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Abstract: 

 In last few years, Renewable Energy is introduced as a alternative source of energy. Especially in Indian context solar Energy is 

an important issue and unlimited source of energy. However, solar radiation is varies with time and geographical locations and 

meteorological conditions. In this paper, artificial neural network and generalized neural network are used as a powerful tool for 

Renewable Energy Forecasting. With the help of metrological data such as wind velocity, solar irradiation, and temperature as 

input to the model we can predict the changes in generated solar power, which is very useful for integration of solar power into 

grid. This seminar report focuses on the computing techniques that are able to prediction the solar power generation accurately 

and fast compare to conventional methods of forecasting. This seminar report disuses the ARIMA method for solar power 

forecasting. 
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I.           INTRODUCTION 

Solar power plays an important role in distributed power 

system. Photovoltaic systems have been increasingly installed 

worldwide in recent years. Because it produces clean energy, 

moreover the development of technology is continued 

therefore the reliability is increasing and the price is 

decreasing in opposite. To implement the PV system, 

however, a significant limitation of PV system is the 

uncertainty of power from the sun. This will affect the quality 
of the electrical system that connected. 

 

Solar power forecasting is playing a key role in solar PV 

park installation, operation and accurate solar power dispatch 

ability as well as scheduling. Solar Power is varies with solar 

radiation and weather parameters such as ambient 

temperature, wind velocity, cloud coverage [3] [4]. In order to 

effectively achieve a high-penetration of commercial solar 

power into the grid, useful forecasting methodologies must be 

developed for integration of solar power in electric grid. The 

existing electric grid was designed and created to safely and 
reliably distribute power from a few concentrated power 

generation sources through highly monitored and controlled 

transmission lines to typically radial distributed loads. So we 

better monitoring and control system for performance analysis 

and operation of SPV system. 

 

The forecasting challenges involve a combination of 

Weather parameters, Solar Radiation, Mathematical modeling, 

and Solar PV Power generation monitoring data. For the day 

ahead period, the challenges involve forecasting the dynamic 

changes in weather parameters and cloud cover. One challenge 

affecting solar power forecasts for all time-scales is the need 
for solar plant models that accurately convert irradiance values 

to power forecasts. In order to effectively support the solar 

power providers and grid managers, the meteorological 

community needs to prioritize the current shortfalls in solar 

forecasting and identify opportunities to improve them. 

 

The new management tools, and the joint coordination of 

photo voltaic generation and storage at the building and micro-

grid levels, require the use of solar power forecasts for several 

hours ahead. The time-horizon of interest for power system 

operations and electricity markets can be divided into two 

classes. 

 

a) Short-term (up to 3 days ahead) 

For short-term load forecast in a smart grid environment, 

Borges et al. [11] propose three different methods: (top-down) 

adding up single-observed consumptions and perform a global 
forecast; (bottom-up) adding up the sum of individual 

forecasts for each load in order to create a global forecast; 

(regression method) regression of the individual loads 

recorded by the meters. The main goal was to evaluate 

combined forecasting. 

 

b) Very short-term(up to 6 h ahead) 

For the very short-term horizon, which is addressed in this 

paper, two different classes of models can be found. The first 

class is based on satellite images. It described an algorithm 

based on cloud-index images that are predicted with motion 
vector fields derived from two consecutive images. 

The second class consists of univariate time-series models. 

Researchers compared the performance of different machine-

learning algorithms (i.e., ARIMA, kNNs, NN, and NN 

optimized by genetic algorithms), which only use past 

observations of the time-series as inputs. The NN, combined 

with genetic algorithms, obtained the best performance. 

The forecasting framework presented in this seminar paper 

addresses the very short-term horizon and is included in the 

second class of models. 

