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Abstract—Renewable energy sources have gained momentum 
in electric power systems. Without the ability to precisely forecast 
their power production, integrating these sources to the electric 
power grid may affect grid stability. Support Vector Regression 
(SVR) is proven to be able to deal with nonlinearity in forecasting 
problems. However, determining the appropriate parameters for 
SVR is the key issue in attaining an accurate SVR forecasting 
model. The objective of this paper is to forecast the output power 
of solar photovoltaic (PV) systems using support vector regression, 
of which its parameters are optimized by Cuckoo Search (CS) and 
Differential evolution (DE) algorithms. Real-world solar data from 
the 6.4kW rooftop solar PV unit located at the Advance Research 
Institute (ARI) of Virginia Tech in Arlington, Virginia, are used as 
the basis of the forecast. Six input variables are used for model 
development, namely day, month, hour, global normal radiation, 
temperature and wind speed.  Model performance is evaluated 
using statistical indicators. Results indicate that SVR with Radial 
Basis function optimized by CS and DE give the most accurate 
forecasts. 

Keywords—Solar power forecasting, photovoltaic system, 
artificial neural network, support vector regression, meta-heuristic 
optimization techniques  

I. INTRODUCTION 
Growing penetration of renewable resources have been 

observed over the past two decades and their presence in 
electrical power networks becomes inevitable. The increasing 
penetration of renewables is accompanied by some issues related 
to the power system operation and design, such as system 
protection, control, power quality and optimal power system 
operation [1].  Embracing high penetration of solar production 
has led to necessary adjustments in the power system operation, 
including the requirement of additional ancillary services to 
manage the variability in renewable energy output [2]. In fact, 
these ancillary services are very expensive and adding them may 
cancel out economic advantages of these renewable resources. 
These associated problems primarily occur due to the fact that PV 
is inherently an intermittent source [1]. Therefore, being able to 
accurately forecast solar PV output can help mitigate technical 
challenges in renewable energy integration [3]. 

Relevant forecasting topics in electric power systems address 
aspects of load, wind, solar and electricity markets forecasts [3].  
In this study, forecasting PV solar power production is of focus. 
Several research papers have been published attempting to 
develop different models regarding solar forecasts using variety 
of machine learning algorithms. While some researchers 
developed models to estimate solar radiation, global or direct 
radiation [4][5][6], the others forecasted PV power output using 

different meteorological parameters with different time horizons 
[7][8][9]. 

Authors in [10], for instance, developed a multilayer feed-
forward network which has back propagation (BPNN) to predict 
monthly global solar radiation for six cities in Iran using different 
weather variables for a six-year period. In addition, authors in 
[11] built two artificial neural network (ANN) to examine the 
global radiation and direct normal solar irradiance (DNI) in 
hourly manner in Salerno, Italy. In [12], PV power forecasting 
model was created based on a BPNN model to perform 24-hour 
ahead PV output forecast in Ashland, Oregon. The results 
showed good accuracy for forecasting the power output of 
photovoltaic systems.  

Authors in [13] proposed a day-ahead PV output prediction 
algorithm utilizing support vector machine (SVM) and weather 
classification and results were promising. In [14], a support 
vector regression (SVR) model using serval weather variables, 
including cloudiness, was created to forecast the power 
production of a 1-MW photovoltaic power plant in Kitakyushu, 
Japan. The results of this study indicated that SVR with the 
cloudiness factor led to better accuracy. Furthermore, a short term 
solar irradiance was proposed by [15], where two different SVR 
models based on clearness index were used. In [16], the authors 
formulated models using linear least square regression and SVR 
with radial basis function for predicting solar generation. The 
outputs of this study indicated that SVR model with seven 
weather metrics is 27% more precise compared to other 
forecasted models which use only sky conditions for predictions. 
The study in [17] forecasted the power output of two wind farms 
and two PV power plants using machine learning algorithms, 
which were proved to be the most effective forecasting 
approaches to deal with non-linear relationship between weather 
parameters and power production.   

