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EXECUTIVE SUMMARY 
 

Energy is a fundamental input for human activities that provide to economic, 

human and social development of any country. Among all the energy carriers, 

electrical energy is the most important and sought after energy carrier for its 

quality, versatility and ability to perform various technology driven end-use 

activities. Demand for electricity has increased significantly, especially in the 

developing countries like India, in recent years due to growth in population and 

economic activities such as agricultural, industrial and domestic activities.  

Each year, the sun casts four thousand times more energy on the earth than what 

is consumed worldwide. German scientists Gerhard Knies and Franz Trieb assert 

that covering a small part (0.5%) of the earth’s hot deserts with solar collectors 

would suffice to meet the electrical needs of the entire planet. One of the 

possibilities is to transform this energy into electrical power.  

For optimum use of solar energy we should be well conversant with the 

availability of the solar radiations and their requirement for a particular system. 

The climate conditions of particular region also play a major role for use of solar 

radiations. The information regarding same can be obtained from the instruments 

installed at different weather stations but it is not possible economically to install 

instruments everywhere. Therefore some suitable model for prediction of solar 

radiations becomes need of the hour. 

Himachal Pradesh state’s some districts experience severe cold and windy 

conditions during November to mid of March requiring electricity for 24 x7. Also 

the snowfall makes the situation worse at some of the places due to breakage of 

power supply wires which cannot be repaired overnight and people have to 

remain without light for several days. The best answer to all these problems can 

be the solar electrification of these places.  

The state government has planned to harness renewable energy to meet the energy 

requirements at all levels. The data of solar radiations is required not only for 
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evaluation of solar energy plants but also for evaluation of various energy devices 

like solar water heating, passive solar house technology, solar photovoltaic lights, 

agriculture studies and meteorological parameters. But data at most of the far 

flange areas is either not available or its not reliable. Hence a system is to be 

devised to predict the solar radiations at different places of the state to achieve the 

solar electrification. 

As solar energy systems depend on the climatic conditions, that is why their use 

requires complex design, planning and control optimization methods. Fortunately, 

the advances made in computer hardware and software are allowing researchers to 

deal with these optimization problems using computational techniques, as can be 

seen in the large number of optimization methods that have been applied to the 

renewable and sustainable energy field.  

A detailed methodology has been devised to predict the solar radiations at 

different places The first objective was to make the assessment of solar irradiation 

in particular area by using artificial neural networks (ANN) method. The 

meteorological data of location has been obtained from Himachal Pradesh power 

Corporation Limited (HPPCL), Shimla, Himachal Pradesh for training the neural 

networks and used for testing the estimated values. Different input variables such 

as temperature data maximum temperature (Tmax) and minimum temperature  

(Tmin), average relative humidity, average rainfall, global solar radiations, pressure 

for the year 2014 has been used to propose the solar radiations as the output. 

Three ANN based models have been developed using artificial neural networks 

tool (nftool). They have been given names as ANN-1, ANN-2 & ANN-3 in the 

nftool of MATLAB 9.1 (R2016b) Simulink. The three ANN based models have 

been developed using different input variables. The correlation coefficient (R 

value) which determines the association between outputs and targets have been 

found out in all the three models. Hidden layers have been varied between 10 to 

20 for all the three models and the MLP model with least MSE have been 

suggested for the particular ANN based model as it has the least MAPE. The best 

model out of the three models has been proposed. 
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Then one model based on adaptive neuro-fuzzy inference system (ANFIS) have 

also been proposed to predict the global solar radiations taking the inputs of the 

best model based on ANN. The basic idea behind these neuro-adaptive learning 

techniques is very simple. These techniques provide a method for the fuzzy 

modelling procedure to learn information about a data-set, in order to compute the 

membership function parameters that best allow the associated fuzzy inference 

system to track the given input/output data. This learning method works similarly 

to that of neural networks. The Fuzzy Logic Toolbox function that accomplishes 

this membership function parameter adjustment is called ANFIS. 

Next study has been carried out for the prediction of solar radiations using 

climatic conditions for the 10 selected cities of Himachal Pradesh. In the three 

different models predicted maximum number of inputs used is six and minimum 

is four. The different variables used in this study are temperature (Temp.), 

humidity (H), rainfall (R), sun shine hours (SH), latitude (Lat.), longitude (Long.) 

and target average daily solar radiations (SR) for 10 cities of Himachal Pradesh 

on average basis. It has been suggested in the research conducted that what are the 

most suitable climatic conditions required for prediction of solar radiations. The 

errors have been calculated to suggest the most efficient model for solar radiation 

prediction.  

Chapter 1 comprises the basic introduction of the solar energy, its requirements, 

existing solar technologies, scope and availability of solar energy in context of 

World, India and state of Himachal Pradesh. In the end it has been discussed that 

why there is need of solar energy with reference to state of Himachal Pradesh. 

Chapter 2 elaborates the extensive literature review carried out to find the 

different existing prediction models and gap in the research.ANN as a better tool 

of prediction, its advantages and accuracy for prediction models has also been 

discussed. In the last of this chapter the objectives of research has been listed. 

Chapter 3 deals with the methodology used for the prediction of solar radiations. 

Methodology has been given in the form of flow chart. Prediction models 

selection processes using both ANN and ANFIS have been given in this chapter. 
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Chapter 4 gives the site specific prediction model using ANN. Different 

meteorological parameters have been selected and data for the same has been 

collected from HPPCL. The models have been proposed using different inputs 

from the selected parameters and the model with minimum error has been 

suggested out of the three. Error has been calculated to check the accuracy of the 

proposed prediction model. 

In chapter 5 ANFIS has been used to predict the one model predicting global solar 

radiations using six input parameters same as taken in chapter 4 for the ANN 

model. Rule base have been designed for model based on the training and 

validation process. Then next year’s prediction has been done based on the 

proposed model and error has been calculated between actual and predicted solar 

radiations. 

Chapter 6 has the prediction model based on the data collected for 10 cities of 

Himachal Pradesh. Input parameters for the selected cities are the meteorological 

parameters and different inputs have been given to all the three proposed models 

using ANN. Depending upon the calculation of error the model with least error 

has been taken as the best model for the prediction of solar radiations. Also, the 

best model input parameters have been taken as the most influential climatic 

conditions for prediction of solar radiations. Based on these estimations solar 

radiations have been predicted for the next five years for these selected cities.  

In this chapter ANFIS has also been used to propose the model using same inputs 

used in the best prediction model by ANN. Error calculation and prediction of 

2017 has been done based on this model. 

Chapter 7 has analysed all the results obtained from the different models. The 

errors as well as best models with their inputs have been discussed in length in 

this section. Also the range of solar radiations for the 10 selected cities of 

Himachal Pradesh for next five years has been predicted. The results from both 

the models using ANN and ANFIS have been discussed and compared. 
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Chapter 8 has the conclusion drawn from the obtained results through different 

models. The conclusions have been drawn qualitatively with comparison to the 

objective of this research. 

The last chapter contains the references and bibliography of the work carried out. 
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1. INTRODUCTION 

Energy is a fundamental need for the human being and is the very basis of 

economic and social development of any region. Of all the available energies, 

electrical energy, because of its distinct quality, wide range of capability and 

its unmatched usage is the most needed energy carrier. Due to the perpetual 

economic activities and the considerable growth in the population, the demand 

for electricity has been on the rise in developing nations like India. Electricity 

generation in far off places at the least prices, available potential and the 

power system sizing plays a vital role. 

Solar systems are the most preferred options in the far -flung regions for the 

different power levels, because of the convenient power sources. 

1.1   INTRODUCTION TO SOLAR ENERGY 

Each year, the earth receives approximately 4000 times more energy than what 

is utilised across the globe from the Sun. Mere coverage of 0.5% of the 

planet’s hot places with solar systems will help meet the electricity 

requirements of the whole planet as asserted by Gerhard Knies and Franz 

Trieb. Solar energy is nothing but capturing sun’s radiation on the earth. The 

biggest advantage of this energy is that it can be converted into electrical 

power.  

Of all the renewable energy resources, the solar energy generation has 

witnessed the highest percentage growth of late. The researches however show 

that the solar energy’s contribution towards generation of electricity is still 

low.
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Use of Solar Energy is evident some 2500 years back in which Greeks build 

their houses and other infrastructures facing towards sun orientation. Greeks 

and Romans used the solar energy making their architectures south facing. 

Also the use of wood is evident in ancient literatures but that was mainly 

limited to the rulers and well to do families of that times. This also made the 

poor’s use sun energy to maximum. 

For optimum use of solar energy we should be well conversant with the 

availability of the solar radiations and their requirement for a particular 

system. The climate conditions of particular region also play a major role for 

use of solar radiations. The information regarding same can be obtained from 

the instruments installed at different weather stations but it’s not possible 

economically to install instruments everywhere. Therefore some suitable 

model for prediction of solar radiations becomes need of the hour. 

Different sectors have different requirements of energy at different levels. The  

major chunk of the energy is consumed by the buildings. They use almost two 

thirds of all energy consumptions and to provide energy to such sectors 

without disruptions is one major challenge. By using only the existing systems 

it’s not possible to fulfil all the requirements of energy consuming sectors 

including industries. So it’s very important to use the renewable energy 

systems for the same and solar energy is one major renewable system which is 

available in abundance. 

There is a growing concern worldwide regarding conservation of energy and 

to conserve the environment from the current sources of energy generation. 

Hence solar radiations use for energy generation addresses both these 

concerns. Prediction of solar radiations for a particular solar system or specific 

region would serve as primary model in order to prepare for the future 

generation technologies. Gradually, newer techniques of solar radiations 

prediction models/systems for solar generation plants are suggested to 

improve the overall system. Various analytical as well as simulation 

techniques have been suggested for the solar radiation  predictions in the 

recent times. Due to its substantial growth, it is believed to be one of the 



3 
 

world’s energy pillars in years to come. Weather conditions of any particular 

area play a very major role in prediction of the solar radiations. 

1.2   ENERGY STATUS 

The energy status is divided into three broad categories with respect to this 

particular research study as world energy status, Indian energy status and 

status of energy in Himachal Pradesh. 

1.2.1 WORLD ENERGY STATUS 

The ever-increasing growth of energy at world level whether it’s for daily use 

or for the large technological advancement requirements has risen sharply but 

it has its disadvantages also. The climate change, ozone layer depletion and 

global warming etc. are few of its major concerns. Worldwide the use of 

renewable energy has also started growing due the above said concerns. 

The global renewable energy status report 2017 indicates that energy demand 

has increased around 1.8% annually since 2011 worldwide. The global energy 

consumption using renewable energy resource is estimated to be 19.3 %   as of 

2015.The overall chunk on non conventional energy sources has grown 

miserably of late in spite of the increase in this sector especially in solar and 

wind power energy. The electrical generation sector has witnessed the greatest 

increase as far as the renewable sector in concerned [1]. 

In developing countries, the use of renewable energies can decrease their 

dependency on the fossil fuel rich nations and ultimately can enhance their 

living standards and economy. Solar energy can play a major role towards 

achieving this target of shifting to renewable sources of energy. That’s why 

the major emphasis of the World is to channelize the different sources of 

renewable energies.  

 

1.2.2 INDIA ENERGY STATUS  

India is undergoing the phase of economic growth. Electrical systems in 

remote areas can use electricity storage to integrate renewable generation and 
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help meet continually varying electricity demand. Despite many socio 

economic problems with respect to electrification in India there are 

innumerable technical glitches.  

While the economy globally is experiencing its lowest growth ever, the Indian 

economy is towards upsurge. Indian economy has seen an exceptional growth 

in the year 2016-17 and power sector plays major role in it. The Installed 

capacity has risen  to 310 GW in which thermal energy still plays pivotal role 

as 69.4% of total and renewable only 14.8% of total ( The Ministry of New & 

Renewable Energy, MNRE, as per annual report 2016-17)[2].  

The Indian government has increased the target of non conventional energy to 

175 GW out of which 100 GW is to be installed from the solar energy which is 

to be achieved by 2022.  750 GW out of 900 GW is to be achieved from Solar 

energy only as per the Indian estimation. Technological confidence has given 

the belief that the non conventional energy can play a vital role in energy 

sector. Apart from the private sector, all the main government organizations 

like Aviation, Medical, Railways and PSUs are being solar powered. 

 

1.2.3 HIMACHAL PRADESH ENERGY STATUS 

Himachal Pradesh is located in North India with Lattitude 30° 22’ 40” N to 

33° 12’ 40”, Longitude 75° 45’ 55” to 79° 04’ 20” E, height 350 to 6975 m 

(above sea level) and an average rainfall of 1323 mm. This state is hilly 

having 12 districts and a geographical area of 55,763km
2
 with population of 

6,856,509 persons. Its terrain is generally divided into four parts: Low hills 

(altitude up to 1,000 m); Medium hills (altitude between 1,000 -2000 m); High 

hills (altitude between 2,000-3,000 m); Cold & Dry zone (altitude above 3,000 

m). It has very different weather conditions ranging from low to high hills and 

then to dry zone. Its average temperature ranges between -10° to 35°C and 

cold desert areas covered by snow 3-5 m with no or very rare vegetation, with 

in average rainfall of about 25 cm and temperature as low as -40°C. This state 
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has average snowfall of 150 cm. The major sources of energy generation in 

state are large and medium hydro power plants at different locations of the 

state on rivers like Satluj, Beas, Chenab and their rivulets. The installed 

capacity of hydro plants is approximately 25,000 MW. 

While the states own requirement of power should be met from clean sources 

as per state policy of sustainable development and solar fits in that. Solar is 

much firmer and efficient and compliments hydro. National Institution of 

Solar energy (NISE) [3] has estimated a potential of 34 GW taking into 

account 3% of total wasteland and roof top surface area of the consumers for 

this purpose. HP Solar Power Policy-2016 [4] is also in place which shall be 

applicable to Solar PV technology. Therefore this state has huge solar 

potential if the solar radiation predictions can be done at each or every place or 

some model for the prediction can be used where weather or other data are not 

available. 

1.3 EXISTING SOLAR TECHNOLOGIES 

Currently there are two methods of generating electricity from solar radiations. 

The first is solar thermoelectric technology and the second is known as 

photovoltaic technology. 

1.3.1 SOLAR THERMOELECTRIC TECHNOLOGY 

 This technology is based upon the solar radiations used for heating of  fluid to 

be used  in  thermodynamic cycle or generate electricity using a turbine. This 

concept was first introduced in 1767 by Horace de Saussure, and there after 

some latest methods are also available. 

One of the commonly used example of this method is solar water heaters used 

on the rooftops, whilst Concentrating Solar Plants (CSP) are found generally 

in United States South-western states. These CSP concentrate sun light on a 

small area through large number of mirrors and used to heat the fluid which in 

turn convert water into steam and used to operate turbine to generate 



6 
 

electricity. The disadvantage of this approach is that it requires a large volume 

of water to operate the turbines and CSP conversion rate is only 20%. 