 

II. CONVENTIONAL MODELS FOR SOLAR POWER 

FORECASTING 

In distributed power generation solar power forecasting play 

an important role and it has amplified day by day. Several 

recent studies deal with the problem. Many of these consider 

forecasts of the global irradiance which is essentially the same 

problem as forecasting solar power. For solar power 

forecasting following conventions models are discussed here: 
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a) Clear sky models 

 

Here we only choose two clear sky models, one which is a 

based on a polynomial regression and the other based on the 

European Solar Radiation Atlas (ESRA) clear sky model, so 

that the sensitivity of the methods for forecasting of clear sky 
days can be examined [7]. The sensitivity should be small 

since short-term forecasting involves the use of previous 

irradiance values that can be used to adjust the clear sky 

forecasting [8]. 

 

 Clear sky model 1 

 

Polynomial Fit: The first clear sky model that we are 

considering is a third degree polynomial function of cosine of 

the solar zenith angle cos(θ). 

 

Iclr.ploy= C3 (cosθ)3 + C2 (cosθ)2 + C1 (cosθ) + C0 

 

This model was introduced by University of California 

Merced solar observatory station. 

 

 Clear-Sky Model 2: ESRA 

Another clear sky model, it is computed using the ESRA 

model adopted from Refs. [9, 10]. The ESRA model only 

depends on a site dependent Linke-Turidity Factor (TL). 

 

b) Persistence models 

 
Clear sky persistence models are defined as having the clear 

sky conditions (ratio between the measured irradiance to the 

clear sky irradiance) persist for the next time-step. 

 

k(t+∆t)=k(t)=(I(t))/I(t)clr  
 

c) Clearness Persistence Model  

 

As a slight variation of the persistence models just described, 

we also apply a clearness persistence model which is based on 

the extraterrestrial solar radiation (I0). 
 

I0=G0 cos(θz) 

 

Here, G0=1367 W/m2 is the solar constant.        

                                             

III. DATA COLLECTION 

Historical solar data are a key element in solar power 

prediction systems. The future of solar power generation in 

Rajasthan is very bright. Rajasthan Solar Energy Policy, 2011 

of government of Rajasthan to develop Rajasthan as the global 

hub of solar power in the country. The main objective of this 
policy is to utilize waste land of desert to meet energy needs of 

Rajasthan and neighboring states. The future of CSP in 

Rajasthan is bright and will have major role in electricity 

demand of India by 2052, if follows the international standards 

and as per the road map given by IEA 2012. As from the figure 

1, the annual average DNI for north – west India, the Thar 

desert region , with Jodhpur at its border, has the highest DNI . 

Annual average DNI is 5.89 KWh/m2/day in the regions of 

Thar Desert of Rajasthan. The average annual DNI in 

Rajasthan remains around between 5.42 to 5.89 KWh/m2/day. 

The data is received from NREL, India. The attributes of raw 

data and corresponding statistics are mentioned in the 

following table 1. 

 
FIGURE 1 

DNI MAP OF NORTH WEST INDIA (NREL, 2009) 

 

TABLE 1 

ATTRIBUTES OF THE RAW DATA SET AND THE 

CORRESPONDING STATISTICS 

 Min. Max. Mean. Std. 

Dev. 

Air Temperature (oC) -18.4 98.6 48.38 19.15 

Relative Humidity (%) 9 97 62.25 22.93 

Wind Direction 

(Degree) 

0 360 185.87 102.02 

Max. Wind Gust 

(mph) 

0 50.6 8.99 5.85 

Wind Speed (mph) 0 32.4 6.45 4.25 

Barometric Pressure  25 26.05 25.59 0.159 

Solar Radiation 

(lengleys/hour) 

0 103.89 15.76 23.29 

 

 

IV. EXPERIMENT DESIGN 

Four popular regression algorithms namely Linear Regression 

(LR), Radial Basis Function (RBF), Multilayer Perceptron 

(MLP), Least Median Square (LMS) have been used to find out 

ensemble generation. A Java application is developed with 

WEKA release 3.8 libraries for all of the experiments.  The 

accuracy of the model is justified by cross validation method 
and training-testing method. 