The main drawback of applying SVR is that its model 
accuracy highly depends on the selected parameters, which are 
very difficult to determine properly. Metaheuristic optimization 
techniques, such as genetic algorithms (GA), simulated annealing 
(SA), immune algorithms (IA) and particle swarm optimization 
algorithm (PSO), have also been used aiming at selecting 
appropriate parameters. For instance, authors in [18] used GA to 
optimize SVM model parameters for electricity price forecasting. 
Furthermore, IA and SA were used in [19] and [20], respectively, 
to determine the best parameters to forecast Taiwan’s annual 
electric load. The study [19] showed that the proposed models 
superior to other models such as ANN models.     
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Differential evolution (DE) and Cuckoo Search (CS) 
algorithms are recent heuristic optimization techniques. DE  was 
proposed first in 1995 by Storn and Price [21] and CS was 
introduced by Yang and Deb in 2009 [22]. The main significant 
feature of DE and CS is that they are easy to implement [23].  
Authors in [24] proposed SVR with DE model (DESVR) for the 
annual electric load forecasting of Beijing city in China. The 
results demonstrated that the DE algorithm has the ability to 
determine appropriate parameters of the SVR model and DESVR 
outperforms other models including SVR with default parameters 
and BPNN. Authors in [25] used SVR models optimized by 
various optimization algorithms, including PSO, GA and CS, to 
forecast short-term wind speed series. The results show that CS-
SVR model had the best performance among other optimized 
SVR models.       

Based on the above discussion, this paper proposes PV power 
forecasting models using SVR with radial basis (RB) and Linear 
kernel functions, optimized by CS or DE.   BPNN is also used to 
forecast the solar power output for comparison.  The total of five 
models are studied, namely: (i) SVR based on RB kernel function 
optimized by CS; (ii) SVR based on RB kernel function 
optimized by DE; (iii) SVR based on linear kernel function 
optimized by CS; (iv) SVR based on linear kernel function 
optimized by DE; and (v) BPNN model. Their outputs are 
compared to identify which model offers superior performance 
in forecasting PV output power. This comparison is measured 
using commonly used statistical indicators, including Mean 
Absolute Percentage Error (MAPE), Root Mean Squared Error 
(RMSE) and Goodness of Fit (𝑅").  

The paper is organized as follow: Section II describes the 
framework of the forecasting models used in this study, together 
with the training and testing datasets and the selected forecasting 
models. Section III discusses the DE and CS algorithms. Section 
IV describes the criteria to evaluate model accuracy. Lastly, 
Section V compares and discusses PV output forecasts based on 
different forecasting models. 

II. METHODOLOGY 

In this section, the overall study is discussed, together with 
the datasets used, and the fundamental of back propagation neural 
network (BPNN) and support vector regression (SVR). 

A. Study Framework 

The framework of the proposed study is depicted in Fig. 1. 
The process is explained as follows:  

(1) The training and testing datasets are initially normalized 
before conducting the training and testing processes.  

(2) The SVR models with radial basis, where CS and DE 
algorithms are applied to determine the parameters, are 
established.   

(3) Similarly, the SVR models with linear function, of which 
parameters are optimized using CS and DE, are 
established.  

(4) The BPNN model with the selected number of layers and 
hidden neurons (nodes) are established.  

(5) The actual and forecasted PV output power generated by 
the models are compared to evaluate the performance of 
the forecasting methods.  

 
Fig. 1. Framework of the proposed study.  

Each process is discussed in details in subsections below. 

B. Training and Testing Datasets 

The database used to develop the five PV output forecasting 
models are obtained from the 6.4kW rooftop PV system placed 
on the Virginia Tech Advanced Research Institute (VT-ARI) 
building in Arlington, Virginia, as shown in Fig. 2.  

 
Fig. 2. The 6.4kW PV system at VT-ARI building, Arlington VA. 

The PV output data in 5-minute intervals for the period of 
one year from January to December, 2015, are gathered from the 
unit. The 5-minute resolution dataset is transformed into an 1-
hour resolution dataset for use in the models, together with 
corresponding weather parameters. The entire dataset (𝑋) is 
divided into two subsets namely: the training dataset, 𝑥&'()* and 
the test dataset, 𝑥&+,&, such that 𝑋 = 𝑥&'()* ∪ 𝑥&+,&.  In this study, 
eighty percent (80%) of the data is utilized as the training 
dataset, while the remaining is used as the testing dataset. 

The measured PV output power in 5-minute intervals is 
exhibited in Fig. 3. A graphical representation of the 
corresponding ambient temperature over the same one-year 
period, in Fahrenheit, is shown in Fig. 4.  Fig. 5 exhibits the 
change in PV output power with air temperature during August 
10th-20th. It can be noticed that there is a correlation between PV 
power output and the air temperature. 