1.3.2 PHOTOVOLTAIC TECHNOLOGY 

This photovoltaic (PV) technology is also known as solar photovoltaic 

conversion. Using photovoltaic effect, the solar energy is converted to the 

flow of electrons using solar cells which is best method for electric power 

generation. In this conversion method the materials are used which exhibit the 

photovoltaic effect.  

PV power generators have number of solar panels comprising of solar cells 

containing a PV material. Solar powered PV panels convert the sun’s rays into 

electrical energy by exciting electrons in silicon cells using the photons of 

light from the sun. Solar cells can be classified into first, second and third 

generations. First generation cells are also called conventional or wafer-based 

cells. It is considered as the best technology for solar powered electricity 

generation due to its simple and easy functioning.  

Alexandre-Edmond Becquerel  was the first researcher who observed this 

effect in year 1839 using a silver coated platinum electrode in an electrolytic 

solution. Later in 1876 this effect was also seen in selenium by Adams and 

Day. But as per literature the first large area solar cell was produced in 1894 

by Fritts using selenium in between gold and other metal. 

The electronics industry stated widespread use of p-n junctions by 1950s. The 

first silicon solar cell was developed by Chapin, Fuller and Pearson in 1954 

with an efficiency of 6%. It had high cost as Rs.13000 per watt but it opened 

up the electricity distribution channel for the remote areas. The actual efforts 

to use the renewable energy and specially the solar energy started in the 2000s 

and it truly reduced the costs of PV cells due to its high production. Now the 

silicon based cells manufactured in labs have efficiencies as high as 25% and 

their cost has been reduced to as low as Rs.64 per watt. Modern solar cells 

which are silicon based are usually single junction devices and can be 

classified as mono crystalline (high quality), multi crystalline (lower quality) 
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or amorphous (low efficiency), each with all having their own different 

methods of manufacturing. Due to silicon’s low cost, very good quality and 

technologically sound materials almost 85% of total available PV cells are of 

silicon family. 

The solitary junction solar cells, despite all the above qualities have the 

limitations of their performance efficiency. Therefore in recent times a number 

of other PV technologies have been evolved today based on other than silicon 

materials. These are generally divided into the following three categories: 

1.3.2.1 High Efficiency 

These materials use inorganic semiconductors with properties for high 

absorption of the incoming solar radiations. Its high conversion efficiency has 

made it popular for space power systems applications where weight is the 

main consideration. 

1.3.2.2 Thin Films 

These PV cells are manufactured by depositing thin layers of active 

semiconductors on a substance, Copper Indium Gallium di Selenide, Cadium 

Telluride. They have the properties of high performance under low light 

conditions and also they are cheaper than crystalline silicone. 

1.3.2.3 Organic and Dye-Sensitised 

In this type flexible solar cells are manufactured with a band gap that can be 

changed by varying material composition by the use of molecular or organic 

materials containing carbon. The major disadvantage is that it requires large 

volume production for low cost and also its performance efficiency is good if 

used for long periods under illumination. Due to this advantage they are very 

rarely used commercially. 
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1.4 EXISTING SOLAR MODELING TECHNIQUES 

 

1.4.1   ANGSTROM MODEL   

The original Angstrom [5] is the first model for estimation, which shows 

relation/equation between daily radiation to clear sky radiation (monthly 

average) and actual sunshine duration to average probable sunshine hours. 

 

 
 

Also the ratio  
 

 
  is known as Cloudless index and it avail the information 

regarding atmospheric characteristic and conditions of area under study. 

 

1.4.2 ANGSTROM-PRESCOTT MODEL   

In equation (1.1) there is a basic difficulty that lay’s with its defining term   , 

as problems arising in finding clear sky radiation precisely. So Prescott [6] has 

modified above equation (1.1) and named as Angstrom-Prescott model which 

is commonly used model. Prescott has modified and replaces cloudless sky 

radiation with extraterrestrial radiation    with    and is given by. 
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Where  

    Monthly average extraterrestrial radiation. 

     Solar constant (1367    ) 

d = Number of days from 1
st
 January to 31

st
 December. 

   Latitude of location in     

   Solar declination angle in     

     Sunset hour angle in     

 

Also, Solar declination angle in     and Sunset hour angle in     can be find 

by following relations. 

 

                                                                                                  

 

                
     

   
                                                                       

 

The maximum sunshine duration (N) hours may be given by eqn. [7]. 

  
   

  
                                                                                                                   

Besides Angstrom-Prescott Model equations can further improved to more 

precise results and used for many application. 

 

1.4.3 LIEU AND JORDAN MODEL  

Lieu and Jordan have proposed computational formulae for solar radiation, 

given as [8]. 

 

              
      

 
   

      

 
                                           

 

For Horizontal plane solar radiation is given as: 

 

                                                                                                        

Where  

    Direct radiation on horizontal surface. 

 

     is given as,   

              
  

         
  

 

  
                                                        

 

Where, 
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   angle of Incidence on horizontal surface. 

    Orientation Factor. 

   Direct Radiation. 

 

Sun height angle is calculated as: 

 

                                                                               

 

Where,  

   Time angle. 

   Latitude location. 

   Declination angle of Sun. 

 

Direct radiation is calculated as: 

                                                                                                                  

 

   (Orientation Factor) is expressed as: 

 

   
                             

                     
                                  

 

Where, 

   Tilt angle. 

 

To find amount of diffused radiation   , the following relation is proposed: 

 

                                                                                                    

 

 

Generally, diffuse radiation D in terms of tilt angle  is obtained as: 

 

     
      

 
                                                                                

 

 

Where,  

     Constant under clear sky and its values are given in Table 1.1. 
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In Table 1.2 some other models have also been tabulated given in literature 

[9] for prediction of solar radiation. 
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1.5 RELEVANCE FOR SOLAR ELECTRIFICATION IN HIMACHAL 

PRADESH 

Himachal Pradesh state some districts experience severe cold and windy 

conditions during November to mid of March requiring electricity for 24 x7. 

Also the snowfall makes the situation worse at some of the places due to 

breakage of power supply wires which cannot be repaired overnight and 

people have to remain without light for several days. The best answer to all 

these problems can be the solar electrification of these places. This will not 

only provide them electricity round the clock but also decrease the cost of 

maintenance and distribution for state utility. 

The state can also become the carbon neutral state if the renewable energy and 

especially solar energy potential is effectively utilized. In order to become 

energy crisis Free State, it has to plan and organize the use of solar energy. 

The state government has planned to harness renewable energy to meet the 

energy requirements at all levels. The data of solar radiations is required not 

only for setting up of solar energy plants but also for evaluation of various 

energy devices like solar water heating, passive solar house technology, solar 

photovoltaic lights, agriculture studies and meteorological parameters. But 

data at most of the far flange areas is either not available or its not reliable. 
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Hence a system is to be devised to predict the solar radiations at different 

places of the state to achieve the solar electrification. 

In order to establish a power system for a particular site it is necessary to get 

down to the nitty-gritty of the particular power demand and the solar energy 

existing there. This will allow us to design the kind of solar energy system that 

meets the demands of the utility at its best.  

As solar energy systems depend on the climatic conditions that is why 

complicated design, control optimization techniques and planning is essential. 

Fortunately, the technological advancements as regards computer software and 

hardware are permitting researchers to tackle these optimization hurdles using 

computational methods.  

 



16 
 

2. LITERATURE REVIEW 

2.1   RELATED RESEARCHES 

Many researches have been carried out on the prediction of solar radiation. 

Some relevant researches have been presented as follows. 

Yadav et al. [23] has suggested that number of climatic and topographical 

elements affect the solar radiations. Various inputs such as latitude, longitude, 

temperature, humidity etc. have been considered to propose 3 different models 

based on ANN with most valuable inputs for these models. It has been 

suggested that temperature, altitude and sunshine are most relevant factors 

whereas longitude and latitude are the as least effecting input variables in 

prediction of solar radiations for state of Himachal Pradesh.  

An empirical model has been suggested by Li et al. [24] for evaluating global 

solar radiations on daily basis on a horizontal surface. The MAPE, MABE, 

RMSE and correlation coefficients have been calculated and results show 

good adjustments to varying conditions. 

 Data of solar radiations are of great importance for solar systems. Li et al. 

[25] shows that for prediction of global solar radiations estimation of 8 models 

can be done using only the sunshine hours. Output shows that the models 

present fair prediction preferring only Angstrom-Prescott models. 

The work proposed by Rahimia et al. [26] has been developed to calculate the 

Angstrom equation coefficients by making use of sunshine duration hours and 

solar radiations of Mashhad Synoptic station from 1997 to 2003. To evaluate 

error and validate the model three statistical parameters such as MBE, RMSE 

and index of agreement have been employed. 
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To obtain solar radiation maps, multilayer perceptron application has been 

used in Spain by Hontoria et al. [27]. To establish solar radiations ANN has 

been used. Seven different cities have been chosen to draw the conclusions 

using MLP. 

Estimation of daily global solar radiations have been done using ANN based 

techniques by Benghanem et al. [28]. Different solar data like global radiation, 

air temperature and humidity has been used to project the model.  By using 

different combinations as inputs 6 ANN models have been proposed and it has 

been noticed that the methods employed using sunshine duration and air 

temperature yield accurate results. 

Mohandes et al. [29] introduced neural networks technique for Saudi Arabia 

for estimating the global solar radiations. The 41 locations data has been   

separated into 31 sites for training and 10 locations for trying and the outcome 

suggest comparatively fair relation between projected values and the observed 

ones. 

Daily global solar radiations on horizontal surfaces has been measured for 

three years at Amman City, Jordan for research by Al-Salaymeh et al. 

[30].The obtained model gives best fit for measured values and has a high 

value of regression coefficient. Mathematical formula has been used by the 

paper for predictive model for the duration of sunshine. 

 Three methods have been employed to determine Angstrom regression 

coefficients which are used to suggest the daily solar radiations for 8 

metrological sites in Egypt by M.T.Y et al. [31]. The first ratio has been taken 

between monthly sunshine duration and corresponding maximum of daily 

sunshine, the next between monthly daily global solar radiation and 

corresponding monthly mean solar radiation on horizontal surface.  

To determine the solar-energy prediction in Turkey ANN has been used by 

Sozen et al. [32].  The inputs used to the system are Latitude, longitude, 

altitude, mean sunshine duration and mean temperature. Solar radiation has 
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been taken as output layer. The trained and testing models of ANN give 

accuracy to find the solar radiation potential. 

The work purposed by Jemaa et al. [33] the modelling of solar radiation has 

been done using three approaches namely linear, quadratic and cubic models. 

Different inputs have been used. To suggest the daily global radiations with 

measured daily duration of sun on earth data is the prime objective of this 

study. 

The objective of the study given in paper by Hasni et al. [34] has been to test 

an ANN for evaluating global solar radiation as a dependent of air temperature 

and relative humidity data. The suggested model can be used at locations 

where only the above two data are available. 

A fuzzy based model for obtaining energy available at the PV cells output 

which keep varying with solar radiation and temperature by Li et al. [35]. 

Maximum power point has been obtained using the fuzzy model.  During 

tracking phase the fuzzy control algorithm efficiently enhances the efficiency. 

It is suggested to be suitable for fast changing environments. 

Black et al. [36] proposed model where regression constant ‘b’ is almost 

constant and value of ‘a’ mean proportion of radiation is varying. 

Page et al. [37] suggested that clearer the sky; more is the value of solar 

radiation for given ratio of mean daily duration of sunshine over maximum 

possible sunshine duration. Ultimately the value of ‘b’ got affected. 

A correlation model proposed for the relation between monthly daily average 

global solar radiations to the possible sunshine hours by Rietveld et al. [38]. 

Its correlation at that time was assumed to be applicable everywhere in world. 

Flocas et al. [39] suggested that the accurate measurement of solar radiation is 

of great importance as most of the weather stations are doing the predictions 

based only on the duration of sunshine hours. 
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A study based on the Hounman model has been implemented on the 6 

Australian stations with monthly values of 458 months of almost 3to 10 years 

for solar radiation prediction by Hutchinson et al. [40]. 

Turton et al. [41] established an average regression constant for humid 

tropical countries. Using this regression constant solar radiations can be 

predicted for humid regions. 

Singh et al. [42] suggested the correlation formula for the solar radiation study 

of Amritsar and gave the values of regression constants. 

 The altitude and latitude of the site have been taken into consideration in 

order to calculate regression coefficients by Chandel et al. [43]. This model 

suggested results better than other models. 

A model has been proposed by Akpabio et al. [44] for the prediction of global 

solar radiations using the data supplied by International Institute of Tropical 

Agriculture station at Onne, Nigeria which is a high rainfall station. 

Alawi et al. [45] have taken into consideration different climatic conditions 

like temperature, pressure, relative humidity, mean wind speed etc. to predict 

solar radiations for area where no measurement of solar data is being done. 

The MAPE calculated is 7.3 in this study. 

Multistage ANN is used in this study to estimate the daily radiations of the 

next day by Kemmoku et al. [46] using average atmospheric pressure as one 

of the inputs. 

Kalogirou et al. [47] used ANN to suggest the solar radiation. The input to the 

suggested model has been affected mainly by the availability and magnitude 

of solar radiation. 

Solar radiation data from 13 Indian locations has been trained by ANN to 

estimate hourly values of solar global radiation and the monthly mean daily by 

Reddy et al. [48] to propose a prediction model. 
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Different meteorological parameters and global solar radiation in Sao Paulo 

City, Brazil are used in this study by Soares et al. [49] to predict hourly values 

of diffuse solar radiation using perceptron neural-network technique. 

Sozen et al. [50] have suggested two different models using ANN. In first 

model weather data for three years is being used for 17 stations of Turkey. 11 

stations have been used for training while 6 have been used for testing. In 

second model solar radiation potential is predicted for construction of monthly 

radiation maps in Turkey using ANN. 

Solar irradiance has been estimated in this research by Cao et al. [51] using 

ANN combined with wavelet analysis. Data pre-processing has been done into 

several time-frequency domains and then back-propagation is being used. 

In the proposed model Lopez et al. [52] trained a multi-layer feed-forward 

perceptron. Bayesian system for ANN has been used for prediction of direct 

solar irradiance. 

Ouammi et al. [53] have suggested ANN model for estimating monthly solar 

irradiation of 41 sites of Morroco for the years 1998-2010 and longitude, 

latitude and elevations have been used as inputs to the model. 

Khatib et al. [54] used sunshine ratio, longitude, latitude and days number as 

input values for estimation of clear day sky for Malaysia using feed-forward 

multilayer perceptron. 

Modelling of diffuse and direct normal solar radiation have been suggested in 

this study by Mohandes et al. [55] using Radial basis function network (RBF) 

using global solar radiation, ambient temperature and relative humidity as 

inputs to the model. 

