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Abstract -- The paper presents an adaptive neuro-fuzzy energy incident on a horizontal surface, many nmdatre
inference system (ANFIS) based modeling approach to developed to relate the global solar radiatiog)(With various

predict the monthly global solar radiation (MGSR) in
Bhubaneswar. Comparisons of the predicted and
measured value of monthly global solar radiation (&R)
on a horizontal surface are presented. The input
parameters of the model used in this paper are suhie
duration, temperature, humidity, clearness index ad the
Global solar radiation is taken as the output. An daptive
neuro-fuzzy inference system based modeling is used
predict the monthly Global solar radiation for
Bhubaneswar for five years 2000-2004.The solar raation
data for forty months are used for training the ANHS and
the data for twelve months is used for testing. Thpurpose
of the study is to compare the accuracy of ANFIS uh the
measured value Calculated by using Angstrom’s equian
and some intelligent techniques (Neural Network & 8M)

Index Terms-- Global Solar radiation, Sunshine duration,
ANFIS

|. INTRODUCTION

Among all Renewable energy sources, solar radiat®n

considered as the most important parameter in ¢éisegd and
evaluation of solar energy devices. Many developiagons
solar radiation measurements data are not easiiahle.

Therefore it is important to elaborate methodsstinsate the
solar radiation on the basis of meteorological d&bkbal

solar radiation () is the most important component of solar

radiation since it gives the total solar availdabilat a given
place. Global radiation is measured only at a Feeations
due to the high cost involved in the purchase ofious

equipments and maintenance therebfie amount of solar

radiation potential in the particular location mportant for
solar energy system design such as stand-alonen&Wydorid
systems. Global solar radiation data is taken &s rtiost
important factor for sizing of PV system. The totlar
radiation received at any points on earth of thep@¥el in the
form of direct and diffuse radiation.

Diffuse solar radiation is not observed experimiynta any
meteorological station. For this some

97

climatolobica
parameters are needed to develop and estimate lohal g
&diffuse solar radiation.To estimate the amount of solar

parameters such as relative humidity, sunshine tidara
temperature, latitude, longitude éf@any models have been
proposed to predict the amount of solar radiationsome

cities using various meteorological / climatolodiga

parameter [1-6].

Application of Neuro -Ryz Techniques for

Solar RadiationW.A. Rahoma , U Ali Rahama and A.H
Hassan Journal of Computer Science ,7 (10): 1603-18011
ANFIS neuro-fuzzy system was discussed as because i
combines fuzzy logic and neural network techniquesgain
more efficiency.The structure of the TS fuzzy model [10] is
identified using a method which permits to detemmithe
optimal structure on automatic manner. Hargreaveal.ts
Model [8, 9, and 15].Hargreaves et al. were the first to
propose a procedure to estimate the global sothatian by
using the difference between daily maximum and ydail
minimum air temperature and extraterrestrial raoinat A
clear review of ANN applications for renewable ayer
systems has been reported by Kalogirous [18, 1@ Mllit et
al. [20]for photovoltaic systems. M. Rizwan, M. jamil and D
P. Kothari [21] used GNN, a modified approach dffiaral
neural network (ANN), is proposed to estimate selargy to
overcome the problems of ANN such as a large nunalber
neurons and layers required for complex function
approximation .Benghanem & A.Mellit[22] used four RBF
models for predicting the DGSR using meteorologitatia at
Al-madinah(Saudi Arabia).

In this present work we applibd Takagi-Sugeno
fuzzy systems for modelling the daily solar radiatdata [26-
27]. The Anfis model is used to estimate the globahsol
radiation at Bhubaneswar with availalable clima@grameters
of sunshine hour, temperature, humidity and comphee
result with the measured value calculated by ugingstrom
equation and neural network.

2. METHODOLOGY:-

2.1 Data collection:

The meteorologicphrameter sunshine
duration measured by Bhubaneswar from 2000 to 2@@4e
applied for predicting monthly GSR using differddeuro-
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Fuzzy techniques. Here we have applied the dad@ ofionths
for training and the data of 12 months for testing.