In this study, six independent weather variables are used as 
the inputs to forecast the PV output (Pout). The selected variables 
are: month (M), day (D), hour (H), global normal irradiance 
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(GNI), ambient temperature (T) and wind speed (W). The 
forecasting model can be expressed as shown in Eq. (1):  

𝑃01& = 𝑓(𝑀, 𝐷, 𝐻, 𝐺𝑁𝐼, 𝑇,𝑊) (1) 

 
Fig. 3. Measured PV output power during a one-year period  
 

 
Fig. 4. Ambient temperature in degree Fahrenheit during a one-year period 
 

 
Fig. 5. Relative change in PV output power with temperature (Aug, 10th - 20th) 
 

C. Input Data Normalization  

Input data normalization plays a crucial rule in preparing the 
data before examining the forecasting models. The primary goal 
of data normalization is to reduce the possibility that features 
with high numerical values dominating those that have smaller 
numerical values [26]. In this study, month, day, hour, global 
solar radiation, temperature and wind speed data are normalized 
between 0 and 1 using Eq. (2).  

𝑥)* =
𝑥) − 𝑥>)*	
𝑥>(@ − 	𝑥>)*

 (2) 

Where 𝑥) is the actual data value; 𝑥)* is the normalized value; 
𝑥>(@, 𝑥>)* are the maximum and minimum values 
corresponding to the actual dataset.  

D. Back Propagating Neural Network   

Artificial neural network (ANN) has been widely used for 
different forecasting applications. ANN inspired by the way of 
how human nervous systems interpret information. In a neural 
network, back propagation is one of the most popular artificial 
neural network methods used to conduct the learning process.  
Fig. 6 shows a multi-layer feed-forward neural network.  

 
Fig. 6. Feed-forward neural network. 
 

The ANN network is usually constructed with three layers: 
the input layer 𝑥A, 𝑥", … , 𝑥C D, the hidden layer 
ℎA, ℎ", … , ℎF Dand the output layer 𝑦A, 𝑦", … , 𝑦H D.  The output 

of all nodes (neurons) in the hidden layer are calculated as 
follows:  

𝑧J = 𝑣)J𝑥)

C

)LM

, 𝑗 = 1,2, … ,𝑀, 𝑖 = 1,2, … , 𝑁 (3) 

ℎJ = 𝑓 𝑧J 	, 𝑗 = 1,2, … ,𝑀	 (4) 

Where 𝑧J is the activation value of the 𝑗th node in the hidden 
layer; 𝑣)J is the weight connected between input 𝑖 and hidden 
node 𝑗; ℎJ is output in the hidden layer; 𝑓 is the transfer function 
of the neurons, usually a sigmoid function is used 𝑓 𝑥 =

A
ARSTU	(V@)

 .   

The output in the output layer can be calculated using the 
following steps:  

𝑧W = 𝑤JWℎJ,					𝑙 = 1,2, … , 𝐿	, 𝑗 = 1, 2, … ,𝑀	
F

)LM

 (5) 

𝑦W = 𝑓 𝑧W , 𝑙 = 1, 2, … , 𝐿 (6) 

Where 𝑧W is the activation value of the 𝑙th node in the output 
layer; 𝑤JW is the weight connected between the hidden node 𝑗 and 
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the output node 𝑙; 𝑦W is the output in the output layer; 𝑓	is a 
sigmoid function.   

The number of hidden layer nodes are selected by 
experimenting different numbers until the suitable number that 
provides the best training performance is attained. In this study, 
12 hidden layer nodes are chosen as it results in the best 
forecasting accuracy.  

E. Support Vector Regression  

Support vector machine (SVM) is a supervised machine 
learning algorithm for classification applications. A trick known 
as the kernel trick is used to transfer the classes into a higher 
dimensional space where they can be separated linearly. The 
basic kernel includes linear, polynomial and radial basis 
functions [27]. Unlike SVM, support vector regression (SVR) 
conducts its classification based on the regression errors that are 
greater or less than a particular threshold as shown in Fig.7 [7].    