Sumithira et al. [56] have proposed ANFIS system for monthly global solar 

radiation prediction for state of Tamilnadu, India. Inputs used to the system 

are relative humidity, ambient temperature, atmospheric pressure and wind 

speed. 
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Yildiz et al. [57] have suggested two models using ANN for prediction of 

solar radiation in Turkey. Model 1 used latitude, altitude, longitude and land 

surface temperature as input whereas model 2 used satellite surface 

temperature in place of land surface temperature other inputs remaining same. 

A better estimation result for model 2 has been obtained as compared to 

model 1. 

2.2 GAPS IN RESEARCH DRAWN FROM LITERATURE 

 In this regard, there is essential requirement for estimation of solar 

radiation before erecting the solar plant. For the applicability of these 

models for evaluating daily global solar radiations there has been 

dearth of substantial evidence in literature. 

 Solar radiation models are of immense significance. Most of solar 

prediction models are of the modified Angstrom-type equation. Few 

models have used ANN but taking different inputs for different 

models. Generalization of input parameters is required. 

  Though empirical models appear to be simple yet they invariably lack 

accuracy and generality. 

 The weather parameters are used randomly for the solar radiation 

prediction models. 

2.3 ESTIMATION OF SOLAR RADIATION POTENTIAL 

Climatic data such as ambient temperature, solar radiation, clearness index 

and relative humidity, sunshine duration, snow fall, are considered as reliable 

and widely variable resources. That is why it becomes mandatory to formulate 

prediction and estimation models of these meteorological data. In solar 

systems a very significant role is played by this data. However, the complexity 

of instrumentation results in non availability of data. To design and study 

solar energy conservation devices it is mandatory to have an accurate 

knowledge of global solar radiations however these are not easily available 

because of the high cost and technique involved [58]. 

Angstom was the first one to propose the model for estimation of solar 

radiation from sunshine duration related to the global solar radiation of the 
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clear day.  In order to solve the difficulty of obtaining the clear day solar 

radiation data, Prescott replaced clear day solar radiations by  extra terrestrial 

radiation which resulted in the modified model commonly known as 

Ångströme Prescott (Å-P) model, which is said to be the the most convenient 

and thoroughly used model. Subsequently, extensive studies were carried out  

regarding modification and general validity of the Å-P model have been 

extensively studied. The effect of air mass, latitude and water vapour terms on 

the Ångströme Prescott relation has also been investigated [59-60].  

At different locations, measured solar radiations are required  for solar 

potential assessment of that region. From geographical as well as climatical 

point of view data collection for solar radiations is mandatory from different 

nearest metrological stations. By collecting these measured data different 

models are given by various researchers. From the models developed it  has 

been calculated that mean absolute percentage error i.e. MAPE ≤ 10% means 

high prediction accuracy, ≤ 10% MAPE ≤ 20% means good prediction, 20% ≤ 

MAPE ≤ 50% means reasonable prediction, MAPE ≥ 50% means inaccurate 

forecasting [61]. The most preferred parameters for estimation of global solar 

radiation are sunshine hours duration, ambient temperature, cloudiness, 

relative humidity, vapour pressure, rainfall for evaluating solar radiation have 

been suggested and validated at various sites [62-64]. Models based on 

sunshine duration are very commonly used and yield more accuracy. [65]. 

 

2.4   OBJECTIVES OF RESEARCH 

 

1. The main objective of this research is to estimate solar radiation potential. 

2. Estimation of the instantaneous and daily averaged solar radiations in terms 

of direct, diffuse & global radiations by considering different climatic 

conditions. 

3. Identification of most suitable parameters required for predictions based on 

different models. 
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4. Assessment of the solar radiation for various seasons during the year. 

5. Validating of proposed model by comparing with experimental data. 

6. Extending proposed model to predict the solar radiations at other sites.  
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3. METHODOLOGY USED 

The process used for prediction of global solar radiations has been based upon 

two methodologies. In first method ANN has been used whereas other method 

used is ANFIS.  

3.1 PREDICTION MODEL DEVELOPED USING ARTIFICIAL 

NEURAL NETWORKS  

Following methodology has been adopted for the potential assessment and 

prediction of most suitable climatic parameters: 

3.1.1   POTENTIAL ASSESSMENT USING ANN 

The first objective was to make the assessment of solar radiations in particular 

area by using artificial neural networks (ANN) method. The meteorological 

data of the proposed location has been used for testing the estimated values. 

Different input variables such as temperature data, maximum temperature 

(Tmax) and minimum temperature  (Tmin), average relative humidity, average 

rainfall, pressure global solar radiations for the year 2014 has been used to 

propose the solar radiations as the output. 

3.1.2 IDENTIFICATION OF MOST INFLUENTIAL PARAMETERS 

Assessment of the three different models ANN-1, ANN-2 and ANN-3 based 

on ANN using different input parameters has been done. The models have 

been then compared calculating their MAPE and the most suitable input 

parameters for solar radiation prediction models have been suggested. It has 

been found out that the model ANN-1 is the most suitable for the prediction 

using ANN as the MAPE found out in this is the lowest. It means the 

prediction is most accurate for this one. 



25 
 

The most accurate model has been employed to predict the solar radiations for 

the years to come. 

 

3.1.3   ARTIFICIAL NEURAL NETWORK –A BETTER PREDICTION 

TOOL 

Some 50 years back the concept of artificial neural networks was discovered, 

but its actual inclination due to computer software’s and simulation to 

practically implement it has been taken place in last 25 years. Artificial neural 

networks (ANN) have established its application in various fields like 

automobile industry, domestic purpose devices, mathematics, engineering, 

meteorology, prediction systems, neurology, aerospace etc. They are widely 

being used in weather, load, market trend forecasting, in robotic and adaptive 

control and many others [66]. A number of researchers have suggested that 

ANN is a reliable system for energy consumption and conventional statistical 

approaches because of their capacity to model non-linear patterns [67]. 

ANN has been successfully applied to different types of predictions in recent 

past. It has also been successfully employed to solar radiation estimations by 

different researchers for different models as perceived in above given 

literature reviews [23-58]. The ANN models are broadly classified into three 

types; feed-forward, feedback and auto-associative methods. Feed-forward 

methods are simplest of all the ANN methods and are used generally for 

uncertain outcomes. In this type of ANN method data travels in only one 

direction and that is forward, from input nodes through parallel hidden nodes 

and then eventually to the output nodes. In feed-forward ANN models, a 

learning rate, the number of hidden layers in the ANN and number of epochs 

[68] are the major determining factors. Feedback ANN contains information 

that travels in both directions. Generally for load prediction models feedback 

neural networks are being used [69]. Human brain has invariably provided 

proof of the existence of neural networks in body that are used for cognitive, 

perceptual and control tasks. Human brain is able to do computational tasks 

like controlling, recognition and body movements. More than 10 billion inter-

connected neurons are there in the human brain. Each neuron is a cell that 
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uses biochemical reactions to receive process and transit information in 

parallel [70]. The hidden layers decide the result of ANN and getting them in 

right number is to be achieved by trial and testing for different errors. 

Through synaptic weights, every single neuron is connected to all other 

neurons of a previous layer. The artificial neural network comprises of one 

input layer, with one neuron corresponding to each input parameter, a hidden 

layer and one neuron per layer with the output layer. To decide the output of a 

particular neuron, a neuron performs summation and activation functions. 

Through proper adaption of the synaptic weights, the network can be trained 

as a training set of matched input and output patterns. Output from each of the 

corresponding input is the variable function. It is necessary to feed the 

network information as data set which is required for learning. To provide an 

idea of output value input is feed through the network by initializing 

randomized weight network. Having read each pattern, the network uses the 

input data in order to produce an output. If there is error as compared to 

required output, the connection weights are changed and again same process is 

repeated till the error is decreased. The network only makes the weights 

constant when the training of data attains a satisfactory level and uses the 

trained networks to make decisions.  

Many of the solar radiation prediction systems have the exactly same type of 

the concerns associated with them which can be solved using ANN. ANN has 

the quality of making better and quicker decision making and more accurate 

estimations as compared to other existing systems. The performance of a solar 

radiation prediction system depends upon number of climatic and 

meteorological parameters. The prediction of solar radiation is one such 

problem for which ANN has an answer. The extraordinary functions 

performed by human brain have been tried to simulate with these 

computational and simulation models for using ANN ability to manipulate the 

understanding in form of patterns. Depending upon these patterns, input-

output functional relationships of neural networks are modelled that can make 

estimations about the future. 
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With the help of suitable learning methodology the connection weights can be 

modified in some orderly fashion which is a training process.The network 

adopts training mode, where an input is given to the network besides the 

required output and the weights are tuned so to generate the required  output. 

The weights after learning carry useful information whereas before learning 

they are arbitrary and have no inference. Fig. 3.1 illustrates how information 

flows through a single node. Through its incoming connections the node 

receives weighted commencement of other nodes. First of all, these are 

summed up. Through an activation function the result is then conceded; the 

conclusion is the creation of the node. This creation value is multiplied with 

the particular weight and shifted to the next node, for every departing 

connection. 

By appropriate adjustment of the synaptic weights, a training set is a group of 

harmonized input and output patterns used for learning of the network. The 

outputs are the needy variables that the network creates for the subsequent 

input. The most significant of all is that information the network requires to 

train is provided as a data set to the network. 

 

 

Fig. 3.1    Neural Networks Information Processing System. 
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The network uses the input data to produce the target, when each pattern is 

studied, which is then assessed to the learning pattern, i.e. the accurate or 

required output. The connection weights are changed in such a way that the 

fault is reduced in case of a difference. When the network has dashed through 

all the inputs, if the fault is still higher than the upper limit preferred 

acceptance, the artificial neural network again runs through all the input 

patterns repetitively until all the errors are within the requisite acceptance 

limit. The network holds the weights invariable, when the learning reaches a 

acceptable level. Then the decisions can be made, patterns can be identified 

using the trained network  

The most admired training algorithms are the back-propagation and its hybrid 

types. An epoch is known as the learning of all patterns of a training data set. 

The training position must be a courier compilation of input–output examples. 

Gradient descent algorithm is based on back-propagation training. The 

performance of the neural network can be raised by dropping the total error by 

varying the weights alongside its gradient. All the output patterns given by the 

artificial neural network absolutely match the anticipated values then an error 

of zero would point out that and the network is well taught. In brief, by 

originally passing on random values to the weight terms (ωij)
2
 in all nodes 

back propagation instruction is passed. The launching for each node, αpi, is 

initiated every time a training pattern is offered to the artificial neural 

network. The inaccuracy term, δpi, for each node is calculated backwards 

through the network, subsequent to the output calculation of the layer. This 

inaccuracy term is the produce of the inaccuracy function, E, and the derived 

activation function and hence is a calculation of the transformation in the 

network output formed by the incremental adjustment in the node weight 

values. The error term for the output layer nodes is calculated as: 

δpi =   αpi   (1- αpi) (tpi- αpi)                                                                             (3.1)              (2.1) 

The subscript i expresses the node position in the current layer whereas 

subscript j shows to a summing up of all nodes in the preceding layer of 

nodes.  
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For the hidden layer nodes: 

δpi = δpk  αpi (1- αpi) ωkj                                                                                                               (3.2)               (2.2) 

In the concluding expression, the subscript k indicates summing up of all 

nodes in the route of the output layer. The subscript j indicates each node’s 

weight position. Ultimately, to calculate an incremental alteration to every 

weight term, the terms α and δ for every node are used as: 

Δωij = є (δpi αpj) + m ωij (old)                                                                       (3.3)               (2.3) 

For the duration of each training iteration, the term є is said to be as the 

learning rate and calculates the range of the weight adjustments. Momentum 

factor is given by the term m, which is useful to the weight alteration used in 

the preceding training iteration, ωij (old). To establish the rate and firmness of 

the network, both of these steady terms are specified at the initiate of the 

training round.  

3.1.4   ARTIFICIAL NEURAL NETWORKS VS REGRESSION 

For expressing the reliance of a response variable on a number of self-

governing variables regression study is one of the extensively used 

methodologies. It is of worth significance to find out most excellent 

amalgamation of these variables to forecast dependable variables while 

dealing with huge number of independent variables [71]. To explore 

relationships between variables, regression analysis carries a compilation of 

methods that are used [72]. As a computing system, an artificial neural 

network is prepared of a number of plain and well interrelated dispensation 

elements, which processes data by its vibrant state response to exterior inputs 

[73]. It is just like brain where information giving out thought is inspired by 

the mode of biological systems [74]. A model is developed relating the output 

of network to the accessible real data used as inputs [75]. The concentration 

on artificial neural networks during the last 15 years has increased. In solving 

multifaceted problems such as pattern relationship and pattern 

acknowledgment, and generation of new consequential pattern, artificial 
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neural networks have been fruitfully engaged [76]. One major benefit of 

artificial neural networks is competent behavior of extremely non-linear 

associations in data, even when the precise nature of such relationships is 

unidentified. The performance values of the artificial neural network models 

have been found out to be superior to the regression models. Artificial neural 

network models have lower mean absolute percent error (MAPE) as compared 

to those of the regression models.  When compared between the artificial 

neural network models and regression models, the R values in case of 

artificial neural networks is much higher which makes it a better estimation 

tool [77]. 

3.2  PREDICTION MODEL USING ADAPTIVE NEURO-FUZZY 

INFERENCE SYSTEM (ANFIS) 

The benefit of using an ANN based establishment of solar power systems is 

that it good optimization of the data can be done, especially in remote areas 

where the climate data are not easily on hand, but as far as using the adaptive 

neuro-fuzzy inference system, it increases prediction accuracy by greater 

amount and a prediction model based on the number of inputs can be 

developed. 

The researcher has proposed a model using ANFIS wherein by changing the 

inputs only we can predict the solar radiations for any place. As already 

discussed ANFIS is far superior a prediction model as compared to other 

techniques. The best inputs used for ANN model has been used to propose the 

ANFIS model. 

3.2.1   POTENTIAL ASSESSMENT USING ANFIS 

ANFIS as its name suggests Adaptive Neuro-Fuzzy Inference System, which 

uses both neural as well as fuzzy system for training, testing and validation of 

data. The toolbox function ANFIS prepares a fuzzy inference system (FIS), by 

means of a specified input and output data set, whose membership functions 

are accustomed using either a back propagation algorithm alone, or a grouping 

with a least squares type of technique.  The fuzzy systems are allowed to learn 
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from the modelling data they are using. These neuro-adaptive learning 

techniques work on the very simple idea behind it. To learn information about 

a set of data, these techniques offer a way for the fuzzy modelling modus 

operandi that best allow the related fuzzy inference system to follow the given 

set of data to calculate the membership function parameters. This learning 

method works similarly to that of neural networks. This membership function 

parameter tuning in the Fuzzy Logic Toolbox function is accomplished by 

ANFIS. ANFIS can be used from the command line or all the way through the 

ANFIS Editor GUI. The Fuzzy Logic Toolbox can be personalized like all 

other MATLAB toolboxess. One can easily inspect algorithms, modify source 

code, and add your own membership functions or defuzzification techniques. 

