sin ωsþ
πωs

180
sin φ sin δ

� �

where Gsc is the solar constant, assumed equal to 1367W/m2 and
nday is the average day of each month [70]. δ and ωs are the daily
solar declination and sunset hour angles, respectively, as [69]:

δ¼ 23:45 sin
ndayþ284

 �

360
365

� 	

ωs ¼ cos �1 � tan φ tan δð Þ

The maximum possible sunshine duration (N) is [69]:

N¼ 2
15

cos �1 � tan φ tan δð Þ
Appendix 2

The mean absolute bias error (MABE), which indicate the
average quantity of total absolute bias errors between predicted
and measured values, is given by [71]:

MABE¼ 1
x

Xx
i ¼ 1

Hi;c�Hi;m
�� ��

where x is the total number of data.
The root mean square error (RMSE), which determines the

model's accuracy by comparing the deviation between the pre-
dicted and measured values, is defined as [71]:

RMSE¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
x

Xx
i ¼ 1

Hi;c�Hi;m

 �2

vuut

The correlation coefficient, R, utilized for testing the linear
relationship of the predicted data with measured data is defined
by [71]:

R¼
Px

i ¼ 1 Hi;c�Hc;a vg

 �

U Hi;m�Hm;avg

 �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPx
i ¼ 1 Hi;c�Hc;av g


 �2h i Px
i ¼ 1 Hi;m�Hm;av g


 �2h ir

where Hc;avg and Hm;avg are the averaged predicted and mea-
sured values, respectively.
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