 
Fig. 7. The boundary margin for a linear SVR [7] 

For a known set of training data (𝑥), 𝑦)), SVR aims at 
obtaining a linear function 𝑓 = 𝑤. 𝑥 + 𝑏 that solves the 
following optimization problem Eq.(7). 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒
1
2
𝑤 " + 𝐶 𝜉) + 𝜉)∗

ℓ

)LA

 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡	𝑡𝑜	
𝑦) − (𝑤D𝜙 𝑥) + 𝑏) ≤ 𝜀 + 𝜉)

∗

(𝑤D𝜙 𝑥) + 𝑏) − 𝑦) ≤ 𝜀 + 𝜉)
𝜉), 𝜉)∗ 										≥ 0

 

(7) 

The constant 𝐶	 > 	0	 is the penalty factor; 𝑤 is a normal 
vector; b, 𝜉)	𝑎𝑛𝑑	𝜉)∗ are slack variables; 𝜀 is the problem 
threshold; and  (𝑥), 𝑦)) is the training pair set.  

The data behavior is sometime cannot be captured by 
applying only the linear regression. Therefore, the nonlinearity 
can be obtained by applying Kernel. The input space (training 
sup-space) is mapped into a higher dimensional space by 
function 𝜙, which is the kernel trick 𝐾 𝑥), 𝑥J =	 𝜙 𝑥) D 𝑥J . 
For kernel functions, radial basis (RB) and linear (linear) are 
used in this paper as shown in Eq.(8)-(9) [28]: 

𝑅𝐵 :												𝐾 𝑥), 𝑥J = 	 𝑒Vu	 @vV@w
x

 
(8) 

𝐿𝑖𝑛𝑒𝑎𝑟 :																		𝐾 𝑥), 𝑥J = 	 (𝑥)D𝑥J)							 (9) 

Where 𝛾	 𝐺𝑎𝑚𝑚𝑎 	is the width of the RB function.  

The selection of the two parameters, 𝐶 and 𝛾, of the SVR 
model is very important in improving the model forecasting 

accuracy. The parameter 𝐶 controls the level of empirical risk of 
SVR. On the other hand, the parameter 𝛾 controls the width of 
the radial basis function [19]. Hence, both parameters influence 
the performance of SVR model. Researchers typically select 
these parameters based on their experience, previous knowledge 
[24] or using methods such as grid search [7]. In this study, both 
the penalty factor, 𝐶, and gamma, 𝛾, are optimized by using 
Cuckoo Search (CS) and Differential Evolution (DE) 
algorithms. This is described in the next Section. 

III.  INTELLIGENT OPTIMIZATION ALGORITHMS 

The meta-heuristic optimization algorithms, including 
differential evolution (DE) and cuckoo search (CS), used in this 
study to optimize the SVR parameters are described as follows:    

A. Differential Evaluation Algorithm  

Differential evaluation algorithm (DE) is a meta-heuristics 
optimization technique and is a population-based algorithm 
which contains three major steps, namely: mutation, crossover 
and selection. The most significant feature that distinguishes DE 
from other Evolutionary Algorithms (EA), such as Genetic 
Algorithm (GA), is that DE’s searching process depends on the 
information of current population distance and direction [24].  

Details of the DE algorithm are as follows [24]: 

Step 1: Initialize DE algorithm parameters which are 
population size (𝑁), the mutation factor (𝐹), the crossover rate 
(C), the maximum generations number g, the length of the 
generation (Chromosome) 𝐷 and the upper (𝑢𝑝) and lower 
𝑙𝑜𝑤 	bounds of the searching space for parameters 𝐶 and	𝛾. In 

this study, 𝑁=100, 𝐹=0.5, C=0.9; and 100 is number of 
iterations. For the linear function, the 𝑢𝑝	and 𝑙𝑜𝑤 bounds for 𝐶 
are between [1,10,000] and for the RB function, the bounds are 
in the range of [1,10,000] and [0.01,3] for 𝐶 and	𝛾, respectively.  

Step 2: Randomly generate an 𝑁	×𝐷 matrix with a uniform 
distribution using the following formula:  

𝑋>* = 𝑙𝑜𝑤 𝑛 + 𝑟𝑎𝑛𝑑()	× 𝑈𝑝𝑝 𝑛 − 𝑙𝑜𝑤 𝑛  (10) 

Where 𝑚 = 1, 2, … , 𝑁; 	𝑛 = 1, 2, … , 𝐷; 𝑟𝑎𝑛𝑑() is a 
generated random number; and 𝑈𝑝𝑝[𝑛], 𝑙𝑜𝑤[𝑛] are the upper 
bound and lower bounds of the	𝑛th column, respectively. 

Step 3: Evaluate the fitness values of all individuals in the 
population using the objective function. Mean Absolute 
Percentage Error (𝑀𝐴𝑃𝐸) as in Eq. 16 is the objective function 
to be minimized in this study.   

