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ABSTRACT 
  
 Solar has considerable potential as a global clean energy source and produces no pollution during power 
generation. India has huge solar potential, because of its location between the Tropic of Cancer and the Equator, 
with an average annual temperature ranging from 25°C – 27.5 °C. In India, Tamilnadu is one of the sunniest 
region located along the south-east coast. This study, presents an adaptive neuro-fuzzy inference system 
(ANFIS) based modelling approach to predict the  monthly global solar radiation(MGSR) in Tamilnadu. The 
real meteorological solar radiation data from the photovoltaic(PV) stations located at 31 districts of Tamilnadu 
with different latitude and  longitude are used in this study. Out of the total 31districts, data from 17 districts  are 
used for training phase and remaining for testing phase of ANFIS model. Comparision of the predicted and 
measured value of monthly  global solar radiation(MGSR) on a horizontal surface are presented. The statistical 
performance parameters such as  root mean square error (RMSE), mean bias error (MBE), and coefficient of 
determination (R2) for testing locations are presented to validate the performance. The estimated data are in 
reasonable agreement with the actual values. The test results prove the possibility to develop and evaluate an 
ANFIS based model to predict MHSR for any geographical area with changing meterological conditions. 
 
Key words: adaptive neuro-fuzzy inference system ,monthly global solar radiation, modelling, root mean square 

error. 
 
Introduction 

 
 Deployment of conventional fossil fuel for many decades has led the globe to focus on the renewable 
energy. Effective harnessing and utilization of solar energy gains viable importance for solar engineers, 
agriculturists and hydrologists in many applications. Solar radiation data are the basic, very effective 
information resource for any researcher in solar energy. Prediction of solar insolation in remote areas is 
considered as difficult task because there are no meterological stations installed in those locations. Use of 
artificial intelligent systems to predict solar radiation has an extensive application.  
 Many soft computing techniques  such as rule-based expert systems, fuzzy logic and neural networks (NNs) 
are widely used, in renewable energy based application for prediction of some parameters. (Mellit, A and Hadj 
Arab, 2007; A. Meharrarand M. Tioursi, 2011; Mika J. arvensivua and Esko Juuso, 2001). Different approaches 
were formulated by many investigators to estimate the hourly global solar radiation and its related parameters 
(Angstrom, A., 1924; Rietveld, M.R., 1978; Neuwirth, F., 1980; Gopinathan. K.K., 1988; Hay, J.E., 1979). A 
multistage ANN was developed to predict the insolation of the next day (Alawi, S.M. and H.A. Ilinai,1988). 
Estimation of monthly mean hourly and daily global solar radiation was carried out using ANN with various 
meteorological parameters for India (Kemmoku, Y., and S. Orita,1999) have used ANN model to determine 
solar radiation data in different spectrum bands from data of meteorology for Helwan (Egypt) monitoring 
station. Also many researchers have taken efforts to optimize PV systems to ensure accurate functioning of the 
PV station. ANFIS is used in many areas such as  forecasting (Hamdy, K.E., and S.E. Tarek, 2005, classifying 
(Elmas, C., and Sayan, H.H. 2008), controlling (Sorousha, M., & Parisa, A.B. 2009), recognition (Jang, J. 1993) 
and diagnosing (Jang, J.S.R. 1991).  
 To the authors knowledge, very few investigators have used hybrid soft computing technique to predict the 
MGSR for a particular region (latitude). An attempt has been made to develop an ANFIS based approach to 
explore the predictability of MGSR in remote areas of districts in Tamilnadu, which has not been addressed so 
far. The rest of the paper is organised as follows. Next section provides the database used in this study. 
Followed by the materials and methods adopted containing  theory of ANFIS and proposed prediction model. 
Finally, the results and discussion are provided to conclude the findings of study. 
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Materials and Methods 
 
Data Collection: 
 
 The real meterological parameters such as ambient temperature(ºC), relative humidity, atmospheric pressure 
(Kpa), wind speed (m/s), and monthly global solar radiation MGSR (kWh/m2) on a horizontal surface from 
remote areas of 31 districts in Tamilnadu, southern region of India were used in this work. These data have been 
recorded by Indian Meterological Centre, TNAU automatic weather station from Jan 2010 to Dec 2010. Fig. 1. 
shows the sample   meterological data.  
 

 
(a) 

 

 
(b) 

  
Fig. 1: Meterological data (a) Input (b) Output.  
 
ANFIS based prediction:  
 
 The main goal of this work is to predict the MHSR from ambient temperature(ºC ), relative humidity(ºC), 
atmospheric pressure(bar), wind speed (m/s) based on proposed ANFIS model. Using this input/output  data set, 
ANFIS has the neural network’s capability to classify data in groups and adapt these groups(fuzzification) to 
develop a transparent fuzzy inference system. The learning mechanism fine-tunes the  membership function 
parameters in FIS using either a back propagation algorithm alone, or in combination with a least squares type 
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of method(Avci, E., and Varol, A. 2007). When the performance is achieved, the real value of data is 
obtained.(defuzzification) 
 
ANFIS architechture: 
 
  In this study, ANFIS is utilised as a hybrid soft computing model comprising of a neuro-fuzzy system ,in 
which a fuzzy inference(high level reasoning capability) system can be trained by a neural network-learning(low 
level computational power) algorithm. Fig. 2. shows the ANFIS architecture utilized in the proposed work. This 
system has two inputs x and y and one output, where its rule is expressed as : 
 