The model validation has been done with the ANFIS editor GUI using the 

testing data set. First of all training data is given to the ANFIS editor which 

can be given from the selected file or it can be stored in the workspace in 

MATLAB 9.1 (R2016b). During input of the data to the ANFIS, the model of 

FIS with minimal testing data error is chosen to connect the parameters for the 

final modelling of the system.  

ANFIS tool is imitative of a universal category of intelligent networks a new 

Artificial Intelligence (AI) tool known as adaptive networks. The links spell 

out the relationship between the nodes and every node represents a 

progression unit. The output of the nodes depends on adjustable parameters 

pertinent to the nodes and thus all or some of the nodes are adaptive.  

To estimate the difference between the actual output and the required output, 

the learning rules spells out that how these parameters should be rationalized 

to minimize the approved error. In an adaptive network every node generally 

may have the node weights or parameters related with them. 

 The ANFIS based model has been developed for the estimation of solar 

radiations. With anfis edit of mathslab 9.1 (R2016b) ANFIS based model has 

been suggested. Some principles of using the file of diverse variables to this 

tool are employed. For the purpose of training, 75% data has been used and 

remaining 25% has been given for the purpose of testing. Then with grid 
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separation, the fuzzy inference arrangement is produced. By taking into 

deliberation the hybrid type of system using different number of epochs and 

zero error tolerance for different models, the system is trained. After the 

guidance is full then the ANFIS structure is made. Taking into consideration 

the output required, the regulation base has been selected. 

 

3.3   DIFFERENT INPUT VARIABLES 

Different input variable selection is the first important step for making an 

acceptable prediction of solar radiations. 

ANFIS tool of MATLAB 9.1 (R2016b) is used to train the data set available 

using hybrid algorithm to obtain the most useful model for solar radiations 

estimation. The testing of establishes an independent presentation through and 

subsequent to diverse numbers of epochs are used while validation of data 

process is complete. Depending upon the error got, the hidden layers numbers 

selected can be raised or lowered. The performance of the network is 

described as graph of mean square error (MSE) with respect to epochs.  

 

The proposed work will be carried out by subsequent steps sequentially as 

depicted in Fig.3.2 as the flow chart and details are as following: 

 

3.3.1   MOST RELEVANT INPUT DATA SELECTION 

Most relevant input data selection is one another major step towards achieving 

most influential parameters for estimation of solar radiation. Various 

combinations of data are being tried and tested for selection of the different 

inputs used for the prediction model. From that different set of inputs, errors 

have been calculated and based on those errors the most relevant input data 

selection has been done.  

 

3.3.2   DEVELOPMENT OF DATABASE FOR DIFFERENT MODELS 

After choice of largely appropriate input parameters, next step is to develop 

database of different models. For ANN based site specific prediction model, 
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The following flow chart is used to describe the methodology: 

 

Fig. 3.2   Flow Chart used for Solar Radiation Prediction. 

 

the diverse six key variables and target data base for year 2014 has been 

established. Then for ANFIS based prediction model same data as for best 

ANN prediction model has been used. Maximum six inputs and one target 

have been selected for the different proposed models. Then, data base has been 

prepared for the ANN based prediction model for ten selected cities of state of 

Himachal Pradesh for the previous ten years from 2007 to 2016. The different 
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input and output data is separated into testing, validation and training 

respectively. For the duration of testing, validation and training of data the 

different numbers of epochs are chosen for the required results.  

3.3.3 DESIGNING OF DIFFERENT MODELS 

Designing of different models is the step that requires maximum precision as 

the output of these models will depend upon that. Different models have been 

the designed taken into consideration the target requirements and by changing 

the hidden layer neurons. After the designing process is complete models are 

training and testing of different models for number of inputs to check the 

efficiency. 

3.3.4 CALCULATION OF MAXIMUM ABSOLUTE PERCENTAGE 

ERROR  

Then using the different formulas MAPE has been calculated. As already it 

has been discussed in literature review that MAPE ≤ 10% is considered to be 

an accurate prediction model. The MAPE values in case are greater than 10%, 

the combinations of inputs have been changed and the models have been 

redesigned until the desired results are obtained. 

3.3.5 SELECTION OF MOST SUITABLE MODELS 

Then the selection of most suitable models has been done depending upon the 

MAPE. This research has tried to establish different combinations of inputs to 

get the key input parameters for estimation of solar radiations prediction  

models considering different climatic conditions. Based on the most 

influential input parameters next year’s input has been predicted. 
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4. ANN BASED PREDICTION MODELS 

 

4.1   INPUTS FOR ESTIMATIONON MODEL 

The parameters for the various prediction models are sunshine hours, 

temperature, humidity, rainfall and barometric pressure. Various inputs have 

been fed to the same outputs, in the course of their choice for various models 

suggested for estimation of radiations. The longitude and latitude are taken 

into consideration for the specific places only so they have not been 

considered for the inputs taken. Estimation of the solar prediction models have 

been done on the basis of the above inputs.  

When the process of variable selection is complete, subsequently to estimate 

the prediction schemes using different input variables for ANN estimation 

models. Maximum six and minimum four number of input variables have been 

included in the three different prediction models. The different input variables 

selected are humidity, maximum and minimum temperature (Tmax and Tmin), 

rainfall, sun shine hours (SH), pressure and target solar radiations (SR) for 

year 2014 have been considered for the site Bara Dol, Bilaspur (HP) from 

HPPCL, Shimla.  

4.2   ANN DEPENDENT SOLAR ESTIMATION MODELS 

Three ANN dependent computational models are being suggested using 

artificial neural networks (nftool)which are named as ANN-1, ANN-2 & 

ANN-3. Within the nftool of MATLAB 9.1 (R2016b) Simulink software, 

Levenberg-Marquardt (LM) algorithm with standard two layer feed forward 

neural networks are used. This type of algorithm is appropriate for static 

fitting troubles as is required for the predicted solar radiation models. The 

training is done by ANN based scaled gradient automatically. For training, 

testing and validation purpose, the input and output data is separated randomly 

as 70%, 15%, 15% respectively.  
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The various models are being trained using LM algorithm of ANN. Testing 

data provides an independent performance during and after training rather than 

affecting the training. Measurement of generalization ability of the given 

network is done by validation data as we know that ANN is used for 

generalization of data and validation stops after completion of generalization. 

During testing, validation and training of data varying numbers of epochs are 

achieved. Based upon the error obtained the number of unseen layers chosen 

are raised and lowered. The performance of the network is defined as graph of 

mean square error (MSE) pertaining to epochs.  

4.3   ERROR EVALUATION OF DIFFERENT ANN MODELS 

The three ANN dependant models have been proposed using various input 

parameters. For all the three models alliance between outputs and targets have 

been found out by calculating the correlation coefficient (R value) . Hidden 

layers have been varied between 10 to 20 for all the three models and the multi 

layer perceptron (MLP) model with least MSE have been suggested for the 

particular ANN based model as it has the least MAPE. The MAPE is given by 

Eqn. (4.1) where SRi(NN) and SRi(Exp) are the solar radiations predicted through 

ANN and the actual or experimental values respectively. ANN model with 

minimum MAPE has been employed for the estimation of solar radiation. 

 

The statistical error evaluations for different models have been given in Table 

4.1, Table 4.2 and Table 4.3. In ANN-1 model six input variables (temperature 

{maximum and minimum}, rainfall, humidity, pressure, and sun shine hours) 

have been utilised for the prediction of solar radiation. ANN-2 model is 

developed using five inputs (humidity, barometric pressure, maximum and 

minimum temperature and rainfall) whereas ANN-3 model is tested with only 

four inputs (maximum and minimum temperature, relative humidity and 

sunshine hours) for development of solar radiation estimation model. 
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4.4. RESULTS AND DISCUSSION 

The precision of the estimation is measured with the help of MAPE suggested 

by Lewis [52]. The MAPE ≥ 50% does not indicate good accuracy of the 

prediction model. The MAPE in between 20%-50% indicates average 

forecasting whereas the MAPE between 10%-20% gives good prediction 

accuracy. The MAPE ≤ 10% predicts high accuracy. The maximum MAPE of 

the particular testing city for three different prediction models is found out to 

be 6.33%, 13.25% and 19.60% respectively. Showing that the most accurate 

model is ANN-1, whereas after removing few variables it has been found out 

that ANN-2 model is comparatively better than  ANN-3 model. Also it has 

been found out from the above prediction models that sun shine hour is one 

major input variable for any prediction model. In case of ANN-3 model where 
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sunshine has been removed, the MAPE increased drastically and the accuracy 

of the model has been decreased.  

ANN-1 model’s performance plot shown in Fig. 4.1. predicts that the MSE is 

reduced to the minimum with the increase in number of epochs. The validation 

and testing set error have the comparable distinctiveness and the best 

validation performance has happened near epoch 5. 

Regression plot of the correlation coefficient (R-value) in Fig. 4.2. shows that 

association in between outputs and set targets for the model ANN-1.The slope 

is 0.81and R-value is 0.90 which has been shown in plot and which is very 

close to perfect fit value of slope i.e.1 and hence indicated the good prediction 

accuracy of ANN-1 model. 

The error plot for ANN-1 model has been shown in Fig. 4.3. It points towards 

the factor that maximum error has been found out on 207
th

 day of the year for 

estimation of solar radiations. The annual MAPE calculated in the year 2014 is 

2.39% as given in Table 4.4.  

 

Fig. 4.1   Performance Plot of ANN -1 Model during Training. 
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             Fig. 4.2   Regression Plot of ANN -1 Model during Training, Testing 

and Validation. 
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          Fig. 4.3   Error Plot between Actual and Predicted Solar Radiations. 

4.5. PREDICTION OF NEXT YEARS SOLAR RADIATIONS BASED 

ON THE ANN SELECTED MODEL 

The next year’s global solar radiations prediction has been done using the best 

model based on the error analysis of three proposed models based on ANN. As 

already discussed in results that ANN-1 model is most accurate with least 

error, it has been chosen to predict the solar radiations for the next three years 

i.e. 2015, 2016 and 2017. After prediction of solar radiations for three years 

errors have been calculated and projected values of the solar radiations with 

MAPE have been given in the Tables 4.5, 4.6 and 4.7. The plots showing 

actual and predicted solar radiations have been given in Fig. 4.4, 4.5 and 4.6. 
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Table 4.6 

Actual and ANN Predicted Values of Solar Radiations for Year 2016. 

Sr. 

No. 
Month Actual SR Predicted SR % MAPE 

1 Jan 2.36 2.67 13.13 

2 Feb 3.19 3.42 7.21 

3 Mar 5.01 4.89 2.39 

4 Apr 4.76 5.02 5.46 

5 May 6.24 5.96 17.15 

6 Jun 4.89 4.76 2.65 

7 Jul 4.56 4.77 4.60 

8 Aug 3.66 3.99 9.01 

9 Sep 4.01 4.22 5.23 

10 Oct 4.57 5.11 11.80 

11 Nov 3.45 3.78 9.56 

12 Dec 3.22 3.65 13.35 

13 Annual 4.16 4.35 4.56 
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Table 4.7 

Actual and ANN Predicted Values of Solar Radiations for Year 2017. 

Sr. 

No. 
Month Actual SR Predicted SR % MAPE 

1 Jan 2.44 2.65 8.60 

2 Feb 3.93 3.39 13.74 

3 Mar 4.78 4.89 2.30 

4 Apr 5.22 5.11 2.10 

5 May 5.67 5.91 4.23 

6 Jun 4.88 4.31 11.60 

7 Jul 4.01 4.55 13.46 

8 Aug 3.22 3.85 19.56 

9 Sep 4.12 4.22 2.42 

10 Oct 4.51 4.41 2.26 

11 Nov 3.23 3.78 17.02 

12 Dec 2.99 3.13 4.68 

13 Annual 4.08 4.18 2.45 
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The calculation of MAPE error has been done for all the three years for which 

prediction has been done. The error results have been changed from the daily 

average solar radiations to monthly average of solar radiations considering the 

sunshine hours for that particular day for all the three years predictions. It has 

been seen that for year 2015 the maximum MAPE has been calculated as 

15.51% for month of November and minimum MAPE is 2.20% for June 

month. The overall annual MAPE for year 2015 is calculated to be 3.49% 

which is a very low value of any prediction error. The error plot between 

actual and predicted values has been shown in Fig.4.4 where X-axis shows the 

months of the year 2015 whereas the values of solar radiations are given by 

Y–axis. 

For year 2016 the annual solar radiation prediction MAPE is 4.56%. The 

maximum MAPE is calculated for the month of May which is 17.15% 

whereas minimum MAPE is 2.39% for the month of March. The plot between 

actual and predicted values of year 2016 has been given in Fig.4.5 to show the 

difference between actual and predicted values of solar radiations through 

ANN-1 model. 

The annual MAPE for year 2017 is calculated to be 2.45% whereas maximum 

MAPE has been calculated for the month of August is 19.56%. The minimum 

value of MAPE for year 2017 is 2.10% for the month of April. Hence all the 

values predicted based on the best ANN-1 model falls within the permissible 

limits of a very good prediction accuracy model. Fig.4.6 is used to graphically 

represent the values of actual and predicted solar radiations for all the months 

of year 2017. 
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5. ANFIS BASED PREDICTION MODEL 

Hybrid algorithm of ANFIS tool of MATLAB 9.1 (R2016b) has been used to 

train the model. An independent performance is provided by the testing data 

rather affecting the training during the course of testing, validation and 

training. One full cycle of testing, validation and training of data is known as 

epoch. Depending upon the error the number of unseen layers selection is 

raised or lowered.  

 

 

5.1 SUGGESTED METHODOLOGY FOR SOLAR ESTIMATION 

MODEL 

For ANFIS dependent prediction model the methodology used is as shown in 

flow chart Fig.5.1. This is selected from nftool of mathslab 9.1 (R2016b) 

software for the proposed methodology used for estimation models.  

The input selection to the tool is done from workspace. Three number of 

membership functions are selected with the grid type partition. The fuzzy 

inference system is obtained using the different fuzzy rules. 

Hybrid type of system is used to train the proposed model. A number of nodes 

linked by directional links prepare a structure called an adaptive network. The 

epochs numbers can be altered in between 1 to 20 to get the well-organized 

and required prediction models based on diverse inputs. In the form of final 

structure an output is obtained. Using the above said process the rules can be 

obtained and the surface allocation can also be done. 