Step 4: Select two random vectors (𝑋�, 𝑋�) to create a mutant 
vector 𝑋(�  from the following equality:  

𝑋(� = 𝑋( = 𝐹(𝑋� − 𝑋�) (11) 

Where 𝑎, 𝑏, 𝑐	 ∈ 1, 2, … , 𝑁  are randomly chosen and 
should be kept different from each other. 

Step 5: Diversify the population by applying the crossover 
population through the following equation:  

𝑋�� 𝑛 = 𝑋(� 𝑛 					𝑖𝑓	𝑟𝑎𝑛𝑑 𝑛 ≤ 𝐶	𝑜𝑟	𝑛 = 𝑟𝑎𝑛𝑑𝑛 𝑛
𝑋�� 𝑛 = 𝑋( 𝑛 																																									𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  (12) 



In Proc. 4th IEEE International Smart Cities Conference (ISC2 2018), September 16-19, 2018, Kansas City, Missouri, USA 
	

5	
	

Where 𝑛 is the gene position of a chromosome; 𝑟𝑎𝑛𝑑𝑛 𝑛  is 
also an integer number generated randomly within the range of 
1, 𝐷 . 

Step 6: Select the best offspring to represent the next 
generation based on their fitness values. In the case the fitness 
value of the offspring 𝑓(𝑅>,�) is better than the quality of 
parent’s fitness value 𝑓(𝑋>,�), the offspring 𝑅>,�  would move 
to the next generation; otherwise, the parent 𝑋>,�  would 
continue.  

𝑋>,�RA =
𝑅>,�									𝑖𝑓	𝑓(𝑅>,�) < 𝑓(𝑋>,�)	
𝑋>,�																									𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 (13) 

B. Cuckoo Search Algorithm  

Cuckoo search (CS) is a meta-heuristic optimization 
algorithm stimulated from observing the life style of Cuckoo 
birds in their survival strategy along with the behavior of Lévy 
flight. Cuckoos laid their eggs in other birds’ nests called host 
birds. If host birds discover cuckoo eggs, they may throw cuckoo 
eggs out or abandon their nests and live in a new location. In the 
CS algorithm, the egg in a certain nest represents a solution to 
the algorithm, while a new solution is represented by each 
cuckoo egg. A set of solution can be represented by a nest that 
has many eggs.  

The CS algorithm is mainly idealized based on the following 
three assumptions [29]: (1) One egg is laid by each Cuckoo at a 
time and the nest to hatch is selected randomly; (2) The nests 
with high quality eggs (solutions) are continued to be the next 
Cuckoo generation; and (3) The available host nests are set to be 
fixed and the host bird probability to detect the Cuckoo egg is 
𝑝 ∈ [0,1]. In this case, the egg can be thrown by the host bird or 
the host bird leave the entire nest and rebuild a new nest 
somewhere else.  

The Cuckoos’ location is updated based on the Lévy flight, 
by using the following formula:  

𝑥)
(&RA) = 𝑥)

(&) + 𝜕⨁𝑙𝑒𝑣𝑦(𝛽) (14) 

Where 𝜕 > 0 is the scale factor on which the direction and 
the step size depend. 𝜕 = 1	is used in most cases; ⨁ means entry 
wise multiplication. Lévy flight is a random walk while the 
random steps are generated by a levy distribution:  

Main steps of the CS algorithm are as follows [29]:  

Step 1: Initialize the algorithm parameters: host nest (ℎ), 
problem dimension (𝐷), discovery probability by the host nest 
𝑝 , number of iterations (𝐼𝑡𝑒𝑟), minimum and maximum step 

sizes of the random walk and the boundary of search space, 
lower 𝑙𝑜𝑤  and upper (𝑢𝑝) bound. In this study: ℎ= 20, 𝑝=0.25 
and 100 is number of iterations. For Linear function, the 𝑢𝑝	and 
𝑙𝑜𝑤 bounds for 𝐶 is between [1,10,000] and for RB function, 
the boundary are in the range of [1,10,000] and [0.01,3] for 𝐶 
and	𝛾, respectively.  

Step 2: Evaluate the fitness of each Cuckoo by using the 
objective function. Mean Absolute Percentage Error (𝑀𝐴𝑃𝐸) as 
in Eq.16 is the objective function to be minimized in this study.   

Step 3: A new position is generated for each Cuckoo in the 
next generation by using Lévy flight (Eq. 14).  

