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ABSTRACT 

SOLAR RADIATION FORECASTING BY USING DEEP NEURAL NETWORKS IN 
ESKI IR 

 

Mohammed Qasem Mohammed Saleh QASEM 

Department of Advanced Technologies 

 Programme in Energy Resources and Management 

Anadolu University, Graduate School of Sciences,  December 2019 

Supervisor: Assoc. Prof. Dr. Ümmühan  

According to the WEO, the global demand for energy is presumably going to 

he upcoming two decades. As 

a result of that, apprehensions about environmental effects, which appear as a result of 

greenhouse gases, are grown and cleaner energy technologies are developed. This clearly 

shows that extended growth of the worldwide market share of solar energy. For this 

reason, a predictive model that effectively observes solar energy conversion and its 

performance is considered as the best choice for design solar energy plants.  

In this thesis, to find the most accurate model for solar radiation forecasting, many 

studies have been conducted. In this work, based on three different approaches, the 

problem was solved by using classic mathematical models, artificial neural network 

(ANN), and deep neural network (DNN) methods. Besides, four new models have been 

developed for solar radiation prediction. The data are obtained from the Turkish State 

Meteorological of Service. The obtained results are compared and evaluated by the root 

mean square error (RMSE), mean absolute error (MAE), mean bias error (MBE) and test 

statistics (t-statistic). As a result of the analysis, the best result was given by the deep 

learning (DL) method. 

Keywords:  Solar radiation forecasting, ANN, DNN, Artificial intelligence, Hybrid 

models.   
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1. INTRODUCTION 

As a result of the arising on traditional fuel prices and the increase in energy 

production from alternative sources, the integration of renewable energy plants into the 

electric grid becomes urgent and must be encouraged. Besides that, alternative energy 

sources have many advantages, they also have the lowest effects on the environment 

-  (Alzahrani et al., 2017). The output power of 

renewable energy resources is variable and change in non-stationary time series because 

of that renewable energy resources are interrupted (Alzahrani et al., 2017). As it is known, 

solar energy is considered as one of the important alternative energy resources that can 

convert sunlight to electricity. The energy that can be generated by the solar panel is 

strongly depended on many factors like solar radiation, weather temperature, and other 

weather variables. 

Keeping global energy supply safe with high integration of renewable energy 

sources is considered one of the serious challenges that can be faced soon (Alzahrani et 

al., 2017; Benali et al., 2019). The supply and demand of energy play an important role 

in the global development in everywhere of human activity. Adequate supplies of clean 

energy are strongly connected with global stability, economic prosperity, and quality of 

life. The integration of solar energy into electric grids has come as a result of the increase 

in demand for energy. To make using of solar energy more efficient, forecasting 

information must be trusted. The exact prediction of solar radiation variety can increase 

the quality of solar energy using and management (Chaturvedi, 2016). The effective 

forecasting is considered as one of the important factors that must be taken into 

consideration in solar power plant design (Sun, 2018). Prediction can be helpful for the 

development of different applications for power systems (Alzahrani et al., 2017; Benali 

et al., 2019). 

1.1. Problem Statement 

Nowadays, to make solar radiation forecasting more accurate, there are many 

methods are used. In the type of classic mathematical methods, there are autoregressive 

(AR) models, a type of 

artificial intelligence (AI) techniques, there are different types of ANNs methods. Also, 

there are some hybrid models that are considered as a combination of two different 

models to get better results. Some of these methods may not be recommended because of 
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their high rate error. For instance, the accuracy of solar radiation forecasting ranges 

between 85 - 91% by using classical mathematical methods. For this reason, we need to 

create new models by using new methods in order to get results with high accuracy. One 

of the ANNs methods which are called DNNs can be used to get results with high 

accuracy. For this reason, the main purpose of writing this thesis is to create an ideal 

model, that can be used to make solar radiation prediction simpler and within a reasonable 

accuracy. 

1.2. The Purpose of This Study 

Solar radiation can be affected by many weather factors, such as cloud cover, 

precipitation, temperature, wind speed, pressure, humidity. Nevertheless, the precise 

correlation between each weather feature and the received solar radiation can be difficult 

to be found. The main goal of this research is to create a direct relationship between the 

weather forecasting data and solar energy by using DNNs. DNNs can be used to find 

linear as well as the non-linear relationship between features and targets without much of 

feature engineering or domain knowledge. We are planning to use a fully connected DNN 

to find the direct relationship between daily global solar radiation (DGSR) with other 

weather variables. 

1.3. Definition of Terms 

Solar radiation 

It is the radiant energy released by the sun in all directions, from this radiation all 

planets and moons located in the solar system derive their heat. This energy is so huge, it 

is 24 watts/m2, but approximately only 1,360 watts/m2 

atmosphere. This, a tiny amount of energy is responsible for all the thermal energy of the 

earth's surface and atmosphere, which usually meant when talking on solar radiation as 

an important variable of climate elements, called the insulation (http-5). 

ANNs 

In the information technology (IT) field, ANN is a system of interconnected 

processing units that are designed to simulate the neurons and neural network of the 

human brain. The neural networks typically contain a large number of processors running 

in parallel and arranged in levels, in other words, ANNs generally consist of three main 

layers; input, hidden and output layers. The first layer received data works in the same 

way that the optic nerves in the human visual system. Each successive layer receives the 
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outputs from the previous layer, and the last layer gives system processing outputs. Each 

layer consists of a number of nodes, each node applies a function that processes the inputs 

with their weights, and the layers are highly interconnected, which means that each node 

in layer n will be connected to many nodes in layer n-1. Neural networks are known to be 

adaptable, which means that they can adjust themselves as they learned from initial 

training, and later provide more accurate information (Chau, 2006). 

There are three moments in the limelight of ANNs. The first one is at the end of the 

fifth decades of the twentieth century 1950s. The second moment has started in the 1990s. 

In this period ANNs received a large interest that led to a well understanding of neural 

networks. In this period ANNs is started to be used for solving classification and 

regression problems. The third important moment for ANNs has been becoming with 

DNNs. While DNNs can be defined as ANNs with three or more hidden layers. For that 

reason, DNNs are also known as a simple enlargement of ANNs (Díaz et al., 2017). 

DNNs 

DNNs are known as ANNs with a number of hidden layers (at least three). DNNs 

are also considered as a simple extension of ANNs. DNNs give a perfect result in image 

identification, speech recognition competitions, translations, and classification. They are 

considered among the building blocks that aim to achieve AI which is still elusive 

(Grekousis, 2019). 

1.4. Research Framework 

This work aims to improve the solar radiation forecasting by using DNNs methods, 

to make forecasting data more accurate and has high efficiency. Solar radiation 

forecasting result obtained by using the DNNs method is more accurate than the result 

obtained by using classical and ANNs methods. 

This work consists of five main chapters. In the first chapter, an introduction to the 

components and the main parts of this work is given. In the second chapter, the most 

common methods and models that are used for solar radiation forecasting have been 

reviewed from more than twenty different resources. In the third chapter of this thesis, 

the content is divided into four main parts. In the first part, the forecasting of solar 

radiation is realized by using classic mathematical models, such as CPR, CPRG, Liu and 

Jordan model, Jain Model 1 and Jain model 2. 
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The second part of this chapter focuses on solar radiation prediction by using one 

model, which is used in this work, is created by 

Visual Gene Developer Software which is used for solving ANN Multiple Linear 

Regression (MLR) problems. In the third part of this chapter, the solar radiation prediction 

model by using the DNN method is achieved. In the last part of the third chapter, four 

new models are created by one of the best software packages used for statistical analysis; 

the name of this software comes from the first letters of the Statistical Package for the 

Social Sciences (SPSS). In the fourth chapter of this work, the results are shown and 

discussed. 
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2. LITERATURE REVIEW 

In this section, the importance of solar radiation prediction is explained. Also, the 

most common methods and models that are used for solar radiation forecasting are 

reviewed comprehensively.  

2.1. The Importance of Solar Radiation Prediction 

Solar radiation prediction has the biggest role in modeling solar systems with a 

higher percentage of accuracy. Figure 2.1 demonstrates some applications which use 

prediction results to upgrade works and future plans of the electric grid with the 

conforming required time-resolution of the forecasting (Voyant et al., 2017). 

Furthermore, solar radiation prediction about the upcoming second is important to operate 

network stability and grid voltage regulation optimally. Power reserve management, 

dispatching and load flowing need information about the next hours of solar irradiance. 

Similarly, transmission scheduling and unit commitment require data about the upcoming 

days of solar irradiation. And also, optimization, production, and consumption electrical 

energy need predicted data about the upcoming days, weeks or months of solar irradiation. 

And finally, Capacity and global management need solar radiation predicted data of the 

upcoming years. Solar radiation forecasting is necessary for many applications. In Figure 

2.1, the importance of solar radiation forecasting with different time intervals is shown. 

 

Figure 2.1. Different applications use forecasting data with different time intervals (Ssekulima et al., 
2016) 
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Because of the discontinuous and unpredictable character of renewable energy, the 

integration of them into the electrical grid increases the network management complexity 

and the balance continuity between production and consumption. To avoid damage in the 

electrical loads they must be powered by constant balanced electricity all the time. 

However, the electrical generator and operator has some difficulties to keep the balance 

constant with traditional and energy production systems that are able to be controlled. 

The reliability of the system depends on how can the system is being adaptive to expected 

and unforeseen changes in production, disturbances, and consumption of electrical 

energy. In addition, to keep the quality of service at a good level, the energy provider 

should manage the system with different temporary horizons.  