 

V. K-FOLD CROSS VALIDATION ERROR ESTIMATOR 

Cross-validation, at times called rotation estimation is a method 

for assessing how the results of a statistical analysis will 

generalize to an independent data set. In K-fold cross 

validation Error Estimator (K-CV) the data set Sn is uniformly 

at random partitioned into K folds of similar size 

P={p1,p2,....,Pk}. For the sake of clarity without loss of 

generality it is supposed that the n is multiple of k. Let Ti=Sn/Pi 

be the compliment data set of Pi. Then the algorithm A(.) 
induces a classifier from Tiψi=A(Ti) and estimates its 

prediction error with Pi. The K-CV prediction error estimator 

of ψ=A(Sn) is defined as follows.  
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Where 1(i,j)=1 and if i ≠ j and zero otherwise. So, the K-CV 

error estimator is the average of the errors made by the 

classifiers ψi in the respective divisions Pi. The approximated 

error may be considered a random variable which relies on the 

training set Sn and the division P. In Table 2 the results of 

applying 10 folds cross-validation method on initially selected 
regression algorithms are demonstrated. The above results 

clearly show that in terms of the mean absolute error (MAE) 

the most accurate one is the MLP regression algorithm. Next to 

the MLP, SVM is in the second best position and LMS 

regression algorithm is in the third best position. 

 

TABLE 2 

RESULTS OF APPLYING 10 FOLDS CROSS 

VALIDATION METHOD ON THE DATA SET 

 

Algorithm 

Time taken 

to build 

model 
(millisec.) 

CC MAE RMSE RAE RRSE 

Linear 

Regression 
780 0.64 14.29 17.86 73.47 76.69 

RBF 

Network 
5160 0.33 16.79 21.64 89.14 92.92 

Multilayer 

Perceptron 
52930 0.62 13.83 18.93 75.86 81.29 

Least 

Median 

Square 

59600 0.53 15.75 28.07 83.64 120.52 

 

 

VI. TRAINING AND TESTING ERROR ESTIMATOR 

In this error estimator method, a common rule of thumb is to 

use 70% of the data set for training and 30% for testing. In 

Table 3 the results of applying training and testing error 

estimator method on initially selected regression algorithms are 

illustrated. Based on the experimental outcome the MLP is the 

number one choice, LR is in the second best position and RBF 

algorithm is in the third best position. Both of the 10 folds 

cross-validation and training and testing method suggests the 
top most three algorithms for this task are MLP, LR and RBF 

in descending order.  

 

TABLE 3 

RESULTS OF APPLYING TRAINING AND TESTING 

METHOD ON THE DATA SET 

 

Algorithm 

Time taken 

to build 

model 

(millisec.) 

CC MAE RMSE RAE RRSE 

Linear 
Regression 

810 0.64 13.78 17.78 73.16 76.36 

RBF 

Network 
4370 0.53 14.77 19.67 78.43 84.5 

Multilayer 

Perceptron 
48380 0.7 11.45 16.97 60.79 72.92 

Least 

Median 

Square 

57560 0.5 15.74 28.06 83.55 120.51 

 

VII. RESULTS AND DISCUSSIONS 

The ensemble generation using four different heterogeneous 

regression algorithms is presented in this paper. These 

algorithms were applied as local predictors of the proposed 

hybrid method for short term solar power forecasting. Two 

performance criteria found in the solar power prediction 
method literature as: the time required to build the model and 

prediction error. As the training process was in offline mode, 

the first criterion was not considered to be relevant for this 

paper. In this context, the prediction performance was 

evaluated only in term of prediction error, defined as the 

difference between the actual and the forecasted values and 

based on statistical and graphical approaches. 

 

VIII. CONCLUSION 

This paper based on the forecasting of short term solar power 

can be used to estimate PV solar power with improved 

prediction accuracy is presented. One of the two decisive 
problems of ensemble learning namely heterogeneous 

ensemble generation for solar power prediction is mainly 

focused in this paper. There are scopes to further improve the 

prediction accuracy of selected individual regression 

algorithms namely LR, RBF Network, MLP and LMS. As 

future score, the next step will be the efficient utilization of the 

feature selection aspect on the used data set to reduce the 

generalized error of those regression algorithms. 
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