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ABSTRACT 

The use of renewable resources has grown rapidly as non - renewable resources become 

exhausted, electricity consumption rises, and environmental problems develop. Rapid 

improvements in energy sources have opened possibilities for using solar energy to generate 

electricity. Solar panels were used for various purposes, including sun heating, dining, and 

building lighting. These regular long estimates of global solar radiation from a specific place 

were critical for effective solar power generation and utilization. The climate patterns of a 

region determine the quantity of sunlight radiation that reaches the planet's surface. For 

sustainable energy systems, global solar radiance is regarded as being an essential metric. It 

was vital to examine the sunlight available in each region before installing any photovoltaic 

technology. In this study, solar radiation is analyzed with the help of the meteorological dataset 

of Indian cities (Mumbai, Chennai & Delhi) from meteoblue (meteoblue.com). Comparison is 

made in two parts; of each town, the data from 2015-2019 is used for training, and data from 

2020 is taken for testing. In the second case, data for 2015-2020 for two cities is used for 

training, and the data for the third city is taken for testing. The independent variables of the 

dataset include sunshine duration, month, cloud cover, soil temperature, mean monthly 

temperature, 2m temperature (air temperature at 2 meters above the surface), sea level pressure, 

wind speed, max temp, min temp. First, independent variables are used for the regression 

model, and then a stepwise Multi Non-Linear Regression (MNLR) model is applied to find the 

optimal input variables. Three classifiers were applied to find and compare the performance of 

the models, namely Artificial Neural Networks (ANN), Support Vector Machine (SVM), and 

Recurrent Neural Network (RNN), which is a deep neural network mode. The accuracy results 

of all the SVM, MNLR, ANN, and RNN were comparable, but ANN gave better results with 

Root Mean Square Error (RMSE) and Mean Absolute Percentage Error (MAPE). 
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Chapter 1 

Introduction 

1.1 Background 

Solar radiation is an essential and crucial part of the Earth’s environment. There are many ways 

in which solar radiation affects the living and non-living things on the planet earth. So, it is 

essential to know the amount of radiation which is incident on earth's atmosphere. This thesis 

discusses how radiation can be calculated and predicted for future dates. These researchers 

indicated that increasing the input parameters has little impact on the actual performance of the 

global radiation from the sun models; nonetheless, height, humidity levels, and sunshine 

duration were the most important parameters (Mohammadi, Shamshirband, Kamsin, Lai, & 

Mansor, 2016). This research is based on the methods and protocols which have a lot of 

potential for predicting average sunlight radiation globally on a monthly scale with high 

efficiency (Kumar & Kaur, 2020). The research carried out by (Makade R. , Chakrabarti, Jamil, 

& Sakhale, 2020) (Ibrahim & Tamer , 2017) (Ghimire, Deo, Downs, & Raj, 2019) (Kumar, 

Sinha, Sharma, & Nayak, 2017) is used to prepare the protocols. (Makade & Jamil, 2018) 

discussed estimation of radiation of sun reached on Indian Subcontinent region by using ANN 

model. Global sunlight radiation models were evaluated utilizing a variety of analytical tests 

and comparisons with other methods, and these existing systems were ranked using the global 

achievement measure. The model based on the Angstrom-Prescott formula was not acceptable 

for predicting monthly mean radiation from the sun for a large radius of area (Medeiros, Silva, 

& Bezzera, 2017). 
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The Angstrom-Prescott equation is a relation between solar radiation and the duration of 

sunshine. This relation assists in determining the solar radiation when the period of sunlight is 

given. Kumar and Kaur (Kumar & Kaur, 2020) suggested using a higher-level dominant 

parameter such as high humidity, Longitude, and Height to determine high accuracy in 

predicting solar radiation. The parameters which assist in determining the radiation include 

Sunlight Intensity, resources such as Renewable Electricity Systems, Model construction, solar 

panel operation, etc. The estimated solar radiation on a scale of time is critical when the 

accuracy of radiation is measured. Due to limitations such as insufficient funding constraints 

and unsuccessful measurement methodologies, information on sun radiation was not accessible 

in all parts of India (Mavi & Manju, 2019). Solar energy must be predicted using radiation 

forecasting algorithms that use existing environmental factors as variables. Sunlight intensity, 

temperatures, altitude, air condition, and humidity levels are among the characteristics of the 

input for sunlight radiation forecasting using artificial neural networks (ANN). Whenever 

radiation information is absent, the ANN-based approach can be used (Benali, Notton, 

Fouilloy, Voyant, & Dizene, 2019). 

Due to India’s unique geographical area, solar power represents the most common renewable 

power (Makade, Chakrabarti, & Jamil, 2019). India possesses a lot of solar power generation 

for sustainable electricity generation. In the best construction or even electricity generation 

technology, reliable knowledge of sun radiation is critical. Radiation information was never 

readily available throughout many areas of India related to expense and various technological 

challenges with measuring. In general, the optimum technique for obtaining sun radiation 

information would be to install high-precision test instruments. At the same time, with ongoing 

attempts to create new sunlight radiation monitoring sensors throughout history, the overall 

amount of meteorology locations collecting solar energy data remains limited (Benali, Notton, 

Fouilloy, Voyant, & Dizene, 2019). As a result, developing an adequate sunlight radiation 
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predictive model becomes cost-effective. Numerous articles have proposed alternative sun 

radiation algorithms depending on diverse environmental variables such as artificial neural 

network designs and other hybrid designs to estimate global solar radiance; besides solar 

generating purposes, sunlight radiance is the most critical variable in all solar radiation 

operations. Across all coal and oil, solar power is considered one of the most influential non-

conventional forms of energy. Sunlight radiation information was essential for modeling 

photovoltaic systems (Vladimir , Andrey , Valeriy , & Yakov, 2020). As just a result, reliable 

measuring or forecasting of solar energy data was critical for just a specific site. To estimate 

sunlight radiation, this suggested method employs a nonlinear exponential smoothing network 

using extracellular inputs models utilizing environmental characteristics including sunshine 

hours, temperatures, and humidity, and the nonlinear autoregressive technique was used to 

calculate everyday global sunlight radiation (Makade, Chakrabarti, & Jamil, 2019). 

Photovoltaic energy predictions were crucial for estimating sunlight for just a specific site when 

measuring devices were unavailable. 

Inside the development and assessment of solar power systems such as thermal and solar 

systems, solar power has long been regarded as the most critical element. Solar radiation 

predictions were usually challenging since no meteorological instruments were built in isolated 

locations to record sunlight statistics. Observation of sunlight radiation information was 

uncommon in India due to the high expenses of obtaining and operating measurement 

apparatus. As a result, worldwide sunlight radiation information was collected in a small 

number of locations wherein measurement devices were currently in existence. Subsequently, 

approximated in additional regions wherein they were no apparatus, using assumptions 

(Makade, Chakrabarti, & Jamil, 2019). When estimating sunlight within these specific places, 

several good prediction algorithms were used. During solar power system development, 

including such stand-alone photovoltaic, thermal, and other combination plants, determining 
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the total quantity of sunlight radiation in a given area was critical. Directed and diffused 

radiation makes up for the full sunlight absorbed at a particular location on the planet (Ibrahim 

& Tamer , 2017). 

The use of renewable resources has grown rapidly as non - renewable resources become 

exhausted, electricity consumption rises, and environmental problems develop. Rapid 

improvements in energy sources have opened possibilities for using solar energy to generate 

electricity. Solar panels were used for various purposes, including sun heating, dining, and 

building lighting. These regular long estimates of global solar radiation from a specific place 

were critical for effective solar power generation and utilization. The climate patterns of a 

region determine the quantity of sunlight radiation that reaches the planet's surface. For 

sustainable energy systems, global solar radiance is regarded as being an essential metric. It 

was vital to examine the sunlight available in a given region before installing any photovoltaic 

technology. In an attempt to assess sunlight irradiance information at high scales, various 

algorithms have been used. Artificial Neural Networks (ANN) are approaches that mimic 

neural activity and can model both linear or nonlinear processes. An input layer, particular 

hidden layers, and an output layer are standard components of the networks. The quantities of 

the interconnections among the layers, known as parameters, could be adjusted to train an 

algorithm to execute a particular purpose. A neural network system is designed to respond to a 

specified input with a specific goal outcome. The number of input neurons is proportional to 

input variables, while the number of outputs is usually two.  

In the thesis, we have analyzed different sun models. When the elements that govern the solar 

radiation on earth are studied, the timing of predictors can be modified according to the required 

radiation. This will help decrease the global radiation level in the world and meet the population 

demand. The population demand means a suitable amount of solar radiation available to the 

people. This modification of elements can also result in increased energy of radiation. The 
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radiation was studied and analyzed using Artificial Intelligence, Neural networks, and 

Regression Methods (Khosravi, Nunes, Assad, & Machado, 2018). The energy can be 

increased when the solar radiation elements are adjusted to gain the maximum solar radiation. 

This can also result in the high production of electric energy from solar panels or any 

arrangements which work on solar power. 

1.2 Objectives 

The main objective of this study is to provide new methods to estimate the average radiation 

of the sun on an hourly, monthly, and daily scale. Fourteen elements are used to acquire 

meteorological information about the sun. These elements include sunshine hours, temperature, 

relative humidity, altitude, longitude, month, cloud cover, soil temperature, mean monthly 

temperature, temperature @ 2-meter depth, sea level pressure, max temperature, min 

temperature, and latitude. The global sunlight radiation model was proposed to operate multiple 

input parameters, contrasted to models published throughout the research. There are weather 

indicators that are used in the prediction of the radiation of the sun. These indicators include 

temperature and clarity of the sky. Machine learning algorithms utilize these indicators for the 

prediction of solar radiation. The accuracy of these indicators is high as they are most suitable 

for the process. The objectives of this research can be stated as follows: 

1. To predict solar radiation of three cities of India, namely Mumbai, Delhi and Chennai. 

Mumbai is located at the west coast of the Arabian Sea. Delhi is situated in the Northern 

part of India and Chennai is located in the south of India at the eastern coast of Bay of 

Bengal. These three cities were selected as they represent different weather conditions 

and are likely to have different solar radiation. Data from three cities in India were 

purchased from meteoblue.com meteorological stations Mumbai, Chennai, and Delhi. 
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2. Use machine learning and deep learning techniques such as Ordinary Least Square 

(OLS) Regression, Artificial Neural Networks (ANN), Multi Non-Linear Regression 

(MNLR), Support Vector Machine (SVM), and Recurrent Neural Network (RNN) to 

calculate global solar radiation utilizing multiple factors on a daily, hourly, as well as 

monthly basis. The OLS method has been rejected for all the cases because the p-value 

of some parameters is greater than 0.05.  The entire project was carried out with python. 

3. Find the best model for training and testing of data. Data for 6 years was downloaded 

from 2015 to 2020. Two training-testing models will be used to find the best model. 

The first is time-based method to use 5 years of data for training and 1 year of data for 

testing for each city. Second is the location-based method to use data of two cities for 

all 6 years as training data and the third city for testing.  

4. Find the best machine learning model that gives the least error. Three error ratings will 

be used, namely Mean Absolute Percentage Error (MAPE), Root Mean Square Error 

(RMSE) and R-score. 

1.3 Thesis outline 

The thesis is organized as follows. 

Chapter 1 introduces the concept of solar radiation and the research associated with different 

aspects of solar radiation. 

Chapter 2 reviews the literature related to solar radiation prediction and discusses various 

methods researchers use to predict solar radiation and what the author proposed. The results 

they got from their research and finding of the input factors for predicting solar radiation value. 

Chapter 3 discusses the secondary and primary two kinds of data collection methods and data 

preprocessing steps, including the null removal and renaming the column name and splitting 

the data into two parts.  
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Chapter 4 discusses the method selection of different machine learning models and deep 

learning methods to predict the solar radiation values. Machine learning techniques are OLS 

(ordinary least square), MNLR (multi nonlinear regression), SVM(support vector machine), 

and the deep learning techniques are ANN (artificial neural network) & RNN(recurrent neural 

network), giving a brief description of these methods and what kind of problem occurring 

during the training process and how to overcome those problems using the different solutions. 

Chapter 5 compares the predicted results with the original values between all models. It gives 

a short discussion about effects and which methods are best suitable for finding radiation values 

and providing the best parameter inputs to find the nearest solar radiation values. The summary 

table shows which approach is better. 

Chapter 6 concludes the thesis and discusses future work. 
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Chapter 2 

Literature Review 

2.1 Estimating daily global solar radiation (GSR) of Indian stations. 

According to  (Rao, Rani, & Ilango, 2012), global solar radiation (GSR) has been considered 

one of the most critical parameters for designing a photovoltaic system.  It is essential to have 

accurate knowledge related to GSR for developing and using the photovoltaic system 

efficiently.  Using such a system limits fossil fuel reserves, increases power demand, and is a 

growing concern for increased environmental pollution.  This harm has been caused by the 

excess requirement of resources related to non-renewable energy. However, the introduction 

of photovoltaic technology has brought the opportunity to use solar energy to generate electric 

power.  Photovoltaic systems can be used in different areas, for example, building illumination, 

cooking, solar heating, etc. This is why using solar energy has become one of the essential 

aspects of having the long-term benefit of renewable energy sources. Predicting the global solar 

radiation in a particular area becomes necessary.  The radiation coming from solar energy 

reaching the earth's surface is entirely dependent on the climatic conditions related to a specific 

region.  For such aspects, GSR has been referred to as a vital parameter for the applications of 

universal energy (Alluhaidah, Hamed Aly, & El-Hawary, 2019). Solar energy has provided 

various alternatives for living in the electric generation to install solar equipment, it is essential 

to assess radiation availability in that location. 

For this reason, there are several models developed for estimating the data related to solar 

irradiance in various scales.  The development of models is based upon using statistical 

approaches, analytical models, neural network approaches, and empirical models. The article 
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is based on the prediction of daily GSR under a clear sky at a particular location on the 

horizontal surface based on meteorological variables. The parameters include temperature, 

month, date, and relative humidity. For training the artificial neural network, meteorological 

parameters are combined with six various aspects through which predictions are carried out.  

The paper has used Mumbai, Delhi, and Hyderabad data in India to analyze the meteorological 

parameters and predict the GSR.  The prediction algorithms are evaluated on the mean absolute 

percentage error (MAPE) and Root Mean Square Error (RMSE) metrics. The MAPE was 

reported as 9.1754%, and RMSE was reported as 0.9429. 

2.2 Expert Systems and Applications 

According to  (Ozgoren, Bilgili, & Sahin, 2012), the data from solar radiation is essential in 

various areas, for example, heating of solar water, drying woods, the study of balancing the 

atmospheric energy, analysis of thermal loads on the buildings, the study of agriculture, 

meteorological forecasting, and photovoltaic. It is also essential for these data to be readily 

available and reliable for evaluating performance, optimization, and solar technology design at 

particular locations.  Also, it is necessary to have accurate knowledge related to the solar energy 

amount required at a specific geographical location as it is vital in various scientific, 

environmental applications, and engineering. Information about solar radiation in a particular 

region is essential to design an application based on solar energy.  The authors analyzed the 

condition in Turkey, where the potential of solar power has been evaluated as high.  While 

comparing the measurement of different meteorological variables, it has been specified that 

measuring solar radiation is prone to errors. Several problems can be encountered, such as 

operational problems and technical failure. These problems can be caused through calibration, 

accumulation of dirt on sensors, water accumulation, sensor shading by masts, etc. There are 

several stations where the data related to global solar radiation are missing, lying outside the 

expectations because of the different problems and equipment failures (Hussain & AlAlili, 
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2017). A few countries cannot acquire the data related to solar radiation measurement because 

measuring equipment is very expensive, and it is hard to afford them while using specific 

techniques. This is why it is essential to develop the methods so that solar radiation can be 

predicted through the meteorological data available at a particular location. Turkey has been 

studying different modeling techniques of linear regression and artificial neural networks to 

measure global solar radiation.  They used the parameters of sunshine hours at the daily length, 

soil and ambient temperatures, humidity, etc.  An artificial neural network has been referred to 

as the computing system made for highly interconnected and straightforward processing 

elements that help process the information through a dynamic state and respond to the external 

inputs. It has been mainly used to extract and learn behavioral processes from the previous 

operating data that can help measure global solar radiation. For determining global solar 

radiation, it is essential to understand various scientific and environmental aspects. A 

successful model can be obtained by implementing regression analysis based upon a stepwise 

method. Faulty operations lead to missing data related to months in measuring devices. These 

models can efficiently be utilized to produce absent monthly radiation of global solar energy 

at any station belonging to Turkey. 

2.3 Utilization of one or two variables as input for the evaluation of GSR 

According to (Rao, Rani, & Ilango, 2012), estimating everyday global solar radiation, the 

particular location has been considered the critical parameter for designing and modeling any 

solar energy system. It has been specified that very few available observatory stations have 

been evaluated to collect data related to solar radiation. This is why a massive demand for 

estimation techniques for solar radiation has been collected at the new location where no station 

for observation is available. Linear and non-linear models for solar radiation were used to 

estimate daily GSR at the sunny locations in India. Data for solar radiation can be collected in 

the three years through situ measurement. The situ measurement is a technique that measures 
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the vertical distance from a point to the bottom end of a surface. The object can be measured 

and scaled only if the thing is in linear path direction with the issue of an object to be measured. 