Grid voltage, power quality, and grid stability problems can be related to 

uncontrollable solar energy production. Therefore, day-ahead forecasting the output 

power of the solar systems is paramount for:  

 grid operators to execute tasks such as scheduling, optimum management 

of the energy generated from solar panels;  

 unit commitment;  

 load flowing;  

 optimum management of energy storage;  

 trading renewable energies in the energy markets and to keep energy costs 

down, assessment the amount of the reserves, scheduling the electrical grid;  

 overcrowding management (Fouilloy et al., 2018; Ssekulima et al., 2016). 

As a result of increasing energy production from solar panels, forecasting solar 

radiation becomes necessary, to avoid large variations and differences in grid voltage. 

Also, it is important for whole the system including storage solutions. The storage 

systems are developed to solve the excess produced energy problem to reuse the stored 

energy during the peak demand (Voyant et al., 2017). The predictions help energy 

providers in preparing alternative plans in case of high energy demand and some cases of 

energy interruptions, to keep the services safe all the time (Ssekulima et al., 2016). The 

different storage categories and their technical specifications are clearly shown in Table 

2.1. 
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Table 2.1. The different storage categories and their technical specification (Yahyaoui, 2018) 

Category Discharge 

power 

Stored energy Discharge 

time 

Representative application 

Bulk energy 10  1000 MW 10  8000 MWh 1-8 h Load levelling, generation capacity 

Distributed 

generation 

0,1  2 MW 50  8000 kWh 0.5-4 h Peak shaving, ransmission deferral 

Power quality 0,1  2 MW 0.03  16.7 kWh 1-30 s End-use power quality / reliability 

As can be seen from Table 2.1, energy storage devices operate at different time 

intervals. Therefore, their management requires knowledge about the produced energy by 

renewable energy systems in advance to store sufficient energy in difficult situations. 

Likewise, to prepare the generation systems and for designing their start-up, the energy 

that will be produced must be known at different time intervals from one day to three 

days (Yahyaoui, 2018). 

2.2. Solar Forecasting Methodologies 

Solar radiation forecasting techniques can be classified into three main different 

classes. These classes are given in Figure 2.2. 

 

Figure 2.2. Solar irradiance prediction methods (Alzahrani et al., 2017)

As can be seen in Figure 2.2 (Voyant et al., 2017), these classes are: 

- Physical structural forecasting models, which based on the meteorological and 

geographical parameters; 
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- Time-series models, which are based on the historical observed data of the solar 

radiation as input values; 

- AI and hybrid models are based on the historical observed data of solar radiation. 

A hybrid model is considered as a combination of two or more different models of solar 

radiation forecasting. 

2.2.1. Physical forecasting models 

Physical forecasting models contain Ground-based image techniques, sky image 

method, Satellite-based models and Numerical Weather Prediction (NWP) Models. These 

models are discussed in detailed as in the following. 

2.2.1.1. Ground based image techniques and sky image method 

Regardless of the continuous changing of solar radiation throughout the year, 

cloudiness and cloud thickness has the highest effect on the solar radiation values at the 

earth's surface level. For this reason, the estimation of the cloud amount at a specific time 

for a specified place is appropriate for solar radiation forecasting and modeling 

(Ssekulima et al., 2016). Total sky imager (TSI) is used in ground monitoring method, to 

show a clear image of the cloud shadows which can be used for forecasting. Figure 2.3 

shows the typical structure of solar radiation forecasting based on sky imaging. 

 

Figure 2.3. General structure of solar radiation prediction model founded on sky imaging (Ssekulima et 
al., 2016) 
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Compared with NWP and satellite forecasts, which are inadequate until now, 

ground monitoring method is considered as a good method for spatial and temporal 

resolution ((Diagne et al., 2013b; Arya et al, 2016). This method has the possibility of 

catching unexpected and sudden variations in solar radiation (Diagne et al., 2013b). The 

larger spatial resolution of the cloud field can be projected forward over longer periods 

(Luukkonen et al., 2013).  

Cloud imagery method based on the cloud structure appreciation in the earlier time 

steps and drawing the movement of the clouds. In order to be easier to predict their next 

position and size and therefore solar radiation (Ssekulima et al., 2016). 

2.2.1.2. Satellite based models 

The satellite and cloud imagery-based model is considered as a kind of physical 

forecasting models (Chaturvedi, 2016). The satellite imagery method considered a 

developed procedure that is used significantly in solar resource mapping. This method is 

conceptually similar to the cloud imagery method (Arya et al., 2016; Luukkonen et al., 

2013). Unlike Whole Sky Imager (WSI), a much larger spatial scale of cloud patterns can 

be determined by satellite images method. However, the spatial scale which is determined 

the required information on cloud motion. The position of the clouds can be located by 

the cloud motion. Also, solar radiation can be forecasted by using the structure and 

positions of the clouds (Chaturvedi, 2016). 

Clouds in satellite based model reflect light into the satellite which leads to 

calculating the cloud index accurately (Arya et al., 2016). From consecutive satellite 

images, the cloud motion vectors can be determined, which are used to optimize obtained 

results from numerical models. Cloud motion speed is determined by finding the same 

features in a subsequence image. As assumed in (Luukkonen et al., 2013) the features of 

the clouds do not change between the subsequence images. To make morning forecasting 

more accurate, infrared channels must be integrated into the satellite cloud motion 

satellite forecasts outperform NWP 

models  (Luukkonen et al., 2013). 
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2.2.1.3. NWP Models 

NWP completely depends on atmospheric physics (Chaturvedi, 2016). It can be 

used in solar radiation forecasting, for scheduling of solar power plants and for predicting 

the transient variations in clouds, because it has the ability for prediction in different time 

intervals from one day to many days ahead horizons (Arya et al., 2016). 

 Approximately 12 international NWP models around the world are used for solar 

radiation forecasting. However, the most commonly used two model types are the Global 

Forecast System (GFS) and the Integrated Forecast System (IFS). These models can be 

used for solar radiation forecasting up to 15 days ahead (Ssekulima et al., 2016). NWP 

models can be classified into global models, where worldwide simulation of the 

atmosphere movement is achieved, and regional models, where atmosphere movement is 

achieved on a smaller scale (continent or country). The classification of NWP models 

depends on the input parameters, spatial resolution, and the underlying physical models. 

Determine the forecasting area, data collection development and selection of the NWP 

systems that uses the fittest physical models, are considered as the important tasks that 

must be done to start any solar radiation forecasting. The general structure diagram of 

NWP-based prediction model is shown in the Figure 2.4. 

 

Figure 2.4. General structure diagram of NWP-based predictions (Ssekulima et al., 2016) 
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As can be seen in Figure 2.4, NWP processes can be summarized in three steps: 

firstly, the primary conditions of the atmosphere are collected by satellites and ground 

observations. NWP error in the first step is caused by data-assimilation. Secondly, with 

the integration and calculation of the equations of the atmosphere, the output of the NWP 

models, which includes hundreds of parameters including solar radiation, is run. In the 

last step which called statistical postprocessing, NWP output is manipulated by using a 

trial and error after simulation. In order to find the statistical relation between the 

measured and output data, we compared them to each other, and therefore correct the 

error (Chaturvedi, 2016). 

2.2.2. Time series forecasting methods 

Linear statistical models are a type of time-series prediction method. Linear 

statistical models are considered as the best choice instead of the physical methods. Time-

series models depend on using historical data and focus on the patterns of the data, during 

the solar radiation forecasting process to develop a relationship between different 

explanatory variables to predict the future values (Luukkonen et al., 2013). Observation 

by using this method also known as stochastic process. Conventional statistical methods 

involve AR model, MA model, ARMA model and other types of the similar models. The 

mathematical structure of this type of forecasting method is described by: 
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1                                       (2.1) 

where; xt is the predicted value at the time t, j represents the AR parameter, k is a constant,  

is the AR parameter,  is the MA parameter, t is the white noise, p and q are AR and 

MA models orders, respectively. Sample and partial auto-correlation function (ACF) of 

the time series can be used to determine p and q values, respectively. The general structure 

of ARMA model is illustrated in Figure 2.5 (Ssekulima et al., 2016).  

Different types of statistical models are explained in detail in this section: AR 

model, autoregressive integrated moving average (ARIMA) model, coupled 

autoregressive and dynamical system (CARDS), and Seasonal ARIMA (SARIMA). All 

of these models are very useful techniques to calculate, analyze and optimize the 

stationary and nonstationary processes. For these reasons, these techniques can be used 

for solar radiations forecasting (Arya et al., 2016). 
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2.2.2.1. Persistence model 

The persistence model is known as one of the simplest models in solar radiation 

forecasting, at the same time as a naive predictor. The future values are predicted 

depending on the previous values. Prediction by using this method suppose that solar 

radiation at any time It is equal to solar radiation at the time It-1 with considering the 

condition that the sky is clear (Ssekulima et al., 2016). For this reason, this method is not 

recommended for forecasting for more than one hour ahead of when the variations in the 

weather patterns are high (Chaturvedi, 2016). For one-hour forecasting, the results which 

d 

cloud motion are approximately the same as those are obtained by linear statistical 

method. The reason for the approximate results can be the navigation and parallax of the 

satellite, which tend to mitigate for longer times (Luukkonen et al., 2013). The persistence 

model can be expressed mathematically as follows: 

1tt II                                                      (2.2) 

where; tI  is the irradiance at any time, 1tI  is the irradiance at the previous time step. 