The validation of model has been completed with the testing data set using 

ANFIS editor GUI. the ANFIS editor is first fed with the training data which 

can be obtained from the selected file or the workspace in MATLAB.
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Fig. 5.1   Suggested Flow Chart for Estimation Models. 
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5.2.   ANFIS PREDICTION MODEL 

In the suggested model the daily global solar radiations are estimated using 

relative humidity, rainfall, temperature (minimum & maximum), pressure and 

sun shine hours as inputs, same data as used for the proposed model using 

ANN. The same inputs have been considered which have been considered for 

the ANN model which yielded best results i.e. ANN-1 model. It has been 

compared in this section that how the MAPE vary by using ANFIS in place of 

ANN for the same set of inputs. 

SUGENO model has been used by the ANFIS editor. The data for the ANFIS 

model is weighed down from the workspace sheet in the Excel format 

worksheet. Division of the data into the sets of training and testing is done. 

The training using ANFIS is shown in Fig.5.2. 

 By means of the grid partition then the FIS is obtained. Three membership 

functions are being used by the each input set and the suggested model has 

used trimf type of membership function. The membership function is kept 

constant for the output. 3 epochs have been used to train the suggested model. 

For FIS optimization there are two methods after generation of FIS. First is 

backpropagation and second is hybrid method which consists of least square 

evaluation for the values related with the output membership function and 

back propagation for the values linked to the inputs. The method in which the 

gradient is estimated for non-linear multilayer networks is referred to as 

backpropagation. Based on other usual optimization techniques, there exist a 

lot of changes on the fundamental algorithm.  A lot of these variations can be 

implemented using MATLAB property. It has been told earlier that 

backpropagation gives very good outcome when offered with inputs never 

seen before by them. Using this generalization property, it is achievable to 

train the network on giving a set of input and output targets and getting 

favorable outputs.This study has used hybrid system for proposed structure 

optimization as shown in Fig. 5.3. 
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Fig. 5.2   ANFIS Editor Showing the Loading and Training of the Given Data. 

 

Fig. 5.3   Training of FIS Using Epochs and Hybrid Method. 
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The grid partition of optimization technique used here showing numeral 

membership functions for inputs and output and it has been shown in Fig. 

5.4.and then structure has been generated for the proposed model which is 

shown in Fig. 5.5. 

 

Fig. 5.4   Grid Partition Describing Input and Output Membership Functions. 
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Fig. 5.5   ANFIS Proposed Model Structure. 
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The proposed model has six inputs as shown in given structure and every input 

is separated into two membership functions. 64 rules have been formulated, 

being shown in the given structure. Then output membership function has 

been assigned to each and every output. To get a single crisp output value  the 

output got from the said rules  which was in fuzzified form and was then  

again defuzzified. This then gives the comprehensive model using ANFIS. 

The proposed input output model using Sugeno model rules have been given 

in Fig 5.6. The rules of FIS have been shown in Fig. 5.7. 

 

Fig. 5.6   Input-Output Sugeno Model. 
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Fig. 5.7 Different Rules Used for the Proposed ANFIS Model. 

The error plot as shown in Fig.5.8 has marked the FIS in opposition to the 

inputs under testing. The indigo are the inputs obtained from the data are 

cherry are the values obtained after making the model. By the ANFIS 
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proposed model, solar radiations for all the months of year 2014 has been 

calculated in Table 5.1 using equation (4.1). 

 

Fig. 5.8   ANFIS Prediction Model Error Analysis between Training Data & 

FIS Output. 

Table 5.1 

Actual and ANFIS Predicted Values of Solar Radiations for Year 2014. 

Sr. 

No. Month Actual SR  Predicted SR % MAPE 

1 Jan 2.40 2.19 8.75 

2 Feb 2.67 2.98 11.60 

3 Mar 4.97 5.01 0.82 

4 Apr 5.31 4.89 7.90 

5 May 6.01 5.44 9.48 

6 Jun 5.01 5.06 0.99 

7 Jul 4.45 4.79 7.64 

8 Aug 4.01 3.76 6.23 

9 Sep 4.12 4.22 2.42 

10 Oct 4.32 4.79 10.87 

11 Nov 3.66 3.65 0.27 

12 Dec 3.12 3.04 2.56 

13 Annual 4.17 4.15 0.47 
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5.3   RESULTS AND DISCUSSION 

It can be concluded that the solar radiations can be estimated much accurately 

by ANFIS model of prediction. As given in table 5.1, it is clear that the overall 

annual solar radiation error decreased as compared to ANN. The actual solar 

radiations annually are 4.17 kWh/m
2
/day and predicted is 4.15 kWh/m

2
/day. 

The annual MAPE is 0.47% which is very low and very accurate value of 

prediction. It means the model prediction is very accurate. The Maximum 

MAPE is 11.60% for month of February, 2014 whereas minimum MAPE is 

0.27% for the month of November. 

 

5.4 PREDICTION OF NEXT YEARS SOLAR RADIATIONS BASED 

ON THE ANFIS SELECTED MODEL 

 

Prediction of next three years solar radiations has be done based on the model 

developed using ANFIS. The prediction for the years 2015, 2016 and 2017 has 

been done based on this developed model. The error results have been 

changed from the daily average solar radiations to monthly average of solar 

radiations considering the sunshine hours for that particular day for all the 

three years predictions. After prediction of solar radiations for three years, 

errors have been calculated and projected values of the solar radiations with 

MAPE have been given in the Tables 5.2, 5.3 and 5.4. The plots showing 

actual and predicted solar radiations have been given in Fig. 5.9, 5.10 and 

5.11. The plots have been developed between the twelve months of the 

respective years and the solar radiations. Both the actual and predicted solar 

radiations have been shown so that the closeness of the two can be seen.  

The calculation of MAPE error has been done for all the three years for which 

prediction has been done using ANFIS. It has been seen that for year 2015 the 

maximum MAPE has been calculated as 10.45% for month of October and 

minimum MAPE is 1.58% for November month. The overall annual MAPE 

for year 2015 is calculated to be 1.99% which is a very good value of any 

prediction error. The error plot between actual and predicted values has been 
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shown in Fig.5.9 where X-axis gives the month of the year 2015 and Y –axis 

gives the values solar radiations values. 

Table 5.2 

Actual and ANFIS Predicted Values of Solar Radiations for Year 2015. 

Sr. 

No. Month Actual SR Predicted SR % MAPE 

1 Jan 2.43 2.66 9.46 

2 Feb 2.87 2.78 3.13 

3 Mar 4.79 4.91 2.50 

4 Apr 5.22 5.1 2.29 

5 May 6.14 5.97 2.76 

6 Jun 4.95 5.11 3.23 

7 Jul 4.06 3.88 4.43 

8 Aug 3.48 3.56 2.29 

9 Sep 3.98 4.15 4.27 

10 Oct 4.21 4.65 10.45 

11 Nov 3.16 3.21 1.58 

12 Dec 2.85 3.12 9.47 

13 Annual 4.01 4.09 1.99 
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Table 5.3 

Actual and ANFIS Predicted Values of Solar Radiations for Year 2016. 

Sr. 

No. 
Month Actual SR Predicted SR % MAPE 

1 Jan 2.36 2.67 13.13 

2 Feb 3.19 3.42 7.21 

3 Mar 5.01 4.94 1.39 

4 Apr 4.76 4.65 2.31 

5 May 6.24 6.18 0.96 

6 Jun 4.89 4.65 4.9 

7 Jul 4.56 4.44 2.63 

8 Aug 3.66 4.01 9.56 

9 Sep 4.01 4.16 3.74 

10 Oct 4.57 5.04 10.28 

11 Nov 3.45 3.68 6.67 

12 Dec 3.22 3.43 6.52 

13 Annual 4.16 4.27 2.64 
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Table 5.4 

Actual and ANFIS Predicted Values of Solar Radiations for Year 2017. 

Sr. 

No. 
Month Actual SR Predicted SR % MAPE 

1 Jan 2.44 2.63 7.77 

2 Feb 3.93 3.75 4.58 

3 Mar 4.78 4.88 2.09 

4 Apr 5.22 5.12 1.91 

5 May 5.67 5.55 2.11 

6 Jun 4.88 4.77 2.25 

7 Jul 4.01 4.55 13.46 

8 Aug 3.22 3.14 2.48 

9 Sep 4.12 4.01 2.66 

10 Oct 4.51 4.4 2.43 

11 Nov 3.23 3.76 16.4 

12 Dec 2.99 3.12 4.34 

13 Annual 4.08 4.14 1.47 
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For year 2016, the annual solar radiation prediction MAPE is 2.64%. The 

maximum MAPE is calculated for the month of January which is 13.13% 

whereas minimum MAPE is 0.96% for the month of May. The plot between 

actual and predicted values of year 2016 has been given in Fig.5.10 to show 

the difference between actual and predicted values of solar radiations through 

ANFIS model. 

The annual MAPE for year 2017 is calculated to be 1.47% whereas maximum 

MAPE has been calculated for November month as 16.4%. The least value of 

MAPE for year 2017 is 1.91% for the month of April. Hence all the values 

predicted based on the best ANFIS model falls within the permissible limits of 

a very good prediction accuracy model. Fig.5.11 is used to graphically 

represent the values of actual and predicted solar radiations for all the months 

of year 2017. 
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6.  PREDICTION MODEL FOR 10 SELECTED CITIES 

OF HIMACHAL PRADESH 

 

The next model discussed is for 10 selected cities of Himachal Pradesh using 

ANN as well as ANFIS so that the model can be generalized for a wider 

region. 

6.1   SELECTION OF INPUT VARIABLES USED FOR PREDICTION 

MODEL USING ANN 

For the different prediction models different variables selected as inputs are 

sunshine hours, temperature, humidity, rainfall, latitude and longitude. In the 

variable collection process for various models proposed for daily solar 

estimation variable inputs are fed to the same targets. Three solar estimation 

models have been proposed using the said inputs in different sets.  

Once the process of section of variables is complete, then it is to predict the 

different prediction models by taking into consideration the different number 

of inputs using ANN. In the three different models predicted maximum 

number of inputs used is six and minimum is three. The different variables 

used in this study are temperature (T), humidity (H), rainfall (R), sun shine 

hours (SH), latitude (Lat.), longitude (Long.) and target average monthly solar 

radiations (SR) for 10 cities of Himachal Pradesh on average basis have been 

given in Table 6.1 and Table 6.2. The data for ten years (1200 samples) has 

been collected from India Meteorological Department (IMD), Pune [118]. 

Table 6.1 contains the average daily solar radiations for the selected 10 cities. 

 

6.2   ANN DEPENDENT SOLAR RADIATION ESTIMATION 

MODELS 

 

Three solar radiation estimation models are being proposed with the artificial 

neural networks (nftool). They are given names as Solar Radiation Prediction 

Model (SRPM)-1, 2 and 3. Standard two layer feed forward artificial neural
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network with Levenberg-Marquardt (LM) algorithm has been used in the 

nftool of MATLAB 9.1 (R2016b) Simulink. This type of algorithm is used 

because it is appropriate for static fitting troubles as is the case for prediction 

of solar radiations in this particular research study. ANN based scaled 

conjugate gradient training is done automatically. The input and output data is 

divided randomly as 70%, 15%, 15% for the reason of training, testing and 

substantiation. The different models have been skilled using ANN tool’s LM 

algorithm. Testing data provides a self-regulating performance during and 

subsequent to training rather affecting the training. As we know that ANN is 

used for generalization of data so validation of data are used for capacity of 

generalization of the given system network and validation stops after 

completion of generalization. During testing, validation and testing varying 

numbers of epochs are used.  
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In hidden layers, the number of neurons is calculated by Eqn. (6.1), as hn is 

the number of neurons in hidden layer to be evaluated, In is the  inputs number 

and On is the outputs number used in different prediction models whereas Sn is 

the total data samples numbers used for every selected model.  

 

  hn= (In+On) / 2+ √Sn                                                                     (6.1) 

 

 

 

6.3 SENSITIVITY TEST AND ERROR EVALUATION OF SRPM 

MODELS 

The three ANN based SRPM 1-3 models have been developed using different 

climatic input variables. In SRPM-1 model development all the six input 

variables (In) have been considered. For model SRPM-2 sunshine hours have 

not been taken into account so the In is 5 here. SRPM-3 model has been 

developed considering 4 input variables where latitude and longitude have not 

been considered. For the evaluation of sensitivity test to calculate the change 

in solar radiation prediction error, MAPE is calculated for the each hidden 

layer neuron as obtained from Eqn. (4.1).  
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The hidden layer neuron sensitivity tests results have been given in Tables 

6.3-6.5 with maximum MAPE for each hidden layer neuron for the three 

SRPM models. Association between outputs and targets has been found out in 

all the three models by the correlation coefficient (R value). Hidden layers 

have been in between 6 to 18 for all the three SRPM models and the MLP 

structure has been suggested for the particular ANN based SRPM model 

which has the least value of MAPE. 
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Table 6.4 

Maximum MAPE calculation and SRPM-2 model results evaluation. 

 

Sensitivity Test 

for Neurons in 

Hidden Layer 

Structure for 

MLP 

Training 

for 

Regression 

% 

MaxMAPE 

ANN based best 

SRPM-2 Model 

 The number of 

inputs In is 5, 

outputs On is 12 

(average 

monthly solar 

radiations of 10 
selected cities) 

and number of 

samples Sn taken 

for training are 

12. Hence the 

hidden layers 

neurons Hn 

obtained from 

Eq. (6.1) are 12 

and selected 

layers are ± 5, 
therefore Hn 

varies between 

7-17. 

5/7/2001 93.09 18.29 

The ANN based 
SRPM-2 model with 

MLP structure 5-11-1 

is best which has 5 

input neurons, 12 

hidden layer neurons 

and output layer has 1 

neuron as it has 

minimum MAPE 

value of 8.01%. 

5/8/2001 86.94 23.31 

5/9/2001 96.37 12.34 

5/10/2001 81.6 17.85 

5/11/2001 92.38 8.01 

5/12/2001 93.01 19.45 

5/13/2001 94.33 25.67 

5/14/2001 84.11 16.78 

5/15/2001 92.57 13.76 

5/16/2001 96.42 19.34 

5/17/2001 89.53 15.56 
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Table 6.5 

Maximum MAPE calculation and SRPM-3 model results evaluation. 

 

Sensitivity Test 

for Neurons in 

Hidden Layer 

Structure for 

MLP 

Training 

for 

Regressi

on 

% 

MaxMAPE 

ANN based best 

SRPM-3 Model 

 The number of 

inputs In is 4, 

outputs On is 12 
(average 

monthly solar 

radiations of 10 

selected cities) 

and number of 

samples Sn taken 

for training are 

12. Hence the 

hidden layers 

neurons Hn 

obtained from 

Eq. (6.1) are 11 
and selected 

layers are ±5, 

therefore Hn 

varies between 

6-16. 

4/6/2001 70.39 16.45 

The ANN based 

SRPM-3 model with 

MLP structure 4-9-1 is 

best which has 4 input 

neurons, 11 hidden 

layer neurons and 

output layer has 1 

neuron as it has 

minimum MAPE 

value of 10.99%. 