The linear model of Angstrom-Prescott, along with non-linear correlation, for example, 

exponential, cubic, power, and quadratic models, is based upon bright sunshine duration. These 

models have been developed to estimate new variables referred to as the approximate duration 

of bright sunshine.  There is also a model based upon one parameter for input that has been 

implemented at five Indian locations, Mumbai, Hyderabad, Chennai, Bhopal, and Allahabad. 

The accuracy of this model has been improved with the development of the latitude model.  

This model could provide good stimulation for other 5 Indian locations with latitudes ranging 

from 10 degrees north to 26 degrees north. The paper has analyzed different global solar 

radiation models and analyzed their working through the data available from five other states 

of India for measuring their solar radiation. There were five models for solar radiation that have 

been developed: power series model, exponential model, third order polynomial, second-order 

polynomial, and linear model. These models have been compared against five cities: 

Tiruchirappalli, Chennai, Bhopal, Allahabad, Hyderabad, and Mumbai.  The models given can 

provide accurate estimation in most of the states. Still, the models like Glover and Ogelman 

did not show efficiency in most cities because it has not been recommended for analysis and 

measurement of solar radiation. Each of the models resulted in an equally good assessment. 

The models were typically based upon the input parameter where available data at a particular 

location were used for evaluating it with the working of the model. Models have been used by 

dividing them into different groups. However, according to the estimation, a global model was 

taken as the universal model in the previous studies; however, according to the current aspect, 

it was not applicable (Mpamba Shambuyi, Takano, & Asano, 2021). It can be recommended 

that the use of readily available inputs can be helpful for the location where stations for 

observation are not public and still require global solar radiation.  With the help of the GSR 
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model, there will be no need for a sunshine recorder, and it will also save time for estimating 

global radiation. 

2.4 Comparing the methods of ANN for estimating daily GSR 

According to (Khosravi, Nunes, Assad, & Machado, 2018), assessing solar potential at a 

particular location has been considered an essential step for success in the solar energy system 

plan.  Since there is less availability of meteorological stations and sophisticated solar sensors, 

the data for solar is not available at every location.  This is why intelligent and empirical 

methods have been developed to estimate data related to solar irradiance. It has been stated that 

ultraviolet radiation of the sun is observed through the earth's ozone layer. In this layer, there 

is a high ozone concentration available. Also, this layer is one of the essential layers for living 

because it absorbs harmful ultraviolet radiation that comes from the Sun.  Several industries 

use electrical energy based on the utilization of fossil fuels.  Due to this, the emission of 

polluted air is released, which destroys the ozone layer. This discussion emphasizes the 

immense need for accurate prediction methods related to solar irradiance data so that 

succession planning can be carried out for projects related to renewable energy. Several 

applications are entirely based upon solar power, for example, production of electrical energy, 

ventilation, cooling systems, heating, and Agriculture (SHABAN, 2019). The measurement of 

solar radiation is carried out through a pyranometer, Sunshine duration meter, and 

pyrheliometer.  However, the cost of installing these devices at every station is immense.  Also, 

these devices do not provide complete accuracy because several times, missing data has been 

witnessed.  This aspect leads to the necessity of accurate prediction related to solar irradiance 

for the use of solar energy. There are several artificial intelligence methods used to produce 

climate variables along with hydrologic variables and atmospheric variables.  



13 

 

The paper discussed the Group Method of Data Handling (GMDH) neural network developed 

to predict the Global Solar Radiation (GSR). This model performed the best 11 input 

parameters and obtained maximum accuracy for forecasting. Also, the development of 

Multilayer Perceptron (MLP) Neural Network (NN) is carried out for predicting the Daily 

Global Solar Radiation (DGSR). This is a forecasting model which has two hidden layers along 

with 75 neurons in every layer.  This model was successful in providing forecasting accuracy.  

Another model was the Adaptive Neural‐Fuzzy Inference System (ANFIS) for the estimation 

of DGSR. This model also showed relatively good performance with increased accuracy in 

forecasting.  It can be stated that models must be adapted according to the availability of data 

related to solar radiation and solar irradiance so that the implementation of devices for the 

models in terms of budget and available techniques can be carried out suitably. This idea will 

help adopt the most suitable models while accurately estimating solar radiation at different 

locations.  

2.5 GSR Estimation for the tropical wet condition of climate  

According to (Makade R. , Chakrabarti, Jamil, & Sakhale, 2020), India has been considered 

the seventh-largest country in a geographical area. Also, it has the second-largest population in 

the world. People are one reason for the increased requirement of energy resources (Saud, 

Jamil, Upadhyay, & Irshad, 2020).  In other words, due to urbanization, modernization, and 

population, energy consumption has been increasing. At the same time, comparing the data 

from 2002 to 2012, energy consumption has risen tremendously by 61% (Rao K, Naveen, & 

Premalatha, 2018). The generation of electricity has been evaluated as 2666.64 GW according 

to the data from 2013. The generation of electricity is highly reliant on fossil fuels, where coal 

has contributed about 3.4 % and hydropower, which has contributed 22.6 percent. The 

contribution of other materials like atomic energy, gas, and oil is about 14%.  India is ranked 

third in the world for the emission of greenhouse gases, which contribute almost 5% of the 
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world's total emissions. Greenhouse gases emission contributes about 37.8% to the utilization 

of fossil fuels in India. World Health Organisation has listed the top 25 cities that are polluted, 

and among that list, 11 cities are situated in India. India is located among 68°7′ to 97°25’ E and 

the 8°4′ to 37°6′ N which is between the tropic of cancer and equator because of which it has 

significant solar potential. In the recent work (Rao K, Premalatha, & Naveen, 2018), 32 models 

of GSR have been developed for predicting the Monthly Average of Daily Global Solar 

Radiation for that climatic region in India. It has been used to analyze the performance of GSR 

models and the Test of statistical error.  The results have been compared with the 36 existing 

models that have been developed precisely for the Indian states having tropical wet climatic 

regions. Green Planet International (GPI) has been used for ranking the proposed models.  The 

validation of the regression model has been carried out for Chennai and Nagpur.  The GSR 

model has been developed with the implementation of the theory of experimentation. This 

theory has a high potential for predicting the MADGSR. The efficiency related to each of the 

proposed models has been observed from 91.88% to 94.36%, showing the excellent 

performance for the proposed model. However, the model cannot increase its effectiveness 

when input variables increase. With the help of training, data set, it has been evaluated that 

model solar mass is one of the most efficient regression models on the five variables, including 

altitude, long, sunshine hour, relative humidity, and temperature.  These variables are the 

dominating parameters for the prediction of MADGSR for the locations considered in India. 

To establish input parameters, it is vital to have more parameters for achieving accurate results 

for the prediction of MADGSR with the proposed models. 

2.6 Single empirical model for diversified locations  

According to (Makade, Chakrabarti, & Jamil, 2019), the principal objective has been to develop 

a single radiation model for GSR applicable at different locations in India.  To establish such 

a model, it is crucial to analyze meteorological data for a given period that has been obtained 
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explicitly through the department of the Indian Meteorological Department.  The models for 

global solar radiation and its performance can be analyzed by running statistical tests and 

comparing them with the models proposed by different researchers. The experiment was 

carried out by dividing the location data into two data sets as training and validation. The 

models of GSR trained for the utilization of data set related to 10 locations; however, these 

location data sets were used to validate the approach with 50:50, i.e., 50% data for training and 

50% for validation. Monthly Average Daily Global Solar Radiation (MADGSR) and relative 

humidity and sunshine duration data for the last 15 years were obtained through India's 

meteorological department. The experiment was carried out at different stations related to 

meteorological aspects in India to measure the solar radiation data. MADGSR assists in 

determining the quality control, monitoring, and measuring the potential solar radiation around 

India. GSR has been measured with the help of a thermoelectric pyranometer which has an 

accuracy of 1%.  Apart from this, the parameter of sunshine was measured through Campbell 

stoke, which also has an accuracy of 1%. This range is from 0 to 40 degrees over the southern 

and northern latitudes. The quality of relative humidity and air temperature has been evaluated 

with the help of a bimetallic thermometer graph and the hygrograph of air which has been kept 

in the shelter screen of the thermometer having the double size, the screen embedded at about 

1.2 m above from the ground level.  Initially, this data was evaluated to the data logger to obtain 

the daily values related to solar radiation. The data logger is an arrangement that records the 

data and analyses it for a prescribed result.  Later the average value was evaluated for the 

calculation of monthly solar radiation to analyze the mean value.  This common practice can 

be implemented in the data logger at each parameter to explore monthly average values to 

identify GSR. Twenty different Indian locations were considered, and data was collected for 

the previous 15 years to obtain the efficiency of each of the models. The models based upon 

Sunshine duration and relative humidity were considered superior to the other models as they 
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resulted in high efficiency (Marzo, 2017). In the larger area, the use of single empirical relation 

can be utilized as it is considered as a domination parameter for achieving the value of GSR. 

In this domination parameters, sunshine duration, altitude, latitude, and relative humidity can 

be considered. 

2.7 Cohesive ANN techniques for the estimation of solar radiation 

According to (Kumar, Sinha, Sharma, & Nayak, 2017)  solar energy has been abundantly 

available as an energy source worldwide. It can fulfill the internationally growing necessity of 

energy consumption. Several applications are related to the potential of solar energy. The 

requirement of improving solar energy potential through a photovoltaic System for power 

generation can be achieved.  Even for implementing such technologies in solar applications, 

there is a need for sufficient solar radiation. An artificial neural network model was used to 

implement and improve the performance of estimation for solar radiation.  Two hidden layers 

were used in the model. Three parameters of weather were used, including precipitation, 

temperature, and humidity. ANN gives higher accuracy than the empirical linear models 

(Jegadeesan, Jayakumar, & Srinivasan, 2020).  In this model, 99% accuracy has then been 

achieved through the weight approach with the help of suitable parameters related to the 

estimation of solar radiation, which has provided a highly accurate result. 

2.8 ANN prediction for GSR for forecasting the solar rich fields 

According to (Ghimire, Deo, Downs, & Raj, 2019) to obtain higher accuracy in predicting the 

solar radiation, there is a need to select the input variables optimally.  Some data sets have 

multiple errors and are noisy, which can easily affect performance related to the forecasting 

model.  In the proposed modeling, 85 different sets of inputs were used as the predictor 

variables, and feature selection was applied with principal component analysis (PCA) for the 

regression. MATLAB was used to implement PCA feature selection and the regularization to 
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minimize the objective function for measuring the average of leave-one-out regression losses 

over the training data. The paper has proposed ANN with three layers, input, one hidden layer, 

and the output layer. Experiments were done with 1 to 50 hidden neurons until a minimum 

mean standard error (MSE) was obtained. Levenberg Marquardt activation function was used, 

and mean standard error (MSE) and root mean squared error (RMSE) were calculated.  The 

authors also implemented Support Vector Regression (SVR). It was found that artificial neural 

networks gave better results as compared to the other models.  ANN model can use the pattern 

of climate based on meteorological variables as it is one of the vital aspects that affect the 

accuracy of prediction (Fan, et al., 2019). After analyzing all the models, it was found that 

ANN gave the best global solar radiation prediction for all the sites of Safety, Environment, 

and Quality (SEQ).   

According to (Makade, Chakrabarti, & Jamil, 2019) technological progress, expansion in the 

global industry, and growing populations have seen a massive rise in energy consumption since 

the beginning of the previous century, with an enormous increase in energy consumption coal 

and oil delivering the bulk of the source of energy. Green technology is gaining traction 

worldwide to maintain a healthy future while tackling the mounting implications of 

environmental disruption and global warming with massive electricity production. Renewable 

energy sources are financially feasible and sustainable options. Temperature and radiation are 

two primary sources of solar power that have been constantly transformed into various 

functions through the sunlight. Surprisingly, the quantity of solar energy entering the planet's 

top is almost 6000 times the current global power usage, as well as most of it, gets wasted. 

Solar power plays a critical role in maintaining energy supplies within developing nations while 

also resolving environmental issues. Many reasons, including ecological concerns, industry 

restructuring, meaningful contributions, and an overall increase in global energy consumption, 



18 

 

have aided the adoption of sustainable power. Corporations and governments need to choose 

whether a sustainable power supply or a mix of resources is the optimum option. 

Solar energy had grown at such a breakneck pace over the last two decades, but it was currently 

an established, dependable, highly economical technique for generating power.  

According to (Makade R. , Chakrabarti, Jamil, & Sakhale, 2020), solar radiation was a critical 

factor in the use of solar power. Increased environmental heating and diminishing fossil fuels 

have necessitated alternative electricity options such as photovoltaic power. India is located 

within 8. 4' through 37 .6' north latitudes and 68 .7’ through 97.25’ east longitudinal signifying 

solar radiation over a more extended period of times, with a mean daily global solar radiation 

of 5kwh/m2 /day occurring in 58 percent of the country, indicating that solar energy has 

become a viable option. Several atmospheric plus topographical factors influence this solar 

radiation prediction. Because of the lack of such a weather facility, solar radiation statistics 

were never accessible for specific places. Consequently, its solar radiation needs to be 

forecasted for such sites utilizing different solar radiation estimate algorithms. Its primary 

purpose of research study would be to predict solar radiation using an artificial neural network. 

Three design procedures, including Multi-Level Perceptron (MLP), ridge regression, and 

Generalized Regression Neural Network (GRNN), were utilized for evaluation. Incoming 

variable permutations, learning techniques, and architectural settings all affect the forecast 

performance of ANNs. MATLAB was used to evaluate the simulations. Optimization 

techniques were utilized to forecast and determine the main affecting parameters for solar 

radiation forecasting utilizing meteorology and geographical variables from 23 Indian locales 

with varying environmental conditions. 

Across various locations in India, the input variables used were latitude, longitude, highest 

temperature, lowest value, altitudes, interplanetary energy, clarity score, and sunlight hours. 

ANN algorithms were utilized to estimate the solar radiation for 76 Indian localities in northern 
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India. The inputs that produce better predicting outcomes include average heating, lowest 

value, highest temperature, and elevation. An ANN was utilized to forecast environmental 

clarity indexes regarding beams, diffused (Solar radiation received from the sun without 

scattering), including world energetic particles (protons, electrons, and heavy ions). The input 

parameters were location, length, altitude, global average hour, monthly humidity levels, 

precipitation, and solar hour. Solar radiance was estimated utilizing a multi-layered feed-

forward neural network (MLFFNN) with inputs such as locality, monthly average, Daily 

Global Solar Radiation (DGSR), temperatures, evaporation rate, humidity, wind direction, as 

well as length. An automated relevancy assessment approach was utilized when selecting 

important input parameters among the highest and lowest temperatures and everyday 

temperature ranges, including differential between highest and lowest temperatures. It has been 

discovered that the daily temperatures variation was a good factor for forecasting. Fast mining 

was employed to improve solar radiation predictions. Its average heat thermal gradient, lowest 

relative humidity, plus ocean levels elevation characteristics yield the best forecast results, 

according to 6 artificial neural networks created. 

According to (Rao K, Premalatha, & Naveen, 2018) ANN was utilized to analyze the most 

affecting input factors to forecast solar radiation. Researchers discovered the important inputs 

factors as maximal temperatures, lowest value, height over average ocean elevation, and solar 

hour. These input factors recorded per month enhance the solar radiation forecasting accuracy 

for inclined surfaces. The per month recordings were appropriate for metropolitan areas 

surrounding forests. Its monthly averaged solar radiance data and solar hours are collected by 

the environmental Central University of Technology, Garhwal, Himachal Pradesh, India, and 

the Indian Meteorology Department, Mumbai. Several artificial neural network algorithms 

were used to predict the solar radiance for 23 Indian cities in various meteorological zones. 

Nineteen locations were used for training, while four sites were used for testing. There were 
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276 information points in total throughout this research, with 70% of the total utilized for 

training and 30% for testing. The solar radiation is predicted using ANN, multilayer support-

vector machine, and extended recurrent neural networks (RNN)  

Their strong prediction accuracy and efficient learning of these radial functional neural 

networks have increased in popularity. The activation function may simulate most feature 

vectors.  

According to (Saud, Jamil, Upadhyay, & Irshad, 2020), renewable energy is now the most cost-

effective solution to satisfy anticipated energy needs. Several academics were researching this 

so prospective electricity production could be met while climate change caused by energy 

sources could be avoided. According to ecological research, large countries must decrease 

domestic greenhouse emissions to near-zero levels from 2020 to mitigate the severe worldwide 

warming impact. Solar energy was regarded as a primary resource for simulating agriculture; 

the ecosystem, particularly water systems temperatures, precipitation, and sun exposure, were 

all key factors that affect the ecosystem. The report's findings show that the mathematical 

models dependent on sunlight could be overruled with least-squares models for forecasting 

solar irradiance. The computational intelligence method's effectiveness and support vector 

machines (SVM) to forecast solar radiation was assessed. Solar radiation was predicted for an 

entire year throughout the research on a periodic schedule of 24 hours. These findings were 

subsequently compared with various prediction approaches such as ANN using regression 

analysis techniques, as well as these findings were determined to be better. 

According to (Saud, Jamil, Upadhyay, & Irshad, 2020) and Makade (Makade R. , Chakrabarti, 

Jamil, & Sakhale, 2020) presented a daily worldwide sun radiation estimate based on a hybrid 

method that combines hydrological estimation methods plus a backpropagation engine. 