2.2.Anfis Model:-

The main objective of thisnas to predict the
Global solar radiation by using attributes suctiessperature,
relative humidity, sunshine duration, clearnessindy using
ANFIS model and compare with other models.

. The basiasture of a FIS consists of
three conceptual components: a rule base, whiclaicena
selection of fuzzy rules; a database, which defitles
membership functions (MF) used in the fuzzy rulasd a
reasoning mechanism, which performs the inferencegulure
upon the rules to derive an output. The ANFIS wségbrid-
learning rule combining back-propagation, gradigegcent,
and a least-squares algorithm to identify and apgnthe
Sugencsystem’s parameters.

As it is difficuto mathematically define
the relationship among different climatological graeters
used for prediction of global solar radiation. AlSFtan be
used to map nonlinear relationship for predictidnoatput
(Jang 1991; 1993).
considered, as it combines fuzzy logic and neustivark
techniques that are used to gain more efficiencynediral
network can learn from both the data and feedbaitkowt
understanding the pattern involved in the data, B fuzzy
logic models are easy to compare the pattern bedhey use
linguistic terms in the form of IF-THEN rules. A uml
network with their learning capabilities can be dise learn
the fuzzy decision rules; thus creating a hybritelligent
system.

A fuzzy inference system consists of ¢hcemponents.
These are (a) rule base, contains a selectionzaf/frules. (b)
data base, defines the membership functions usétkinules
and, (c) reasoning mechanism, to carry out thereniee
procedure on the rules and given facts. This coatlun
merges the advantages of fuzzy system and a neeabrk.
Jang (1991) proposed a combination of a neural oré&twand
fuzzy logic popularly known as called an adaptieeno-fuzzy
inference system.

ANFIS Architecture:-

A typical adaptive network shoimnFigure 1 is a
network structure consisting of a number of nodesnected
through directional links. Each node is characeatiby a node
function with fixed or adjustable parameters. Lésgnor
training phase of a neural network is a procesgetermine
parameter values to sufficiently fit the trainingtal The basic
learning rule method is the back propagation methduch

1985; Sugeno and Kang, 1988) fuzzy interface syséeiuzzy
model consists of two rules.

Layerd

Layer3 Xy

Layer?

Fig 1-ANFIS Architecture

ANFIS neuro-fuzzy system was

Rule 1. If
@
Rule 2: If
@

If f; and § are constants instead of linear equations, we have
zero order TSK fuzzy-model. Node functions in tleme
layer are of the same function family as describeldw. It is
to be noted that £denotes the output of throde in layer j.

x is A and y is B then f=px+qyy+r;

X is A and y is B then f=px+goy+r,

Layer 1: Each node in this layer generates a meshigegrade
of a linguistic label. For instance, the node fiowtof the '
node might be

1

where x is the input to the node I, andig\the linguistic label
(small, large) associated with this node; angd a ¢ } is the
parameter set that changes the shapes of the n&mber
function. Parameters in this layer are referredat the
“Premise Parameters”.

o) =uA, (0=

Layer 2: Each node in this layer calculates theg strength
of each rule via multiplication:

OF =w, =uA, (X)xuB (y), i=1,2 (4)

seeks to minimize some error, usually sum of sguare

differences between network’s outputs and desineigbuts.

Generally, the model performance is checked byrbans of
distinct test data, and relatively good fittingeigpected in the
testing phase. Considering a first order (Takagi S8ngeno,
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Layer 3: The'f node of this layer calculates the ratio of the i
rule’s firing strength to the sum of all rule’sifig strengths:

— W,

3 — i
Oi _Wi —T
Wl W2

,1=1,2 (®)
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For convenience outputs of this
normalized firing strengths.

layer will

Layer 4: Every node i in this layer is a squanedle with a
node function

O =w,f =w ( +q y+r) ®)

be adlle

Accordingly, the hybrid approach converges muchteia
since it reduces the dimension of the search spécine
original back-propagation method. For this networkated
fixes the membership functions and adapt only thesequent
part; then ANFIS can be viewed as a functionaldiohk
network where the enhanced representation, whide ta

where, W is the output of layer 3, and is the parameter setadvantage of human knowledge and express morehindy

Parameters in this layer will be referred as “Consat
Parameters *“.

