
Electrical Energy Consumption Forecast  
Using Support Vector Machines 

Eugénia Vinagre1, Tiago Pinto1, Sérgio Ramos1, Zita Vale1, Juan M. Corchado2  
1GECAD - Knowledge Engineering and Decision Support Research Center, Polytechnic of Porto, Portugal 

2 BISITE Research Centre, University of Salamanca, Salamanca, Spain 
{empvm, tmcfp, scr, zav}@isep.ipp.pt, corchado@usal.es 

 
Abstract—Smart Grid (SG) concept is defined as an electricity 

network operated intelligently to integrate the behavior and 
actions of all energy resources connected to the network to 
ensure efficient, sustainable, economic and secure supply of 
electricity. This concept emerged in recent decades not only for 
economic reasons but also ecological and even political. SG have 
been the subject of major studies and investments and continues 
to represent an area of enormous challenges. Some of the 
problems of intelligent systems connected to the managed SG 
are: the real-time processing optimization algorithms and 
demand response programs; and more accurate predictions in 
the management of production and consumption. This paper 
presents a case study for evaluating the performance and 
accuracy of energy consumption forecast with use of SVM 
(Support Vector Machines) in different frameworks. 

Keywords—Load Forecasting; Load Management, Support 
Vector Machines 

I. INTRODUCTION 
The management of energy resources is an area that has 

attracted the attention of the scientific community during the 
last decade. The increasing demand for energy caused by 
technological advance, the expected depletion of non-
renewable energy resources and policies for energy efficiency 
set by the European Union, led to relevant studies and 
investments in the energy resources management area. The 
Smart Grid (SG) [1] has emerged as a solution to the dynamics 
that new energy markets require. Some significant advances 
have been made (e.g. development of smart meters [2, 3] 
evolution of demand response programs [4, 5], etc.). 

However, some challenges are yet to be addressed, 
particularly in the area of the SG management systems. A good 
example is the need to obtain better forecasts accuracy in the 
consumption and production of energy. These two variables 
(i.e. consumption and production) are difficult to forecast and 
manage because they depend on other factors, which are also 
very difficult to forecast (e.g. atmospheric conditions, 
consumer behavior, etc.) [6-9]).  

The successful of promotion and liberalization of electricity 
markets is another operation also depend largely of the 
performance and accuracy of forecasting algorithms. No less 
important is the real-time processing of optimization 

algorithms that run based on the results of forecasts in order to 
ensure the stability of the network itself. In this scope, SG 
systems require the assessment and development of 
methodologies and algorithms for improve the results of their 
forecasts and methodologies for processing in real time. These 
algorithms also need to be improved. 

This paper addresses this problem by applying a 
methodology based on SVM for energy consumption 
forecasting. A case study is also presented to analyze the 
performance and accuracy of SVM algorithm when 
implemented in different Frameworks (i.e. Matlab and R). The 
main contribution of this work is thus, the development and 
implementation of a forecasting methodology with good 
performance and accuracy in order to contribute to one of the 
great challenges of smart grids, i.e. achieving good forecast 
quality in real time.  

After this introductory section, Section II presents the 
proposed Support Vector Machines (SVM). Section III 
presents the case study and shows the obtained results. Section 
IV presents a discussion of the main conclusions of the paper. 

II. SUPPORT VECTOT MACHINES  
Support vector machines (SVM) are a field of supervised 

machine learning methods, recently proposed by Vapnik [10-
11]. The background of this approach is a combination with 
Statistical Learning Theory and Mathematical Optimization.  
This methodology is applied in many fields, such as time series 
prediction, regression analysis, pattern recognition, etc.  This 
section reviews some of the most important issues of SVMs. 

A. SVM linears  
SVM are known for theability to handle high dimensional 

data. SVM classifies the data in two separate classes with a 
hyper-plane by maximizing the margin between them (Fig.1).  

 
Fig. 1. Separate classes with a hyper-plane  
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The closest data points to hyper-plane are known as support 
vectors. So the selected decision boundary will be the one that 
minimizes the generalization error (by maximizing the margin 
between classes). For the linearly separable case, it does so by 
minimizing the objective function shown in (1) and (2). 