Support Vector Regression (SVR) model with parameter tuning was done via an evolutionary 

approach on 365 places when a solar irradiation measurement was never accessible. The 
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algorithm was utilized to predict solar energy; linear regression was used to calculate solar 

energy. Solar radiation was estimated using several techniques in this research. Upon 

examining the errors of each design, it was discovered that the proposed method with a neural 

network produces superior outcomes and lower errors than previous methods. Researchers 

created a composite technique that combines support vector machine (SVM) with discrete 

harmonic to estimate worldwide sun exposure. This research was performed within Russia’s 

southern coastline area. Temperatures, altitude, and moisture were the three different 

characteristics considered during the examination. The average of everyday solar irradiation 

was approximated using these three input values.  

According to (Kumar, Sinha, Sharma, & Nayak, 2017), another type of supervised learning is 

gradient boosting extraction. Mostly on the same category, a support vector machine (SVM) 

was utilized for prediction with two classes The proposed method creates centroids among all 

parameters and then determines the correlations. SVM provides the capability of constructing 

the subspace. It establishes the decision boundary among the factors where the straight line was 

equidistant from their nearest data location.  

This supervised learning was used to build the classifier initially. 70% of the data was used for 

a training sample, while the remaining 30% was used as validation data. This framework was 

validated for solar irradiation prediction using three input variables: moisture, warmth, and 

pressures. Again, both the nonlinear activation and the parametric function (poly) were used 

for projections.  
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Chapter 3 

Data Extraction 

3.1 Data collection 

Two types of data collection techniques include primary and secondary data collection. The 

primary data collection method has been collected from real-time sources (KIm, Woo, & Park, 

2020). These data collection sources are the natural sources from which the data is generated 

and collected. This data collection technique consumes time because the information must be 

ordered in real-time (Pitt, 2017). In the case of the experiments, the data is collected from the 

outcome or the result of the experiments. 

But on the other hand, if the data is required to be collected from the questionnaire, survey, or 

interview, then a population is necessary to target so that they can actively participate and help 

the researcher to collect the data. A person must be targeted in a special case where people 

belong to a particular category (Roh, Heo, & Whang, 2021). For example, if the survey is 

required to identify cyber security risks, then the variety of the necessary people to be selected 

will be technical people. Those people chosen to participate must belong to the field of cyber 

security. There will be no sense to select people who have zero knowledge about the field of 

cyber security.  

On the other hand, the secondary data collection technique consists of data collected with the 

help of pre-existing data sources (Daas, Nordholt, Tennekes, & Ossen, 2021). The data is made 

available that is being either collected or has been derived already. Various sources like 

research papers, books, articles, journals, magazines, and newspapers can collect the data. This 

data collection method is relatively cheaper and takes lesser time than the primary research 
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method. However, there is still the requirement to categorize the data and take a sample because 

many data are available on one single research topic or subject. If the relevant material has 

been found, an example of the data is taken to derive informative data. It is required that the 

data that has been collected should be helpful so that it can be converted into information.  

In this research, the secondary research method has been used so that the research paper and 

journal that mentioned the data source were taken for data retrieval. With the help of a literature 

review, various techniques have been identified to develop forecasting models with multiple 

machine learning algorithms. The data set that has been collected includes weather reports of 

different locations over a particular period where multiple details related to the weather like 

humidity and radiation are formed to analyze further and create a forecasting model. This 

weather report data set has been collected from the internet under the secondary research 

method because it is pre-existing data. This study extracted data from a meteorological service 

available at the University of Basel, Switzerland, in 2006 and the variables which rely on 

Radiation, Surface Temperature, Atmospheric Temperature, and Distance. Meteoblue 

(meteoblue.com), one of the world’s first weather services, provides weather prediction for any 

arbitrary location on earth in a graphical representation.  

The meteoblue is a website that contains all the historical data, outdoors and sport, aviation, 

agriculture, and climate data. It also gives the related aggregate data generated by meteoblue 

(7 days, 14 days, monthly, and hourly data). 

The dataset contains at least the last six years of data from January 2015 to May 2020 of Delhi, 

Mumbai & Chennai cities in India. The total dimension of data is 1,67,694. Table 3.1 shows 

the parameters of the weather data. 
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Table 3.1 Parameter’s description 

Variable Unit 

Temp C 

Humidity % 

Pressure kPa 

Temp_min C 

Temp_max C 

Clouds_all % 

Latitude Integer 

Month Integer 

Wind_speed KM/H 

Longitude Integer 

H (solar radiation) Wm2 

Day Integer 

3.2 Data pre-processing 

The collected dataset must be pre-processed as the dataset has various noise that may create 

problems in the analysis. Dataset consists of multiple data attributes, and these data attributes 

directly or indirectly contribute towards the weather forecasting and prediction model. A 

dataset that has been collected is required to be pre-processed before starting the analysis 

process. In this step of pre-processing of data, various measures have been taken. First, data 

has been checked for all columns by applying a python code dataset. head(). Figure 3.1 

resembles the table of the top five values of the dataset so that data can be analyzed at the initial 

stage and the changes required can be done.  

 

Figure 0.1 Loading the dataset 

Next, it is required to check the information of data attributes present in the dataset in which 

all the data columns are fit for the data type and null values. From the data analysis, it was 

identified that most of the data attributes are float values because they consist of fractional 
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values. There are only three data attributes integer, and they are year, month, and day. From 

Figure 3.2, a total of 24 data attributes are of float type. 

 

Figure 0.2 Description of data type 

In the pre-processing step, null values should be removed whenever any null value is present 

in the dataset. Since null values were found in the data set, they were removed by using two 

methods. The first method is straightforward and is used whenever the data is extensive. The 

data row consisting of null values can be removed completely because that row will not 

participate in the data analysis and visualization; it can also spoil the overall results. Another 

method is to find the mean value of the nearby values of that attribute. The mean value can 

replace the null value. The second method to fill null values is only used whenever the data is 

significantly less in quantity. Each row of the information is significant for the data analysis. 

Then, training the neural network model, data preparation, and pre-processing involves 

normalization and standardization to readjust the input and output variables.  Normalization is 

the process of resetting the data from its original range so that all values fall between 0 and 1. 
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We shall use the MinMaxScaler in sklearn to scale our database range between [0,1] to remove 

outliers during the training and testing of models. The Fit() method is used to determine the 

minimum and maximum observable values for normalization. The data is normalized for 

training the model using the transform() function.  

After the prediction, we used inverse_transform() to inverse scaled the features back to the 

original values. Those values were considered as predicted values. After that, we compared the 

predicated values with the original values from the dataset to generate the graphs.  

In the cleaning section, some steps are needed to rename the column names as they are too long 

and check for data format and missing entries. Important columns were selected to predict solar 

radiation values, and some data wrangling was performed to create proper columns like dates. 

3.3 Splitting data 

Splitting the data into training and testing sets is used for the evaluation of the models.  

Here the four scenarios of splitting the data include, 

1. Delhi & Chennai data for training and Mumbai data for testing 

2. Delhi & Mumbai data for training and Chennai data for testing 

3. Chennai & Mumbai data for training and Delhi data for testing 

4. 2015, 2016, 2017, 2018, 2019 data for training and 2020 data for testing for each city. 
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Chapter 4 

Methodology                                                                                                                           

4.1 Machine learning  

Various technologies are developing continuously, and each technology plays an essential role 

in their relevant fields. Machine Learning is one of them that various industry experts are 

growing, and it has multiple usages in almost every area. The use of ML is continuously 

increasing because of the features and feasibility that it provides. Creating a prediction model 

or a data decision model is done by the machine learning algorithms. A model has been 

developed through which machines can be taught to perform various tasks, such as descriptive 

analytics or predictive analytics. Once the model has been created and applied to a device or 

system, it automatically learns to perform several tasks in the future and adapt the changes 

according to the environment. The best use of a particular technology should be related to the 

health of human beings. This technology is a path of the future of machine learning that can 

provide networking processes and the use of big data that can be combined (Alzubi, Nayyar, 

& Kumar, 2018). In the virtual world, several data have been generated that have influenced 

the use of machine learning, and there have been various developments have been introduced 

in this field. Machine learning applied to a computer system can help to learn and make 

decisions like a human being. The product in this field has been growing at a level where 

predictive models can be created with the help of machine learning algorithms that can be used 

to predict future outcomes and results according to the conditions. (Alzubi, Nayyar, & Kumar, 

2018) included data analytics and data visualization methods that enable computer learning to 

make decisions just like humans can do naturally. Just like humans can learn from experience, 
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machines can also learn from the knowledge that has been provided in the form of a historical 

dataset. Figure 4.1 shows the steps involved in the machine learning model. 

 

Figure 0.1 Generic Machine Learning Model Components, Source: (Alzubi, Nayyar, & Kumar, 2018) 

 

The components in Figure 4.1 are used as the steps to develop an ML model. Figure 4.1 consists 

of six components that are followed step by step. The first component is the collection and 

preparation of the data or dataset. This component collects data from various sources, but most 

of the data set is collected from internet sources to build a model. For data collection, there can 

be many techniques that can be followed. The data set can also be collected from the history 

of organizations in the case of industrial model building. Organizations can have historical 

data, such as customer data, employee data, or patient records in hospitals. But the data can 

also be collected from real-time sources that come under the primary data collection source. 

Real-time sources include a face-to-face interview, questionnaire, or survey. After the 

collection of data is prepared, pre-processing is required to be done. 

To provide the input to the machine learning model, it is required to process the data according 

to the model requirements to accept the data input and produce the output according to the 

requirements. Data collected from various internet sources have noise and various 

redundancies that must be removed so that the data set can have perfect analysis and efficient 

results. After data pre-processing, feature selection is used to select the most relevant features. 
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A specific feature selection algorithm is required to choose the elements to derive efficient 

problem solving, and the machine learning algorithm can obtain the best results. Some machine 

learning algorithms are Decision Tree, Naive Bayes, Support Vector Machine (SVM), K-

means Clustering, Random Forest, Regression Analysis. After choosing the appropriate 

algorithm, there is a requirement to select a model and parameters according to which data 

analysis has been performed. Most machine learning algorithms need to be initiated manually 

and are required to give some input parameters. After selecting features and the machine 

learning algorithm, the model is trained on the data set. A machine learning model is required 

to be trained on the data to perform the required task. The last component of the machine 

learning model is performance evaluation, where the performance of the machine learning 

model is evaluated based on testing. Test data is taken and applied to the model to test the 

machine learning model, according to which accuracy is computed by comparing the output of 

the training data set and production of the test data set. Various performance measures are there 

apart from accuracy, for example, recall and precision. 

4.2 Deep Learning 

Deep learning is a type of machine learning which tries to mirror the behavior of the human 

brain to learn from the data. Deep learning is a part of artificial intelligence, as is machine 

learning. Deep learning can be called the neural network of three or more layers. These neural 

networks are aligned in a way to learns from the input data. Deep learning does not require 

extra input to learn from the data. The importance and advantage of deep learning are that it 

processes the data already present in its boundary of calculation and processes the results. 

Learning can be of two types: supervised learning and unsupervised learning. Supervised 

learning requires a reference input that provides a path for data processing, while unsupervised 

learning does not require any reference input data.  
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The properties of deep learning can be used to predict solar radiation, which is overlapped on 

the earth's surface. Deep learning can build models that can effectively predict solar radiation 

of a particular region on a monthly scale. Deep learning (DL) uses multiple hidden layers, 

giving rise to the probability of complicated data processing. Another advantage of deep 

learning is that it allows the effective forms of data to be processed in less time while other 

methods take a long time to process. To justify the fact, ImageNet is a model which was built 

to categorize 1.3 million photos in 1000 partitions with high results of success (Kaba, Sarıgül, 

Avcı, & Kandırmaz, 2018).  Deep Learning in solar radiation prediction is used in the form of 

Deep Neural Networks (DNN). The DNN is a type of neural network with multiple hidden 

layers, and these layers cannot produce an output or take an input. The DNN network can be 

understood by Figure 4.2.  

 

Figure 0.2 Deep Learning Structure (Kaba, Sarigul, Auc1, & Kandirmaz, 2018) 

The layers in DNN can perform convolutional operations. These convolutional operations 

include frequency domain multiplication and time-domain multiplication. Kernels do the 

mathematical operations of these layers. The kernels are logical and mathematical operators 

and functions that are responsible Jamil for learning from the data. The output of these kernels 

is analyzed to learn from the data. The type of data which is to be processed decides the number 

of convolutional layers which are to be considered in a DNN structure (Kaba, Sarıgül, Avcı, & 
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Kandırmaz, 2018). However, a large number of convolutional layers result in the network's 

complexity, resulting in a decrease in the accuracy of the results. Due to this, the layers are 

selected with precaution because they can produce unsuccessful results. 

The output of a kernel can be calculated as: 

𝑆 = ∑ ∑ 𝑤𝑖𝑗𝑥𝑖𝑗
𝑚−1
𝑗=0

𝑛−1
𝑖=0                            (1) 

Where S is the output image, and “𝑤𝑖𝑗” is the corresponding weight value of the convolution 

filter and 𝑥𝑖𝑗 index into any square patch from the input where 0 <= i < n and 0 <= j < m and 

“i” and “j” index into the row and column of the input weight in a different manner. (Clark & 

Storkey, 2015) 

The DNN uses an activation function in the hidden layers of the deep structure, which is given 

by: 

𝑓(𝑥) = max (0, 𝑥)                               (2) 

Where “x” is the input given to the neuron and the function is called the ReLu activation 

function. After completion of the convolution process, the pooling process is performed. The 

reason why pooling operation is done is that it provides small maps from large input maps, 

eliminating the extra convolutional layers, resulting in high accuracy and non-complex 

structure of the network. 

4.3 Methods 

4.3.1 Ordinary Least Square regression method 

Ordinary Least Square (OLS) method estimates unknown parameters in a linear regression 

model. To perform OLS in python, statsmodels.api is used to determine the statistics of 

Ordinary Least Squares regression. OLS is a linear regression method that is commonly used. 

It is used to predict the value of the continuous response of independent variables using one or 
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more explanatory dependent variables, it can also identify the strength of the relationship 

between these variables. Creating the best-fit line and dataset requires two input variables, the 

dependent variable expressed in the independent variables. It means that the dependent variable 

is the factor that is attempting to predict the solar radiation values. In contrast, the independent 

variables such as temperature, humidity, month, day, cloud cover, sea level pressure, and wind 

are utilized to predict solar radiation values on the other side of the equation. For n 

observations, the 𝑖𝑡ℎobservation of the dependent variable Y estimates the predicted value 

given by equation (3). 

𝑌𝑖 =  𝛽0 +  ∑ 𝛽𝑗𝑋𝑖𝑗𝑗=1..𝑝                        (3) 

Where 𝛽0 is the intercept of the model and 𝑋𝑖𝑗corresponds to the 𝑗𝑡ℎexplanatory variable of the 

model where j = 1 to p.  

4.3.2 Multi non-linear regression (MNLR) method 

Regression analysis was among the best commonly applied methods for describing the 

dependency of such response parameters on several independent factors. When working with 

many individual factors, it is critical to identify the optimum arrangement of such elements to 

predict its dependant variables. The regression analysis is a reliable technique for selecting the 

most excellent subgroup models or even the optimal mix of interdependent parameters. The 

subspace model is determined by including or removing the variable(s) that have the most 

significant influence on an excess total of the square of variables used in prediction. Stepwise 

regression is a forward selecting technique that rechecks the significance of every recently 

inserted parameter at every stage (Vakili, Yazdi, Khosrojerdi, & Kalhor, 2017). Suppose the 

partial total of squares of every recently contained element does not match a minimal 

requirement. In that case, the selecting method switches to backward deletion to maintain the 

accuracy of solar radiation prediction. Factors are deleted one at a time till the remaining 
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elements match the minimal criteria. Regression analysis includes a set of methods used to 

investigate connections among factors. This set of plans provides the use of mathematical 

equations and regression methods. Nonlinear regression is a type of regression assessment 

wherein observable information is represented using a nonlinear collection of measurement 

values dependent on one or multiple independent factors. Nonlinear regression, in contrast to 

standard linear regression, may estimate systems having arbitrary connections among 

independent and dependant parameters (Benali, Notton, Fouilloy, Voyant, & Dizene, 2019). 

The nonlinear relationship is considered to have the following relation: 

𝑌 =  𝛽0(𝑋1
𝛽1)(𝑋2

𝛽2) … (𝑋𝑛
𝛽𝑛)                                                (4) 

Where variable X is predictor variable or independent variable, Y is dependent variable or 

response variable and 𝛽0, …,  𝛽𝑛 are the equation parameters of nonlinear regression. A proper 

modification of the modeling process could transfer some nonlinear issues to a linear domain. 

When the log of Eq. (4) is taken, the connection gets linear. Equation (5) represents the 

nonlinear regression. The variable “e” is the error rate which is squared for obtaining the non-

linear regression results. The variable “y” is the targeted variable, “X” is the predictor variable 

and  is the coefficient of nonlinear regression. 

∑ 𝑒𝑦𝑖
2𝑁

𝑖=1 =  ∑ (𝑦𝑖 − 𝛽0 − 𝛽1𝑋1𝑖 − 𝛽2𝑋2𝑖 − ⋯ − 𝛽𝑛𝑋𝑛𝑖)
2𝑁

𝑖=1                       (5) 

Nonlinear regression involves a type of regression study wherein data is fitted to a model and 

subsequently represented numerically. Nonlinear regression links two factors (x or y) in such 

a nonlinear (curve) connection, whereas standard linear regression connects these two factors 

in a straight line (y = MX + b). 