2.2.2.2. AR models 

In the AR models, the results are predicted by using a linear combination of the 

previous values of the variable. However, in the multiple regression models, the results 

are predicted by using a linear combination of predictors (Ssekulima et al., 2016).  AR 

model can be defined as a regression of the variable against itself. Consequently, the AR 

model can be calculated as follows: 

tptpttt xxxkx ...2211                             (2.3) 

where; tx  is the forecasting parameter, k is a constant, i  is the AR parameter, 1tx  is the 

forecasting parameter at the previous time step, t  is the white noise, p is the order of AR 

model. AR models are noticeably flexible at dealing with a wide range of different time 

series problems.  

The general structure diagram of ARMA models is shown in the Figure 2.5 below. 
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Figure 2.5. The general structure diagram of ARMA model 

AR models are used for hourly solar radiation prediction up to 36 h. AR model is 

operative at mean reversion but inoperative for peaks modeling of the resulting residual 

series which are obtained by subtracting the Fourier series from the original series 

(Diagne et al., 2013b). 

2.2.2.3. ARX models 

ARX models are divided into linear and nonlinear ARX models that integrate each 

other. By using flexible nonlinear functions, the structure of ARX models makes it 

possible to model complex nonlinear behavior, for example, wavelet networks and 
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where; u(t) is the input function, y(t) is the output function, e(t) is the noise function, na is 

the number of past output terms, nb is the number of past input terms used to predict the 

current output. To make the notation simple the input delay nk is set to zero. So, the 

equation (2.5) below expressed the ARX model and is given by: 
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where; natytyty ,...,2,1  are delayed inputs, 1,...,1, nbtututu  are 

output variables, nbna bbbaaa ,...,,,,...,, 2121  are coefficients vector represent the 

weight which applied to the regressors, yp is the current output. Nonlinear ARX models 

have in their structures a more flexible nonlinear mapping function f, instead of the 

weighted sum of the regressors (2.6). Nonlinear ARX regressors can be both delayed 

input-output variables and more complicated (http-4). 

ttutututytytyfty ,...3,2,1,...,3,2,1         (2.6) 

where; ty  is the nonlinear ARX, 1ty  is the delayed input, 1tu are output 

variables, t  is white noise. Model regressors are the inputs to F, in the nonlinear ARX 

model structure different nonlinear functions chosen (http-4).  

ARX models are used for hourly solar radiation prediction for horizons up to 36 h 

(Diagne et al., 2013b). 

2.2.2.4. ARMA models 

An ARMA model is a combination of two elementary models, MA and AR model. 

This model can be presented mathematically as it is shown below: 
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                                         (2.7) 

where; xt is the predicted value at time t, i represents the AR parameter, j represents the 

MA parameter, i  is the AR parameter, j  is the MA parameter, k is a constant, t is a 

random white noise, p and q are AR and MA models orders, respectively (Box et al, 

2015). 

By removing the annual periodicity and differentiating of the solar radiation in 

different seasons, ARMA models create an immediate series of global solar radiation. 

ARMA model is considered as a flexible model because of its ability to extract useful 

statistical properties and to represent several different types of time series by using 

different orders (Diagne et al., 2013b). The forecasting results are obtained by using this 

model are closing to the measured values and show a good performance (Diagne et al., 

2013b). 
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2.2.2.5. ARIMA models 

ARIMA models are used more than other models because the uploaded input data 

to these models are nonstationary yet (Ssekulima et al., 2016). The mathematical structure 

of ARIMA models is described as: 
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                                     (2.8) 

where; yt is the predicted data,  is a constant, iti y  is the linear combination lags of y, 

itiu  are the linear combinations of lagged forecast errors (http-1). 

i represents the AR parameter, j represents the MA parameter, is the AR parameter, 

is the MA parameter, k is a constant, et is the prediction error. random white noise, p 

and q are AR and MA models orders, respectively 

The ARIMA models are considered as the reference estimators in the global 

radiation forecasting. The sharp transitions in the radiation are captured by these models 

more accurate than other models (Diagne et al., 2013b). Seasonal ARIMA models 

(Craggs et al., 1999), which have the same structure with 

ARIMA models including additional seasonal terms, which can be shown as follows. 

SQDPqdpARIMA ,,,,                                            (2.9) 

where; d is the differencing order, P, D and Q are seasonal AR, differencing, and MA 

models orders respectively, S time span by which seasonal data is repeated. 

2.2.2.6. CARDS models 

CARDS model is published by (Boland, 1995) and (Mellit et al., 2009) for solar 

radiation forecasting in time series for one-step-ahead at different time scales. The results 

that can be given by using this model have a lower normalized root mean square error 

(NRMSE) value for all days (Chau, 2006). This model is described as: 

zR                                                             (2.10) 

bRzRzRRzkZ 323                          (2.11) 

where; , , ,  and b are the parameters that is a noise term,  denotes 

the derivative of R with respect to time, and hence z stands for the second derivative of R 
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with respect to time. The following discretized version of the model for our deseasoned 

solar radiation time series Rt shall be used as:  

ttttt zRR 1                                                        (2.12) 

tttttttttt a
t

bRzRzRRzkZZ 32
1 3                   (2.13) 

where; t and at are noise terms,  is the time interval, k  and b are parameters that 

can be calculated by using the method of ordinary least squares (Diagne et al., 2014). 

Statistical models can provide moderately exact performance for the forecasting 

that take a short time and have the ability to correct the local directions in the data. 

Nonetheless, statistical procedures need considerable quantity over historical day 

sequence data. In statistical models, there is a disadvantage that their performance in 

medium and long-term prediction processes cannot be more accurate as in a short-time 

prediction process (Ssekulima et al., 2016). 

2.2.3. AI techniques 

According to the researches results for the last two decades, AI technologies have 

been showing a great noticeable difference in the forecasting processes, when they are 

compared with the traditional forecasting approaches (managerial and quantitative) (http-

3). There are three main methods commonly use AI systems for forecasting: 

ANNs simulate the human cognitive process and try to solve problems by learning 

and analyzing from the already found data. ANNs are also considered as a good choice 

for modeling complex behaviors and patterns (Pijanowski et al., 2002). For instance, the 

ability to recognize and learn patterns. The structure of ANNs is made up of a lot of nodes 

that work as mini-computers to process input data and send the results to the next nodes 

in the network. One of the advantages of these networks that there is no need for prior 

assumptions about possible relationships.  

Expert systems are considered one of the most commonly used AI forecasting 

-

obtained by interviewing experts or integrating sets of data, and rules are epitomized by 

Expert systems. For instance, weather conditions prediction depends on many factors like 

weather temperature, humidity levels, and the location where the prediction is achieved 

(Pijanowski et al., 2002). 



17 
 

Belief networks use a tree format for describing the database structure, where the 

nodes represent variables and the branches the conditional correlations between them. 

Conditional probabilities for the diversity of the upcoming future data are generated by 

Belief Networks (Pijanowski et al., 2002). 

These AI systems can be used for classification and prediction problems. AI 

techniques are considered as ones of a non-linear statistical model. In the following 

subheadings, most of the AI techniques and methods that are used for solar radiation 

forecasting will be explained in detail as follows: 

2.2.3.1. ANNs 

ANN is considered as a processing system which connects small processing units. 

ANN in shape and work simulates the shape and the work of the biological neural network 

in the human body. Generally, ANN is made up of three main layers, an input layer, an 

output layer, and one or more hidden layers. In each layer, several nodes called neurons 

are connected through connections. Each connection has a weight (Grekousis, 2019). 

These nodes are grouped in layers with connections between them. The arrangement and 

connections of the nodes, between the different layers, are exemplarily referred to as ANN 

architecture (Grekousis, 2019). The more complex data, is the higher number of hidden 

layers, connections, and neurons in the ANN. 

ANNs can automatically learn to realize manners used in data from the previous 

data that can be added to the network (Kalogirou, 2001). The biggest advantage of ANNs 

that is not found in the other forecasting methods and models, is their ability to dealing 

with complex and non-linear processes. Shortly, an ANN receives data through input 

neurons and processes and analyses them to give results as output.  

The method of changing the weights of the connections between the layers is 

achieved through the options of the Machine Learning (ML) method. The main classes 

of ML methods are; supervised ML, unsupervised ML, semi-supervised ML, and 

reinforcement ML. Choosing a suitable and right learning method depends on the 

problem that is to be solved, how it will be conceptualized (predictive model, clustering, 

classification) and the available data. 
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ML can also be classified into two main classes: shallow learning and DL. The 

difference between these classes is summarized in the depth of the analysis and the 

complexity of the network's architecture (Deng & Yu, 2014).  

Shallow ANNs were used for a long time until 2006 the accurate results of the 

DNNs are noticed. Interests in DL have been starting in progress since 2006, with many 

experiments with a large number of data that support using DNNs rather than shallow 

ANNs (Grekousis, 2019). A shallow learning method contains one or two hidden layers; 

however, DL contains more than two hidden layers and more developed architecture than 

shallow learning. More hidden layers in the ANNs easily discover structures in a large 

number of data and extract worthy knowledge. As the DNNs have more than two hidden 

layers, appreciably more parameters (weights or biases) need to be adjusted. For this 

reason, DNNs need more data to get trained than a typical shallow ANNs need (Deng & 

Yu, 2014; Grekousis, 2019). 

Shallow ANNs have few numbers of hidden layers, for this reason, the back-

propagation (BP) learning algorithm is mainly used. However, with a large number of 

hidden layers, it can suffer from the vanishing gradient problem. However, in deeper 

ANNs which contain more sophisticated architectures, new activation functions, and 

better regularization techniques; the BP learning algorithm can perform more efficiently. 