     (1) 

   (2) 
  

This optimization problem is called primal formulation. 
Solving the primal problem, we obtain the optimal w. To 
correctly classify new points, we need only the support vectors. 
If we remove all training data except the support vectors the 
maximum margin hyper-plane does not change. The problem 
we want to optimize is quadratic subject to a linear constraint. 
It is also convex because any local minimum is a global 
minimum. The problems convex quadratic programming are 
convex objective functions and cam be solved easily and 
efficiently with function the Lagrange. Apply the method of 
Lagrange multipliers as shown (3),  

 (3) 

we can write the optimization problem as shown in (4) and (5). 

  (4) 

  (5) 

This optimization problem is called dual formulation. From 
it we can develop the function that defines the linear SVM (6). 

  (6) 

It is difficult to find applications whose data is linearly 
separable because of noise and outliers in the data or because 
the problem is not linear. To solve this problem, it is necessary 
to soften the margins. To solve this issue, it is allowed that 
some data may violate the restrictions of optimization 
problems, as shown in Fig.2. 

 
Fig. 2. Soft-margin  

This is done by introducing slack variables in primal e dual 
formulation, and we can rewrite the optimization problems as 
shown in (7), (8), (9) and (10). Primal formulation: 

   (7) 

  (8) 

  
where C is a regularization term that imposes a weight to 
minimize errors. Dual Formulation: 

  (9) 

 (10) 

when C is large the soft-margin is equivalent to hard-margin, 
but if it is small misclassifications in training data are admitted.  

B. SVM non-linears 
SVM can also be applied to non-linear problems (i.e. 

problems that cannot split the training data by a hyper-plane). 
You can turn any non-linear problem in linear [12]. The 
concept is to map the training data, from its original space for a 
larger space called feature space, as shown in Fig.3. 

 
Fig. 3. Map original space in feature space  

The mapping is defined by a kernel function, as in (11). 

   (11) 

The kernel function returns the inner product  
between the images of two data points  in the feature space 

. Hence, (6) can be rewritten as (12). 

  (12) 

The choice of kernel function is very important. Different 
Kernel functions will form different support vectors and 
therefore influence the results of prediction accuracy. The most 
common kernel functions are: 

� Linear: 

     (13) 

� Gaussian Radial Basis Function (RBF): 

   (14) 

 
� Polynomial: 

    (15) 

� Sigmoidal: 

   (16) 
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C. Extension and implementation of SVMs 
Because of their attractive characteristics, SVM has been 

attracting high interest in the scientific community and many 
have been the extension proposed to this algorithm. For 
example, Schölkopf proposed v-SVM [13] to solve regression 
problems. The idea is to use the v parameter to control the 
support vector number. He also proposed a strategy for solving 
learning problems unsupervised [14] with a single class (One 
Class SVM). Weston [15] proposed the calls Lave-one-out 
SVM which is based on interactive adaptation in generalizing 
margins. He also proposed the multi-kernel SVM based on a 
decomposition strategy to be possible to use multiple kernels. 

SVMs apply the principle of minimizing the structural error 
(SRM) as opposed to other methodologies aimed at minimizing 
the empirical error (ERM) (i.e. minimizing the error only in 
training do, as is the case for example of ANN). The good 
generalizability associated with the speed process, make SVM 
very attractive and candidates for excellent technique in 
solving several problems, among which we can insert 
forecasting. There are numerous studies reported in the 
literature that use the SVM as a solution to the forecast energy 
consumption [16-24]. In [16] a comparison is made between 
the use of SVMs and Artificial Neural Networks (ANNs) in 
predicting time series which concludes that the use of SVMs 
you get better results. SVM are used successfully in [17] for 
forecasting energy price markets. 