The model's objective is to reduce the total of the square of the variables in equation (4) as 

much as feasible. Its total square of elements that measures how much y measurements deviate 

towards its nonlinear (curve) function is utilized to forecast y. Non-linear regression is 
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calculated by first determining the variance among the nonlinear fitting process with each y 

position. Finally, the squares of the resulting variables were combined. The lower the total of 

those squared numbers, the greater the function matches the collection's data elements. Linear 

interpolation, trigonometry, exponential features, powers process, Lorenz curves, Gauss 

process, and other fitting techniques are used in nonlinear regression. 

4.3.3 Artificial Neural Networks (ANN) 

An artificial neural network (ANN) is formed by a variety of simpler and strongly linked 

processors that transmit data based on their dynamic state reaction to external signals. It is a 

data processor concept based on the biological processes of the mind. It may be thought of as 

a black box consisting of a sequence of complex algorithms for calculating outputs depending 

on a specific set of input data. This could create a structure that connects the network's results 

to actual statistics utilized as inputs. It could be trained to overcome the limits of traditional 

techniques to solving complex computation that is challenging to analyze intellectually. The 

artificial neural network (ANN) analyses and derives processes behavior using previous 

operational data. Throughout the context of supervised learning, a neural organization's 

weights are adjusted by testing a collection of instruction input values against a group of goal 

variables. The ANN includes one or more hidden units, the processing vertices referred to as 

hidden layers and hidden layers. This training phase represents a key part of an ANN. The 

neural networks are taught to provide a certain outcome whenever assigned inputs during the 

training process, which is accomplished by repeated learning on a collection of learning 

examples. At first, the strengths and biases are picked at random. While knowing ANN, given 

an array of inputs, we want to modify the parameters so that the results match the target values. 

When a sufficient level of accuracy is attained, training is terminated. The networks utilize the 

parameters to make judgments to recognize structures and establish correlations with testing 



35 

 

data. There has been a significant surge in research for ANNs over the past 15 years 

(Mohammadi & Aghashariatmadary, 2020). ANNs have been used effectively to solve 

complicated problems in various disciplines, including a functional approximation of patterns 

identification and detection, associated memory, and the production of newly significant 

patterns. One of the primary benefits of ANNs is their ability to efficiently handle extremely 

non-linear correlations in data, mainly whenever the precise structure of these interactions is 

unclear. Neurons are the processor components of an Artificial Neural Network. Such neurons 

are linked together via communication pathways known as connectors. Every neuron could 

have many inputs, whereas only having a single output. Input signals toward a neuron might 

come from the exterior stimulus or through its outputs of another neuron. These neurons have 

biases to allow their activation function also to be biased around zero. The following equation 

can understand the regression of target variable and predictor variable: 

𝑥 =  𝑤1,1. 𝑝1 + 𝑤1,2. 𝑝2 + ⋯ + 𝑤1,𝑗. 𝑝𝑗 + 𝑏                                   (6) 

Equation (6) represents a regression equation, where w is the target variable, and p is the 

predictor variable. To create the input values, every neuron approximates a weight value, 

including the received signals, and adds them with such biases (Guermoui, Rabehi, Gairaa, & 

Benkaciali , 2018). 

A Regression Analysis may be thought of simply as a simple perceptron (or neurons). At every 

level of an Artificial Neural Network, there are numerous perceptron/neurons. Since signals 

are exclusively analyzed throughout the forward orientation, an ANN is also called a Feed-

Forward Neural Network, as shown in Figure 4.3. 
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Figure 0.3 Artificial neural network (Ibrahim & Tamer , 2017) 

Inputs, hidden later, and Output layer are the three layers of the ANN. Its input layer receives 

the data, and the hidden layers analyze it and the output layer, which generates the outcome. In 

essence, each layer attempts to acquire a specific weight. An ANN may learn any nonlinear 

variable. As a result, these networks are commonly referred to as Global Functions 

Approximators. Artificial Neural Networks can know values that map each input to the desired 

result. This neural network is among the powerful algorithms for the universal approach. Its 

network's nonlinear characteristics are introduced through activating parameters. That aids the 

networks in learning any complicated input-output connection. 

4.3.4 Support Vector Regression (SVR) 

Support Vector Regression (SVR) resolves issues primarily on categories, but it may also 

estimate outcomes. The SVR is a kind of SVM that has competent forecasting. As the data 

contains specific missing values or duplicated data, the interpolated method fills in the gaps. 

This method removes corrupted/duplicate values. Support vector machine (SVM) is mainly 

used for categorization; it simply classifies linear information, but Support vector regression 

(SVR) identifies data relationships among nonlinear data through mappings. SVR creates a 

decision boundary among the parameters and instead determines the correlations among the 

information by projecting the distances among those information locations with its hyper-

plane. Support vector machine provides the characteristics of creating the hyperplane; thus, it 

was included in SVR. It constructs the subspace among the factors so that the algorithm 
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maintains equidistance from the factors' nearest data sets. It creates a route using the subspace, 

inside that SVR attempts to accommodate many more data sets as feasible without exceeding 

the boundary. The variable determines the breadth of that route. Those data sets that fall inside 

this route have excellent forecasting accuracy, but the data sets that fall outside of this route 

have lower predicting accuracy. These data sets that are located on or near the route's boundary 

are called support vectors. Its information on convergence validity is constructed on the actual 

premise of these support vectors. Throughout the case of the SVM, the construction of its vector 

space is simple since the information is straight, whereas, in SVR, the data is primarily 

nonlinear, making the development of the feature space challenging. The activation function is 

the primary feature of SVR that distinguishes this from SVM. Its activation function transforms 

the dataset's dimensionality to more excellent dimensions before forming the subspace. After 

creating the support vectors, the processor method returns the sizes of its datasets to their 

original dimensions while preserving the subspace, such that if the inputs supplied to the 

models are within the exact dimensions, the outputs are also in a similar measurement 

(Ghazvinian, et al., 2019). 

4.3.5 Recurrent Neural Network (RNN) 

Recurrent Neural Networks (RNN) would be multiple feed-forward neural networks containing 

at most one output link to its inputs. The Recurrent Neural Network is a type of Neural Network 

which allows a system to utilize the past inputs given to the network using the same network. 

The RNN is the type of neural network with a memory element, which means the RNN can use 

the previous state of given inputs with the currently given inputs to produce the desired output. 

Backward propagation is used to train the RNNs as in the case of ANNs. RNNs use one element 

of an input sequence at a time from the state vector in their hidden nodes, which contains 

implicit information of all the past values of the elements of that sequence. RNNs are dynamic 

and powerful systems, but the problem of vanishing gradients occur during the training process 
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there occurs gradient vanishing problem  This gradients problem shrink during the 

backpropagation andmight disappear after many cycles. All layers in deep feedforward 

network of RNN are found to share an equivalent weight. RNN are not good at storing 

information for a long time, and this is termed as long-term dependencies. Long short-term 

memory (LSTM) was introduced that contains memory elements to store the information for a 

long time. In this method, input data is stored in particular hidden nodes for a longer period of 

time. LSTM performs significantly better in time-series systems. (Chauhan & Singh, 2018),  

(Tavanaei, Ghodrati, Kheradpisheh, Masquelier, & Maida, 2019) 

RNNs are a type of artificial neural network (ANN) in which the connectivity among the units 

creates a directed cycle. That causes the network's integral controller to change, allowing it to 

show variable periodic behavior. RNN with feedback control systems could handle an infinite 

sequence of signals using their internal storage. The central concept underlying RNN would be 

to make use of consecutive data. All signals (and results) inside a conventional neural network 

are considered to remain independent. This premise was not usually correct in many cases. 

RNNs get their name because they perform the same job for each cycle component, with the 

outputs becoming dependent on the prior calculations (Pang , Niu, & O'Neil, 2020). 

Recurrent Neural Networks (RNN) collects the sequence information available throughout the 

input’s information when creating projections. RNNs are a type of artificial neural network 

(ANN) in which the links among the units make a directed cycle. That causes the network's 

integral controller to change, allowing it to show variable temporal behavior. RNNs with feed-

forward neural models could handle unlimited sequencing of signals using its internal storage. 

The main idea underlying RNN would be to make use of sequential data. Every input (and 

output) inside a conventional neural network are independent of one another. Recurrent neural 

networks (RNNs) get their name because they perform a similar operation for each item of a 
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series, while the outcome becomes dependent on the prior calculations. RNNs throughout other 

terms has a memory that stores data. 

 

Figure 0.4 : Recurrent neural networks (Al-Sbou & Alawasa, 2017) 

Figure 4.4 exhibits the number of sequences given to the system and recapturing the previous 

inputs to use them for the desired result. The information provided to the different nodes is 

random, which means any of the signals can simultaneously go to any one of the nodes. The 

nodes also can use the previous data of input to show the output consequently. The work which 

will be produced will include elements from all given inputs. 

4.3.6 Deep Learning Mechanism 

Long Short-Term Memory (LSTM) 

The LSTM is an improvement over RNNs as it provides sequence memory methods. LSTM 

addresses the issue of long-term dependencies in RNNs. The long-term dependencies in the 

RNNs are caused due to the vanishing gradient problem that occurs due to the decreasing of 

the gradients during backpropagation. (Amidi & Amidi, n.d.) 

LSTM processes the present information based on the previous inputs but not by the following 

inputs. Bi-directional LSTM method was created to enable the network to consider the  the 
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future and the past by allowing the signals to be analyzed through parallel forwards and 

backward time sequences.. 

Gated Recurrent Units (GRU) 

These gated recurrent units may be thought about as a more straightforward form of LSTM 

with explicit usage of cellular values. This primary simplicity was the merging of multiple 

input vectors under a single variable. 

GRU was initially being suggested as a smaller RNN design than LSTM, with simplified 

calculation and installation. These GRU networks were made up of many cells which learn to 

keep and recall incoming data as it is acquired. This GRU channel's response looping was 

unrolled throughout space from the present interface instance; the outputs of both a recent cell 

were utilized for inputs to every subsequent cell. This essential characteristic enables closed 

RNNs to comprehend and forecast consecutive information across time with great accuracy. 

GRU units are identical to LSTM units in terms of configuration; yet, GRU neurons only have 

two functions instead of 3 with LSTM; GRU needs fewer calculations in total. That essential 

characteristic enables closed RNNs to comprehend and forecast consecutive inputs across time 

with great accuracy.  

Hyperparameter tunning  

The process of selecting a set of appropriate hyperparameters using a training system is known 

as hyperparameter tuning. A hyperparameter is a modeling variable whose values are 

determined before the start of a said learning experience. Hyper - parameters tweaking is the 

cornerstone of machine learning techniques. Grid searching is the most significant fundamental 

technique of hyperparameter tweaking. They create a model for every conceivable combination 

of these hyperparameter variables, evaluate that simulation, and choose the architecture that 
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provides the most excellent outcomes using this method. The following hyperparameters are 

tuned: 

Return_sequences:  return the final output in the output sequence; default is true. 

Input_shape:  call arguments to call training dataset.  

Dropout Parameter: For the model to learn complex tasks, the dropout is a powerful system 

helps avoid overfitting problems (Jegadeesan, Jayakumar, & Srinivasan, 2020). To create a 

pattern between the input and output layer, the variables must be mapped using a non-linear 

function. When we pass temperature, wind, humidity, etc., in our input layer, they tend to fit 

accurately in the output layer. Dropout layer with a 30% chance of setting inputs to zero is a 

way of overcoming performance issues. 

ADAM Optimizer: The gradient descent algorithm (GDA) is implemented with ADAM 

optimizer using a batch size of 50 and trained for 0 to 150 epochs. Root Mean Squared Error 

(RMSE) is calculated after every epoch to eventually reach the minimum after the epoch reach 

a threshold value. 

Epoch function: The number of epochs is the number of times the model is trained on the 

dataset and is tuned as a hyperparameter. The model parameters are tuned and adjusted on the 

training dataset for each epoch. A “batch size” is the number of samples that are trained in one 

epoch. The number of epochs is between 1 and infinity, and it is generally set to a number that 

the prediction error is minimized. The number of epochs can be set to 10, 100, 500, 1000, and 

larger (Brownlee, 2018). 

Batch size: The batch size is a hyperparameter that defines the number of processed samples 

in an epoch. At the end of an epoch, an error is calculated. The training is repeated with another 

epoch till the error is minimized (Brownlee, 2018). 
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The activation functions: Activation functions determine the output from each neural network 

node on a given input. An activation function makes a neural network perform powerful 

operations due to the non-linear functions. Machine learning algorithms like logistic and linear 

regression do not provide the mechanism for non-linearity. These functions offer non-linearity 

in the neural networks. Some well-known activation functions include ReLU (rectified linear 

unit), SoftMax, and a family of sigmoid functions such as logistic sigmoid function, hyperbolic 

tangent (tanh), inverse hyperbolic tangent (archtanh) (Odegua, 2020). 

Sigmoid activation function 

 

Figure 0.4 Sigmoid activation curve (Sharma, 2017)  

Figure 4.6 shows the sigmoid activation curve. The sigmoid function is a logistic function that 

ranges between 0 to 1. It is especially used to predict the probability as an output. The sigmoid 

function is non-linear, differentiable, and monotonic. The SoftMax function is also called the 

soft argmax function or multi-class logistic regression (Sharma, 2017). 
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Tanh activation function 

 

Figure 0.5 Tanh activation curve, Source (Papers with Code, n.d.) 

Figure 4.7 shows the tanh function curve. The tanh function is continuous, and the output 

ranges between [-1, 1]. Unlike the sigmoid function, tanh function is zero centered. The main 

problem with Sigmoid activation functions is the vanishing gradients problem. In this problem, 

the gradients diminish as it is propagated backward through the network. The rectified linear 

activation function (ReLU) overcomes the vanishing gradient problem, leading to better 

performance of the neural networks and faster convergence. 

ReLU activation function 

 

Figure 0.6 ReLU activation curve (Sharma, 2017) 
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Figure 4.8 shows the ReLU activation curve. The ReLU is the default activation function when 

developing multilayer perceptron (MLP) and convolutional neural networks models. The 

equation for the ReLU is:  

 ReLU(x) = max(0, x) 

If the input is negative, ReLU gives the output 0, and if the information is positive, ReLU 

provides the output with x.  

ReLU is a piecewise linear function. The derivative of ReLU function mathematically 

undefined at x = 0.  However, it can be set to either 0 or 1 as a practical solution for neural 

networks. If most input values are negative or 0, the zero derivatives can pose problems during 

backpropagation. The neuron may get stuck in the zero region and not update the weights. 

(Sharma, 2017) 

Loss function: The loss function is the difference between the actual value and the predicted 

value. It is also called the error value. It is used to adjust the weights and biases to tune the 

model for accuracy. The average of the loss function over all training tuples is called the cost 

function (Odegua, 2020). 

4.3.7 Correlation 

The measured routine extra-terrestrial renewable energy radiation density, its median routine 

percentage of sunshine length, the measured routine relative humidity, the normalized weekly 

maximum air atmospheric pressure, as well as any sine of such photovoltaic velocity vector 

angle were investigated as a connection among the annual maximum routine solar radiant 

energy on a horizontal plane as well as five climatic and geographic variables. A secondary 

correlation only for the entire nation is created, these times utilising the monthly median global 

sunlight irradiation on such a horizontal plane and the additional meteorological variables: the 

annual average proportion of sunlight length, altitude, and location. 



45 

 

4.3.8 Error Calculation 

The Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE) can be 

calculated by the following formulas: 

𝑀𝐴𝑃𝐸 =  
1

𝑛
∑

𝑝𝑟𝑖−𝑜𝑏𝑠

𝑜𝑏𝑠
. 100𝑛

𝑡=1                            (7) 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑ (𝑝𝑟𝑖 − 𝑜𝑏𝑠)2𝑛

𝑡=1                       (8) 

Where pri is the expected output for the t pattern and obs is the actual predicted output for the 

t pattern of the given data values. “n” is the number of variables taken in the iteration. The 

model efficiency can be calculated by coefficient correlation formula: 

𝑅 =  
∑ (𝑥𝑖−�̅�)(𝑦𝑖−�̅�)𝑁

𝑖=1

√∑ (𝑥𝑖−�̅�)2𝑁
𝑖=1 ∑ (𝑦𝑖−�̅�)2𝑁

𝑖=1

                         (9) 

Where �̅� and �̅�  are average of all expected output values and average of all actual predicted 

output values, respectively. 
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Chapter 5 

Results and Discussion 

The data was loaded and indexed separately for each of the cities Delhi, Mumbai, and Chennai. 

They were stored in different variables so they could be accessed individually. The data was 

prepared and processed using the normalization by Min-Max method to fall into a range of 0 

to 1. This is done to remove any outliers as such, and after all the predictions are made, the 

values are reversed back to normal to represent the original values.   

After the normalization process, we find the strength or linear relationship between solar 

radiation and other parameters. One of the main advantages of our solar radiation forecast is to 

rely on less data. Still, since we focus on the short-term forecasts for the next few days, a good 

relationship between the data has been obtained. Figure 5.1 shows the correlation between the 

different parameters. 