The difference between ANNs and DL cannot be reduced only in the number of 

hidden layers but the processing functions, the entire architecture, and regularization 

techniques which completely change the ANN shape.  

ANNs can be in different forms - multilayer perceptrons (MLPs), recurrent neural 

network (RNN) and radial basis function network (RBFN). However, the most common 

form of ANNs is MLP structure, where, three main layers (input, hidden and output layer) 

are considered as the main component of this structure. They are connected in 

interconnected 

(Praynlin & Jensona, 2017). Each interfacing link generally contains transmitted 

incoming signal multiplied by its weight. Through an input layer, the data can be 

presented to the neural network, the hidden layer can be one or more than one layer which 

is characterized by many neurons and the output layer gives the results. The activation 

function can be calculated by equation (2.14) which is called the tangent hyperbolic 



19 
 

function f(x). Hyperbolic function considered as a non-linear function (Diagne et al., 

2013b). Learning in ANNs includes adjusting the weights of the links (V. Bhatnagar, 

2014). 
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ANNs can automatically learn to realize the manners that can be presented suddenly 

in data from real systems, physical models or other sources. The result of the output layer 

y is given by the equation (2.15):  
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All network layers, except the input layer, process the input data by multiplying 

them by their weights, then process the sum by using a non-linear function to obtain 

satisfactory results (Chau, 2006; Praynlin & Jensona, 2017). In the following some of the 

most used ANNs type models will be discussed in detail: 

SVM  SVR models 

In 1986, Vladimir Vapnik (Diagne et al., 2013b) has introduced a new ML 

technique which is based on the kernel method and used in classification and regression 

problems. But the method used in time series forecasting problems is called SVR which 

based on the application of SVM. The results calculated by an SVM can be given by: 
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where;  is the input test case, is the input training case, b is the bias parameter is 

derived from the preceding equation and some specific conditions,  is the 

hyperparameter of the covariance function,  is the coefficient is related to the difference 

of two Lagrange multipliers, which are the solutions of a quadratic programming (QP) 

problem which has a unique solution. The optimal selection of the cost function in the QP 

problem gives permission to get a scattered solution. SVs are defined as the examples 

which accompanies the nonvanishing coefficients (Soubdhan et al., 2015).  
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MLPs 

MLPs are considered as one kind of ANNs. Typically, it is made up of three main 

layers type; the input layer, several different hidden layers, and one output layer (Atkinson 

& Tatnall, 1997). MLP neural networks have a feed-forward architecture, and they are 

made up of perceptrons which are arranged in layers. 

Rosenblatt (F. Rosenblatt, 1958) has built the prototype of the first ANN which was 

a form of a single perceptron receiving several inputs and one or more outputs exited from 

it; that is either zero or one, can be seen in Figure 2.6. Data in the Feedforward ANNs 

directs in one way and one direction, from the input nodes to the output nodes. The output 

results depend on the input and the values of the weights (F. Rosenblatt, 1958; Grekousis, 

2019). The general structure of these networks is shown in Figure 2.6. 

 

Figure 2.6. The general structure of MLPs (Atkinson & Tatnall, 1997; Grekousis, 2019) 

The layers neurons are connected to the neurons of the previous and next layer. 

However, the neurons that are located in the same layer are not connected. The 

mathematical model of the MLPs is shown below: 
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where; j is the number of the neurons used in the output layer, i is the number of the 

neurons used in the input layer, wij are the weights of links connecting the neurons of the 

input, hidden and output layers (Ko & Lee, 2013). 

As well known, the output results are affected by the value of weights, due to this 

BP learning is used to find these values. But the BP method has a disadvantage that is, it 

needs more time for the iterative training process (Elsheikh et al., 2019; Ko & Lee, 2013). 

Elman neural networks (ENN) 

Generally, the ENN is considered as one type of the RNNs which are a type of 

ANNs, in which the directed cycle between the neurons is created by connections leading 

to dynamic temporal behavior. The difference between RNNs and feedforward ANNs can 

be summarized in that RNNs use the internal memory to treat the sequences of the inputs, 

however feedforward ANNs are not. For this reason, RNNs are commonly used for 

handwriting or speech recognition.  

consists of four main 

computing layers (input, hidden, recurrent, and output layer). 

 

Figure 2.7. The general structure of the ENN (Ren et al., 2018) 
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The ENNs are developed by Elman in 1990 (Elman, 1990). In the ENNs, as can be 

seen in Figure 2.7, the output can feedback to itself by using a recurrent layer, in which 

the recurrent neurons number is equal to the number of the hidden neurons. The feedback 

character of these networks gives it a high capability to learn and build Time Location 

patterns, in addition to a dynamic function, that makes the system capable to be usable 

with the time-varying properties (Elsheikh et al., 2019). Every node is joined to a single 

recurrent node using a constant weight value. 

The input of the neural network is represented by u(k-1), however recurrent layer is 

represented by xc(k) and the output of the hidden layer by x(k). Equation (2.19) represent 

the mathematical structure of the ENNs: 

)1()(,1)( 122 kxkxkuwkxwfkx c            (2.19) 

where; w1 is the connection weight between the input layer nodes and the hidden layer 

nodes, w2 is the weight of the connection between the recurrent layer and the hidden layer 

and f is the transfer function used in the hidden layer and it can be given by the sigmoid 

f

network y(k) is computed as: 

kxwgkx 3)(                                                  (2.20) 
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where; w3 is the connection weight between the hidden layer nodes and an output layer 

node, g is d(k) is the desired output of the input u(k). 

For updating the weights of the this neural network BP is used; where the error of the 

ENN is calculated by equation 2.21 (Jia et al., 2014). 

Self-Organizing Maps (SOMs) 

SOMs are considered as one of the most common ANNs models which use the 

unsupervised learning method to process a large number of data by representing 

similarities of the input data founded on topological connections on charts (Grekousis, 

2019; Kohonen et al., 2001). Figure 2.8 illustrates the common design of the SOMs. 
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Figure 2.8. The general structure of SOMs (Grekousis, 2019) 

As can be seen in Figure 2.8 each node is connected with a weight vector of the 

same aspect as the input vector and its place on the map. There is no need for an output 

vector (external supervision) because the training is unsupervised. There is a similarity 

between the concepts of the SOMs' topological structures and geographical concepts 

(Grekousis, 2019). 

Convolutional Neural Networks (CNNs) 

The first research where CNNs were introduced, for data analysis, as a process of 

recognizing patterns and image recognition, with the use of multiple arrays called tensors 

was published by (Le et al., 1998). The structure of a CNN consists of different 

operational blocks, where the BP algorithm is used, the first group of layers is 

convolutional layers which have a significant effect on image recognition processes. Non-

linearity and pooling layers are considered as optional layers and can be ignored. The 

other layers are similar to the fully connected layers of MLPs. Fully connected layers are 

also considered as ones of additional convolutions. The most commonly used activation 

function in CNNs is the Rectified Linear Unit (ReLU) activation function. 

From the input image, features are received by convolution blocks. By learning 

features using filters, which make a specific activation map; the features gain the ability 

to maintain the spatial arrangements of pixels. Figure 2.9 illustrates the common design 

of the CNNs. 
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Figure 2.9. The general structure of the CNNs (Grekousis, 2019) 

CNN aims to find the values of the filters during the training period. The more 

filters used; the more objects identified in an image (Grekousis, 2019).  

Recurrent Neural Networks (RNNs) 

An RNN is considered as one of the most commonly used types of neural networks, 

which can be used for sequential data prediction. RNNs are found in several applications 

for solving some problems, such as image classification and processing, analyzing 

feelings, translation from one language to another, and speech recognition. With using 

internal memory, that can be used for storing information about previous calculations, the 

RNN has the ability to predict a random sequence of inputs. The general structure of the 

different types of RNNs is shown in the Figure 2.10 below. 

 

Figure 2.10. The general structure of the RNNs unfolded RNN (left), and folded RNN (right) (Alzahrani 
et al., 2017) 
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As shown in Figure 2.10, the general structure of the RNN can be in two types; 

folded and unfolded RNN. In the RNN the hidden connection h owns feedback from the 

other connections in a previous time interval multiplied by its weight w. The input data 

of the hidden connection is received from the connections located at the previous time-

interval when basic RNN is branched out a full network. The output connection of RNN 

takes the result of multiplying the input, which can be taken just from the hidden 

connections, by the output weight v. The mathematical structure of the RNN is expressed 

as follows: 

1ttht hxufh                                              (2.22) 

tyt hvfy                                                    (2.23) 

where; f is the activation function,  is the input value,  is an instant time,  is the weight 

vector,  are the previous and next hidden neuron respectively, v is the output 

weight,  is the input weight. 

During the training period RNNs similar to ANNs, use the same method for the BP known 

as back-propagation through time (BPTT). The difference between BP and BPTT is that 

BP depends on the existing status values, but BPTT bases on the existing and past status 

values (Alzahrani et al., 2017).  

Deep Recurrent Neural Networks (DRNN) 

As mentioned before, any ANN consist of two and more hidden layers of neurons 

is called DNN. According to different researches mentioned in (Alzahrani et al., 2017; 

Pascanu et al., 2013), RNNs with two or more hidden layers, work more efficiently and 

give more accurate results than RNNs with less hidden layers.  

