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Abstract:- This paper presents a survey on predicting the 

global solar radiation based on neural networks. Solar 

radiation is considered as the primary factor in many 

applications that makes use of solar energy. This solar 

radiation data provides information about the use of solar 

energy in various locations. Hence the need for predicting the 

solar radiation is increasing day-by-day. The solar radiation 

can be predicted by considering some climatic parameters 

such as air temperature, air pressure, humidity, wind speed, 

wind direction and so on. There are various algorithms in 

neural networks. The ultimate goal of this survey is to provide 

an overview of predicting solar radiation based on neural 

networks and training the network using back-propagation 

algorithm.  
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I.INTRODUCTION 
 

Solar energy is one of the basic elements for all 

renewable and fossil fuels. Solar radiation data is always a 

necessary basis for the design of any solar energy 

conversion device and for a feasibility study of the possible 

use of solar energy [5].In the recent years the need for 

forecasting and predicting solar radiation has increased to 

optimize energy distribution between buildings.   

          This paper presents the survey on designing, 

implementing and validating a new approach to predict 

daily monthly average global solar radiation by considering 

various climatological factors along with neural networks. 

The neural network is an interesting tool of modeling linear 

and non-linear systems. The neural network is adjusted, 

trained so that a particular input leads to a specific target. 

The neural networks are trained with back propagation 

algorithm as this algorithm is capable of training the neural 

network at a faster rate by minimizing errors.  

 

II. GLOBAL SOLAR RADIATION PREDICTION 
 

            Solar radiation is one of the most difficult 

meteorological parameters to be estimated as it depends on 

several climatic, geographical and astronomical parameters 

[9]. The parameters such as temperature, pressure, 

humidity, wind direction, wind speed, sunshine duration 

are some common parameters that are used for predicting 

solar radiation.       

          The solar radiation was predicted at different 

locations like Abu Dhabi, Nigeria, Egypt, China, India and 

so on. The multi layer feed forward technique in neural 

network were used most frequently to predict global solar 

radiation. The Multi-layer feed forward networks were 

trained by Back-propagation algorithm as they train the 

neurons at a faster rate.              

                 The solar radiation data that are recorded at the 

meteorological centers for few years are collected. These 

data are divided as two sets in the neural networks [2]: 

1. The first few years of data are used as a training data set 

which are given as input that is helpful in training the 

neural networks 

2. The next few years of data are used as the test data test 

which is used to test the built network 

In literature the neural networks have found great success 

in modeling and predicting solar radiation at hourly basis 

[11] [12], daily and monthly basis for several locations [2]-

[10].  

 

III. NEURAL NETWORKS 
 

 Neural networks are generally composed of large 

number of interconnected neurons and they are typically 

organized in layers. These layers are made up of 

interconnected nodes which contain an activation function. 

The Patterns are presented to the network through the input 

layer', which communicates to one or more hidden layers 

where the actual processing by weighted connections. The 

general outline of the process of neural network is 

represented below,     
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Fig1: General Outline of Neural Networks 
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The above Fig1 represents the general outline of 

neural network where the input is passed to various layers 

of neurons and the connections between them are defined 

through weights. The output that is obtained from the 

network is then compared with the target data. The weights 

between the layers can be adjusted   to get better results by 

minimizing errors.The neural networks analyze data by 

three major steps [4]: 

A. Training  

The data is presented to the network during training and the 

weights are assigned to the network to minimize errors. 

B. Validation  

Data is used to measure network generalizations and halt 

training when generalization stops improving. A set of 

target data is given to validate the network. 

C. Testing  

The data that has no effect on the training and provides 

measure of network program during and after training. The 

data can be tested with some estimated values. 

The neural network toolbox supports supervised 

learning with feed-forward, radial basis function and 

dynamic function. 

 

IV. FEED-FORWARD NEURAL NETWORK 

 

Feed forward neural networks are artificial neural networks 

that do not form a directed cycle when connections are 

made between neurons. There are two types of feed-

forward neural networks they are single-layer perceptron 

and multi-layer perceptron 

 

A.SINGLE LAYER FEED FORWARD TECHNIQUE 

The single layer feed forward network consists of single 

layer of output nodes. The inputs are fed directly to the 

outputs via a series of weights. 

Input Layer     Output Layer 

 

 

 

 

 
 

Fig2: Structure of Single Layer Perceptron 

The single layer perceptron can model only linearly 

separable classes. Hence to overcome the limitations of 

single layer feed forward, multi layer feed forward 

technique was introduced. 

 

 

B. MULTI-LAYER FEED FORWARD TECHNIQUE: 
 

This class of networks consists of multiple layers of 

computational units which are interconnected in feed 

forward way. The multi-layer Feed forward network 

consists of three layers: an input layer, hidden layer and an 

output layer [3]. The input signal propagates through the 

network in a forward direction, on a layer-by-layer basis 

[10].  
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Fig3: Structure of Multi-Layer Perceptron 

 

Multi-layer networks use a variety of learning algorithms 

the most commonly used algorithm is the Back-

propagation algorithm. 