4/7/2001 88.31 11.1 

4/8/2001 96.64 25.46 

4/9/2001 92.46 10.99 

4/10/2001 94.22 13.43 

4/11/2001 82.33 17.89 

4/12/2001 97.38 21.47 

4/13/2001 93.73 14.79 

4/14/2001 84.29 20.98 

4/15/2001 91.64 35.42 

4/16/2001 89.28 27.63 
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6.4    RESULTS AND DISCUSSION OF ANN MODEL 

Three models have been developed as given in Tables 6.3-6.5. The prediction 

accuracy of each model with the selected MLP structure has been evaluated 

by calculating Maximum MAPE given by Lewis [52]. The value of MAPE ≤ 

10 % is taken as very high prediction, ≥ 10 % and ≤ 20 % gives good 

prediction accuracy whereas ≥ 20 % indicates reasonable or average 

prediction. In the three SRPM models developed for the 10 selected cities of 

Himachal Pradesh, it has been found out that maximum MAPE for SRPM-1, 2 

and 3 is 6.31%, 8.01%, and 10.99% respectively. It is also evident from the 

results that when all the six input parameters are considered then the error is 

minimum and less than high accuracy percentage of 10% considered for 

MAPE calculation whereas when some input parameters like latitude, 

longitude and sunshine are not considered in SRPM 2 and 3 then the 

prediction accuracy decreases sharply. The prediction accuracy has been 

decreased by 4.68% for SRPM-3 model where latitude and longitude have not 

been considered whereas best MAPE results have been calculated for SRPM-1 

where the maximum MAPE comes out to be 6.31%. It is also clear from the 

results that the prediction cannot be done accurately without sunshine hours 

and latitude longitude of the location.  

Thus SRPM-1 model has been proposed for the estimation of solar radiations 

as it has the least percentage of maximum MAPE. The performance plot for 

this model has been given in Fig.6.1 from which it is clear that mean square 

error decreases as the number of epochs is rising. Regression plot shows 

association among outputs and the intended targets in SRPM-1 in Fig.6.2. The 

graph also shows that the data is falling along the fit is perfect which means 

data have to be beside 45° line (slope is very near to 1). Error histogram for 

the same has been given in Fig.6.3.  

The histogram for the output obtained from SRPM-1 has been shown in 

Fig.6.4. In this it has been shown clearly the 12 monthly average solar 

radiations for 10 selected cities each by the SRPM-1 model. The prediction 

for the monthly average daily solar radiations has been given in Table 6.6 for 

the 10 selected cities based on SRPM-1 prediction model. The monthly 
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average solar radiations predicted are between 4.03-5.42 (kWh/m
2
/day) for the 

10 selected cities of Himachal Pradesh for year 2017 which are very near to 

the actual target values. 

 

 

Fig.6.1   Performance plot of SRPM-1 model during training, testing and 

validation. 

 

Fig.6.2   Regression plot for SRPM-1. 
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Fig.6.3   Error Histogram between actual and predicted values for year 2017     

for 10 selected cities of Himachal Pradesh using SRPM-1. 

 

 

Fig.6.4   Predicted Monthly Average Solar Radiations (kWh/m
2
/day) of 10 

cities for year 2017. 

 

Using the predicted values for 2017 of annual solar radiations the values for 

solar radiations are predicted for the year 2018. Similarly by using the values 

for year 2018 next year’s prediction has been done. In this work total 

prediction of five years have been done from year 2017-2021 taking into 

consideration the various climatic conditions as used previously. The monthly 

average solar radiations predicted are between 3.87-5.44 (kWh/m
2
/day) for the 

10 selected cities of Himachal Pradesh for five years from 2017-2021 as given 
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in the tables below. All these values of solar radiations predicted for 10 cities 

of Himachal Pradesh have been given in Tables 6.6-6.10.The average MAPE 

for year 2017 is calculated to be 5.2% as given in Table 6.11 for ten cities. 
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The predicted annual average solar radiations for the years 2017-2021 for the 

10 cities of Himachal Pradesh have been given in Fig. 6.5. 

 

 

Fig.6.5   Predicted Annual Average Solar Radiations (kWh/m
2
/day) for year 

2017-2021. 

 

6.5  SELECTION OF INPUTS USED FOR PREDICTION MODEL 

USING ANFIS 

Three solar prediction models have been proposed using the ANN technique. 

It has been observed that SRPM-1 model is best suited due to its high 

accuracy and least MAPE. The same six number of inputs given in Table 6.1 

used for SRPM-1 has been used for the prediction of solar radiations using 

ANFIS. 
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6.6    ANFIS BASED SOLAR RADIATION PREDICTION MODELS 

The same process has been adopted to propose the ANFIS model as it has 

already been proposed in chapter 5. The only difference is that different set of 

inputs have been taken in this case. As discussed above Table 6.1 input values 

have been used to propose this prediction model. The estimated model final 

outcome has been given in Fig. 6.6 which shows six inputs and one target. 

Every input has been assigned membership functions three in number. Then 

there are 101 rules framed to get the desired output. Number of epochs used 

are 10. Fig. 6.7 shows the different rule bases for each of the six inputs. By 

limiting the inputs as desired, the outputs can be obtained. Fig.6.8 gives the 

error graph when drawn between the FIS beside the trying values. The indigo 

dots are the obtained inputs from the data sets and cherry are the estimation 

got after suggesting the model.  

Fig.6.6   ANFIS Predicted Model with Six Inputs and One Output. 
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6.7    RESULTS AND DISCUSSION OF ANFIS MODEL 

To estimate the values of solar radiations for  the year 2017 the discussed 

model has been used. The actual and predicted values of monthly average 

solar radiations of ten selected cities of Himachal Pradesh for year 2017 have 

been given in Table 6.12. The maximum MAPE has been calculated to be 

10.49% and minimum MAPE is 0.19% as given in Table 6.13. The maximum 

MAPE is for city Dalhousie whereas minimum MAPE is for city of 

Dharamshala. The average MAPE is found out to be 3.5% which is lesser as 

compared to SRPM-1 model. The error plot between experimental and 

estimatted values of annual average solar radiations of ten cities for year 2017 

have been given in graphical representation in Fig.6.9. 

 

Fig. 6.7   Plot of Error between FIS & Training Output for ANFIS Estimation 

Model. 
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Fig. 6.8   ANFIS Prediction Model Rule Base. 
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7.   RESULTS AND ANALYSIS 

In the present research, two diverse modelling techniques have been proposed 

to get the predicted solar radiations, first is ANN and second one is ANFIS 

using different set of input combinations to get the near accurate results.  

 

7.1   RESULTS OF PREDICTION MODELS FOR ONE SITE BASED 

ON ANN AND ANFIS 

In first model the solar radiations prediction is done for a particular site i.e. 

Bara Dol, Himachal Pradesh and results have been obtained using ANN 

techniques.  Three models suggested are named ANN-1, 2 and 3 using 

different number of inputs for each model as given in chapter 4. MSE and 

MAPE calculation has been done from these models and depending upon 

these parameters, the most influential input variables are being suggested as 

given in Table 7.1.  

Table 7.1 

Results of Solar Radiations Prediction Models using ANN having different 

number of Inputs for Year 2014. 

Sr. 

No. 

 MLP 

Structure 

R for 

Training 

 ANN 

Model 

Maximum 

MAPE 

1. 6-16-1 87.48 ANN-1 6.33% 

2. 5-15-1 83.71 ANN-2 13.25% 

3. 4-18-1 85.37 ANN-3 19.60% 
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For the year 2014 for which the data has been used for prediction, the annual 

MAPE comes out to be 2.39%.  Solar radiations for this site for year 2015, 

2016 and 2017 have been predicted using the proposed model. It has been 

observed from the prediction of solar radiations of these years that prediction 

values fall very near to the experimental values and within the permissible 

limits of prediction accuracy error as given in Table 7.2. For year 2015, the 

annual MAPE comes out to be 3.49% whereas for years 2016 and 2017 it 

comes out to be 4.56% and 2.45% respectively which is very accurate value of 

prediction. The solar radiations for these three years vary in between 2.19-5.96 

kWh/m
2
/day. 

 

Table 7.2 

Solar Radiations Predictions using ANN-1. 

Sr. 

No. 

Prediction 

Model 

% MAPE 

for Year 

2014 

% MAPE 

for Year 

2015 

% MAPE 

for Year 

2016 

% MAPE 

for Year 

2017 

1. ANN-1 2.39% 3.49% 4.56% 2.45% 

 

Based on the best inputs chosen for ANN-1 proposed model, the second type 

of technique used in chapter 5 is ANFIS for prediction of global solar 

radiations for the same site for years 2015, 2016 and 2017 as given in Table 

7.3. Year 2014 annual MAPE is calculated to be 0.47%. The annual MAPE for 

year 2015 has been predicted 1.99% whereas for 2016 it has been calculated as 

2.64%. For year 2017 the annual MAPE has been calculated to be 1.47% 

which is again very good prediction as given in Table 7.4. The solar radiations 

for years 2015-17 vary in between 2.63-6.18 kWh/m
2
/day. 

 

Table  7.3 

Results of site specific Solar Radiations Prediction Model using ANFIS. 

Sr. 

No. 

Name of 

Prediction 

Prediction 

Model 

No. of 

Rules 

Formulated 

No. of 

Epochs 

% Annual 

MAPE 

1. Global Solar 

Radiations 
ANFIS 64 3 0.47 
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Table  7.4 

Solar Radiations Predictions using ANFIS. 

Sr. 

No. 

Prediction 

Model 

%MAPE 

for Year 

2014 

%MAPE 

for Year 

2015 

%MAPE 

for Year 

2016 

%MAPE 

for Year 

2017 

1. ANFIS 0.47% 1.99% 2.64%    1.47%  

 

 

7.2   RESULTS OF PREDICTION MODELS FOR 10 SELECTED 

CITIES OF HIMACHAL PRADESH USING ANN AND ANFIS 

In chapter 6, first an ANN based technique for estimation of solar radiations 

has been suggested for 10 different selected cities of Himachal Pradesh using 

ten years data taken from IMD, Pune to predict the solar radiations for year 

2017. Here also three different models based on ANN are being suggested 

named as SRPM-1, 2 and 3. The model with least MAPE i.e. SRPM-1 model 

has been proposed for prediction of solar radiations for 10 cities of Himachal 

Pradesh. The prediction accuracy of each model with the selected MLP 

structure has been evaluated by calculating Maximum MAPE. The value of 

MAPE ≤ 10 % is taken as very high prediction ≥ 10 % and ≤ 20 % gives good 

prediction accuracy whereas ≥ 20 % indicates reasonable or average 

prediction. In this research it has been found out that maximum MAPE for 

SRPM-1, 2 and 3 is 6.31%, 8.01%, 10.99% respectively as given in Table 7.5. 

It is also evident from the results that when all the six input parameters are 

considered then the error is minimum and less than high accuracy percentage 

of 10% considered for MAPE calculation whereas when some input 

parameters like latitude, longitude and sunshine are not considered in SRPM-2 

and 3 then the prediction accuracy decreases sharply. The prediction accuracy 

has been decreased by 4.68% for SRPM-3 model where latitude and longitude 

have not been considered whereas best MAPE results have been calculated for 

SRPM-1 where the maximum MAPE comes out to be 6.31%. It is also clear 
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from the results that the predictions are more accurate with sunshine hours and 

latitude, longitude of the location.  

Table  7.5 

Results of Solar Radiations Prediction Models using ANN for 10 selected 

cities of Himachal Pradesh for year 2017. 

Sr. 

No. 

Hidden Layers 

Selected 

MLP 

Structure 

R for 

Training 

ANN 

Model 

Maximum 

MAPE 

1. 8-18 6-10-1 90.73 SRPM-1 6.31% 

2. 7-17 5-11-1 92.38 SRPM-2 8.01% 

3. 6-16 4-9-1 92.46 SRPM-3 10.99% 

 

Thus SRPM-1 model is being proposed for the solar radiations prediction as it 

has the least percentage of maximum MAPE. The prediction for the monthly 

average daily solar radiations has been given for the 10 selected cities based 

on SRPM-1 prediction model. The monthly average solar radiations predicted 

are between 4.03-5.42 (kWh/m
2
/day) for the 10 selected cities of Himachal 

Pradesh for year 2017 as given in Table 7.6. 

 

Table 7.6 

Solar Radiations Predictions using SRPM-1 for 10 cities of Himachal Pradesh. 

Sr. 

No. 

Prediction 

Model 

Predicted Solar 

Radiations 

(kWh/m
2
/day) 

% Average 

Annual MAPE 

for Year 2017 

1. SRPM-1 4.03-5.42 5.2% 

 

Using the predicted values for 2017 of annual solar radiations the values for 

solar radiations are predicted for the year 2018. Similarly by using the values 

for year 2018 next year’s prediction has been done. In this work total 

prediction of five years have been done from year 2017-2021, taking into 

consideration the various climatic conditions as used previously.  

The monthly average solar radiations predicted are between 3.87-5.44 

(kWh/m
2
/day) for the 10 selected cities of Himachal Pradesh for five years 
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from 2017-2021. The average MAPE calculated for SRPM-1 model used for 

this prediction for year 2017 comes out to be 5.2% when calculated from the 

actual and experimental solar radiations values. 

Depending upon the finest model chosen using ANN i.e. SRPM-1 for 

estimation of solar radiations for ten cities of Himachal Pradesh the second 

type of technique used in chapter 6 is ANFIS. To get the required estimation 

model 101 rules have been suggested. 10 number of epochs are being used. 

The annual average MAPE for year 2017 is calculated to be 3.5% as given in 

Table 7.7.  

Table  7.7 

Solar Radiations Predictions models using ANFIS for 10 cities of Himachal 

Pradesh. 

Sr. No. 
Prediction 

Model 

Predicted Solar 

Radiations 

(kWh/m
2
/day) 

% Average 

Annual MAPE 

for Year 2017 

1. ANFIS 4.04-5.59 3.5 % 

 

7.3   COMPARISON OF RESULTS BETWEEN ANN AND ANFIS 

MODELS 

An assessment between ANN and ANFIS prediction model has been given in 

Table 7.8 based on the site specific model. It can be observed that the 

prediction accuracy in case of ANFIS is superior as compared to ANN-1 

prediction model. It is very evident that both the models have high exactness 

of prediction and can be used to predict solar radiations for solar system.  

Table  7.8 

Comparison of Solar Radiations Prediction Models using ANN and ANFIS. 

Sr. 

No. 

Prediction 

Model 

%MAPE 

for Year 

2014 

%MAPE 

for Year 

2015 

%MAPE 

for Year 

2016 

%MAPE 

for Year 

2017 

1 ANN-1 6.33% 3.49% 4.56% 2.45% 

2 ANFIS 0.47% 1.99% 2.64% 1.47% 
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Table  7.9 

Comparison between Solar Radiations Radiations Prediction Models using 

ANN and ANFIS for 10 cities of Himachal Pradesh. 