In Figure 2.11 the possible architectures of different types of RNNs as reported in 

(Alzahrani et al., 2017; Pascanu et al., 2013) are shown. Figure 2.11 (b) illustrates the 

common design of DRNN with a deep transition, which is responsible for increasing the 

number of nonlinear intervals, that can arise the intricacy of the network training. Figure 

2.11 (c) illustrates the common design of DRNN with a shortcut connection, that gives a 

possibility to a shorter path. Stacked RNN which contains a stacked hidden layers ut, used 

with various time intervals, plays an important role in reading from sensors that have 

different sampling rates. DRNN with additional deep outer layer, in between hidden and 
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output layers, is shown in Figure 2.11 (d). General structure of Stacked RNN is illustrated 

in Figure 2.11 (e). 

 

Figure 2.11. The general structure of the DRNNs with different types a) RNN, b) DRNN, c) DRNN with 
shortcut connections, d) DRNN with deep output layer, e) Stacked-RNN (Alzahrani et al. 2017; Pascanu 

et al. 2013) 

The long-term and short-term memory (LSTM) method is introduced to overcome 

vanishing or exploding gradient, that may happen when the gradient of RNNs use their 

connection for short-term memory in case of difficulty to track in long-term memorization 

(Alzahrani et al., 2017; Pascanu et al., 2013). 

2.2.3.2. Genetic algorithms (GAs) 

GA method developed by Holland (Mellit & Kalogirou, 2008), is considered as a 

research method and optimization procedure. This method can be categorized as an 

evolutionary algorithm that depends on the imitation of nature's work from a Darwinian 

perspective. The GA uses a search technique to find adjusted or approximate solutions 

for optimization. GA is categorized as global search heuristics, which includes 3 major 

genetic operators: selection, crossover, and mutation.  The operators are used to adjust 

the selected solutions and choose the most proper race to transfer their characters to the 
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upcoming generations. The basic steps are to modeling possible solutions to the problem 

in the form of strings of ones and zeros. The method seems promising but has a 

disadvantage of excessive complexity when it is used to solve problems with a huge 

amount of data. GA can be used with other intelligent techniques that are mentioned 

above (Mellit et al., 2009). R&D efforts are focused on:  

 The ways that can be used to perform neural networks for easier modeling 

and design by GAs;  

 The ways that can be used to replace GAs for ML algorithms and  

 The chances of combining created models from evolutionary computing 

(Alzahrani et al., 2017). 

2.2.3.3. Fuzzy logic (FL) models 

FL is considered as a generalization of classical logic which was founded on fuzzy 

set theory alongside the related methods developed by Lotfi Zadeh (Mellit et al., 2009; 

Ssekulima et al., 2016).  Modeling by FL is based on the -

represents the f

is a consequence 'output' (Mellit et al., 2009). The var

assessment is considered as an essential stage in modeling fuzzy models. Membership 

functions are important for modeling decision-maker processes and can be gained based 

on practical statistical studies (Mellit et al., 2009). 

The aim of FL models is simulating the human cognition side which is known as 

approximate reasoning (Ssekulima et al., 2016). Besides, this model can be used in 

control engineering (Mellit et al., 2009). The utility of this model can be reduced in its 

ability to deal with cases in which the model of the system is inconvenient (Ssekulima et 

al., 2016). FL predictions procedure is shown in the Figure 2.12 below. 
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Figure 2.12. General structure of the FL prediction models 

FL models can be used for determining non-linear mapping for complicated solar 

radiation. It can be used also for calculating wind speed time series problems even without 

having a large number of data (Ssekulima et al., 2016). 

2.2.3.4. Hybrid models 

The hybrid model is a kind of new method which consists of two or more 

forecasting models to ensure solar radiation forecasting more accurate. For this reason, 

they are known as combined models. For example, hybrid models can be a combination 

of linear and nonlinear models, a combination of two linear models or two nonlinear 

models. 

One of the hybrid models which is developed by (Ji & Chee, 2011), it is a 

combination of ARMA and time delay neural network (TDNN), which is developed to 

improve the prediction accuracy. In order to fit the linear component and to make the 

TDNN model able to find the nonlinear pattern found in the remaining part, the daily 

solar radiation data are merged by linear and nonlinear components and use the ARMA 

model. This hybrid model owns the ability to utilize the unparalleled features and 

durability of both models. The results that can be obtained by using this model are more 
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accurate than obtained data by using ARMA or TDNN models in separate (Ko & Lee, 

2013). 

As shown in the previous studies hybrid forecast methods outperform individual 

forecast (Chaturvedi, 2016). The increasing popularity of hybrid systems is due to their 

ability to solve complicated problems. Hybrid systems strongly depend on some 

intelligent systems such as neural networks, FL, and GAs in solving problems (Mellit & 

Kalogirou, 2008).  

The hybrid model developed by Cao (Cao et al., 2006; S. Cao et al., 2005) for 

forecasting the sequences of the total daily solar radiation, combines ANN with wavelet 

analysis (Ko & Lee, 2013). The other model developed by Cao and Lin combines ANN 

with diagonal recurrent WNN (Box et al., 2015). This model is used for hourly solar 

radiation prediction. Various methods of meteorological observations can be used as input 

to the hybrid models; however, the other methods are used for forecasting the global solar 

radiation and daily cloud movements. 

A lot of hybrid models such as FNNs, GAs with neural networks, wavelet transform 

(WT) with neural networks, and GAs with FL will be discussed in detail as follows. 

FL and GAs: FL and GAs systems united in one system (hybrid system) operate well 

under the same conditions; including non-linearities and the need for high efficiency. For 

this reason, these technologies can be used well either in the stand-alone or in the 

transformational models. FL systems performance optimization is facilitated by GAs, 

which can also be used for setting up membership values, modifying membership 

functions and obtaining FL rules. The system complexity is simplified by flexibility and 

abstraction provided with the use of membership functions and associated parameters. In 

addition, GAs need the operation of genetic systems, to carry out the evaluation function. 

It can be facilitated by FL control. This type of system is developed to create models with 

qualified learning abilities (Mellit et al., 2009). 

Wavelet neural network (WNN): It is a combination of the WTs and the neural networks. 

WNN uses WTs as an activation function for the network construction. Unexpected 

effectiveness can be shown by the WNN in solving the common problems of weak 

convergence or divergence of some neural networks (Mellit et al., 2009). 
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WT considered as a new technique used for signal processing is developed from 

Fourier transform. This technique has essential characteristics, such as the time-

localization feature, that is chosen depending on the signal type that has been analyzed 

(Diagne et al., 2013b; Mellit et al., 2009). Besides, its function is considered as a local 

function. Recently it has generated enormous attention in the theoretical and applied 

fields (Diagne et al., 2013b). The general structure of the WNN is shown in the Figure 

2.13. 

 

Figure 2.13. The general structure of WNN (Diagne et al., 2013b) 

As indicated in Figure 2.13, WNNs consist of three layers as ANNs have (Mellit et 

al., 2009). In the equation below, the mathematical structure of the WNN is shown: 

lkihky
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i
ik ,...,2,1,
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                                  (2.24) 
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where; x is the input vector, h is the wavelet function, wij is the input-hidden layer 

connection weight, y is the predicted output, h(i) is the output value for node i in the 

hidden layer, wik is the hidden-output layer connection weight, l is the number of output 

nodes, m is the number of hidden layers. 

Fuzzy neural networks (FNNs): They are considered as a modified method with 

improved performance, combining the FL method with a neural network. FNNs are 

considered as one of the AI techniques and used for hourly global radiation prediction 

from satellite pictures (Mellit & Pavan, 2010). The fundamental concept used for 

integrating FL with neural network technologies is the fuzzy neuron (Mellit & Kalogirou, 

2008). In FNNs nodes can contain modified neurons in each layer. The input data with 

their weights are represented by membership functions, consist of a set of fuzzy values 

(Mellit & Kalogirou, 2008). The membership functions can be found by an adjusted 

summation process. The adjusted summation process is used for subjoining the obtained 

membership functions in order to procure another one which illustrates the integration of 

the weighted fuzzy inputs to the node. According to (Mellit & Kalogirou, 2008; Mellit & 

Pavan, 2010), the results that can be obtained by using the FNN method seem more 

accurate than the results that can be obtained by time series forecasting methods.  
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3. SOLAR RADIATION FORECASTING METHODS 

In this section, it is going to be talked about the problem settings that will be solved 

by using different methods. The models that are going to be used are classic mathematical 

models (CPR, CPRG, Liu and Jordan, Jain model 1, Jain model 2), ANN and DNN 

models. The main model that is going to be focused on is the DNN model. Finally, 

developing new models is going to be discussed.  

3.1. Problem Settings 

The main aim of this study is to create an ideal model to make solar radiation 

prediction more accurate and to maintain reasonable simplicity. Solar radiation values 

can change depending on many weather factors such as, cloud cover, precipitation, 

temperature, wind speed, pressure, and humidity. Nevertheless, the precise correlation 

between each weather feature and the received solar radiation can be hard to find. 

Therefore, this study is aimed at creating a direct relationship between the weather 

variables and solar radiation by using the DNNs model which is considered one of the 

best recent forecasting methods. DNNs can be used to find the linear as well as non-linear 

relationship between features and targets without much feature engineering or domain 

knowledge. We plan to use a deep fully connected neural network to find the direct 

correlation by training the network as a MLR problem.  

3.2. Dataset 

The dataset is collected from the Turkish State Meteorological Service for Eskisehir 

Province in Turkey. There are six Excel files, each file represents a particular variable 

from the ensemble weather data. All the used variables are listed as in Table 3.1. 