Step 4: Compare the locations of new Cuckoos’ generation 
with their parents. If the fitness of new generation 𝑓(𝑥)

&RA ) is 
better than the previous generation 𝑓(𝑥)

& ) , the new Cuckoo 
𝑥)
&RA  is selected, otherwise, the parent 𝑥)

&  would retain.  

Step 5: Compare the probability of discovery 𝑝 with a new 
number 𝑢 generated uniformly from [0,1]. In case, 𝑢 > 𝑝, the 
new nests are created and the worst nests are abandoned. These 
new nest locations should be evaluated and compared with the 
solution attained in Step 4. The optimal nest locations are 
selected accordingly.    

Step 6: Check if the stopping conditions are satisfied; 
otherwise, the algorithm should return to step 2.  

Step 7: The optimum nest position represents the optimal 
solution of the problem (best SVR parameters).  

IV. MODEL ACCURACY CRITERIA 

The model accuracy is evaluated based on several statistical 
indicators:  Mean Absolute Percentage Error (𝑀𝐴𝑃𝐸), Root 
Mean Squared Error (𝑅𝑀𝑆𝐸) and Goodness of Fit (𝑅"). They 
are expressed by the following equations [11]:  

𝑀𝐴𝑃𝐸 =
1
𝑛

𝑓) − 𝑦)
𝑦)

*

)LA

	×100% (16) 

𝑅𝑀𝑆𝐸 = 	
1
𝑛

(𝑦) −
*

)LA

	𝑓))" (17) 

𝑅" =
(𝑓) −*

)LA 	𝑦)"

(𝑦) −*
)LA 	𝑦)"

 (18) 

where 𝑛 is the number of dataset involved in the analysis; 𝑦) 
is the actual value to be estimated; 𝑦 is the mean value of 𝑦); and 
𝑓)	is the forecasted value.  

MAPE determines the model accuracy, and RMSE measures 
the deviation between actual values and forecasted values [11]. 
𝑅" is the proportion of variation of the forecasted values 
generated by a model and the sample data variation.   

V. RESULTS AND DISCUSSIONS 

The proposed methods were applied to forecast PV power 
output at the Virginia Tech Advanced Research Institute (VT-
ARI) building in Arlington, Virginia. In this study, the 
forecasting approaches used were as follows:  

• SVR based on RB function with CS (CS-RB); 

• SVR based on RB function with DE (DE-RB);  

• SVR based on linear function with CS (CS-Linear); 

• SVR based on linear function with DE (DE-Linear); and 

• BPNN model 

𝑙𝑒𝑣𝑦~𝜇 = 𝑡 VAV� 				, (0 ≤ 𝛽 ≤ 2) (15) 
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To conduct this study, both of the BPNN and SVR based 
kernel functions were implemented employing MATLAB 
R2017a and LIBSVM tools [30]. In the parameter selection 
process, input data were firstly normalized to minimize the 
numerical difficulties during searching the parameters. After 
that, CS and DE algorithms were applied to determine the best 
parameters of the SVR models. These parameters are 𝐶	𝑎𝑛𝑑	𝛾 
for RB function and 𝐶 for linear function. During the algorithms, 
these parameters were evolved and their values were generated 
until the smallest testing MAPE values (Eq.16), which is the 
objective function in this study, were attained. These values 
became the optimal SVR parameters. Table I summarizes the 
optimal values of parameters 𝐶	𝑎𝑛𝑑	𝛾 for this dataset with SVR 
based on RB and linear functions. 

TABLE I. MODELS PARAMETERS FOR SVR MODELS WITH CS AND DE  
(𝜀 = 0.001) 

 𝐂 𝛄 
CS-RB 10000 0.143478 
DE-RB 9945.612 0.143491 
CS-Linear 1404.951 - 
DE-Linear 1427.759 - 

BPNN Number of hidden Layers=1, hidden nodes=12 
number of iterations=1000 

 

A multilayer perceptron (MLP) was selected for the BPNN 
model with the back propagation algorithm, while the 
Levenberg-Marquardt method was selected as the training 
function. By experimenting different configurations with MLP, 
one input layer, one output layer and one hidden layer are used 
since they provided the most accurate model performance. In 
this study, twelve neurons (nodes) were created for the hidden 
layer while the input and the output data were the same as those 
used in SVR models. Table I also summarizes the BPNN model 
configuration.  