Sr. No. Prediction 

Model 

Predicted Solar 

Radiations 

(kWh/m
2
/day) 

% Average 

Annual MAPE 

for Year 2017 

1 SRPM-1 4.03-5.42 5.2 % 

2 ANFIS 4.04-5.59 3.5 % 

 

For ANN based SRPM-1 model and ANFIS based prediction model as given 

in Table 7.9, it has been observed that the error in case of ANFIS is less as 

compared to ANN dependent model. Hence ANFIS can be suggested for 

highly accurate estimation models. The error in case of ANFIS is 1.7% less as 

compared to ANN based technique.  

When compared with the existing empirical for validation models widely used 

[5] and [6], it is established that the estimation exactness of suggested models 

is as good as empirical models. Comparison for Hamirpur city annual average 

global solar radiations has been given in table 7.10 which is very close to one 

another. Hence the accuracy of the suggested models has been established. 

 

Table  7.10 

Comparison between Empirical and Suggested Models for Hamirpur City. 

Sr. No. 

ANN Annual 

Average 

Prediction 

(kWh/m
2
/day) 

ANFIS Annual 

Average 

Prediction 

(kWh/m
2
/day) 

Empirical Model 

Annual Average 

Prediction 

(kWh/m
2
/day) 

1. 4.03 4.04 3.92 
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8. CONCLUSION 

The estimation of solar radiations has immense importance to exploit the solar 

energy utilization for the generation of power. The present research attempts 

to predict the solar radiations accurately in different cities of Himachal 

Pradesh by using different soft computational approaches, i.e., ANN and 

ANFIS. It has been established that Himachal Pradesh is potentially very well 

situated with reverence to the solar potential. The study also demonstrates that 

sunshine hours are very important variable for any prediction model, but if it is 

unenviable at some places ANN-2 model can be used for estimation of solar 

radiations, however then the prediction accuracy decreases. ANN-1 model is 

the best model for the prediction of any site specific solar radiations as it has 

all the variables which are influencing the prediction. 

The other aspect of this research focuses upon 10 selected cities of Himachal 

Pradesh so as to extend the ambit of its study to a comparatively larger region 

for best estimation of solar radiations with high accuracy. Furthermore, in this 

research stress has been laid to assess the most dominant parameters for the 

calculation of average daily solar radiations input parameters using ANN. Out 

of the given input parameters it has been observed in present research that 

latitude, longitude and sunshine hours have the maximum effect on the 

prediction of solar radiations predictions compared to other input parameters. 

The three SRPM models have been suggested and maximum MAPE for every 

model has been calculated. The value of MAPE is in the range of ≤ 10% for 

SRPM-1 model which indicates high prediction accuracy of this model. Based 

on this prediction model the assessment of solar radiations has been done for 

the next four years. In the course of evaluation it has also been tried to predict 

solar radiations for the various months of the year. In all the predictions using 

SRPM-1, monthly predictions have been done for selected 10 cities of 

Himachal Pradesh for four years. 
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In another aspect of the study, the solar radiations have been predicted for the 

same sites cited above using another computing technique ANFIS; it has been 

proposed that the radiations can be estimated using and mounting only one model 

at various sites. The same inputs are considered for prediction as in the ANN-1 

model and SRPM-1 model. The current study shows the estimation of various 

parameters for establishing of solar power stations at far-flung in addition to other 

sites where solar radiations data is not so simply on hand.  It can thus be summed 

up that the preferred outputs can be obtained from the final structures using 

different available meteorological inputs. The range from minimum to maximum 

can be fixed for each and every input. Therefore, by using the ANFIS model of 

prediction global solar radiations can be predicted with high accuracy. It has been 

seen that the results are more accurate while prediction is done with ANFIS 

model as compared to ANN model. The MAPE calculated using ANFIS is lesser 

as compared to the ANN technique. Moreover using these techniques predictions 

for the next years i.e. 2018, 2019, 2020 and 2021 have also been done based on 

the models developed. 

Thus, in the discussed models, the different parameters for the prediction of solar 

radiations have been chosen depending upon the error and accuracy of 

predictions. Next year’s predictions have been done and their accuracy has also 

been calculated which falls within the limits of high accuracy prediction models, 

depending upon the most influential input parameters,  

For validation of proposed model with the experimental data, the experimental 

data for year 2017 has been taken from HPPCL and Indian Meteorological 

Department, Pune. The estimated solar radiations have been checked against the 

experimental solar radiations. It has been found out that the MAPE calculated 

from the comparison is very less which means that the proposed model lies within 

the very high accuracy limit. Further it has been compared with the proposed 

model using ANFIS and it has more accurate results as compared to the ANN 

based prediction model. It concludes that the prediction model proposed using 

ANFIS is superior to the ANN proposed model. 
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Now by selecting these two proposed models, the prediction of solar radiations 

can be extended to the other sites also. The proposed model is capable of 

predicting the solar radiations at other places too only by giving the number of 

inputs. For the best prediction it is required that all the inputs are available but 

still if some inputs are not there then other models based on ANN where lesser 

number of inputs have been used can be taken into consideration for prediction of 

global solar radiations. 

Hence would be apt to sum up that solar radiations at any place can be predicted 

using the discussed models. Therefore, the solar radiations for different seasons of 

the year can be predicted.  

 



86 
 

REFERENCES 

[1] www.ren21.net/status-of- renewables/global-status-report/2017/06/17. 

[2] mnre.gov.in/file-manager/annual-report/2016-17/En/pdf/1.pdf. 

[3] www.nise.res.in. 

[4] himurja.nic.in/SPP-2016.pdf. 

[5] Angstrom A. Solar and terrestrial radiation. Quarterly journal of Royal 

Meteorological Society. 1924; 50:121-5. 

[6] Prescott JA. Evaporation from water surface in relation to solar radiation. 

Transactions of the Royal Society of South Australia.1940; 40:114-118.  

[7] Duffie JA, Beckman WA. Solar Engineering if Thermal Processing, John 

Wiley and Sons, Madison, Wis, USA, 2
nd

 edition, 1991. 

[8] Khaoula T, Samia H. Modeling of Solar Radiation Received at Ground 

Level using semi Empirical Models for short time Scale,” 8
th

 International 

Conference on Modeling, Identification and Control, Algires, Algeria- 

IEEE Journal. November 15-17, 2016; 603-607.   

[9] Ertekin C,  Yaldiz O. Estimation of monthly average daily global 

radiation on horizontal surface fro Antalya, Turkey. Renewable Energy. 

1999;17:95-102. 

[10] Jain PC. Global irradiation estimation for Italian locations. Solar and  

Wind Technology. 1986; 3(4): 323-8. 

[11] Glower J. McGulloch JSG. The emperial relation between solar radiation 

and hours of sunshine. Quarterly Journal of the royal Meterological 

Society. 1958; 84:172. 

[12] Page JK. The estimation of monthly mean value of daily total short wave   

radiations on vertical and inclined surfaces from sunshine records of 

energy. 1961;  378-90. 

http://www.ren21.net/status-of-%20renewables/global-status-report/2017/06/17
http://www.nise.res.in/


87 
 

[13] Dogniaux R, Lemoine M. Classification of radiation sites in terms of 

different indices of atmospheric transparency. Solar energy research and 

development in the European Community. Series F, Vol. 2. Dordrecht, 

Holland: Reidel; 1983.  

[14] Louche A, Notton G, Poggi P, Simonnot G. Correlations for direct normal 

and global horizontal irradiation on a French Mediterranean site. Solar 

Energy. 1991; 46: 261-6. 

[15] Samuel TDMA. Estimation of global radiation for Sirlanka. Solar energy. 

1991; 47: 333-7. 

[16] Newland FJ. A study of solar radiation model for the coastal region of 

South China. Solar Energy. 1988; 31: 227-35. 

[17] El-Metwally M. Sunshine and global solar radiation estimation at 

different sites of Egypt. Journal of Atmospheric and Solar-Terrestial 

Physics.  2005; 67:1331-42. 

[18] Hargreaves GH, Samani ZA. Estimating potential evapotranspiration, 

Journal of irrigation and drinage engineering. 1982; 108(IR3):223-39. 

[19] Bayat K, Mirlatifi SM. Estimation of daily global solar radiation using 

regression models and artificial neural network. Agriculture’s Science and 

Natural Resources Magazine. 2009; 16:3[in Persian]. 

[20] Goodin DG, Hutchinson JMS, Vanderlip RL, Knapp MC. Estimating 

solar irradiance for crop modeling using daily air temperature data. 

Agronomy Journal. 1999; 91:845-51. 

[21] Gopinathan KK, A General formula for computing the coefficeints of the 

correlations connecting global solar radiation to sunshine duration. Solar 

energy. 1988; 41:499-502. 

[22] Ojosu JO, Komolafe LK. Models for estimating solar radiation 

availability in south western Nigeria. Nigerian journal of solar energy. 

1987; 6:69-77. 



88 
 

[23] Yadav AK, Malik H, Chandel SS. Selection of most relevant input 

parameters using WEKA for artificial neural network based solar 

radiation prediction models. Renewable and Sustainable Energy Reviews. 

2014; 31: 509–519. 

[24] Huashan Li , Weibin Ma, Yongwang Lian, Xianlong Wang. Estimating 

daily global solar radiation by day of year in China. Applied Energy. 

2010; 87(10): 3011-3017. 

[25] Huashan Li , Weibin Ma, Yongwang Lian , Xianlong Wang , Liang Zhao. 

Global solar radiation estimation with sunshine duration in Tibet, China.  

Renewable energy. 2011; 36(11):3141-3145. 

[26] Rahimia I, Bakhtiarib B, Qaderib K, Aghababaiec M. Calibration of 

Angstrom equation for estimating Solar Radiation using Meta-Heuristic 

Harmony Search Algorithm (Case study: Mashhad-East of Iran).  Energy 

Procedia. 2012; 18: 644-651. 

[27] Hontoria L, Aguilera J, Zufiria P. An application of the multilayer 

perceptron: Solar radiation maps in Spain. Solar Energy. 2014; 79(5):1-8. 

[28] Benghanem M, Mellit A, Alamri SN. ANN-based modeling and 

estimation of daily global solar radiation data: a case study. Energy 

Conservation and Management. 2009; 50(7):1644-1655. 

[29] Mohandes M, Rehman S, Halawani TO. Estimation of Global Solar 

Radiation using ANN. Renewable Energy. 1998; 14(1-4):179-184. 

[30] Al-Salaymeh A. Modelling of global daily Solar Radiation on Horizontal 

Surfaces for Amman City. Emirates Journal for Engineering Research. 

2006; 11(1):49-56. 

[31] Tadros MTY. Uses of sunshine duration to estimate the global solar 

radiation over eight meteorological stations in Egypt. Renewable Energy. 

2000; 21:231-246.Mellit A, Kalogirou SA, Shaari S, Salhi H, Hadj AA. 

Methodology for predicting sequences of mean monthly clearness index 

and daily solar radiation data in remote areas: Application for sizing a 

stand-alone PV system. 2008; 33:1570-1590. 



89 
 

[32] Sozen A, Arcaklioglu E, Ozalp M. Use of ANN for mapping of solar 

potential in Turkey. Applied Energy. 2004; 77:273-286. 

[33] Jemaa AB, Rafa S, Essounbouli N, Hamzaoui A, HnaienF, Yalaoui F. 

Estimation of Global Solar Radiation Using Three Simple Methods. 

Energy Procedia. 2013; 42: 406-415. 

[34] Hasni A, Sehli A, Draoui B, Bassou A, Amieur B. Estimating global 

solar radiation using artificial neural  network and climate data in the 

south western region of Algeria. Energy Procedia. 2012; 18:531-537. 

[35] Li J, Wang H. Maximum power point tracking of PV generation based on 

Fuzzy Control Method. 2010; 25:1-6. 

[36] Black JN, Bonython GW, Prescott JA. Solar radiation and the duration of 

sunshine. QJR Meteor. Soc. 1954; 80: 231-235. 

[37] Page JK. The Estimation of Monthly Mean Values of Daily Total 

Shortwave Radiation on Vertical and Inclined Surfaces from Sunshine 

Records for Latitude 400N– 400S. Proc. UN Conference on New Sources 

of Energy. 1961; Paper no.35 1S1 98, 378-390. 

[38] Rietveld MR. A new method for estimating the regression coefficients in 

the formula relating solar radiation to sunshine. Agriculture Meteorology. 

1978; 19:243-252. 

[39] Flocas AA. Estimation and prediction of global solar radiation over 

Greece. Solar Energy. 1980; 24, 63-70. 

[40] Hutchinson MF, Booth TH, McMahon HA, Nix. Estimating Monthly 

mean values of daily total Solar Radiation for Australia. Solar Energy. 

1984; 32:277-290. 

[41] Turton SM. The relationship between total irradiation and sunshine 

duration in the humid tropics. Solar energy. 1987; 38: 353-354. 

[42] Singh GM, Bhatti SS. Statistical comparison of global and diffuse solar 

radiation correlations. Energy Conversion and Management. 1990; 

30(2):155-161. 

[43] Chandel SS, Aggarwal RK, Pandey AN. A new approach to estimate 

global solar radiation on horizontal surfaces using temperature data. SESI 

Journal. 2002; 12(2):109-114. 



90 
 

[44] Akpabio LE, Etuk ES. Relationship between Global Solar Radiation and 

sunshine duration for Onne, Nigeria. Turk J Phys. 2003; 27:167-168. 

[45] Alawi SM, Hinai HA. An ANN-Based Approach for Predicting Global 

Radiation in Locations with No Direct Measurement 

Instrumentation.Renewable Energy. 1998; 14(1–4):199–204. 

[46] Kemmoku Y, Orita S, Nakagawa S, Sakakibara T. Daily Insolation 

Forecasting Using a Multi-Stage Neural Network. Solar Energy. 1999; 

66(3):193–199. 

[47] Kalogirou SA, Michaelides S, Tymvios F. Prediction of Maximum Solar 

Radiation Using Artificial Neural Networks. Proceedings of the World 

Renewable Energy Congress VII on CD-ROM. 2002; Cologne, Germany. 

[48] Reddy KS, Ranjan M. Solar resource estimation using artificial neural 

networks and comparison with other correlation models. Energy 

Conversion and Management. 2003; 44(15), 2519–2530. 

[49] Soares J, Oliveira AP, Boznar MZ, Mlakar P, Escobedo JF, Machado AJ. 

Modeling hourly diffuse solar radiation in the city of Sao Paulo using 

artificial neural network technique. Applied Energy. 2004; 79(2):201-

214. 

[50] Sozen A, Arcaklioglu E, Ozalp M. Estimation of solar potential in Turkey 

by artificial neural networks using meteorological and geographical data. 