Table 3.1. Dataset variables from weather model 

Date SR_time max_temp max_Ws Direction DA_Humidity Solar radiation 

1/1/2011 0.7 3.5 4.7 97 91.1 82339 

1/2/2011 0.8 0.7 7.5 94 91.2 80733.5 

1/3/2011 0 4.4 6.6 90 98.2 49605.5 

1/4/2011 0 4.3 5.1 283 95.4 36796.5 

1/5/2011 0 3.5 5.3 219 93.9 28546.9 

1/6/2011 0 2.9 6.5 301 89.4 27612.8 

1/7/2011 0.5 4.1 6.5 8 84.1 75256.2 

1/8/2011 7.2 6.9 4.3 219 71.9 188280.4 

       



33 
 

12/30/2014 0.0 9.5 7.4 93 76.6 43005.7 

12/31/2014 0.0 1.2 5.3 149 82.2 40840.9 

The first column represents the total number of days during which the weather data 

are collected. The next columns represent solar radiation time, maximum temperature, 

maximum wind speed, wind direction, and solar radiation respectively.  

3.3. Initialization 

According to the literature, bad weight initialization can be the main reason for 

vanishing gradients which harms the BP training of the neural networks with more than 

two hidden layers, such as in the DNNs. Inaccurate initializations appear in the gradients 

centered at 0 and their difference is decreased as one moved from the output to the input 

layers. Consequently, the network is attached to the weights which are considered as the 

main cause of the near-zero gradient demeanor in the first layers and make the network 

incapable of any further learning (Glorot & Bengio, 2010). To avoid vanishing gradients, 

(Glorot & Bengio, 2010) proposes a simple way to initialize DNN weights and this 

involves using a normalized hyperbolic tangent activation functions and designing the 

initial values of the weights from a steady and regular distribution . 

Therefore, the (linear) activations and (nonlinear) outputs of the neurons are located in 

the interval between [-1, 1] active range of the hyperbolic tangent. As it is mentioned in 

(Glorot & Bengio, 2010) that the initial weights wi verify: 

1;1 1 iiii VarMVarM                                       (3.1) 

where; Mi & Mi+1 are fan-in and fan-out the units in the ith layer. One can achieve  that 

ji zVarzVar  across the successive zj layers and also that 

ki zJVarzJVar //  for the preceding zk layers, where J denotes the MLP cost 

function.  

Particularly, the diversities of backpropagated gradients still stabilized and the 

appearance of vanishing gradients will not exist. In this thesis, ReLU activation function 

is used instead of the hyperbolic tangent ones. The different types of activation functions 

are discussed in detail in Table 3.3. 

3.4. Data Standardization 

Input data values (solar radiation time, maximum temperature, maximum daily 

wind speed, wind direction, daily humidity) represent various physical values, and as a 
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result, the scale of these different variables changes. To obtain more accurate results from 

DNN models, the features data must have a similar or same scale. The standardization 

process can be calculated as follows: 

ji
x

x
j

jijnorm
ij ,,.                                                  (3.2) 

where; xi,j  is the value of the jth feature in the ith sample, µj is the mean value of the jth 

feature in the training set, j is the standard deviation of the jth feature in the training set.  

MinMaxScaler function is used here for data standardization in Python TensorFlow 

library. Principal function of MinMaxScaler is scaling every feature to a given range. The 

range can be defined as the variation between the original maximum and original 

minimum value in the data. The shape of the original distribution is preserved by the 

range, which does not meaningfully change the information embedded in the original 

data. Figure 3.1 shows the code of data standardization in the Google Colab environment. 

 

Figure 3.1. Code of data standardization by using Python TensorFlow library in Google Colab 
environment 

After training the code, the standardized variables of the weather model are shown 

in the Table 3.2. 

Table 3.2. Standardized variables of the weather model 

Date SR_time max_temp max_Ws Wind 

direction 

DA_Humidity Solar radiation 

1/1/2011 0.055 0.248 0.158 0.269 0.885 0.127 

1/2/2011 0.063 0.050 0.251 0.261 0.950 0.124 
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In the Table 3.2 features (input) and targets (output) data are represented after 

standardization by using MinMaxScaler function. The data values are normalized to the 

values between 0 and 1. 

3.5. Global Solar Radiation Estimation 

3.5.1. Solar radiation estimation on horizontal surface by using classic mathematical 

models 

There are a lot of models are used for the hourly global radiation prediction by using 

DGSR values, which are important for solar energy plants. As it is well known that the 

generated energy from the PV panel is mainly affected by solar radiation (Akarslan et al., 

2014). In this thesis, hourly global solar radiation models included in all groups are 

carried out to predict the DGSR data 

hourly global solar radiation values of the 2014 year, are recorded. DGSR data is 

calculated by performing five different classic mathematical models 

& Filik, 2018). 

3.5.1.1. CPR model 

CPR model is considered as one of the best classic mathematical models for solar 

radiation forecasting. This model is expressed in equation (3.3) as reported in the 

literature (Collares-Pereira & Rabl, 1979). This model expresses that global solar 

radiation directly depends on the hour angle with ignoring the atmospheric effect. CPR 

model is developed by using hourly radiation data collected from four US stations for two 

1/3/2011 0.000 0.312 0.221 0.250 1.023 0.076 

1/4/2011 0.000 0.305 0.171 0.785 0.994 0.057 

1/5/2011 0.000 0.248 0.178 0.607 0.978 0.044 

1/6/2011 0.000 0.206 0.218 0.834 0.931 0.042 

1/7/2011 0.039 0.291 0.218 0.022 0.876 0.116 

1/8/2011 0.567 0.490 0.144 0.607 0.749 0.289 

1/9/2011 0.283 0.461 0.215 0.266 0.888 0.200 

1/10/2011 0.031 0.291 0.171 0.305 0.952 0.119 

1/11/2011 0.000 0.312 0.090 0.421 0.971 0.044 

1/12/2011 0.087 0.688 0.137 0.704 0.860 0.146 

1/13/2011 0.031 0.433 0.154 0.274 0.926 0.150 

       

12/30/2014 0.000 0.674 0.248 0.258 0.798 0.066 

12/31/2014 0.000 0.085 0.178 0.413 0.856 0.063 
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years. The model is significantly used for DGSR prediction and clearly described in the 

following: 
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where; Ws is the sunrise hour angle, W is the solar hour angle, a & b are linear functions 

of (Ws-°60), I is the hourly global solar radiation on horizontal surface (W/m2), H is the 

DGSR on horizontal surface (W/m2), I/H is the ratio of hourly to DGSR on horizontal 

surface, kt is the hourly clearness index, Kt is the daily clearness index, h is the solar 

altitude angle (degree), S0 is the day length (hour), ts is the solar time (hour), is the day 

angle (radians), d is the day number starting from the first of January,  is the solar 

declination angle (degree),  is the latitude (degree). 

3.5.1.2. CPRG model 

The adaptability and high performance of the CPR model are assured. To guarantee 

uniformity during the renormalization, an insignificant adjustment to the CPR model is 

suggested in (Gueymard, 1986). The following correlations expressed the simple 

mathematical form of this model: 

cf
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where; fs and r0 are multiplying factor. 

3.5.1.3. Liu and Jordan model 

In Liu and Jordan's way is proven by confirming that hourly solar radiation can be 

predicted depending on the hour angle and the average DGSR directly. To use the Liu 

and Jordan model perfectly, the total amount of solar radiation per hour, including direct 

and widespread radiations is required to determine the long-term average hourly and daily 

totals of the widespread radiations (Liu & Jordan, 1960). Subsequently, the proportion of 

hourly to DGSR function is moderately simplified to be in the following form: 
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3.5.1.4. Jain model 1 & Jain model 2 

The average data of eleven-years which reference the proportion of hourly to 

DGSR, drown for every month relying on the solar time in that time ( Jain, 1984).  The 

average of solar radiation is taken 

by convenient the experimental and theoretical data at solar noon. The calculated  data 

have a good linear relation with S0. The  values are calculated as follows: 

461.0192.0 0S                                               (3. 4) 

s0 WS
15

2
                                                     (3. 5) 

where; S0 is defined as in equation (3.15). As stated in (Nik et al., 2012), a Gaussian 

function is suggested to fit the collected data in the model. This provides an easy method 

to predict DGSR from hourly values. The method makes the prediction of global solar 

radiation applicable in any short time intervals as well.  
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The Jain model 2 developed by Jain, P. C. (Jain, 1984) is moderately adjusted to be 

able to be used to predict hourly radiation values in any place (Jain, 1988). A different  

value is determined to be used in (3.17) as: 

378.02.0 0S                                               (3. 6) 

For DGSR forecasting calculation, this model suggests the correlation below to be 

used as described in (3. 7). 
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3.5.2. Solar radiation prediction by using ANN model 

ANNs are considered as a processing system that connects small processing units. 

ANN in shape and work simulates the shape and the work of the biological neural network 

in the human body. ANNs can automatically learn to recognize patterns in data from the 

previous data that can be added to the network (Kalogirou, 2001). The ability to model 

complicated, non-linear processes without the need to suppose the shape of the correlation 

between input and output variables is considered as the best advantage of ANN that 

cannot be found in the other forecasting techniques. 

For solar radiation prediction by using the ANN model, the Visual Gene Developer 

software is used. For many reasons, such as this software includes an ANN toolbox and 

it is easy to be used. Also, users at the time of developing new modules can access to the 

class to use neural network prediction toolbox; because the software provides a 

specialized class which is 'NeuralNet'. For instance, any user can use maximum 5 

instances of NeuralNet including 'NeuralNet', 'NeuralNet2', 'NeuralNet3', 'NeuralNet4', 

and 'NeuralNet5'. 