Layer 5: The single circle node computes the dver#put
as the summation of all incoming signals i.e.

> _ ziwifi

. —
O; =Overall output= Zwif‘

. Z‘W‘

Thus, an adaptive network is presented in Figurds 2
functionally equivalent to a fuzzy interface systéfhe basic
learning rule of ANFIS is the back propagation dgead

decent which calculates error signals (definechasierivative

of the squared error with respect to each nodepubtut
recursively from the output layer backward to thput nodes.
This learning rule is exactly the same as the hmrokagation

()

learning rule used in the common feed-forward Heura

networks by Jang (1993). From ANFIS architecturi\Fe
1), it is observed that the given values of thepoémise
parameters, the overall output can be expressed lawar
combination of the consequent parameters. Basedhisn
observation, a hybrid learning rule is employedeheavhich
combines a gradient decent and the least squartésdnéo
find a feasible of antecedent and consequent paeasnd he
details of the hybrid rule are given by Jang (1988gre it is
also claimed to be significantly faster than thassical back
propagation method.

From the ANFIS architecture shown in Figure 1, vbseyve

that when the values of the premise parametersixa®e and

the overall output can be expressed as a lineabic@tion.

The output f can be rewritten as:

= f4
W1+W2

Wl
W, W,

f, =wf+wf,

= (WX)P, +H(WY) T +(Wy )1, +(W,X)P, +(W, y)d, +(v6 ),
(®)

which is linear in the consequent parametersyri, P, O,
r,.Therefore, the hybrid learning algorithm develomadh be
applied directly. More specifically, in the forwapass of the
hybrid learning algorithm, node outputs go forwardil layer
4 and the consequent parameters are identifiechéyleast

squares method. In the backward pass, the erraralsig

propagates backward and the premise parametergpdeted
by gradient descent.
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fine-tuning the membership functions, we actuallgken this
enhanced representation

Prediction Model:-

INPUT

PREDICTION USING ANFIS

TRAINING & TESTING

PREDICTED OUTPUT DATA MEASURED OUTPUT DATA

> O <

Fig 2 -ANFIS prediction Model

The data set is available from the A renewable ggner
resource laboratory,NASA .A complete data setfieé years
of data (2000-2004) are used for prediction of glosolar
radiation by using different Meteorological paeters. A
total of sixty months (2000-2004) datasets are usedNFIS
model. Forty months are considered as training tavehty
months are considered under testing. During trginan five
layered ANFIS structure is constructed having ammii, three
hidden and one output. The Gaussian type of meihnipers
function (gaussmf) is used for input and linearetypnction is
used for output. The number of correct outputsigad till the
error is minimized

3. RESULT AND DISCUSSION:-

To design and develop an ANFIS model in MABRL
12.0 software version is used in this study. Theppsed
ANFIS network has adapted the training data grdop®rm
best membership function so as to deduce the desingput
for testing data with minimum epochs.
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Figure3. ANFIS model structure for proposed work

The ANFIS architecture for proposed modkel
shown in Figure 3. Input membership function is cdiéed
with  Gaussian membership function. Hybrid learning
algorithm is used and ANFIS model is run till theoe is
minimized. Error is minimized in two epochs durimgining.
Then, testing of data is carried out.

The pattern of variationawftual and predicted
response is shown for training and testing dafasgiroposed
model Figures 4 and 5 show that actual (blue o)
predicted (red dot) values are uniformly distrilsute
respectively for training and testing data