C. RECURRENT NEURAL NETWORKS: 

                    A recurrent neural network is a class of 

artificial neural network where the connections between 

units form a directed cycle. Recurrent neural networks use 

their internal memory to process sequence of inputs. A 

Jordan recurrent network is the primary type of recurrent 

neural network. The structure of Jordan recurrent neural 

network is given below [6]: 

 

 

 

 

 

 

 

 

 

                 

                               
 

 
Fig4: Structure of Jordan Recurrent Neural Network 

 

The above fig4 consists of an extra node called 

context units, beside the input layer. Such context units are 

connected to the hidden layer and hold the output of the 

neural network to feed it back to the hidden layer [6].  

In general, recurrent neural networks show good 

performance in prediction if there is temporal structure in 

data [6]. 
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V. BACK-PROPAGATION ALGORITHM 

 

The Back-propagation algorithm is a common method for 

training neural networks. It requires a known, desired 

output for each input value. It is a multi-layered feed 

forward networks based on sigmoid function, like the delta 

rule. Back-propagation requires the activation function 

used by the artificial neurons. The back propagation 

learning algorithm can be divided into two phases: 

propagation and weight update. 

A. Phase 1: Propagation 

Each propagation involves the following steps: 

1. Forward propagation of training the input data 

through the neural network in order to generate 

the output. 

2. Backward propagation of the output  through the 

neural network using the training pattern target in 

order to generate the deltas of all output and 

hidden neurons. 

 

B. Phase 2: Weight update 

For each weights assigned follow the following steps: 

 

1. Multiply its output delta and input activation to 

get the gradient of the weight. 

2. Subtract a ratio (percentage) of the gradient from 

the weight. 

This ratio influences the speed and quality of learning; it is 

called the learning rate. The greater the ratio, the faster the 

neuron trains. The lower the ratio, the more accurate the 

training is. The gradient of a weight indicates where the error 

is increasing; therefore the weight must be updated to 

minimize errors. 

              There are fourteen back-propagation algorithms 

that are available they are Levenberg- Marquardt, Bayesian 

regularization, BFGS quasi- Newton, Powell -Beale 

conjugate gradient, Gradient descent with adaptive learning 

rate, Gradient descent with momentum & adaptive learning 

rate, Gradient descent, Gradient descent with momentum, 

One step secant, Fletcher-Powell conjugate gradient, 

Random order incremental training with learning, 

Resilient, Polak-Ribiere conjugate gradient and Batch 

training with weight & bias learning rules[2]. These 

algorithms are very useful in training the neural network.  

 

VI. COST FUNCTIONS IN BACK-PROPAGATION 

NETWORK: 

These back propagation algorithms are mainly 

used in providing comparison between the estimated value 

and measured value through correlation and error analysis 

[5]. The error analysis is performed by computing the 

Mean bias error (MBE) and root mean square error 

(RMSE). The Back propagation algorithm uses Mean Bias 

error as the cost function. The MBE and RMBE is 

calculated using the following equations, 

MBE=
 (𝑁

𝑖=1 𝑦𝑖−𝑥𝑖)

𝑁
            (1) 

 

        RMBE=
  (𝑦𝑖−𝑥𝑖)

2𝑁
𝑖=1

 𝑁
           (2) 

Where yi is an estimated value, xi is a measured value, and 

N is equal to the number of observations [5]. This Mean 

Bias error is used to measure the errors by finding the 

difference between the estimator and what is to be 

estimated. 

 

VII.RADIAL-BASIS FUNCTION (RBF) 

 

Radial Basis function is a real valued function 

whose values depend only on the distance from the origin. 

RBF has three distinct layers [13] called the input layer, 

Hidden layer and the output layer. The input layer is a set 

of sensory units. It has only single hidden layer and this 

layer non-linear. The output layer is a linear layer. The 

output of the radial basis function is given as follows [13]: 

                    𝑦 = 𝑤𝑖𝜑 𝑥, 𝑐𝑖 ,𝜎𝑖
 + 𝑤0

𝑛
𝑖1                    (3) 

Where n is the number of neurons in the hidden layer, 𝑤0is 

the bias term, 𝑤𝑖  is the weight between the hidden layer 

and the output layer.  

  

VIII.CONCLUSION 
 

The prediction of solar radiation is necessary for 

many scientific and environmental applications. This 

survey presents the ability to predict monthly average daily 

global solar radiation with different meteorological 

parameters based on neural networks. Neural networks are 

suitable for any kind of applications that involves 

prediction. The neural network is trained by back-

propagation algorithm as this training algorithm helps in 

minimizing the global error such as the Root Mean Squared 

Error (RMSE) and so on. The neural network compares the 

measured value with that of a predicted value and is 

capable of providing better statistical results with 

minimized errors.  
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