In this software, a typical feedforward neural network (FFNN) with a standard BP 

learning algorithm is used to train networks and supplies several various transfer 

functions. Without using gene design or optimization, this neural network package works 

in a perfect manner autonomously even though all menus are still in the software 

environment (http-2). 

Prediction with the use of this software is achieved by using different ANN 

structures with different parameters. The best model gives accurate results is ANN with 
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3 hidden layers besides input and output layers. The shape of this model is clearly shown 

in Figure 3.2. 

 

Figure 3.2. Solar radiation prediction using Visual Gene Developer software ANN window 

3.5.3. Estimation solar radiation by using DNN model 

DNNs are used in image and speech recognition competitions, translation and e-

marketing (Díaz et al., 2017). DNNs have a fundamental one- or two-dimensional 

structure that can be captured and exploited by conventional layers. As a result, the 

forward development of the Internet of Things (IoT) and increasing Big Data capacity, 

DL models are recently taking large attention to be used in diverse research fields. 

In this thesis: 

- The DNN forecasting model based on five different weather features, is created;  

- The daily solar radiation for Eskisehir city, one year ahead is forecasted; 

- The results of DNNs and the results of the different forecasting models that are 

realized by the classical methods and ANNs method are compared and analyzed. 



40 
 

 

Figure 3.3. The proposed DNN solar radiation forecasting framework (Ryu et al., 2017) 

 

This part shows the architecture of the DNN solar radiation prediction framework. 

DN

learning exemplifications from data that put a 

confirmation on learning sequential layers of progressively significant exemplifications. 

The deeper it goes, the higher-level representation it is able to identify, so that it 

establishes a proper mapping from input features to their target. The proposed network is 

a DNN consisting of 1 input layer with 5 input values, 1 output layer with 1 output value, 

and 5 hidden layers. The designed network is shown below as in Figure 3.4. 
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Figure 3.4. The general structure of the proposed DNN 

The structure of the DNN model in Google Colab environment is shown in the 

Figure 3.5. In this case, batch size needs to be specified during the training, and the 

number of features shall be 5, due to the input shape, the input layers shall contain five 

nodes, each of them represents one variable of  the weather parameters. The first hidden 

layer contains 265 nodes, which is sufficiently large to catch all of the data uploaded to 

the input layer. For the next hidden layers, the numbers of nodes in them are 265, 265, 

185 and 95, respectively. In the output layer, there is only one node since for the 

regression problem. 

 

Figure 3.5.  
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FFNN 

Feedforward where data can only move in one way in one direction layer by layer, 

is considered as the first step during the training process in the ANNs. The concept of the 

FFNN is not complex: the network is received data. Then FFNN learns from the input 

data and gives the wished output results for every data sample. The weights, which can 

be in a type of numbers, vectors, or matrices, parameterize the input information that are 

inserted to the layers. The process between the layers involves the addition of the output 

times weights of each node from the previous layer and sending them to each node of the 

next layer. This can be mathematically expressed as below: 

n

i
jiijj bxwy

1

                                         (3.18) 

where; xi is the feature of the input layer (also xi can be the output from the previous 

layer), n is the number of nodes in the previous layer, ijw  is the weight, bi is the bias term. 

The output yj can be considered as the input value for the node in the subsequent layer. 

Activation function 

The process inside the nodes is called activation process, where the activation 

function is enforced to the node input. As known, every synapse in any ANN model has 

its own weight wij, which is multiplied by its input value xi before summing all weighted 

inputs as well as an externally bias bj which is responsible for lowering or increasing the 

vj, as can be seen in Figure 3.6. 

 

Figure 3.6. The general structure of the activation function 
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Activation function applied to the output layer, has essential role in minimizing and 

modifying the amplitude zone of the output data yj into an exact value. There are many 

types of activation functions, and some of them are mentioned in the Table 3.3. 

Table 3.3. Different types of activation functions (Nwankpa et al., 2018) 

Function type Description Equation Graph 

Linear  Considered as one of the simple 

activation functions in which the 

output is in a linear relationship 

with the input 

xxf  

 

Sigmoid  Considered as one of S-shaped 

family functions. The reason of 

using sigmoid function more is 

because of its existence in the 

interval between (0 to 1). So, it is 

the best choice for prediction the 

probability problems. 

xe
xf

1

1
 

 

Gaussian  Gaussian activation function is a 

function that has a continuous bell-

shaped curve.  

2xexf  

 

ReLU Rectified linear function it is an 

activation function that can be used 

for each node in hidden layers 

 

 

Gaussian 

complement  

It is a reflection of the Gaussian 

function. 

2

1 xexf  
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Softplus Softplus AF known as a smooth 

version of ReLU function. This 

kind of AF is commonly used in 

speech recognition systems. 

x
e exf 1log  

 

 
 

Binary step  Binary step activation function is 

considered as a threshold-based 

activation function. This kind of 

activation function cannot be used 

for classifying problems. 

 

 

To introduce non-linearity into the network, activation functions are used, to make 

each layer able to take high-level representations out from the input data. ReLU function 

is one of the activation functions that are used for each node in the hidden layers. The 

activation function as mentioned before is enforced to the node input in the activation 

process. The most commonly used activation function in DNN models is the ReLU 

activation function, which can be written as follows: 

0,

0,0
Re

xforx

xfor
xfLU                              (3.19) 

With this choice, only partial nodes in each layer will be activated i.e. not being 

squashed into a certain range, which is widely used for the regression problems. The 

derivative of the ReLU function is written as follows: 

0,1

0,0
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xfor

xfor
xfLU

dx

d
                         (3.20) 

The derivative of ReLU function is continuous and can be easily computed to be 

suitable for BP process. 

Modeling DNN model 

The training procedure can be summarized as follows: firstly, the important 

functions and libraries which are used in this work are determined and imported to the 

Google Colab environment. The collected data are imported to the Google Colab 

environment and divided into two main groups; training data set and testing data set. As 

it is shown in Figure 3.7, the network structure and training parameters are selected  after 
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which the model is trained using the training data set. Then, the model is evaluated by 

using the testing data set. Finally, the last three steps are repeated using various training 

parameters until the final training parameters are found. 

 

 

Figure 3.7.  

DNN model is created and trained in Python programming language by using DL 

framework called Keras library. To train the data, as mentioned earlier, the data 

normalization process is required. By this way, each feature in the raw data is normalized 

to have a mean value of 0 and standard deviation of the target values. Daily solar energy 

attain its original distribution, but is being rescaled to have a reasonable magnitude range. 

During the training, the input data are divided into four parts. The first three parts are 

used and trained as a training set while the last fourth part is used and trained as a 

validation or test set. The network as mentioned above is trained by using the training 

data set and is tested by using the testing data set. This process is repeated four times as 

the model has been tested on every single part of the 4 split parts. 

3.5.4. Developing new models for solar radiation forecasting 

By using IBM SPSS software which is used for interacting and impulsed statistical 

analysis (Box et al., 2015), four different models are created. These models are developed 
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for solar radiation estimation for Eskisehir city, by using predicated solar radiation data 

in the period between 01.01.2014 until 31.12.201 . In the Figure 3.8 the results of the 

first developed 3 models for Eskisehir city by using IBM SPSS software are shown. 

 

Figure 3.8. The results of the of creating model (3.21-3.23) in SPSS 

These models are developed by using standard multiple regression method. The 

results are expressed in the form of SPSS Model 1, SPSS Model 2, SPSS Model 3 as 

shown in (3.21 - 3.23): 

maxT30.191+0.23.1.(SR)SPSS.Model                          (3.21) 

speedmax W0.675T90.069+0.20.2.(SR)SPSS.Model                (3.22) 

H0.281W0.604T80.343+0.16.3.(SR)SPSS.Model speedmax            (3.23) 

where; SPSS.Model.n.(SR) is the solar radiation function, Tmax is the daily maximum 

temperature, speedW is the daily wind speed, H is the humidity, tSR is the solar radiation 

time. 

In the Figure 3.9, the results of developed forth model is shown. 
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Figure 3.9. The results of the of creating model (3.24) in SPSS 

Developing of this model is obtained by stepwise multiple regression method. The 

results are expressed in the form of SPSS Model 4 as shown in (3.24): 

H0.261W0.013

W0.608T0.128SR0.0890.338.4.(SR)SPSS.Model

direction

speedmaxt
       (3.24) 

3.6. Performance Evaluation  

By using statistical analysis methods, the predicted solar radiation values are 

compared with those which are predicted. Consequently, the work of the models used for 

the solar radiation prediction is evaluated to obtain and to determine the best model. The 

most commonly used methods are as following: RMSE, MABE, MBE and standardized 

test statistic (t-statistic), which are described in detailed as following: 

RMSE 

RMSE is considered as a measure which is frequently used to evaluate predicted 

values compared to real values. In other meaning, it tells how the predicted points are 

away from the regression line. RMSE is generally used in climatology, and regression 

analysis to confirm experimental results. The RMSE can be calculated by the given 

function: 
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where; n is the number of samples, iy  is the real or measured value of any sample i, iy

is the predicted value of the sample i. 