%
2

2 115

input2 i ot

Figure6. Surface plot for the proposed work

: Training Data (000) — ANFISInfo: The surface plot shown in Figurén@icates that
o 5 oP P the total landscape of decision space is covereithdANFIS
o . L.
¢ ° oy 2 OO i model for proposed model. The residual analysgaisied out
c;‘? 5l OOOO o . o OOOOO i;t?,,; i for the predicted values of the model by calculatithe
j & Oxcf o N By pEE difference of actual and predicted values for trgjnand
Q . A . . N
g R testing data. It is observed that the residualsdist&ributed
6 & 10 16 20 26 30 35 40| " cepg | uniformly along the center line. The absolute patage
data set index S —— . . .. . ..
relative error in training phase is 0.000574antesting phase
[ Loaddata Generate FIS Train FIS [ TestFiS
Type: From Optim. Method: 0.485126.
o Training Load from filz hybrid - Plot against:
_ @ file Load from works Error Tolerance: @ Training data
T O Grid partition ’ 0 Tesﬁn:ﬂata Table -1
Checking Worksp. Epochs: )
s Sub. clustering 3 Checking data
LoadData.. | Clear Data | Generate FIS .| Train How | ‘ month Measured prediction using prediction prediction
nn using anfis using SVM
lrain data baded || [_tem | [ cose |
Figurer4.Training data for proposed work
jan 0.799364 1.118864 0.7994 0.596619
Training data - o FIS output = * — ANFIS nfo.  —
L o8 feb 0.173063 0.498763 0.1731 0.273063
6 ® % s@ a #ofinputs: 5
| oy Pl | ks mar 0.494893 0.494893368 0.4949 0.511357
= & 33333
25l a2 ¥ _a
a §** L] g apr 0.211091 0.211090636 0.2111 0.30837
& B & & &
L) & &
4 L
3 & @ ] may 0.1 0.6463 0.1 0.264449
3 | | I oM L L L I Structure
o5 115 | g—” B30 B A jun 0.9 1.1477 0.9 0.600349
ndex
—— Loaddats — GeneraleFls  ——|[— TranFiS — TestFs jul 0.100851 0.100850894 0.1009 0.231094
Type: From: Optim. Method:
Teaining SIS fybrid v || Plotagainst aug 0.527772 0.527771897 05278 0.427772
o Tasting 9 fie Load from worksp. Error Tolerance: @ Training data
Chiciny ) wenin 9/ Grid partton E”mhs__ Testing data sep 0.175781 0.175781346 0.1758 0.253708
o 5ub. clustering 3 Checking data
LosdData. | ClearData GenersteFIs | Train How | Testhow | oct 0.5983 0.5983 0.5983 0.335363
Average tesThg eor: B3R 05 H| bop_ [ cose ]‘ Nov 0.4616 0.4616 0.4616 0.52927
Figure5.Distribution of predicted and actual resgm during testing the [pgo 0.1119 0.1119 0.1119 0.299211
proposed work
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Estimated monthly global solar radiation in comgpani
With measured data for Bhubaneswar from 2000-2004
Using different model

de

Fig 7.Measured & predicted values of different mode

4. CONCLUSIONS:

The proposed ANFIS mobdat successfully
predicted the global solar radiation for variousndins and it
becomes suitable for any design of Isolated solzrgy
conversion application. The ANFIS model shows lbetteults
in comparision with other models . The evaluatiesults of
solar radiation shows a significant improvemenstatistical
parameters and depicts better accuracy than otbdelsy The
comparative results demonstrate the predicting litityaof
ANFIS model and its compatibility for any region thvi
varying climatic conditions. This prediction of aolradiation
makes it suitable for installation of a monitorisgtion for a
remote place and it can be extended for the siaifig
standalone PV systems in future.

REFERENCES

[1]. Mellit A , Kalogirou SA.“Artificial intelligence tehniques for

photovoltaic applications”a review. prog Energy comb sci 2008;

34:574-632.

J. P. Duffie and W. A. Beckman, “Solar Engineeriofjy Thermal

Process”John Wiley & Sons, New York, NY, USA, 1991.

M. lIgbal, “an Introduction to Solar Radiation’Academic Press,

Toronto, Canada, 1983.

International Energy Agency (IEA), “Validation of adels for

estimating solar radiation on horizontal surfacestinosphere &

Environment service, Canada, 1988.

J. A. Prescott, “Evaporation from a water surfateelation to solar

radiation,”Philosophical Transactions of the Royal Society, vol. 64, pp.

114-120, 1990.

Angstrom A. “solar and terrestrial radiatiod R Meteorolog Soc 1924;

50(210); 121-5.