A method with two dimensional SVM is proposed in [18] 
for load forecasting. The method contains two main 
procedures, the first one is to identify the bad data and smooth 
the daily curve load, and the second is to train the smoothed 
historical load data and predict the needed future load. This 
method shows higher precision when compared with the 
traditional SVM. In [19] multivariate SVM are used for 
forecasting and conclude that is better than that by using 
simple SVM, because the factors which influence the electrical 
consumption are considered. A combination of DWT (discrete 
wavelet transform) and SVM are used for load forecasting in 
[20]. DWT is used to extract the features and the SVM is 
applied as a forecasting tool. This study concludes that the 
proposed method is more efficient compared with the results 
obtained with use of SVM and ANN without DWT. Also in 
[21] the authors propose a model for wind gusts forecast based 
on SVMs and Wavelet Analysis techniques with great success 
in forecast accuracy compared to the simple model of SVMs. 

In [22] the combination of two methods for predicting the 
medium and long-time electricity consumption is proposed. 
Co-integration method is used to analyze the data relationships 
over consumption history. SVM is used for prediction, thereby 
obtaining good results in the forecast for energy consumption. 
Photovoltaic power forecasting using WSVM (Weighted 
Supported Vector Machine), an extension of SVM mainly 
suitable for processing the data which have different influences 
to the result, is proposed in [23] with a good accuracy and 
more efficient than that use ANN. In [24] a new model which 
integrates a SVM with the reduction attributes of Rough Sets 
(RS) based on Immune Genetic Algorithm (IGA) is proposed 
to form a new load forecasting model. The model is able to 
enhance the accuracy and reduce execution time. 

III. CASE STUDY. 
This section presents a cases study with the objective of 

experimenting and validating the proposed approach. This case 
study considers the implementation of the proposed SVM 
approach in two distinct programming environments, in order 
to compare the SVM performance in the two different scopes. 
For this purpose R and Matlab have bene used.  

The used data were collected through the SCADA Office 
Intelligent Context Awareness Management (SOICAM) 
system [25]. SOICAM is a simulator for micro-grids. The 
system is implemented in real facilities in GECAD research 
center, with more than 30 researchers, located in the Institute of 
Engineering – Polytechnic of Porto (ISEP/IPP), Portugal. The 
system collects and stores the data for building energy 
consumption every 10 seconds. Full description of the system 
is presented in [25]. The dataset considered in this case study 
contains data collected in the first 4 months of 2015. 

A. Preprocessing 
The observations recorded every 10 seconds are used to 

predict the consumption for the last working day of each month 
(i.e. January, March and April 2015) and for an hour randomly 
selected. These data were cleaned and organized as training 
data as shown in Table 1: 

TABLE I. TREINING DATA FOR FORECASTING POWER CONSUMPTION  

ID 
Training Training data set description Forecasting 

JAN1 Consumptions of the last two business days of 
the same type, and same time 

Last business 
day  

of January 2015 
at 

11:00 – 12:00 

JAN2 Consumption of all business days of the 
January and of the same type, and time 

JAN3 Consumption of all business days of the last 
week of the January, and same time  

JAN4 Consumption of all business days of the 
January, and same time 

MAR1 Consumptions of the last two business days of 
the same type, and same time 

Last business 
day 

of March 2015 
at 

11:00 – 12:00 

MAR2 Consumption of all business days of the March 
and of the same type, and time 

MAR3 Consumption of all business days of the last 
week of the March, and same time  

MAR4 Consumption of all business days of the 
March, and same time 

APR1 Consumptions of the last two business days of 
the same type, and same time 

Last business 
day 

of April    2015 
at 

11:00 – 12:00 

APR2 Consumption of all business days of the April 
and of the same type, and time 

APR3 Consumption of all business days of the last 
week of the April, and same time  

APR4 Consumption of all business days of the April, 
and same time 

B. Results 
As already mentioned, choosing different kernel functions 

will form different support vectors. This has relevant effect on 
the load prediction accuracy. After extensive preliminary 
testing, the linear kernel function has been the one achieving 
the most consistent results, with the best mean results. The 
lower accuracy error in the forecast has been verified in both R 
and MatLab. The simulations results are shown in Table II. 
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TABLE II. RESULTS OF EXPERIMENTS  