 

Figure 5.1 Correlation of different parameters 
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Fewer variables help us reduce computational costs and simplify understanding between the 

target and input variables. This problem cannot be further reduced to a linear problem, but the 

observed matrix allows us to understand the dependencies clearly. Among all the attributes 

shown in Figure 5.1, such as temperature, minimum temperature, maximum temperature, and 

mean temperature tend to be close to the range of 1, which means high positive correlation 

whereas pressure presented exact opposite with high negative correlation with H (solar 

radiation) and cloud cover; month shows low positive correction and humidity indicates 

downward negative correction with solar radiation (H). The maximum and average 

temperatures are more closely related to the solar radiation value, while the month is very 

independent. 

Table 5.1 lists two sequences of the parameters that were used during the process. Table 5.2 

shows ten models with two different arrangements using the parameters given in Table 5.1. 

Here temperature, humidity, pressure, minimum temperature, maximum temperature, clouds, 

latitude, month, wind speed, longitude were used for SVM and RNN models. In contrast, 

sunshine duration, month, cloud, soil temperature, mean monthly temperature, the temperature 

at 2 meters, sea level pressure, maximum temperature, and min temperature, were used for 

other two models MNLR and ANN, to see which parameters are predicted the closest to solar 

radiation values. For each model, we increased the parameter combination for models 1 to 10, 

as shown in Table 5.2. For example, MNLR1 and ANN1 used S(sunshine), and MNLR2 and 

ANN2 used S+M(sunshine+month). Similarly, SVM1 and RNN1 used T(temperature) 

parameters, and SVM2 and RNN2 used T+H (temperature and humidity) and so on for models 

3 to 10.  
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Table 5.1 Two types of training sequences with the list of parameters 

Parameter list 1 Parameter list 2 

Sunshine duration sunshineD Temperature temp 

Month of the year Month Humidity humidity 

Cloud cover cloudC Pressure pressure 

Soil temperature soilTemp Minimum temperature temp_min 

Mean monthly temperature tempMean Maximum temperature temp_max 

Temperature @2m temp@2m Clouds clouds_all 

Sea level pressure sealevelPres Latitude lat 

Wind speed windSpeed Month month 

Max temperature tempMax Wind speed Wind_speed 

Min temperature tempMin Longitude lon 
 

Table 5.2 Ten models for predicting the solar radiation of Mumbai city with two different sequences 

MNLR1 

ANN1 
S 

SVM1 

RNN1 
T 

MNLR2 

ANN2 
S+M 

SVM2 

RNN2 
T+H 

MNLR3 

ANN3 
S+M+C 

SVM3 

RNN3 
T+H+P 

MNLR4 

ANN4 
S+M+C+S 

SVM4 

RNN4 
T+H+P+TMIN 

MNLR5 

ANN5 
S+M+C+S+T 

SVM5 

RNN5 
T+H+P+TMIN+TMAX 

MNLR6 

ANN6 
S+M+C+S+T+T@2 

SVM6 

RNN6 
T+H+P+TMIN+TMAX+C 

MNLR7 

ANN7 
S+M+C+S+T+T@2+S 

SVM7 

RNN7 
T+H+P+TMIN+TMAX+C+LAT 

MNLR8 

ANN8 
S+M+C+S+T+T@2+S+W 

SVM8 

RNN8 
T+H+P+TMIN+TMAX+C+LAT+M 

MNLR9 

ANN9 
S+M+C+S+T+T@2+S+W+TMAX 

SVM9 

RNN9 
T+H+P+TMIN+TMAX+C+LAT+M+W 

MNLR10 

ANN10 

S+M+C+S+T+T@2+S+W+TMAX

+TMIN 

SVM10 

RNN10 

T+H+P+TMIN+TMAX+C+LAT+M+W

+LON 

The training sequences are of 2 main types, time-based training-testing, and location-based 

training-testing, described in Section 5.1 and Section 5.2, respectively. 

5.1. Time-based training and testing sets 

The time-based ANN model used five years’ worth of training data, while the 6th year was used 

for testing and evaluation purposes. This technique helps predict future cases and is reliable if 

there are many cases.  This is due to the continuity of the data and conditions that gradually 

form and reduce. The first five years are a good amount of data to train and provide the 

necessary amount of information for the model to learn various patterns in the data and create 

some insight and inference for the model to work upon. This, in turn, allows the model to 
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prepare and forecast for the next year worth of solar radiation and climate information. Time-

based information creates a linear pattern that is easier to work with and makes it easy to detect 

the underlying patterns of the dataset. Many scenarios are based on similar time-based data that 

use previous days’ worth of data to predict the next few days. Many travel agencies and weather 

agencies use this similar technique to inform the public about the weather and climate situations 

about the upcoming days, such as a heat wave coming up. Figure 5.2 shows the architecture 

for creating a machine learning model. 

 

Figure 0.2 Machine learning architecture 

For each city (Delhi, Mumbai, Chennai), five years of data were used for training, and one-

year data was used as test data for a total of 6 years of data. 

All the locations to which the data belonged were used separately according to their respective 

time frames. All three areas consisted of the 6-year worth of data, so this was a more 

straightforward structure for splitting the training and testing sets of the data for the model so 

that they can be used as an input for the model. 

Case-1: Prediction of solar radiation for Delhi  

This section will discuss the results of the models built to predict solar radiation in Delhi. For 

getting the best predictive model, ten models were built. Each model has different parameters, 
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with an upcoming model having an addition of one more parameter.  This section uses the five 

years of data for training and the 1-year data set for testing. The model will be evaluated using 

Mean Absolute Percentage Error (MAPE), Root Mean Squared Error (RMSE), and R Score 

(Coefficient of Determination).  

OLS (Ordinary least square) 

In Figure 5.3, the first column gives the dependent variable y, date, and time when the model 

was created, number of observations in the dataset, degree of freedom residuals in this mode, 

which is calculated by (number of comments – number of predicting variables -1), Df model 

is the predicting variable, and covariance means how two variables are linked positively or 

negatively.  

The second column provides the most important measurement, R-squared, which explains the 

independent variable by changes in the dependent variables; here, it shows 99% of the 

difference in the y variable. Adjusted R-squared is important to analyze the multiple dependent 

variable's efficacies on the model. The F-statistic finds out if a group of variables are 

statistically significant. Prob (F-Statistic) gives the accuracy of the null hypothesis, or whether 

it is accurate that the variables’ effect is 0. Figure 5.3, it is telling us the 1.69e-114 chance of this 

effect. 
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Figure 0.3 OLS of Delhi 

The log-likelihood of a regression model measures the goodness of fit, and the natural 

logarithm of likelihood and the higher value indicates a better fit for the model. AIC (Akaike 

information criterion) and BIC (Bayesian Information Criteria) are used in model selection. 

AIC estimates the error of prediction and thus the relative quality of the models, whereas BIC 

has a higher penalty on the parameters.  

The first informative column is the coefficient. The "m" in "y = mx + b" measures how 

changing this variable affects the independent variable. One unit of change in the dependent 

variable affects the change in the independent variable's coefficient. They have an inverse 

relationship if the coefficient is negative as one rises, the other falls. The ”Std err” is an estimate 

of the standard deviation of the coefficient, which measures the amount of variation of the 

coefficient. The “Std err” column is the difference between the population mean and the sample 

mean. The t-statistic is the ratio of the difference between the estimated value of a parameter 

and a known constant value to its standard error. The t-statistic will be high if the std error is 
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low compared to the deviation in the estimated parameter, which signifies a high significance 

for the coefficient. The “P>|t|” column shows the p-values. OLS Regression was rejected 

because the p-value of Soil Temperature and Mean Temperature have a p-value 0.05. 

Omnibus describes the normal distribution of the residuals where a value 0 indicates normal 

distribution. Skew and kurtosis are used as measurements for the Omnibis.  Prob (Omnibus) is 

the probability to test that the residuals are normally distributed where a 1 indicates perfect 

normal distribution. Skew is a measurement of symmetry in data, with 0 being perfect 

symmetry and kurtosis measures the amount of probability in the tails. Higher kurtosis implies 

fewer outliers. Kurtosis value greater than 3 indicates a heavier tail than a normal 

distribution. The result of the likelihood of omnibus shows 0.016, which indicates it is normally 

distributed. Durbin-Watson is a measurement of homoscedasticity which indicates if the 

errors are evenly distributed in the data. Ideal homoscedasticity will lie between 1 to 2. The 

value is ~1.194, which shows that the errors are evenly distributed. Jarque-Bera 

(JB) and Prob(JB) are alternate methods of measuring the same value as Omnibus and 

Prob(Omnibus) using skewness and kurtosis, which should concur with the results of the 

Omnibus test. The more significant value of the JB test shows that the mistakes are generally 

not distributed, which is the second reason for rejecting this method as the values are ~8. The 

condition number is the last assumption of the OLS model, and it is compared to the size of 

changes in the data it is analyzing  (McAleer, 2020). 

MNLR (Multi Non-Linear Regression) 

Ten models were built using this regression method. The model was executed ten times with 

one additional feature, and the evaluation was done on the test set, as shown in Table 5.3. 
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Table 5.3 MNLR model performance evaluation comparison results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

MNLR1 5.06% 0.0409 0.9958 4.83% 0.0378 0.9952 

MNLR2 5.94% 0.0956 0.9594 15.06% 0.2288 0.8210 

MNLR3 6.04% 0.0985 0.9559 18.22% 0.2353 0.8071 

MNLR4 6.37% 0.0994 0.9553 18.22% 0.2361 0.8064 

MNLR5 4.13% 0.1237 0.9336 15.37% 0.2388 0.8336 

MNLR6 4.35% 0.1238 0.9335 15.42% 0.2388 0.8336 

MNLR7 4.13% 0.1237 0.9337 15.37% 0.2388 0.8336 

MNLR8 4.03% 0.1237 0.9337 15.35% 0.2388 0.8336 

MNLR9 4.00% 0.1237 0.9336 15.49% 0.2388 0.8323 

MNLR10 3.92% 0.1237 0.9336 15.48% 0.2388 0.8323 

It is clear from Table 5.3 that MNLR1 is performing better than any other model. The MAPE 

score in MNLR1 is 5.06%, RMSE is 0.0409, and R-score is 0.9958 for training. On the other 

hand, for testing, MAPE score is 4.83%, RMSE is 0.0378, and R-score is 0.9952 for MNLR1. 

It is clear from Table 5.3 that all the other models are overfitting as the training metrics are 

quite good but testing results are poor. 

 

Figure 0.4 Original and predicted value chart by MNLR1 

Figure 5.4 shows the predicted and actual values of global solar radiation variation in 2020 for 

the months. It can be observed that the real and predicted values are very close between January 
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to June and September to December. However, the values vary a little from June to September, 

but the trend remains the same for both actual and predicted values. This yields that the 

prediction made by MNLR1 seems to be more accurate since the variation between actual and 

predicted values is vey less. 

ANN (Artificial Neural Network) 

Table 5.4 clearly illustrates that ANN10 is giving the best R Score of 0.9961. On the other 

hand, ANN8 gives the minimum MAPE and RMSE scores of 2.97% and 0.0216, respectively, 

with the R Score of 0.9946. It can be concluded that ANN8 is performing better since it gives 

lower MAPE and RMSE scores than the other models. However, all the ANN models are 

performing good in this case. The overfitting in case of each model is very less.The model 

summary of ANN8 is as shown in Figure 5.5.  

Table 5.4 ANN model performance evaluation comparison results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

ANN1 7.15% 0.0490 0.9722 8.81% 0.0590 0.9638 

ANN2 3.54% 0.0257 0.9925 4.21% 0.0301 0.9904 

ANN3 3.55% 0.0256 0.9927 4.14% 0.0297 0.9907 

ANN4 3.67% 0.0267 0.9919 4.41% 0.0315 0.9900 

ANN5 3.19% 0.0233 0.9940 4.33% 0.0304 0.9914 

ANN6 3.09% 0.0224 0.9943 4.45% 0.0303 0.9914 

ANN7 3.00% 0.0219 0.9945 4.66% 0.0315 0.9916 

ANN8 2.97% 0.0216 0.9946 2.97% 0.0216 0.9946 

ANN9 1.56% 0.0120 0.9984 5.67% 0.0375 0.9938 

ANN10 0.60% 0.0053 0.9997 5.69% 0.0357 0.9961 

 

Figure 0.5 Epochs by ANN model 
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Figure 5.6 shows the training of ANN8 for 60 epochs, and the model has been trained for 150 

epochs, though. It can be observed that validation loss keeps decreasing epoch by epoch. 

 

Figure 0.6 Original and predicted value chart by ANN8 

Figure 5.6 shows the predicted and actual values of global solar radiation variation in 2020 to 

the months. It can be observed that the true and predicted values are not very close. However, 

the trend remains the same for both actual and predicted values. Although, the ANN8 model 

gives good results, still the predicted values are slightly varying from the actual values. This 

can be considered as a drawback of this model.  

SVM (Support Vector Machine) 

SVM is a simple linear machine learning model. This model is built using a different number 

of features for each model. The comparison of the performance of the models is shown in Table 

5.5. 

Table 5.5  SVM model performance evaluation comparison results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

SVM1 15.62% 0.0372 0.9681 13.82% 0.0411 0.9654 

SVM2 16.09% 0.0401 0.9231 16.09% 0.0401 0.9231 

SVM3 16.09% 0.0400 0.9175 16.17% 0.0510 0.9480 

SVM4 15.53% 0.0368 0.9472 18.69% 0.0555 0.9538 

SVM5 4.52% 0.0234 0.9766 17.44% 0.0548 0.9386 

SVM6 16.76% 0.0400 0.9740 4.52% 0.0234 0.9766 

SVM7 14.95% 0.0393 0.9684 9.33% 0.0300 0.9636 

SVM8 15.18% 0.0398 0.9677 9.62% 0.0308 0.9635 

SVM9 14.61% 0.0398 0.9732 9.74% 0.0307 0.9769 

SVM10 15.31% 0.0413 0.9745 10.76% 0.0326 0.9868 
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According to Table 5.5, the SVM6 model performs better than the other  SVM models as it 

gives the least MAPE and RMSE scores, although SVM9 gives the highest R score. SVM9 is 

predicting the solar radiation for test set with a MAPE score 9.74% , RMSE as 0.0307 , and R-

score as 0.9769 . However, SVM10 is giving higher R-Score of 0.9868 but the RMSE is also 

higher than SVM9 with 0.0326. This makes the SVM9 model more efficient in this case. 

SVM6 model has been built using six parameters, including temperature (temp), humidity, 

pressure, minimum temperature (temp_min), maximum temperature (temp_max), cloud cover 

(Clouds_all). The time series plot using the predicted and actual values is shown in Figure 5.7. 

 

Figure 0.7 Original and predicted value chart by SVM6 

It is clear from Figure 5.7 that the predicted values are very close to the original values. Besides, 

both the values, predicted and original, follow the same trend. This plot has been created on an 

hourly basis. Therefore, the best SVM model to predict solar radiation in Delhi is SVM6, with 

six features mentioned in Table 5.5. The prediction done by the model seems to be perfect as 

shown in Figure 5.7. This plot clearly shows that the model is giving accurate prediction results 

in this case. 
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RNN (Recurrent Neutral Network) 

These models were built using LSTM (Long Short-Term Memory) and RNN (Recurrent 

Neutral Network), with a Dropout layer to avoid the overfitting problem of an hourly dataset. 

The LSTM is an advanced deep learning model which is used to predict the sequence data.  

 

Figure 0.8 Epochs summary by RNN model 

The model training for the ten epochs has been shown in Figure 5.8. It is visible that the 

validation loss decreases by per epoch. Ten models have been built using this technique. The 

performance evaluation of each model on the training and test data sets is shown in Table 5.6. 

Table 5.6 Model performance evaluation result table with RNN 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

RNN1 8.65% 0.0597 0.9634 8.75% 0.0632 0.9737 

RNN2 8.70% 0.0602 0.9630 8.80% 0.0650 0.9700 

RNN3 8.86% 0.0628 0.9621 9.04% 0.0680 0.9686 

RNN4 9.04% 0.0654 0.9616 9.45% 0.0725 0.9587 

RNN5 9.28% 0.0685 0.9609 9.59% 0.0748 0.9564 

RNN6 9.56% 0.0709 0.9605 9.78% 0.0763 0.9531 

RNN7 9.89% 0.0736 0.9598 9.96% 0.0794 0.9496 

RNN8 9.99% 0.0753 0.9576 10.04% 0.0799 0.9493 

RNN9 10.14% 0.0786 0.9541 10.17% 0.0802 0.9478 

RNN10 10.21% 0.0801 0.9708 10.38% 0.0826 0.9627 
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It can be observed from Table 5.6 that the RNN1 model is performing better than all nine other 

models despite having a smaller number of features. RNN1 gives the lowest errors in MAPE 

and RMSE and the highest R score. For testing set, RNN1 predicts solar radiation with a MAPE 

score of 8.75% , RMSE as 0.0632 , and R-score as 0.9737 . None of the other models is able 

to predict the results with this efficiency.  

Although SVM performs better with six parts, LSTM performs better with only one feature, 

temperature (temp). This may be happening since the LSTM is a complex model with so many 

feeding loops and can learn faster concerning fewer features. It can also be observed from Table 

5.6 that LSTM is performing poorer with the increment in the parameters. The time-series 

graph has been plotted to compare the predicted and actual values in Figure 5.9.  