Prescott JA. “Evaporation from a water surface efation to solar

radiation”Trans R Soc Aug 1940; 64:114-25.

Mellit A, Benghanem M, Salhi H. “An Adaptive Artifial Neural

Network for Modelling and Simulation of a Stand-A&® Photovoltaic

Power System”In: Proceedings of the 3th conference on systems,

signals, and devices. IEEE 2005; 4:257.

Mellit A, Benghanem M. “Modelling and simulation atand-alone

power system using artificial neural networl&lar world congress.

ISES/ASES 2005.

[10].R. lgdourt and A. Zeroual,“ A rule based fuzzy model for the
prediction of solar radiatiohRevue des Energies Renouvelables Vol. 9
(2) 2006 113 — 120.

2.
131,
[4].

5].

6].
[7].
8.

9.

101

[11]. Farzad Fathian BEPLS, “Predicting Global Solar Radiation using
Genetic Algorithm”,GA) Vol. 2 (6) May 2013: 54- 63

[12].E.O. Falayi, J.0. Adepitan, and A.B. Rabiu, “EmgatiModels for the
Correlation of Global Solar Radiation with Meteamgical Data for
Iseyin”, Nigeria, VVol. 9.( 2). Nov 2008

[13].V Sivamadhavil and R Samuel Selvaraj2;Prediction of monthly

mean daily global solar Radiation using Artificideural Network’

Earth Syst. Sci. 121 (6). Dec 2012, pp. 1501-1510

J. O. Ojosu and L. K. Komolafe, “Models for estting solar radiation

availability in South Western NigeriaZolar Energy, vol. 16, pp. 69—

77,1987.

[15].G. H .Hargreaves and Z. A. Samani, “Reference oceoppotran
spiration from temperatureTransactions of the ASAE, vol. 1, pp.96—
99, 1985.

[16].Reddy K. “Solar resource estimation using artifici@ural networks
and comparison with other correlation modelghergy Conversion
and Management 2003; 44(15):2519e30.

[17].Jiang Y. “Computation of monthly mean daily glolsalar radiation in
China using artificial neural networks and compamiswith other
empirical models”Energy 2009; 34(9):1276e83.

[18].Kalogerirou SA. “Artificial neural networks in remable energy
systems applications” a reviewenewable and Sustainable Energy
Reviews 2001; 5: 373e401.

[19].Kalogirou SA. “Applications of artificial neural heorks for energy
systems” Applied Energy 2000; 67:17e35.

[20].Mellit A, Kalogirou S. “Artificial intelligence tebniques for
photovoltaic applications” a reviewProgress in Energy and
Combustion Science 2008; 34(5):574e632.

[21].M.Rizwan, M.jamil and D.P.Kothari,"Generalized NalrNetwork
Approach for Global solar energy estimation in #&UEEE
Transactions on Sustainable Energy, vol.3 (3), July 2012.

[22].Benghanem M & Mellit. A, “Radial basis function metk-based
prediction of Global solar radiation data: appliicatfor sizing of a
stand-alone photovoltaic system Al-Madinalsjudi Arabia, Energy
2010; 35:3751-62.

[23].Dorvio ASS, Jervase, Al-lawati A, “Solar radiati@stimation using
artificial neural networks"APPL energy 2002; 74:307-19.

[24].M. Jamil Ahmad and G.N. TiwariStudy of Models for Predicting the
Mean Hourly Global Radiation from Daily SummationsOpen
Environmental Sciences, 2008, 2, 6-14.

[25].paul A.Lynn ,“Electricity from sunlight: an intdoiction to
photovoltaics .United kingdom jahn Wiley & Sons, Ltd, 2010.

[26].R. Igdour and A. ZeroualModelling Daily Global Solar Radiation
Using Fuzzy Systems), International Conference on Modelling &
Simulation - ICMS’04, Valladolid, Spain, 2004.

[27].R. Igdour and A. ZeroualModelling Solar Data Using the Takagi-
Sugeno Fuzzy Systems,, International Conference on Modelling &
Simulation - MS’04, Lyon, France, 2004.

[14].