The SVR models with the optimal parameters and BPNN 
with the selected number of layers were then used to predict the 
PV power output. The performance of the proposed models was 
evaluated to determine how close the predicted data track the 
measured data. For this purpose, the output of the testing models 
was examined based on Mean Absolute Percentage Error 
(𝑀𝐴𝑃𝐸), Root Mean Squared Error (𝑅𝑀𝑆𝐸) and Goodness of 
Fit (𝑅").  Table II compares the performance indices of SVR and 
BPNN models.  

TABLE II. PERFORMANCE INDICES OF THE TESTING DATASET  

 MAPE 
(%) 

RMSE 
(kW) 

𝐑𝟐 

CS-RB 8.67 0.137 0.9908827 
DE-RB 8.68 0.137 0.9908823 
BPNN 9.93 0.141 0.9904398 
CS-Linear 17.65 0.235 0.973418 
DE-Linear 17.65 0.235 0.973417 

 

MAPE is expressed in percentage of the relative error 
between actual and forecasted values, while 𝑅𝑀𝑆𝐸 is expressed 
in kW value.  For example, the SVR radial basis with CS has 
RMSE of 0.137kW (or 2.7% of 5.04 kW the peak power of the 
testing set).  The results indicate that the proposed two SVR 

models with RB function have the best performance compared 
to BPNN model and the two SVR models with linear function.  

According to Table I, the SVR with RB, the two optimization 
algorithms, CS and DE, almost have the same performance in 
selecting the optimal SVR parameters. In term of forecasting 
with the chosen parameters (Table II), SVR with RB displays 
satisfactory performance.   For the SVR with CS-RB and DE-
RB models, MAPE is around 8.67%, which is the smallest 
MAPE among all forecasting models.  

BPNN, on the other hand, has a better performance than the 
two SVR models with linear function and promising 
performance compared to RB models with MAPE of 9.93%.  

Both CA and DE algorithms have almost the same 
performance with linear function; however, linear models 
performed the worst due to their limited capacity in dealing with 
nonlinearity in input data.       

For better visualization of SVR models and BPNN model, 
measured PV output power is plotted against the predicted 
values, as shown in Fig. 8-10. These figures confirm that SVR 
models with RB perform the best in predicting the PV output 
power at the study site. BPNN shows also acceptable prediction 
accuracy in a way that can compete with the RB based SVR 
models. 

 
Fig. 8. Measured vs forecasted PV output using RB based SVR models with 
CS (top) and DE (bottom). 
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Fig. 9. Measured vs forecasted PV output using SVR Linear Basis Models with 
CS (top) and DE (bottom). 

 
Fig. 10. Measured vs forecasted PV output using BPNN model. 

Finally, for further visualization, Fig. 11 shows a 
comparative forecasting of PV power output by all models 
examined in this study for twenty days during October 6th-26th. 
Furthermore, Fig. 12 and Fig.13 exhibit the forecasting results 
on October 10th (high power output) and on November 22nd (low 
power output), respectively. From these figures, the radial basis 
SVR based kernel function models show the ability to track the 
actual PV power profile. 

 
Fig. 11. Forecasting results of different models.  

 
Fig. 12. Forecasting results on October 10th. 

 
Fig. 13. Forecasting results on November 22nd. 
 

VI. CONCLUSION 

 In this paper, SVR with radial basis and linear kernel 
functions models were examined to predict the PV output power 
of the rooftop PV unit at the Virginia Tech Advanced Research 
Institute (VT-ARI). The penalty factor (𝐶)	and kernel parameter 
(𝛾)	of the SVR models with radial and linear functions were 
optimized using Cuckoo Search (CS) and differential evolution 
(DE) algorithms. Back propagation neural network was used 
also for comparison. Six input variables, including month, day, 
hour, global solar radiation, temperature and wind speed, were 
used as inputs to the models for predicting PV output power. The 
efficiency of all selected models was evaluated using Mean 
Absolute Percentage Error (𝑀𝐴𝑃𝐸), Root Mean Squared Error 
(𝑅𝑀𝑆𝐸) and Goodness of Fit (𝑅").  

Results indicate that the SVR with radial basis outperforms 
other models in forecasting PV power output at the tested site. 
CS and DE algorithms almost have the same performance and 
both result in high accuracy models which prove their ability to 
select SVR parameters. Furthermore, the BPNN model exhibits 
a good performance that can compare with the SVR radial basis 
models.  
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