 

Figure 0.9 Predicted and actual value comparison chart by RNN1 

It is clear from Figure 5.9 that the predicted values are close to the original values along with 

following the same trend. This is happening because this model predicts solar radiation with 

0.0632 RMSE, 8.75% MAPE, and 0.9737 R Score. This is the best result so far for predicting 

the radiation intensity in Delhi. Moreover, the prediction done by RNN1 seems to be near to 

perfect in this case according to the graph in Figure 5.9. This graph has been plotted in hourly 
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basis and it is clear that the solar radiation is more during 500 hour. Besides, the model is able 

to predict the values at 300 hour with more accuracy.   

Case-2: Prediction of solar radiation for Mumbai 

As we have seen with the case of Delhi, the parameters used are the same for the Mumbai case, 

with splitting data into five years for training and one year for testing. The correlation between 

the parameters was determined, and the normalization process was performed. In this case, 

MNLR uses monthly data, ANN uses daily datasets, SVM and ANN use hourly datasets for 

training and testing. 

OLS (Ordinary least square) 

 

Figure 0.10 OLS summary of Mumbai 

Figure 5.10 shows p> 0.05 for clouds_all and month parameters in the column P>|t|. This leads 

us to reject this method for further analysis and prediction. 



60 

 

MNLR (Multi Non-Linear Regression) 

It is clear from Table 5.7 that MNLR8 is performing better than any other model for the MAPE 

score. However, MNLR2 gives the least RMSE and highest R score. The MAPE score for 

MNLR2 is 6.15%, RMSE is 0.0420, and R-score is 0.9889 for training. On the other hand, for 

testing, MAPE score is 10.07%, RMSE is 0.0766, and R-score is 0.9794 for MNLR2. It is clear 

from Table 5.7 that all the other models are overfitting as the training metrics are quite good 

but testing results are poor.  

Table 5.7 Model performance evaluation result table with MNLR 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

MNLR1 7.62% 0.0507 0.9854 12.09% 0.0891 0.9766 

MNLR2 6.15% 0.0420 0.9889 10.07% 0.0766 0.9794 

MNLR3 6.46% 0.0442 0.9865 10.69% 0.0836 0.9733 

MNLR4 10.85% 0.0740 0.9619 17.11% 0.1284 0.9359 

MNLR5 14.10% 0.5431 0.3503 8.65% 0.1363 0.9453 

MNLR6 16.16% 0.6168 0.2980 8.71% 0.1363 0.9453 

MNLR7 9.20% 0.3357 0.5698 8.65% 0.1363 0.9453 

MNLR8 15.66% 0.6226 0.2954 8.62% 0.1363 0.9453 

MNLR9 5.12% 0.1275 0.8999 17.57% 0.2291 0.8610 

MNLR10 9.20% 0.2808 0.6519 17.59% 0.2291 0.8610 

 

Figure 0.11 Original and predicted solar radiation by MNLR8 
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Figure 5.11 shows the predicted and actual values of global solar radiation variation in 2020 

for the months. It can be observed that the real and predicted values are not very close within 

January to March and October to December. However, the values do not vary much from April 

to September, and the trend remains the same for actual and predicted values during this period 

only. This yields that the prediction made by MNLR8 seems to be more accurate since the 

variation between actual and predicted values is vey less. 

ANN (Artificial Neural Network) 

Table 5.8 clearly illustrates that ANN10 is giving the best R Score of 0.9865. On the other 

hand, ANN10 gives the minimum MAPE and RMSE scores of 3.16% and 0.0283, respectively. 

It can be concluded that ANN10 is performing better than other models. All the ANN models 

are performing good in this case. The overfitting in case of each model is very less.  

Table 5.8 Model performance evaluation result table with ANN 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

ANN1 8.92% 0.0638 ANN1 8.92% 0.0638 ANN1 

ANN2 4.25% 0.0316 ANN2 4.25% 0.0316 ANN2 

ANN3 4.18% 0.0309 ANN3 4.18% 0.0309 ANN3 

ANN4 4.00% 0.0302 ANN4 4.00% 0.0302 ANN4 

ANN5 4.03% 0.0306 ANN5 4.03% 0.0306 ANN5 

ANN6 3.81% 0.0287 ANN6 3.81% 0.0287 ANN6 

ANN7 4.07% 0.0300 ANN7 4.07% 0.0300 ANN7 

ANN8 3.81% 0.0284 ANN8 3.81% 0.0284 ANN8 

ANN9 0.46% 0.0046 ANN9 0.46% 0.0046 ANN9 

ANN10 0.57% 0.0052 ANN10 0.57% 0.0052 ANN10 

 

Figure 0.12 radiation values by ANN10 
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Figure 5.12 shows the predicted and actual values of global solar radiation variation in 2020 

for the months. It can be observed that the real and predicted values are very close. Besides, 

the trend remains the same for both actual and predicted values. Although, the ANN10 model 

gives good results still the predicted values are slightly varying from the actual values. This 

can be considered as a drawback of this model. 

SVM (Support Vector Machine) 

According to Table 5.9, the SVM5 model is performing better than the other 9 SVM models. 

SVM5 gives the least MAPE score of 4.84% and the second-best score for RMSE (0.0443), 

while SVM2 gives the highest R score (0.9679). This makes the SVM5 model more efficient 

in this case. 

 SVM5 model has been built using five parameters, including temperature (temp), humidity, 

pressure, minimum temperature (temp_min), maximum temperature (temp_max). The time 

series plot using the predicted and actual values is shown in Figure 5.13. 

Table 5.9 Model performance evaluation results table for SVM 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

SVM1 8.93% 0.0421 0.9350 12.13% 0.0678 0.9320 

SVM2 8.00% 0.0378 0.9742 11.01% 0.0613 0.9679 

SVM3 8.06% 0.0381 0.9730 10.99% 0.0613 0.9655 

SVM4 6.03% 0.0293 0.9680 9.40% 0.0538 0.9494 

SVM5 5.23% 0.0253 0.9749 4.84% 0.0443 0.9577 

SVM6 6.21% 0.0298 0.9682 7.88% 0.0461 0.9475 

SVM7 5.93% 0.0296 0.9641 7.88% 0.0461 0.9475 

SVM8 6.01% 0.3000 0.9623 7.51% 0.0441 0.9462 

SVM9 5.62% 0.0287 0.9708 8.42% 0.0499 0.9615 

SVM10 6.37% 0.0337 0.9585 9.19% 0.0567 0.9644 
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Figure 0.13 Actual and predicted value comparison plot by SVM5 

It is clear from Figure 5.13 that the predicted values are very close to the original values. 

Besides, both the values, predicted and original, follow the same trend. The prediction done by 

the model seems to be perfect as shown in Figure 5.13. This plot clearly shows that the model 

is giving accurate prediction results in this case. 

RNN (Recurrent Neutral Network) 

The LSTM-RNN (Long Short-Term Memory - Recurrent Neutral Network) is an advanced 

deep learning model used to predict the sequence data. Ten models have been built using this 

technique. The performance evaluation of each model on the test data set is shown in Table 

5.10. 

Table 5.10 RNN model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

RNN1 10.45% 0.0720 0.8396 13.08% 0.1032 0.7991 

RNN2 5.22% 0.0370 0.9664 4.99% 0.0426 0.9654 

RNN3 10.71% 0.0730 0.9559 14.44% 0.1122 0.9690 

RNN4 12.32% 0.0825 0.9358 17.87% 0.1353 0.9531 

RNN5 9.83% 0.0684 0.9452 17.03% 0.1318 0.9529 

RNN6 6.23% 0.0454 0.9572 10.94% 0.0875 0.9622 

RNN7 7.00% 0.0511 0.9584 13.03% 0.1035 0.9639 

RNN8 6.36% 0.0466 0.9666 12.56% 0.1004 0.9680 

RNN9 6.20% 0.458 0.9680 11.79% 0.0985 0.9623 

RNN10 5.98% 0.402 0.9704 11.27% 0.0849 0.9587 

It can be observed from Table 5.10 that the RNN2 model is performing better than all nine 

other models despite having only two features: temperature (temp) and humidity. RNN2 gives 
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the least MAPE (4.99%) and RMSE (0.0426) scores, although RNN3 gives the highest R score 

(0.9690). None of the other models is able to predict the results with this efficiency. The time-

series graph has been plotted to compare the predicted and actual values and analyze the trend 

in Figure 5.14. 

 

Figure 0.14 Original and predicted value comparison line plot for RNN2. 

It is clear from Figure 5.14 that the predicted values are close to the original values and follow 

the same trend. Moreover, the prediction done by RNN2 seems to be near to perfect in this case 

according to the graph in Figure 5.14. This graph has been plotted in hourly basis and it is clear 

that the solar radiation is more during 500 hour. Besides, the model is able to predict the values 

after 300 hours with more accuracy.   

 

Case-3: Solar Radiation Prediction for Chennai 

Chennai stands among one of the hottest cities in India. This section will discuss the model 

building process for predicting the intensity of solar radiation in Chennai. This section uses the 

five years of data for training and the 1-year data set for testing.  
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OLS (Ordinary least square) 

 

Figure 0.15 OLS summary of Chennai 

Figure 5.15 shows that month, minimum temperature, and cloud cover parameters’ p-values  

0.05, so this method is rejected for further analysis and prediction. 

MNLR (Multi Non-Linear Regression) 

It is clear from Table 5.11 that MNLR1 is performing better than any other model. Figure 5.16 

shows the plot for predicted and actual values using MNLR. The MAPE score for MNLR1 is 

8.69%, RMSE is 0.0686, and R-score is 0.9871 for training. On the other hand, for testing, 

MAPE score is 9.80%, RMSE is 0.883, and R-score is 0.9856 for MNLR1. It is clear from 
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Table 5.11 that all the other models are overfitting as the training metrics are quite good but 

testing results are poor.  

Table 5.11 MNLR model results summary 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

MNLR1 8.69% 0.686 0.9871 9.80% 0.883 0.9856 

MNLR2 9.37% 0.1111 0.9340 17.59% 0.2231 0.8344 

MNLR3 8.38% 0.1084 0.9359 17.32% 0.2245 0.8322 

MNLR4 10.64% 0.1176 0.9251 19.47% 0.2309 0.8243 

MNLR5 4.60% 0.1088 0.9388 14.37% 0.2313 0.8507 

MNLR6 5.62% 0.1140 0.9342 14.43% 0.2313 0.8507 

MNLR7 4.42% 0.1080 0.9398 14.37% 0.2313 0..8507 

MNLR8 3.97% 0.1069 0.9410 14.35% 0.2313 0.8507 

MNLR9 3.66% 0.1059 0.9427 14.48% 0.2313 0.8494 

MNLR10 4.24% 0.1071 0.9416 14.51% 0.2313 0.8494 

 

Figure 0.16 Original and predicted value comparison line plot for MNLR1. 

Figure 5.16 shows the predicted and actual values of global solar radiation variation in 2020 to 

the months. It can be observed that the real and predicted values are very near within January 

to April and October to December. However, the values vary a little from April to September, 

but the trend remains the same for both actual and predicted values. This yields that the 
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prediction made by MNLR1 seems to be near to perfect since the variation between actual and 

predicted values is vey less. 

ANN (Artificial Neural Network) 

Table 5.12 clearly illustrates that ANN10 gives the best R Score of 0.9953. On the other hand, 

ANN7 gives the minimum MAPE and RMSE scores of 5.20% and 0.0410, respectively, with 

the R Score of 0.9896. It can be concluded that ANN7 is performing better since it gives lower 

MAPE and RMSE scores than the other models. The predicted and actual values of ANN7 are 

plotted in Figure 5.17. However, all the ANN models are performing good in this case. The 

overfitting in case of each model is very less 

Table 5.12 ANN model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

ANN1 8.60% 0.0578 0.9484 11.24% 0.0844 0.9388 

ANN2 3.30% 0.0240 0.9913 6.53% 0.0498 0.9863 

ANN3 3.29% 0.0238 0.9915 6.48% 0.0494 0.9862 

ANN4 3.39% 0.0247 0.9909 6.48% 0.0491 0.9861 

ANN5 3.175 0.0232 0.9919 5.88% 0.0454 0.9874 

ANN6 3.00% 0.0222 0.9930 5.77% 0.0452 0.9859 

ANN7 2.91% 0.0216 0.9933 5.20% 0.0410 0.9896 

ANN8 2.81% 0.0208 0.9935 5.67% 0.0443 0.9906 

ANN9 1.26% 0.0105 0.9984 8.40% 0.0620 0.9950 

ANN10 1.26% 0.0105 0.9984 8.12% 0.0601 0.9953 

 

Figure 0.17 Original and predicted value comparison line plot for ANN7 

Figure 5.17 shows the predicted and actual values of global solar radiation variation in 2020 

for the months. It can be observed that the real and predicted values are not very exact. 
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However, the trend remains the same for both actual and predicted values. Although, the ANN7 

model gives good results still the predicted values are slightly varying from the actual values. 

This can be considered as a drawback of this model. 

SVM (Support Vector Machine) 

In this model building process, 10 SVM models have been built using different parameters to 

add one new parameter to each model, as shown in Table 5.13. It can be observed that training 

and testing R scores are close to each other, i.e., no overfitting anymore. Moreover, all the 

models are being built using the same strategy and returning good results, as shown in Table 

5.13. 

Table 5.13 SVM model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

SVM1 8.56% 0.0475 0.9574 12.57% 0.0624 0.9200 

SVM2 7.84% 0.0436 0.9798 13.92% 0.0670 0.9506 

SVM3 7.75% 0.0434 0.9785 14.99% 0.0737 0.9369 

SVM4 7.64% 0.0423 0.9752 15.64% 0.0757 0.9397 

SVM5 7.32% 0.0386 0.9902 11.84% 0.0792 0.9741 

SVM6 7.33% 0.0392 0.9897 10.37% 0.0574 0.9579 

SVM7 6.42% 0.03550 0.9891 10.37% 0.0574 0.9579 

SVM8 6.87% 0.0373 0.9889 9.17% 0.0522 0.9584 

SVM9 6.36% 0.0364 0.9839 8.54% 0.0501 0.9492 

SVM10 6.51% 0.0374 0.9814 6.67% 0.0422 0.9451 

From Table 5.13, it can be observed that among the ten models, the SVM5 model performs the 

best with five parameters, including temperature (temp), humidity, pressure, minimum 

temperature (temp_min), maximum temperature (temp_max). This model gives the highest R 

score as 0.9741. SVM5 is predicting the target for test set with a MAPE score of 11.84%, 

RMSE  as 0.0792, and R-Score  as 0.9741. However, SVM10 is giving better MAPE-Score of 

6.67% but the R-score is poorer than SVM5 with 0.9451. This makes the SVM10 model more 

efficient in this case. 
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 Although the RMSE and MAPE score is minimum for the model SVM10, the best model will 

be chosen between these two based on the time series plots shown in Figure 5.18 and Figure 

5.19. 

 

Figure 0.18 Original and predicted value comparison plot by SVM5 

 

Figure 0.19 Original and predicted value chart by SVM10. 

The time series plots in Figure 5.18 and Figure 5.19 show the original and predicted solar 

radiation by hours for 2020. It can be observed from the above graphs that in Figure 5.19, 

predicted values are more near to the original values. Therefore, the SVM10 is the best model 

among all the SVM models to predict solar radiation. The prediction done by the model SVM10 
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seems to be perfect as shown in the above plot. This plot clearly shows that the model is giving 

accurate prediction results in this case. 

RNN (Recurrent Neutral Network) 

It can be observed from Table 5.14 that RNN2 performs the best among all other nine models. 

RNN2 uses two parameters: temperature (temp) and humidity. For testing set, RNN1 predict 

with MAPE score of 8.67%, RMSE  as 0.0533, and R-score  as 0.9546. None of the other 

models is able to predict the results with this efficiency.  

Table 5.14 RNN model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

RNN1 9.47% 0.0604 0.9118 11.94% 0.0750 0.8967 

RNN2 6.89% 0.0430 0.9772 8.67% 0.0533 0.9546 

RNN3 9.66% 0.0578 0.9716 8.85% 0.0536 0.9545 

RNN4 13.04% 0.0814 0.9178 13.20% 0.0787 0.8774 

RNN5 9.89% 0.0652 0.9480 12.81% 0.0765 0.9202 

RNN6 7.66% 0.0520 0.9708 10.45% 0.0645 0.9472 

RNN7 7.94% 0.0615 0.9698 9.67% 0.0583 0.9492 

RNN8 8.39% 0.0705 0.9685 11.32% 0.0715 0.9000 

RNN9 8.06% 0.0673 0.9706 10.95% 0.0745 0.9152 

RNN10 6.94% 0.0457 0.9794 8.88% 0.0560 0.9540 

 

Figure 0.20 Predicted and actual values plot for RNN2 

Figure 5.20 shows the line plot of predicted and actual values. It is clear from the above plot 

that the predicted values are very close to the actual values for the RNN2 model. Moreover, 
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the prediction done by RNN2 seems to be near to perfect in this case according to the graph. 

This graph has been plotted in hourly basis and it is clear that the solar radiation is more during 

500 hour. Besides, the model is able to predict the values after 300 hours with more accuracy.   

5.2. Location-based training and testing sets 

Location-based training and testing sets contained many variations that were much more than 

the time-based training feature. This is because the training and testing set used as an input for 

the model included different locations. The training set contained other locations as that of the 

testing sets. In this methodology, out of the 3 locations, such combinations were formed that 

once every location was used in a training set, every location was once used as a testing set. 