                         (3) 

 
where fi is output and pi, qi and ri are the consequent parameters of ith rule. Ai and Bi are the linguistic labels 
represented by fuzzy sets whose membership function parameters are premise parameters. The so called firing 
strength or degree of fulfillment of a pair. Output of each node in every layer is denoted by  where i specify 

the neuron number of next layer and l is the layer number. 
 In the  first layer called as fuzzifying layer. the linguistic labels are Ai and Bi. The output of the layer is the 
membership functions of these linguistic labels and are expressed as: 
 

                                                                 
(4)

 

 
                                   (5) 

 
where and   are membership functions that determine the degree to which the given x and y 

satisfy the quantifiers Ai and Bi.In the second layer, the firing strength for each rule quantifying the extent 
which any input data belongs to that rule is calculated. The output of the layer is the algebraic product of the 
input signals as can be given as: 
 

 ; i = 1,2                   (6) 

 
 ‘‘ ’’ denotes a fuzzy -norm operator which is a function that describes a superset of fuzzy intersection 
(AND) operators, including minimum or algebraic product. In this study algebraic product was used.In the third 
layer, called as the normalization layer every node calculates the ratio of the ith rule’s firing strength to the sum 
of all rules’ firing strengths. 
 

 ; i = 1,2.                     (7) 

 
In the fourth layer, the output of every node is  
 

                  (8) 

 
 The fifth layer computes the overall output as the summation of all incoming signals, which represents the 
results of wave height or wave period as can be given as: 
 

                   (9) 

 
 The ANFIS learning algorithm employs two methods for updating membership function parameters 
(Aznarte, M.J.L., 2007; Wang, Y.M., and  Elhag, T.M.S., 2008): 
 A hybrid method consisting of back propagation for the parameters associated with the input membership 

functions, and least squares estimation for the parameters associated with the output membership functions. 
 Back propagation for all parameters. 
 

In order to improve the training efficiency, a hybrid learning algorithm is applied to justify the parameters 
of input and output membership functions. The only user-specified information is the number of membership 
functions for each input and the input–output training information. So, the output can be written as: 
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                (11) 

 
 
Fig. 2: ANFIS architecture. 
 
Proposed prediction model: 
 
 The proposed ANFIS model is based on a hybrid soft computing technique, which comprises of artificial 
neural network (ANN) to adjust input and output parameters of membership function in the fuzzy logic 
controller (FLC). A simple ANFIS prediction model chart is shown in Fig 3. The ambient temperature, relative 
humidity, atmospheric pressure, wind speed are the input data and MHSR is the output data .To train the 
proposed model, hybrid learning algorithm and sugeno fuzzy model has been used. Two ,three and four gbell 
membership functions were assigned as variants of the algorithm for each of all the inputs. In the training and 
testing phase of the proposed model, a data sets of 17 x 12 and 14 x 12 has been used respectively. During the 
training phase, the neural network in ANFIS model classifies the dataset in groups, discover patterns and further 
extend a transparent fuzzy expert system. Further, the network adapt these groups to arrange best membership 
function to deduce the desired output with minimum epochs. In the learning phase, ANFIS network model is 
trained effectively(better generalisation capability) to produce exact results for new testing data samples that are 
not present in the training data set. The iterative process(as in flowchart) of presenting an input-output pair 
continue  until the error function reaches a predetermined value. To validate the proposed model, a statistical 
approach has been used to compare the predicted values and measured values.  
 

 
 
Fig. 3: ANFIS prediction model chart. 
 
Results and discussion 
 
 In this study, an effort has been made to design and develop an ANFIS model in MATLAB 
7.5.0.3402(R2007) software version. The proposed ANFIS model was trained for two, three and four input 
membership functions. In Fig 4.the predicted and measured values of the proposed ANFIS model for three input 
gbell membership function are shown. It can be observed that there is small deviation for coastal regions when 
compared to others, because of the uncertainty in climatic conditions. Fig 5. proves that the predictions of 
MHSR obtained were correlated well with the observed values, confirming a good fit of the data. It can be 
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observed from Table.1, that the agreement between predicted and measured values are completely satisfactory. 
Table 2 depicts the related statistical results(RMSE and  r2 )for various input membership functions during the 
testing phase. It can be generalized that the accuracy of training increases by decreasing the number of input 
membership functions.  It can also be concluded that the proposed ANFIS model is an appropriate technique for 
exact prediction.  
 

 
 
Fig. 4: Predicted and Measured values of the proposed ANFIS model. 
 

 
 
Fig. 5: Comparision of predicted and measured values. 

 
Table 1: Statistival parameters for the measured  predicted data. 

Input Membership 
Function 

Mean  MBE RMSE R2 

Measured Value 5.1880  -1.031 0.0078 0.9898 
Predicted Value 5.2198 

 
Table 2: Statistical details of various input membership functions. 

Input Membership Function RMSE R2 
Two gbell 
Three gbell 
Four gbell 

0.0062 
0.0078 
0.0124 

0.9835 
0.9898 
0.9899 
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Conclusion: 
 
 The proposed ANFIS model to predict the monthly global solar radiation is successful and it becomes 
suitable for solar energy conversion application. Also, it is possible to generate this data for any remote region 
in Tamilnadu. The values of performance parameters such as root mean square error (RMSE) and mean bias 
error (MBE) presented in this study are very satisfying. The ANFIS model shows promising results for 
evaluating monthly global solar radiation in regions. The findings demonstrate the predicting capability of 
ANFIS model and its compatability for any region with varying climatic conditions. Furthermore, it is suitable 
for a place, where a network of monitoring stations has not been setup. 
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