Energy Conversion and Management. 2004; 45 (18–19): 3033–3052. 

[51] Cao S. Cao J. Forecast of solar irradiance using recurrent neural networks 

combined with wave analysis. Applied Thermal Engineering. 2005; 25(2-

3):161-172. 

[52] Lopez G, Batles FJ, Tower-Pescador J. Selection of input parameters to 

model direct solar irradiance by using artificial neural networks. Energy. 

2005; 30 (9):1675-1684. 

[53] Ouammi A, Zejli D, Dagdougui H, Benchrifa R. Artificial neural network 

analysis of Moroccan solar potential. Renewable and Sustainable Energy 

Reviews. 2012; 16:4876–89. 

[54] Khatib T, Mohamed A, Sopian K, Mahmoud M. Solar energy prediction 

for Malaysia using artificial neural networks. International Journal of 

Photoenergy. 2012;1–16. 



91 
 

[55] Rehman S, Mohandes M. Splitting global solar radiation into diffuse and 

direct normal fractions using artificial neural networks. Energy Sources. 

2012; Part A, 34:1326–36. 

[56] Sumithira TR, Kumar AN. Prediction of monthly global solar radiation 

using adaptive neuro fuzzy inference System (ANFIS) technique over the 

state of Tamil Nadu (India): a comparative study. Applied Solar Energy. 

2012; 48(2):140–5. 

[57] Yildiz BY, Sahin M, Senkal O, Pestemalci V, Emrahoglu NA. 

Comparison of two solar radiation models using artificial neural networks 

and remote sensing in Turkey. Energy Sources. 2013; Part A, 35:209–17. 

[58] El-Sebaii, Al-Hazmi FS, Al-Ghamdi AA, Yaghmour SJ.Global direct and 

diffuse solar radiation on horizontal and tilted surfaces in Jeddah Saudi 

Arabia. Applied Energy.2010; 87(2):568-576. 

[59] Liu XY, Mei XR, Li YZ, Zhang YQ, Wang QS, Jensen JR. Calibration of 

the Ångström coefficients (a,b) under different time scales and their 

impacts in estimating global solar radiation in the Yellow River basin. 

Agric. Forest Meteorology. 2009; 149(3-4):697-710. 

[60] Iziomon MG, Mayer H. Assessment of some global solar radiation 

parameterizations. Atmospheric and Solar-Terrestrial Physics.2002; 

64(15): 1631-1643. 

[61] Lewis CD. International and business forecasting methods London. 

Butter-worths. 1982. 

[62] Liu XY, Mei XR, Li YZ, Wang QS, Jensen JR, Zhang YQ. Evaluation of 

temperature-based global solar radiation models in China. Agriculture 

Forest Meteorological. 2009; 149(9):1433-1446. 

[63] Falayi, Rabiu, EO, AB. Estimation of global solar radiation using cloud 

cover and surface temperature in some selected cities in Nigeria. Scholars 

Research Library. 2011; 2(3): 99-109. 

[64] Trabeaa AA, Mosalam MM, Shaltout. Correlation of global solar 

radiation with meteorological parameters over Egypt. Renewable Energy. 

2000; 21(2):297-308. 

[65]  Ahmad MJ, Tiwari GN. Solar radiation models-review. International 

Journal of Energy and Environment. 2010; 3(1): 513-532. 



92 
 

[66] Kreider JF, Wan XA. Artificial neural network demonstration for 

automated generation of energy use predictors for commercial buildings. 

ASHRAE Transactions.1991; 97(2):775-779. 

[67] Anstett M, Kreider JF. Application of Neural Networking Models to 

predict energy use. ASHRAE Transactions, Research. 1992; 99(1):505-

517. 

[68] Ortiz-Arroyo DM, Skov, Huynh Q. Accurate Electricity Load 

Forecasting with Artificial Neural Networks. Proceedings of the 

International Conference on Computational Intelligence for Modeling, 

Control and Automation, & International Conference on Intelligent 

Agents. 2005; Web Technologies and Internet Commerce. 

[69] Gonzalez-Romera, Jaramillo-Moran E, Carmona-Fernandez, D. Monthly 

electric energy demand forecasting based on trend extraction. IEEE 

Transactions on Power Systems. 2006; 21(4). 

[70] Peter H, Thorn SR. Handbook of Measuring System Design. Edited by 

John Wiley & Sons Ltd. 2005; ISBN: 0-470-2143-8. 

[71] Cevik A. Unified formulation for web crippling strength of cold-formed 

steel sheeting using stepwise regression. Journal of Constructional Steel 

Research. 2007; 63:1305–1316. 

[72] Cankaya S. (2009) A comparative study of some estimation methods for 

parameters and effects of outliers in simple regression model for research 

on small ruminants. Tropical Animal Health and Production. 2009; 

41:35–41. 

[73] Gencoglu MT, Cebeci M. Investigation of pollution flashover on high 

voltage insulators using artificial neural network. Expert Systems with 

Applications. 2009; 36:7338–7345. 

[74] Kok BV, Yilmaz M, Sengoz B, Sengur A, Avci E. Investigation of 

complex modulus of base and SBS modified bitumen with artificial 

neural networks. Expert Systems with Applications. 2010; 37:7775–7780. 

[75] Moghadassi AR, Nikkholgh MR, Parvizian F, Hosseini SM. Estimation 

of thermo physical properties of dimethyl ether as a commercial 

refrigerant based on artificial neural networks. Expert Systems with 

Applications. 2010; 37:7755–7761. 



93 
 

[76] Menlik T, Ozdemir MB, Kirmaci V. Determination of freeze-drying 

behaviors of apples by artificial neural network. Expert Systems with 

Applications. 2010; 37:7669–7677. 

[77] Ozgoren M, Bilgili M, Sahin B. Estimation of global solar radiation using 

ANN over Turkey. Expert Systems with Allpications. 2012; 39:5043-

5051. 

[78] Alam S, Kaushik SC, Garg SN. Assessment of diffuse solar energy under 

general sky condition using artificial neural network. Appl Energy. 

2009;86(4):554–564. 

[79] Angstrom A. Solar and terrestrial radiation. Quartz.J. R.Meteorol 

Soc.1924; 50:121-125.  

[80] Arjunan TV, Aybar HS, Nedunchezhian N. Status of solar desalination in 

India. Renewable and Sustainable Energy Reviews. 2009; 13(9):2408–18. 

[81] ASHRAE, ‘‘ASHRAE Vision 2020’’ 2008; 

www.ashrae.org/doclib/20080226_ ashraevision2020. 

[82] Azadeh A, Maghsoudi A, Sohrabkhani S. An integrated artificial neural 

networks approach for predicting global radiation. Energy Convers 

Manage. 2009; 50:1497–1505. 

[83] Bakirci K. Models of solar radiation with hours of bright sunshine: a 

review. Renew Sustain Energy Rev. 2009; 13:2580–2588. 

[84] Bezir N, Akkurt I, Ozek N. Estimation of horizontal solar radiation in 

Isparta (Turkey). Energy Sources. 2010a; 32:512–517. 

[85] Bezir NC, Akkur I, Ozek N. The development of a computer program for 

estimating solar radiation. Energy Sources. 2010b; 32:995–1003. 

[86] Bosch JL, Lópe G, Batlles FJ. Daily solar irradiation estimation over a 

mountainous area using artificial neural networks. Renew Energy. 2008; 

33,1622–1628. 

[87] Chandel SS. Strategy for the Promotion of Passive Solar Housing 

Technology in Western Himalayas, International Energy Journal. 2006; 

7(4):273-277. 

[88] Clift R. Climate change and energy policy: the importance of 

sustainability arguments. Energy. 2007; 32:262-8. 

http://www.ashrae.org/doclib/20080226_%20ashraevision2020


94 
 

[89]  Da Mota FS, Atwater MA, Ball JT. A numerical solar radiation model 

based on standard meteorological observations. Sol. Energy. 1978; 

21:163–170. 

[90] Edward M. The Passive Solar Energy Book. 1979; Emmaus, PA: Rodale 

Press. ISBN 0-87857-237-6. 

[91] Fadare DA. Modelling of solar energy potential in Nigeria using an 

artificial neural network model. Appl Energy. 2009; 86(9):1410–1422. 

[92] Fagbenle RL. A comparative study of some simple models for global 

solar irradiation in Ibadan, Nigeria. Int. J. Energy Research. 1992; 

16(7):583-595. 

[93] Feuillard T, Abillon JM. Relationship between global solar irradiation 

and sunshine duration in Guadeloupe. Solar Energy. 1989; 43:359-361. 

[94] Glover J, McCulloch JSG. The empirical relation between solar radiation 

and hours of sunshine. Q J Roy, Met. Soc. 1958; 84: 172-175. 

[95] Hasni A, Sehli A, Draoui B, Bassou A, Amieur B. Estimating global 

solar radiation using artificial neural network and climate data in the 

south western region of Algeria. Energy Procedia. 2012; 18:531–7. 

[96] Hay JE. Calculation of monthly mean solar radiation for horizontal and 

inclined surfaces. Solar Energy. 1979; 23:301-309. 

[97] Hounam CE. Estimates of solar radiation over Australia. Aust. Met. Mag. 

1963; 43:1-14. 

[98] Kalogirou SA. Applications of Artificial Neural Networks in Energy 

Systems:A Review. Energy Conversion and Management. 1999; 40(10): 

1073-1087. 

[99] Katsoulis BD, Papachristopoulos K. Analysis of solar radiation 

measurements at Athens observatory and estimates of solar radiation in 

Greece. Solar Energy. 1978; 21:217-225. 

[100] Kimball HH. Variations in the total and luminous solar radiation with 

geographical position in the United States. Monthly Weather Review. 

1919; 47:769-793. 

[101] Kumar R, Aggarwal RK, Sharma JD. Solar radiation estimation using 

rtificial neural network: A review. Asian Journal of Contemporary 

Sciences. 2012; 1(1):12-17. 



95 
 

[102] Lam JC, Wan KKW, Yang L. Solar radiation modeling using ANNs for 

different climates in China. Energy Convers Manage. 2008; 49: 1080– 

1090. 

[103] Ma CCY, Iqbal M. (1984) Statistical comparison of solar radiation 

correlations-monthly average global and diffuse radiation on horizontal 

surfaces. Solar Energy. 1984; 33:143-148. 

[104] Mani A, Rangarajan S. Solar radiation over India. 1980; Allied 

Publishers, New Delhi. 

[105] Martí P, Gasque M. Improvement of temperature-based ANN models 

for solar radiation estimation through exogenous data assistance. Energy 

Convers Manage. 2011; 52 (2): 990–1003. 

[106] Nguyen BT, Pryor TL. The relationship between global solar radiation 

and sunshine duration in Vietnam. Renewable Energy. 1997; II, 47-60. 

[107] Page JK. The Estimation of Monthly Mean Values of Daily Shortwave 

Irradiation on Vertical and Inclined Surfaces from Sunshine Records for 

Latitude 600N–400S”, Department of building Science, University of 

Sheffied. 1976; BS, 32. 

[108] Quaiyum S, Khan YI, Rahman S, Barman P. Artificial Neural Network 

based Short Term Load Forecasting of Power System. International 

Journal of Computer Applications. 2011; 30(4). 

[109] Rahimikhoob A. Estimating global solar radiation using artificial neural 

network and air temperature data in a semi-arid environment. Renewable 

Energy. 2010; 35:2131–2135. 

[110] Turton SM. The relationship between total irradiation and sunshine 

duration in the humid tropics. Solar energy. 1987; 38: 353-354. 

[111] Syafawati AN, Salsabila A, Farhana Z, Arizadayana Z, Razliana N, 

Norjasmi AR, Muzaidi O, Akhmal S. Forecasting the Potential of Solar 

Energy Harvest in Kangar. IEEE Int. conference on Power Engg. and 

optimization. 2013; 77-82. 

[112] Ji W, Chan A, Loh JW, Choo FH, Chen LH. Solar Radiation Prediction 

Using Statistical Approaches. IEEE conference on Information, 

Communications and Signal Processing.2009; 1-5. 

http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=5383381
http://ieeexplore.ieee.org/xpl/mostRecentIssue.jsp?punumber=5383381


96 
 

[113] AI-Alawi SM,AI-Hinai HA. An ANN based approach for predicting 

global radiation in locations with no direct measurement instrumentation. 

Renewable Energy. 1998;   14(1-4):199-204. 

[114] Sözen A, Arcaklioğlu E, Özalp M, Kanit EG.Use of artificial neural 

networks for mapping of solar potential in Turkey. Applied Energy. 

2004; 77(3):273-286. 

[115] Frederick M. Neuroshell 2 Manual, Ward Systems Group Inc. 1996. 

[116] http://mnre.gov.in/sec/GHI_Annual.jpg. 

[117] http://www.nrel.govdocsfy13osti60451.pdf. 

[118] www.imdpune.gov.in/ 

[119] www.hppcl.co.in 

 

 

http://mnre.gov.in/sec/GHI_Annual.jpg
http://www.imdpune.gov.in/


 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 



101 
 

LIST OF PUBLICATIONS 

 

[1] Mohan A, Kuchhal P, Sharma MG. Effect of meteorological parameters on 

prediction of daily solar radiations. International Journal of Applied 

Engineering Research. 2016; 7: 5304–5311. 

 

[2] Anand Mohan, Piyush Kuchhal, Sharma M.G. (2017) Prediction Models for 

Global Solar Radiations, Diffused Radiations and Direct Solar Radiations 

Using ANFIS. In: Singh R., Choudhury S. (eds) Proceeding of International 

Conference on Intelligent Communication, Control and Devices. Advances in 

Intelligent Systems and Computing, vol 479. Springer, Singapore. 

 



102 
 

BRIEF BIO-DATA 

 

Mr. Anand Mohan is currently serving the Shimla University, Shimla as Faculty 

in the Department of Electrical Engineering. He has done his Master’s of 

Engineering (M.E.) in Instrumentation & Control from Electrical Engineering 

Department, NITTTR, Panjab University, Chandigarh. He has played vital role in 

the implementation of Choice Based Credit System (CBCS), Academic policies 

and establishing different labs of the department. He is having more than 14 Years 

of academic, administrative and research experience in the field of Electrical 

Engineering. His main areas of research are solar, renewable energy and load 

forecasting. He has published more than 30 research manuscripts in various 

International & National journals of repute. He has also presented papers in 

International and National conferences. 

He is the member of various International & National professional & academic 

bodies. He is the part of many international Journals of repute of Electrical & 

Renewable Energy as Reviewer. He has guided the students in their M. Tech 

dissertations. He is also the Member of Institution of Engineers (India), Kolkata, 

India. He is an active participant of various Seminars, Induction and Faculty 

Development Programmes. He has also been invited for guest lecturers in the 

Short Term Courses at various institutes like NITTTR etc. 