ID MAPE % 

Training R Matlab 

JAN1 4,35% 22,99% 

JAN2 4,33% 15,68% 

JAN3 13,19% 22,70% 

JAN4 3,41% 11,18% 

MAR1 14,07% 70,01% 

MAR2 13,36% 44,72% 

MAR3 13,69% 13,16% 

MAR4 13,56% 8,17% 

APR1 3,16% 16,79% 

APR2 2,71% 2,87% 

APR3 5,18% 22,60% 

APR4 2,90% 1,64% 

As seen from Table II, the best results were obtained when 
used in the training data with all business days of the month 
(data sets ID Jan4, MAR4 and APR4, which show the lowest 
average MAPE forecasting error). Results show that, in both 
software, the results improve significantly when we expand the 
training set with the work days of the month. The results are 
even better when not discriminate selecting training data for 
work days of the same type. It is also visible that Matlab is 
more sensitive to the data set selected for training. 

In can also be concluded that the average error of all 
experiments is 7,8% in the case of R and 21% for Matlab. 
However, although R display more consistent results (i.e., the 
error range is between 2,7% and 14%), the best results were 
obtained by Matlab (i.e. 1,6%, using the APR4 dataset). 

The graphs of Fig. 4, Fig. 5 and Fig. 6 show the results for 
each of the months, using the training data set from JAN4, 
MAR4 and APR4. 

 
Fig. 4. Forecasting results for January 30th 2015 at 11:00 – 12:00 

 
Fig. 5. Forecasting results for March 31th at 11:00 - 12:00 

 
Fig. 6. Forecasting results for April 30th at 11:00 – 12:00 

In what concerns the performance of the software in terms 
of execution time, both software had great performance. The R 
approach recorded an average value of 19 seconds in the data 
processing and Matlab an average of near 25 seconds. 

C. Analysis of results 
Other approaches have been previously tried, using ANN, 

as presented e.g. in [25], which has used the same time series 
as the studies performed in this paper. This work has included 
extensive testing in order to obtain good accuracy in 
forecasting the building's energy consumption. The best results 
were obtained when we decided to split the forecasting process 
in 3 separate time series (i.e., HVAC forecast consumption, 
Sockets forecast and Lights forecast). In these subsets 
prediction we add external variables as input neurons (i.e. 
atmospheric factors shown to have higher influence on 
consumption of each subset). Table III shows the average 
forecasting error of the best scenarios obtained for forecasting 
consumption with ANNs and SVMs approaches. From Table 
III it is visible that the best result achieved with ANN presents 
an average error of 13%, which is more than twice the error 
achieved with the proposed SVM approach using R. Difference 
of execution time in both approaches is not significant. 

TABLE III. RESULTS OF THE ANN AND SVM METHODS   

Method SVM ANN 

Software R Matlab Matlab 

MAPE % 6,6% 7,0% 13,6% 

Time (seconds) 19 25 20 
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IV. CONCLUSIONS 
Obtaining good estimates in predicting energy consumption 

is an arduous task. The scenario proposed in this case study is 
an obvious example of this. Energy consumption has large 
variations over time. This is largely due to the constant change 
of people present in the research building, which is being 
collected the consumption data used in this case study. 

The main conclusion of this case study is that it is possible 
to obtain good energy consumption forecasts using 
methodologies such as SVM in complex scenarios as discussed 
in this paper. The achieved results are substantially better than 
those achieved in previous experiments, using the same data 
using an ANN. Thereby, the excellent characteristics of SVM 
regarding performance and ability to generalize are confirmed. 

Another conclusion we can draw from this study is related 
to the implementation software. The two tools used in this case 
study showed excellent performance. As for prediction 
precision capability, R tool showed better consistency in all 
experiments (i.e. an average error of 6,6%). Although the 
Matlab implementation is less consistent (i.e. the results are 
very dependent on the selected training data set), it has also 
showed excellent results, even better than those obtained with 
the R in experiments where we extended the training data set. 

As future work we propose to explore and experiment with 
various techniques in the pre-processing phase, particularly in 
defining the best training data set for processing of SVMs in 
order to improve consistency and accuracy of results. 
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