Artificial Neural Network models are tuned to learn to recognize and generalize on unseen 

situations and instances such as on a new set of data points. There may be safe assumptions 

that the model may not perform exceptionally well. Still, surely it can gather the necessary 

underlying pattern information from the data and arrive at a rough estimate of the particulate 

matter. It all heavily depends on the error evaluation and reliability of the data extracted. If the 

data was highly accurate and objective, then the results will also be the same. Further tuning 

and optimization can moreover improve the target forecasting as assumed. 

The data was trained to take six years of data from two cities and use the third city data for 

testing. The following combinations were used: 

1. Delhi, Chennai in the training set, and Mumbai as the testing set. 

2. Chennai, Mumbai in the training set, and Delhi as the testing set. 

3. Mumbai, Delhi in the training set and Chennai as the testing set 

Case1- Delhi, Chennai in the training set and Mumbai as the test set. 

This section will cover the model implementation part for predicting the solar intensity. The 

predictive model has been built using algorithms: OLS Regression, MNLR, ANN, SVM, and 
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RNN. The models have been trained on the Chennai and Delhi data sets, and the testing is done 

on the Mumbai data set. In this strategy, the dataset contains data points of 6 years, and the 

analysis has been done based on monthly, yearly, and daily datasets. The models have been 

trained and tested ten times on the different combinations of parameters by increasing one 

parameter each time, as shown in Table 5.2. The data set has been split based on locations. This 

strategy has been chosen as per the literature review done in Chapter 2. The literature has 

discussed the process of implementing and evaluating results. 

OLS (Ordinary least square) 

 

Figure 0.21 OLS summary 

It can be observed from the P>|t| column in Figure 5.21, which shows the p-values indicates 

that the parameters cloud cover, sea level pressure, and the maximum temperature has p-values 

0.05, therefore the model doesn't perform well; hence the method is rejected for further 

analysis and prediction. Besides, the R Squared error for this model is 0.991. 
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MNLR (Multi Non-Linear Regression) 

Table 5.15 clearly illustrates that MNLR1 is giving the best R Score of 0.8941. On the other 

side, the MNLR10 model is yielding almost the same results as the MNLR9. They provide the 

minimum MAPE with RMSE scores of 11.34% and 0.1963, respectively, with the R Score of 

0.8418. It can be concluded that MNLR9 and MNLR10 are performing better since they give 

lower MAPE and RMSE scores than the other models. This shows that both models are the 

best among any different combination of MNLR. 

Table 5.15 Performance evaluation result of MNLR 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

MNLR1 15.15% 0.1012 0.9314 17.88% 0.1426 0.8941 

MNLR2 13.19% 0.1179 0.9208 18.39% 0.2097 0.8142 

MNLR3 13.54% 0.1195 0.9178 18.40% 0.2131 0.8113 

MNLR4 12.31% 0.1164 0.9263 19.45% 0.2140 0.8242 

MNLR5 11.46% 0.1137 0.9228 14.60% 0.2010 0.8281 

MNLR6 11.25% 0.1130 0.9247 15.10% 0.2015 0.8284 

MNLR7 11.11% 0.1136 0.9233 14.01% 0.1997 0.8329 

MNLR8 9.03% 0.1091 0.9333 14.01% 0.1988 0.8369 

MNLR9 7.14% 0.1071 0.9389 11.34% 0.1963 0.8418 

MNLR10 7.18% 0.1071 0.9388 11.38% 0.1963 0.8417 

 

Figure 0.22 Original and predicted values for MNLR9 and MNLR10 

The time series plot in Figure 5.22 shows the monthly solar radiation in each month 2020. The 

orange line represents the original values, and the blue line is for predicted values. It is visible 
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that there is a slight difference between actual and predicted values for some months. They 

both follow the same trend, though. 

ANN (Artificial Neural Network) 

In this section, the ANN model building and performance evaluation results will be discussed 

in detail. The model has been built using Delhi, Mumbai, and Chennai data sets. The ANN 

model has been trained and tested ten times on the different combinations of parameters by 

increasing one parameter each time. Moreover, each model is run for 10 to 150 epochs, and as 

observed, the validation MSE goes down with each epoch and remains constant after six epochs 

at 0.0026 (Figure 5.23). 

 

Figure 0.23 epochs for ANN 

Table 5.16 shows the global solar radiation predicted by ANN5 performs the best among all 

the ANN models. The model predicts the outputs with a 0.9521 R score and 0.0507 RMSE. 

However, ANN9 gives the highest R score of 0.9816. Besides, the MAPE score has also been 

decreased down to 7.29%. This indicates that ANN5 has been able to detect the complex pattern 

from the data and five features for the ANN model. 
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Table 5.16 ANN model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

ANN1 7.19% 0.0443 0.9552 11.54% 0.0789 0.8424 

ANN2 3.60% 0.0231 0.9880 8.77% 0.0593 0.9470 

ANN3 3.16% 0.0214 0.9898 7.67% 0.0525 0.9490 

ANN4 3.06% 0.0205 0.9906 7.94% 0.0544 0.9518 

ANN5 2.88% 0.0194 0.9916 7.29% 0.0507 0.9521 

ANN6 2.86% 0.0190 0.9918 7.33% 0.0511 0.9525 

ANN7 2.77% 0.0184 0.9923 7.58% 0.0534 0.9458 

ANN8 3.14% 0.0193 0.9925 8.16% 0.0570 0.9455 

ANN9 0.27% 0.0028 0.9998 14.83% 0.0895 0.9816 

ANN10 0.26% 0.0022 0.9999 13.59% 0.0235 0.9705 

 

Figure 0.24 Original and predicted values by ANN5 

The time series plot in Figure 5.24 shows the monthly solar radiation on each day in 2020. It 

is visible that there is a slight difference between actual and predicted values for some days 

and almost the same values for some days, like 150 to 365 days of the year 2020. 

SVM (Support Vector Machine) 

The SVM8 model is the best to predict solar radiation for Mumbai, as can be seen in Table 

5.17. These combinations of parameters can be seen altering the model's performance at a big 

scale and affecting the root mean squared error (RMSE) and the Mean absolute percentage 

error (MAPE). SVM gives the least MAPE (7.05%) and RMSE (0.0350), although SVM2 gives 

the highest R score of 0.9329. The significant drop in the testing error of the SVM model is 

quite evident when the model incorporates the 8th feature that is the ‘month’ feature. SVM 8 
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was the best model among all the ten models since all the errors were low and the correlation 

was high enough for the model to pass the test. 

Table 5.17 SVM model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

SVM 1 7.52% 0.0405 0.9574 12.61% 0.0704 0.9320 

SVM 2 7.58% 0.0408 0.9588 12.67% 0.0707 0.9329 

SVM 3 7.61% 0.0409 0.9595 12.80% 0.0711 0.9325 

SVM 4 7.31% 0.0394 0.9401 12.58% 0.0714 0.8929 

SVM 5 7.15% 0.0387 0.9506 13.05% 0.0736 0.9087 

SVM 6 7.15% 0.0387 0.9506 12.68% 0.0728 0.9208 

SVM 7 6.16% 0.0338 0.9570 11.09% 0.0728 0.9208 

SVM 8 6.16% 0.0338 0.9570 7.05% 0.0350 0.9152 

SVM 9 6.14% 0.0337 0.9571 7.08% 0.0351 0.9182 

SVM 10 6.13% 0.0337 0.9566 7.07% 0.0350 0.9180 

 

Figure 0.25 Original and predicted values for SVM8 

Figure 5.25 shows the original, and the predicted values plotted with the hours on the X-axis. 

The model performed tremendously and was able to reduce the error by a reasonable amount. 

Through this, we can assume that the eight features utilized are the best subset in the data. 

RNN (Recurrent Neutral Network) 

The LSTM-RNN (Long Short-Term Memory - Recurrent Neutral Network) is an advanced 

deep learning model used to predict the sequence data. It is followed by the RNNs, where ten 
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different models were trained on the data for Delhi and Chennai, and Mumbai was used to 

predict the data for solar radiation.  

 

Figure 0.26 epochs for ANN 

The RNN6 model has been trained on the data sets for ten epochs and gave better accuracy 

than other RNN models trained for 20 epochs. Figure 5.26 shows the training of RNN2 for ten 

epochs with exercise and validation loss changing epoch by epoch. Table 5.18 shows the scores 

for the ten models, with RNN6 getting the least MAPE (9.72%) and RMSE (0.0661) scores, 

while RNN10 was getting the highest R score 0.9548. 

Table 5.18 RNN model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

RNN 1 6.94% 0.0436 0.9567 11.88% 0.0807 0.8478 

RNN 2 3.96% 0.0255 0.9884 9.73% 0.0647 0.9492 

RNN 3 5.40% 0.0353 0.9842 11.85% 0.0775 0.9459 

RNN 4 11.24% 0.0705 0.9754 18.70% 0.1176 0.9430 

RNN 5 9.57% 0.0615 0.9848 15.90% 0.1020 0.9506 

RNN 6 5.48% 0.0343 0.9913 9.72% 0.0661 0.9440 

RNN 7 5.54% 0.0371 0.9890 9.38% 0.0637 0.9470 

RNN 8 6.96% 0.0450 0.9893 11.37% 0.0766 0.9499 

RNN 9 7.63% 0.0475 0.9920 10.59% 0.0721 0.9506 

RNN 10 7.26% 0.0445 0.9927 12.02% 0.0792 0.9548 

The RNN models show a little different score and response than the SVM on the same data. 

The LSTM offers its best accuracy when using a lesser number of features than the SVM 

models. But the RNN6 model still could not beat the SVM8 model in terms of the scores that 
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the model derived. It could also be since the data points were less in the SVM model for 

prediction, resulting in a lower error score. 

These LSTM models also visualized the various predicted and actual values of the dataset in 

Figure 5.27. This is done to evaluate the model with a better visualization than measuring the 

values one by one. 

 

Figure 0.27 Original and predicted values for RNN2 

As seen in the graph of Figure 5.27, the predicted values match most of the actual values, and 

the model fits the data relatively well. The X-axis features the hours for the model, and the 

RNN contains more data than the SVM predictions in this case. 

Case2- Chennai, Mumbai in the training set and Delhi as the test set. 

This sequence followed a similar pattern to the previous one, only in this case the test set 

contained the data for the city of Delhi, and the model was trained upon the information for 

Chennai and Mumbai cities. The data was processed precisely like the previous scenario and 

was scaled using the Min-max normalization technique. These models also use the feature 

selecting methodology. Each model was trained with a different subset of features starting with 

just a single feature and building the subset up until the model once utilized all the features. 
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OLS (Ordinary least square) 

 

Figure 0.28 OLS summary 

Figure 5.28 shows that mean temperature and maximum temperature have p-values > 0.05, 

leading us to reject this model for further analysis and prediction. 

MNLR (Multi Non-Linear Regression) 

Ten models have been built using this technique. The model was executed ten times with one 

additional feature, and the evaluation was done on the test set, as shown in Table 5.19. The 

MAPE score for MNLR9 is 10.69%, RMSE is 0.1961, and R-score is 0.8138 for training. On 

the other hand, for testing, MAPE score is 2.98%, RMSE is 0.0287, and R-score is 0.9956 for 
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MNLR9. It is clear from Table 5.19 that all the other models are overfitting as the training 

metrics are quite good but testing results are poor.  

Table 5.19 MNLR model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

MNLR1 12.94% 0.1074 0.9283 19.96% 0.1166 0.9348 

MNLR2 19.41% 0.2070 0.8014 12.59% 0.0739 0.9695 

MNLR3 16.91% 0.2083 0.8017 12.01% 0.0718 0.9696 

MNLR4 17.94% 0.2100 0.8124 9.85% 0.0611 0.9789 

MNLR5 13.26% 0.1990 0.8056 8.77% 0.0560 0.9818 

MNLR6 13.51% 0.1995 0.8069 8.20% 0.0525 0.9839 

MNLR7 13.13% 0.1989 0.8095 8.59% 0.0559 0.9817 

MNLR8 12.54% 0.1976 0.8098 5.63% 0.0392 0.9911 

MNLR9 10.69% 0.1961 0.8138 2.98% 0.0287 0.9956 

MNLR10 10.72% 0.1961 0.8136 3.03% 0.0288 0.9955 

It is clear from Table 5.19 that MNLR9 is performing better than any other model.  

 

Figure 0.29 Original and predicted values for MNLR9 

The line chart in Figure 5.29 shows the predicted and actual values of global solar radiation 

variation in 2020 to the months. It can be observed that the true and predicted values are pretty 

the same. Besides, the trend remains the same for both actual and predicted values during this 

period only.  
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This yields that the prediction made by MNLR9 seems to be more accurate since the variation 

between actual and predicted values vey less. 

ANN (Artificial Neural Network) 

Table 5.20 clearly illustrates that ANN3 is giving the best R Score of 0.9900. On the other 

hand, ANN3 gives the minimum MAPE and RMSE scores of 6.08% and 0.0375, respectively. 

It can be concluded that ANN3 performs better since it provides the slightest error than any 

other model. However, all the ANN models are performing good in this case. The overfitting 

in case of each model is very less. 

Table 5.20 ANN model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

ANN1 9.27% 0.0605 0.9024 9.05% 0.0550 0.9688 

ANN2 4.64% 0.0315 0.9745 6.36% 0.0415 0.9900 

ANN3 4.76% 0.0313 0.9747 6.08% 0.0375 0.9900 

ANN4 4.83% 0.0317 0.9742 8.04% 0.0464 0.9889 

ANN5 4.71% 0.0327 0.9723 14.62% 0.0817 0.9881 

ANN6 4.83% 0.0329 0.9722 17.31% 0.0949 0.9898 

ANN7 4.52% 0.0311 0.9755 16.38% 0.0896 0.9870 

ANN8 4.44% 0.0308 0.9754 16.11% 0.0884 0.9872 

ANN9 0.36% 0.0035 0.9997 12.64% 0.0690 0.9920 

ANN10 0.35% 0.0035 0.9997 75.28% 0.3826 0.9137 

 

Figure 0.30 Original and predicted values by ANN3 

The line chart in Figure 5.30 shows the predicted and actual global solar radiation variation 

values in 2020 for the months. It can be observed that the actual and predicted values are not 

very exact. Besides, the trend remains the same for both real and predicted values. Although, 
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the ANN3 model gives good results still the predicted values are slightly varying from the 

actual values. This can be considered as a drawback of this model. 

SVM (Support Vector Machine) 

From the scores of the data forecasted by the model about the solar radiation of Delhi, it does 

not seem like the model was as good and effective as the other two cities, as the results can be 

seen in Table 5.21. SVM1 gives the least MAPE (21.66%) and RMSE (0.0479), while SVM2 

gives the highest R score of 0.9807. It could be because of the difference in locations of these 

cities, Mumbai and Chennai being coastal cities and Delhi being semi-arid.  

Table 5.21 SVM model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

SVM 1 8.85% 0.0420 0.9350 21.66% 0.0479 0.9681 

SVM 2 7.96% 0.0379 0.9742 38.60% 0.0812 0.9807 

SVM 3 7.99% 0.0380 0.9738 43.66% 0.0905 0.9803 

SVM 4 7.19% 0.0347 0.9595 37.80% 0.0799 0.9759 

SVM 5 5.71% 0.0364 0.9899 37.82% 0.0787 0.9534 

SVM 6 5.75% 0.0359 0.9916 37.24% 0.0783 0.9457 

SVM 7 7.88% 0.0498 0.9899 37.80% 0.0890 0.9325 

SVM 8 6.81% 0.0445 0.9890 30.45% 0.0827 0.9112 

SVM 9 6.60% 0.0407 0.9922 35.91% 0.0947 0.9715 

SVM 10 8.45% 0.0515 0.9932 35.91% 0.0947 0.9715 

Figure 5.31 shows the plot for actual and predicted values for SVM1. The prediction done by 

the model seems to be perfect as shown in Figure 5.31. This plot clearly shows that the model 

is giving accurate prediction results in this case. This makes the SVM1 model more efficient 

in this case. 
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Figure 0.31 Original and predicted values for SVM1 

RNN (Recurrent Neutral Network) 

The RNN model with LSTM (Long Short-Term Memory) was also trained using the same 

feature selection technique for this scenario and training sequences. Table 5.22 shows the 

scores for the ten models, with RNN2 giving the best performance with the slightest errors in 

MAPE (6.68%), RMSE (0.0409), and highest R score (0.9909). None of the other models is 

able to predict the results with this efficiency.  

Table 5.22 RNN model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

RNN 1 9.33% 0.600 0.9030 8.66% 0.0537 0.9657 

RNN 2 5.14% 0.0347 0.9736 6.68% 0.0409 0.9909 

RNN 3 6.34% 0.0429 0.9687 9.27% 0.0565 0.9855 

RNN 4 7.75% 0.0510 0.9643 12.24% 0.0744 0.9805 

RNN 5 5.71% 0.0364 0.9899 12.65% 0.0777 0.9431 

RNN 6 5.75% 0.0359 0.9916 12.64% 0.0744 0.9245 

RNN 7 7.88% 0.0498 0.9899 12.63% 0.0778 0.9132 

RNN 8 6.81% 0.0445 0.9890 12.78% 0.0790 0.9091 

RNN 9 6.60% 0.0407 0.9922 13.22% 0.0899 0.9111 

RNN 10 8.45% 0.0515 0.9932 13.10% 0.0899 0.9122 

The RNN model using LTSM performed exceptionally well for forecasting solar radiation in 

the city of Delhi. The deep learning model understands the features, forgets unnecessary 

information, and retains only the information that is crucial for the pattern it possesses. The 
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locations might also alter the models accordingly and need to be tuned for each specific one 

before generalizing. Overall, the RNN2 model gives better performance compared to the other 

ten models. Figure 5.32 shows the line graph of the prediction of solar radiation values and 

original values for RNN2. Moreover, the prediction done by RNN2 seems to be near to perfect 

in this case according to the graph. This graph has been plotted in hourly basis and it is clear 

that the solar radiation is more during 500 hour. Besides, the model is able to predict the values 

after 300 hours with more accuracy.   