MABE  

The performance of the regression analysis is assessed by MAE, which indicates 

how much the predicted values deviates from the real values. The MAE can be calculated 

by given function: 
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MBE 

Usually MBE is not used as a measure of the model error because of its high 

individual errors in prediction. The main use of MBE is to estimate the average bias in 

the model and deciding if any steps need to be taken to correct the model bias. The MBE 

can be calculated by given function: 
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1                                             (3.27)  

Standardized t-statistic 

t-statistic is considered as one of the most important statistic tools that can be used 

in statistical hypothesis testing. It can be used to compare data with what is expected 

under the null hypothesis. And to make p-values calculating easier, t-statistic sampling 

distribution must be calculable accurately or approximately, and this is considered as an 

important feature of the t-statistic. t-statistic can be calculated as: 

22

21

MBERMSE

MBEn
statistict                                   (3.28)  
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4. RESULTS AND DISCUSSION 

A linear regression model has been implemented as a model for DGSR prediction 

in the study. It is a linear approach for modeling the correlation between a scalar 

dependent variable y, which is the solar radiation in this case, and five independent 

variables denoted xi as mentioned before. The linear regression model is shown as the 

following: 

bxxxxxy 5544332211                             (4.1) 

where; y is the target vector, xi is the features vector, i is the weights matrix and b is the 

bias vector, i=5 variables in this case. 

In this work solar radiation data for Eskisehir city are predicted by using classic 

mathematical methods, ANN and DNN models. Classic mathematical models are CPR, 

CPRG, Liu and Jorden Lian Model 1 and Lain Model 2. According to 

& Filik, 2018) study, in this work these 5 models give the best results 

region. For this reason these methods are chosen. The simulation and running these 

models is achieved by MS excel 2019. ANN model is trained by using Visual Gene 

Developer software. DNN model is trained by the TenserFlow Python library in the 

Google Colab environment. DNN model consists of one input layer contains 5 

parameters, 5 hidden layers, and one output layer. DNN model is trained and tested using 

the data collected by  city. After filling the missed 

data feature, vector of each sample is reshaped into a 5-dimensional vector, and target 

vector inon one-dimensional vector. Thus, the input layer contains 5 nodes, each node 

represents one feature of the weather parameters and the output layer contains only 1 

node.  

In the Table 4.1 the results of 12 different DNN models are given. The ReLU is 

applied to each node in the hidden layers and the number of epochs is 1000 for all of the 

12 models. It can be seen that the best model with the best performance is the DNN model 

5 which consists of one input layer, five hidden layers, and one output layer. DNN model 

5 is trained with batch size equal 64 and RMSprop equal 0.001. The number of processed 

samples before updating the model is called batch data. Batch data also known as the 

number of the finished processes during the training dataset. Batch size value should be 
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integer between one and the number of the samples in the training dataset. However, the 

number of epochs can be an unlimited value between one and infinity. 

DNN model is considered as the best choice for solar energy forecasting in order to 

contribute to the management of the electric power grid. In Table 4.1 the different DNN 

models with their results are shown. 

Table 4.1. The results of different DNN models 

DNN models Batch 

size 

No of hidden 

layers 

RMSE MABE MBE t-statistic Optimizers

. RMSprop 

DNN Model 1 32 3 0.075515 0.036831 0.009143 2.327087 0.0001 

DNN Model 2 32 6 0.074397 0.036982 0.009748 2.521588 0.001 

DNN Model 3 32 10 0.075992 0.036634 0.013348 3.404251 0.0001 

DNN Model 4 32 10 0.070635 0.033558 0.011741 3.215976 0.001 

DNN Model 5 64 5 

5 

0.064527 0.032926 0.007223 2.149198 0.001 

DNN Model 6 32 0.073544 0.035625 0.007084 1.846348 0.001 

DNN Model 7 64 7 

5 

0.07498 0.036299 0.008808 2.256841 0.001 

DNN Model 8 32 0.073994 0.037796 0.012731 3.332268 0.001 

DNN Model 9 64 10 

10 

0.077638 0.038292 0.013483 3.364422 0.001 

DNN Model 10 32 0.080724 0.038046 0.021465 5.262578 0.001 

DNN Model 11 64 3 

3 
 

0.076221 0.037232 0.01047 2.645715 0.001 

DNN Model 12 32 0.083152 0.039493 0.00666 1.53296 0.001 

mathematical models, ANNs model and four new developed mathematical models. The 

developed mathematical models are created by using software package named IBM 

SPSS, which is used for interactive statistical analyses (Box et al., 2015). The first model 

is in type of a correlation between solar radiation and maximum temperature. This model 

and the other models can be seen clearly in (3.21-3.23). The last model (SPSS Model 4) 

is in type of a correlation between solar radiation and (maximum temperature, solar 

radiation time, maximum wind speed, wind direction, humidity). The last model can be 

seen clearly in (3.24). In Table 4.2 it is shown that the last created model SPSS Model 4, 

which depend on maximum temperature, solar radiation time, maximum wind speed, 

wind direction and humidity, has the best result compared with the results of the other 

three models. 

The results of DNN, ANN, classic mathematical, and four developed mathematical 

models are compared to each other. The statistical performance is evaluated by RMSE, 



51 
 

MABE, MBE and t-statistic. As can clearly be seen in the Table 4.2 the DNN model 5 

and ANN model have the closest results to the real values. The statistical performance of 

the models are shown in the Table 4.2., DNN model 5 has the lowest value of the MABE, 

when we compared it with the other models. 

Table 4.2. Statistical performance results of the predicted solar radiation data using different models 

Model RMSE MABE MBE t-statistic 

DNN model 5 0.0645 0.0329 0.0072 2.1491 

ANN 0.1147 0.0764 -0.0002 0.0279 

Lain Model 2 0.1351 0.0891 0.0610 8.3811 

Lain Model 1 0.1356 0.0904 0.0606 9.5320 

CPR Model 0.1457 0.0976 0.0662 9.7417 

CPRG Model 0.1458 0.0977 0.0662 9.7159 

Liu Model 0.1712 0.1504 0.0649 7.8186 

SPSS Model 4 0.090 0.046 0.026 5.647 

SPSS Model 3 0.099 0.056 0.025 4.914 

SPSS Model 2 0.097 0.054 0.025 5.026 

SPSS Model 1 0.093 0.049 0.025 5.363 

In the following graphs it is clearly shown that the DNN model 5 results has the 

minimum error value. DNN modeling results of the testing and predicted results are 

shown in the Figure 4.1. The predicted values basically capture the true target value; 

however, there are some several differences around turning points, and the trends of some 

middle points are completely toward different directions. From the Figure 4.1 it can be 

seen how DNN model gives the most accurate results. In the Figure 4.2, the rate of change 

versus time between hourly and daily radiation is shown. The result shows that the results 

obtained by DNN model 5 are the closest ones to the real data. 
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Figure 4.1. Testing result of multi-linear regression DNN model 5 a) results of one-year forecasting b) 
zoomed portion of the model results 
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Figure 4.2. Testing result of linear regression of hourly and daily radiation rate 

 

Figure 4.3. The MAE  for training and validation processes of the DNN model 5 
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As it is shown in Figure 4.3, the predicted values can capture most of the true values. 

By using IBM SPSS four different models for solar radiation forecasting have been 

created. As mentioned before the SPSS Model 4 gives the best results. The prediction 

results that are obtained by the new developed models can be seen in Figure 4.4. 

Figure 4.4. The results of developed SPSS models compared to DNN model 5 results and the real values 
a) results of one-year forecasting b) zoomed portion of the models result 
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Figure 4.5. The results of monthly solar radiation of different used models 

In the Figure 4.5 it is shown the average monthly results of solar radiation of 

different used models. It can be clearly seen that DNN model gives the best results in the 

models. 
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5. CONCLUSION 

The global energy demand is to increase presumably by 10% from 30% in 2016 to 

40% in 2040. This increase in the energy demand is coming from a predictable increase 

in consumer electricity usage, due to increase in the population around the world in the 

coming decades. As a result, there is growing concern about environmental pollution 

which causes greenhouse gases, and cleaner energy technologies are developed. 

Approximately 65% of the future global investments for creating new power plants will 

be focused on renewable energy sources by 2040, as projected by the World Economic 

Outlook (WEO). This clearly shows the extended growth of the worldwide market share 

of solar energy. Consequently, a near real-time predictive model that observes solar 

energy conversion effectively and its performance are considered as the best choice for 

design solar energy plants. The models, in general, give us the statistical relation between 

solar radiation and the other weather variables.  

In this thesis, most of the scientific articles on solar radiation forecasting methods  

for the last 10 years, are reviewed. Most of the published articles with many experimental 

results with a large number of data, support using DNN and its superiority are compared 

with the other methods. Then, the solar radiation for the given location has been predicted 

by using different models; five classic mathematical models (CPR, CPRG, Lain Model 

1, Lain Model 2 and Liu model) and ANN model using Visual Gene Developer software. 

Also, the same data are predicted by using the previously proposed multilayer DNN. The 

proposed DNN model contains an input layer, 5 hidden layers, and one output layer. The 

input layer contains 5 nodes which represent the five weather features on which the solar 

radiation depends. The output layer has only 1 node and represents predicted solar 

radiation values. The network is trained and tested using the given data. The statistical 

performances of all created models are evaluated by RMSE, MABE, MBE and t-statistic. 

The experiment results show that solar radiation forecasting by using DNN model gives 

the best result with high accuracy. The proposed model has a testing accuracy of 98 % 

for daily solar energy forecasting, outperforming the linear regression baseline model of 

which the testing accuracy is 96.71%. 

Furthermore, in order to explore and to create the best model for solar radiation 

IBM SPSS software. The model which has the highest accuracy was SPSS model 4 which 



57 
 

depends on the solar radiation time, wind maximum speed, wind direction, humidity, and 

maximum temperature. 

Future research could focus on the hybrid models which are considered as complex 

models. The focus could be on the hybrid models which are combining DNN models with 

other ANNs models as GAs, FL and WT.  
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