 

Figure 0.32 Original and predicted values for RNN2 

Case3- Mumbai, Delhi in the training set and Chennai as the test set 

This sequence followed a similar pattern to the previous one, only in this case the testing set 

contained the data for the city of Chennai, and the model was trained upon the data for Delhi 

and Mumbai city. The data was processed precisely like the previous scenario and was scaled 

using the Min-max normalization technique. These models also use the feature selection 

methodology. Each model was trained with a different subset of features starting with just a 

single feature and building the subset up until the model once utilized all the features.  
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OLS (Ordinary least square) 

 

Figure 0.33 OLS summary 

In Figure 5.33, the P>|t| column shows that soil temperature and mean temperature parameters 

have p-values  0.05). The model does not perform well; hence, the method is rejected for 

further analysis and prediction. 

MNLR (Multi Non-Linear Regression) 

Ten models have been built using this technique. The model was executed ten times with one 

additional feature, and the evaluation was done on the test set, as shown in Table 5.23. It is 

clear from Table 5.23 that MNLR10 is performing better than any other model with the lowest 

MAPE, and RMSE scores . The MAPE score for MNLR10 is 7.89%, RMSE is 0.1626, and R-
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score is 0.8578 for training. On the other hand, for testing, MAPE score is 9.31%, RMSE is 

0.1476, and R-score is 0.9129 for MNLR10. It is clear from Table 5.23 that all the other models 

are overfitting as the training metrics are quite good but testing results are poor.  

Table 5.23 MNLR model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

MNLR1 12.03% 0.1027 0.9089 11.77% 0.0688 0.9755 

MNLR2 16.33% 0.1750 0.8228 14.46% 0.1507 0.9083 

MNLR3 15.14% 0.1780 0.8246 17.28% 0.1581 0.8974 

MNLR4 16.15% 0.1811 0.8352 17.87% 0.1604 0.9072 

MNLR5 12.34% 0.1682 0.8353 14.79% 0.1531 0.8994 

MNLR6 12.40% 0.1686 0.8376 14.93% 0.1533 0.9007 

MNLR7 12.02% 0.1680 0.8368 14.46% 0.1526 0.9031 

MNLR8 11.05% 0.1649 0.8475 12.80% 0.1498 0.9073 

MNLR9 9.04% 0.1629 0.8543 10.55% 0.1497 0.9115 

MNLR10 7.89% 0.1626 0.8578 9.31% 0.1476 0.9129 

 

Figure 0.34 MNLR10 model original vs. predicted values 

The line chart in Figure 5.34 shows the predicted and actual global solar radiation variation 

values in 2020 to the months. It can be observed that the real and predicted values are very 

close. Also, the trend remains the same for both actual and predicted values during this period 
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only. This yields that the prediction made by MNLR10 seems to be more accurate since the 

variation between actual and predicted values vey less. 

ANN (Artificial Neural Network) 

Ten models have been built using this technique. The model was executed ten times with one 

additional feature, and the evaluation was done on the test set, as shown in Table 5.24. ANN2 

gives the lowest errors in MAPE (9.16%) and RMSE (0.0540), while ANN5 gives the highest 

R score (0.9683). However, all the ANN models are performing good in this case. The 

overfitting in case of each model is very less. 

Table 5.24 ANN model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

ANN1 6.85% 0.0455 0.9540 12.21% 0.0743 0.9096 

ANN2 3.60% 0.0248 0.9868 9.16% 0.0540 0.9659 

ANN3 3.41% 0.0236 0.9881 9.97% 0.0584 0.9660 

ANN4 3.57% 0.0245 0.9872 10.50% 0.0611 0.9651 

ANN5 3.13% 0.0216 0.9899 11.33% 0.0657 0.9683 

ANN6 3.01% 0.0203 0.9915 26.19% 0.1531 0.9051 

ANN7 2.74% 0.0190 0.9922 40.45% 0.2247 0.8356 

ANN8 2.55% 0.0184 0.9929 42.45% 0.2352 0.8319 

ANN9 0.24% 0.0026 0.9999 24.75% 0.1501 0.9126 

ANN10 0.35% 0.0031 0.9998 29.29% 0.1730 0.8914 

Table 5.24 clearly illustrates that ANN5 is giving the best R Score of 0.9683. On the other 

hand, ANN2 gives the minimum MAPE and RMSE scores of 9.16% and 0.0540, respectively. 

It can be concluded that ANN2 performs better since it provides the minimum error than any 

other model. 

 

Figure 0.35 Original and predicted values by ANN2 
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The line chart in Figure 5.35 shows the predicted and actual global solar radiation variation 

values in 2020 for the months. It can be observed that the actual and predicted values are pretty 

the same. Besides, the trend remains the same for both basic and predicted values. Although, 

the ANN2 model gives good results still the predicted values are slightly varying from the 

actual values. This can be considered as a drawback of this model. 

SVM (Support Vector Machine) 

The SVM model again performed very well on the data, which is clear by the evaluation scores 

of the MAPE and the RMSE. The SVM performed similarly to the SVM model in the case of 

Mumbai data, where the accuracy of the model increased when the number of features utilized 

by the model increased. In this case, where the prediction set contains the values for the city of 

Chennai, the model performed well when incorporating all the ten features in the subset. The 

model graph was also visualized to check the original and predicted values gathered in Figure 

5.36.  

It can be observed in Table 5.25, the R scores are the highest for SVM2 (0.9780), while the 

MAPE and RMSE are the lowest for SVM10. SVM2 is predicting the target for test set with 

MAPE score of 16.51%, RMSE as 0.0891, and R-Score  as 0.9780. However, SVM10 gives 

the lowest MAPE score of 9.25%, and RMSE of 0.0757 although R-score of 0.9749 is not the 

lowest. This makes SVM10 model more efficient in this case. 

Table 5.25 SVM model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

SVM 1 7.16% 0.0382 0.9350 17.11% 0.0917 0.9574 

SVM 2 7.28% 0.0379 0.9717 16.51% 0.0891 0.9780 

SVM 3 7.31% 0.0380 0.9708 17.60% 0.0946 0.9772 

SVM 4 5.84% 0.0319 0.9593 13.80% 0.0748 0.9704 

SVM 5 5.55% 0.0308 0.9637 13.67% 0.0737 0.9755 

SVM 6 5.75% 0.0359 0.9916 13.72% 0.0739 0.9751 

SVM 7 5.03% 0.0286 0.9591 12.56% 0.0765 0.9727 

SVM 8 5.02% 0.0284 0.9594 11.87% 0.0781 0.9720 

SVM 9 4.87% 0.0278 0.9626 9.94% 0.0757 0.9749 

SVM 10 4.87% 0.0278 0.9626 9.25% 0.0757 0.9749 
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Figure 0.36 Original and predicted values for SVM10 model 

The graph in Figure 5.36 shows the original, and the actual values plotted against each other 

with the hours of the solar radiation on the X-axis for SVM10. The predicted solar radiation 

and the actual solar radiation differ a little in between. Still, the model seems to have a good 

grasp of the underlying pattern of solar radiation using its features. The SVM model understood 

the fundamental generic way, yet the model did not quite capture certain aspects. The model 

could not fully converge to the extreme points in the actual data of Chennai’s solar radiation 

data. All the extreme positive highs and the extreme negative lows were not forecasted 

perfectly by the model and instead were made out to be not so extreme overall. These variations 

and the fluctuations being disregarded by the model could be because the model was trained 

on the data of a different location, and the external factors like the climate and the weather 

might affect such values at a specific rate. The prediction done by the model seems to be perfect 

as shown in the above plot. This plot clearly shows that the model is giving accurate prediction 

results in this case. 

RNN (Recurrent Neutral Network) 

The RNN model with LSTM (Long Short-Term Memory) was also trained using the same 

feature selection technique for this scenario and training sequences. Table 5.26 shows that 
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RNN3 to be the best model with the least MAPE (9.14%) and RMSE (0.0543) scores and the 

highest R score (0.9694). 

Table 5.26 RNN model performance evaluation results 

Model 

Name 

Training Testing 

MAPE RMSE R-Score MAPE RMSE R-Score 

RNN 1 6.75% 0.0451 0.9549 12.71% 0.0772 0.9066 

RNN 2 3.67% 0.0252 0.9880 9.59% 0.0562 0.9690 

RNN 3 8.23% 0.0544 0.9801 9.14% 0.0543 0.9694 

RNN 4 5.91% 0.0411 0.9828 10.91% 0.0672 0.9600 

RNN 5 8.02% 0.0544 0.9811 9.76% 0.0635 0.9650 

RNN 6 5.84% 0.0383 0.9905 26.27% 0.1446 0.9539 

RNN 7 7.22% 0.0479 0.9889 11.65% 0.0705 0.9662 

RNN 8 6.77% 0.0450 0.9906 11.34% 0.0706 0.9691 

RNN 9 8.43% 0.0540 0.9908 16.97% 0.0981 0.9559 

RNN 10 5.98% 0.0379 0.9976 17.23% 0.1034 0.9092 

LSTM model also performed significantly like its predecessor scenario in which the test data 

was from Mumbai. The LSTM seems to favor a lower number of features and capture more 

information on their basis. It also returned a decent MAPE and a satisfactory RMSE on this 

performance of the data of Chennai. The graph used to visualize the values is presented in 

Figure 5.37.  None of the other models is able to predict the results with this efficiency.  

 

 

Figure 0.37 Original and predicted values for RNN3 

The RNN model’s efficiency is evident here through the visualized graph that the model spared 

no corners and forecasted the solar radiation to near perfect condition.  
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Moreover, the prediction done by RNN3 seems to be near to perfect in this case according to 

the graph. This graph has been plotted in hourly basis and it is clear that the solar radiation is 

more during 500 hour. Besides, the model is able to predict the values after 300 hours with 

more accuracy.   

5.3 Summary 

Table 5.27 shows the summary of all the results for both time-based and location-based 

training-testing approaches. 

Table 5.27 Summary of two approaches 

  MAPE RMSE R 

Time-based approach 

Delhi  MNLR1 

ANN8 

SVM6 

RNN1 

4.83 

2.97 

4.52 

8.75 

.0378 

.0216 

.0234 

.0632 

.9952 

.9766 

.9737 

.9437 

Mumbai MNLR5 

ANN10 

SVM5 

RNN2 

8.65 

3.16 

4.84 

4.99 

.1363 

.0283 

.0443 

.0426 

.9453 

.9865 

.9577 

.9654 

Chennai MNLR1 

ANN7 

SVM10 

RNN2 

9.80 

5.20 

6.67 

8.67 

.0883 

.0410 

.0422 

.0533 

.9856 

.9896 

.9451 

.9546 

Location-based approach 

Delhi MNLR9 

ANN3 

SVM1 

RNN2 

2.98 

6.08 

21.67 

6.68 

.0287 

.0375 

.0479 

.0409 

.9956 

.9900 

.9681 

.9909 

Mumbai MNLR9 

ANN5 

SVM8 

RNN2 

11.34 

7.29 

7.05 

9.72 

.1963 

.0507 

.0350 

.0661 

.8418 

.9521 

.9152 

.9367 

Chennai MNLR10 

ANN2 

SVM10 

RNN3 

9.31 

9.16 

9.25 

9.14 

.1496 

.0540 

.0757 

.0543 

.9129 

.9659 

.9749 

.9694 

 

For the time-based case, the best prediction for solar radiation in Delhi was by ANN8 model 

giving MAPE of 2.97%, RMSE as 0.0216, and R score as 0.9946. As ANN8 gave the best 

prediction, eight parameters were most significant for the prediction. The prediction results by 

SVM6, MNLR1, and RNN1 were the following best, in that order. Comparing the time-based 
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training-testing with location-based training-testing, MNLR1 gave the best prediction with 

MAPE as 2.98%, RMSE as 0.0287, and R score as 0.9956. It can be observed that for the 

prediction of solar radiation for Delhi, not much difference could be seen in both the methods 

of training-testing. However, in the case of the time-based approach, ANN gave the best 

prediction, and in the location-based approach, MNLR1 has the best prediction. 

To predict solar radiation for the city of Mumbai using a time-based approach, ANN10 gave 

the best prediction with MAPE of 3.16%, RMSE as 0.0283, and R score of 0.9865. SVM8 gave 

the best prediction with MAPE of 7.05% for the location-based approach, RMSE as 0.0350, 

and R score of 0.9521. It can be noticed that for Mumbai, the time-based approach turned out 

to be better compared to the location-based approach. In the time-based system, ANN10 with 

all ten parameters gave the best prediction, and in the location-based method, SVM8 with eight 

parameters gave the best prediction. 

To predict solar radiation for the city of Chennai using a time-based approach, ANN7 gave the 

best prediction with MAPE of 5.2%, RMSE as 0.0410, and R score of 0.9896. For the location-

based method, RNN3 gave the best prediction with MAPE of 9.14%, RMSE 0.0543, and R 

score of 0.9694. ANN2 was a close second in prediction accuracy with a MAPE of 9.16%, 

RMSE 0.0540, and R score of 0.9659. However, the time-based approach gave a better 

prediction as compared to the location-based process. For the time-based approach and 

location-based approach, ANN performed the best. 

5.4 Limitations and Benefits 

There are a lot of debatable topics regarding all the various sequences and pairs, as well as 

combinations that are reasonable and true. There are limitations and benefits for all the models 

used for training and testing to forecast future solar radiation information. One of the major 

concerns for the research project is that it holds a large amount of model generation and 
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processing, including so many combinations of features and models into account the memory 

requirement is high, so it requires powerful hardware and processing power as well as 

necessary tools and technology so that the whole process can be executed quickly and safely. 

Another set of limitations include the data for the training sets, and testing sets might not be 

the best approach in the case of different locations. Using the climate and temperature 

information of a city like Delhi, which is heavily polluted (containing smog) and has a very 

arid atmosphere to forecast the knowledge of a city like Mumbai, a coastal town where the 

environment is different and is very humid, and the weather is mostly rainy, might not be the 

best choice or even provide the best results. Similarly, using another city like Chennai, 

featuring a tropical wet and dry climate. Chennai lies on the thermal equator and is also coastal, 

which prevents extreme variation in seasonal temperature. For most of the year, the 

environment is hot and humid. So, using Chennai’s data to predict Delhi, whose climate 

fluctuates heavily throughout winter and summer, may not be the best option among the various 

combinations and variations discussed above.  

 

 

 

  



94 

 

Chapter 6 

Conclusions and Future Work 

6.1 Conclusions 

Solar prediction in India has a significant role in performing tasks related to natural and 

unnatural resources. Solar radiation can vastly affect living and non-living beings. The models 

which are used in this thesis have performed well. The SVM, ANN, MLNR, and OLS models 

of machine learning and LSTM-RNN combination of deep learning models predicted the solar 

radiation with an error rate, which is its subsidiary parts, have assisted this thesis to fulfill its 

objective. Three major cities of India were included in this thesis, and the radiation was 

predicted for Delhi, Mumbai, and Chennai. The solar prediction models have analyzed all 

aspects of sun radiation such as height, sensitivity, intensity, amplitude, and altitude of the 

earth's surface. The thesis has used examples from real-time solar radiation incidents on the 

earth’s atmosphere. The ways which can improve the solar radiation prediction in cities of India 

are analyzed. The models and their efficiency have been discussed, and optimized values are 

chosen from the results. The parameters which produced the effective outcome are considered 

in the study. The thesis provides different machine learning models for the prediction of solar 

radiation. The Ordinary Least Squares (OLS) model did not satisfy the requirements for the 

performance and was not utilized for prediction and analysis.  

We worked on six different cases here divided into two types: time-based cases and location-

based cases. The time-based issue includes five years of training data for a given city and one 

year for the test set. Training data is taken from two cities and test data from the third city in a 

location-based case.   
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Overall, ANN is an accurate model for all three time-based cases as it gives fewer comparative 

errors for predicted values and original values on testing data. On the other hand, for the other 

three location-based cases, the SVM model is the best to predict the solar radiation for Mumbai, 

MNLR is the best model for Delhi, and both RNN and ANN are the best models for Chennai. 

The best parameters that work on the models are humidity, latitude, wind speed, maximum 

temperature, minimum temperature, and longitude.  

6.2 Future Work 

For future work, the following points can be considered. 

As observed from the results, the time-based approach gave better prediction, and it can be 

used to predict the solar radiation of other cities. However, more city data can be used to find 

the efficacy of the location-based approach further. 

Since the datasets are huge, considerable computing power is required for training the models. 

The use of GPUs could help in improving the computation time. 

Prediction can be performed on the dataset for different seasons to assess the solar radiation 

during different seasons. 
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