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Forecasting electrical energy 

consumption using efficient Gaussian 

processes: A case study  

   This paper presents an application of Gaussian Processes (GPs) for forecasting electrical 
energy consumption, a case study is considered, which is the main campus of Assiut University 
located in Assiut city in the middle of Egypt. GPs are a tool that can handle uncertainties in 
prediction. The study carried out here incorporates the effect of several variables on the 
prediction process, which constitute the inputs to a GP model. We consider three significant 
factors affecting the energy consumption including weather conditions, schedules related to work 
and human activities, and occupancy. Each factor is further divided into a number of time-
dependent variables that are used as the inputs to the GP model, which infers the energy 
consumption per month. Based on historical data of these variables, the hyper parameters of the 
GP model are optimized offline and the resulted model is tested for 12-month-ahead prediction. 
In order to enhance the GP forecasting model, a nonlinear autoregressive (NAR) model based 
on neural networks is used to predict the future values of the inputs in order to use the GP model 
for prediction. Different types of the GP kernels are examined. The performance of the GP 
models with the different kernels is validated using different validation criteria and compared 
with a feed-forward neural network for predicting the electrical energy consumption. This work 
leads to the best forecasting accuracy results in mean absolute percentage error (MAPE) of about 
5 % during a whole year using GP approach. 
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1. Introduction 

      Energy consumption prediction is an important topic for energy sustainability and power 
systems operation [1]. Studying the energy consumption of a university campus, which may 
represent a small-scale city, is considered here to understand the energy consumption of 
mixed-use buildings with various activities and purposes. Recently, several related studies 
have been carried out for academic campus buildings, e.g., [2], [3-5]. Load demand 
prediction is an important indicator for future plans, especially those related to buildings 
extension. However, the uncertainty is a key issue in most decisions. Several techniques have 
been considered in the literature for energy forecasting including, e.g., clustering [6], genetic 
algorithms [7], and autoregressive moving average [8]. Two main approaches can be 
distinguished for electric load forecasting. The first one uses directly the past load demand 
data for predicting future values and the second approach integrates exogenous variables that 
can affect the energy consumption into the forecasting process. The first approach has been 
considered in [9-13], it depends on time series data regardless the impacts of the real 
exogenous variables on the energy consumption patterns. Identifying such variables is a 
challenging task; however it could be used to improve building energy performance as a 
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consequence for forecasting the energy consumption. On the other hand, the second approach 
mentioned above has been considered in [14] and [15], where seven variables affecting the 
forecasting process were considered (e.g. the industrial sales value, average temperature, and 
relative humidity, etc.). The forecasting accuracy in [14], for predicting monthly electrical 
consumption, was of 3.9% in terms of mean absolute percentage error (MAPE), whereas, 
[15] achieved a forecasting accuracy of 6.43% MAPE.  
    This work adopts the second approach to forecast monthly electrical energy consumption 
due to a set of exogenous variables at Assiut University main campus located in Assiut city, 
Egypt. The proposed forecasting system is shown in Fig. 1, the exogenous (inputs) variables 
include information related to weather condition, human occupancy and schedules of 
activities. In order to perform the forecasting for the electrical energy consumption, a 
nonlinear autoregressive (NAR) model is used to predict the future values of these variables. 
We use here Gaussian process (GP) to predict the electrical energy consumption of Assiut 
University main campus. The forecasting process is carried out using 84 input/output samples 
representing 84 months. Each data sample consists of 11 exogenous variables (inputs) 
affecting the electrical consumption (output). The first 72 samples are used for optimizing 
the hyper parameters of the GP model by maximizing its marginal likelihood. The last 12 
samples are used for testing. The input variables, considered in this work, consist of the 
average monthly temperature, relative humidity, solar irradiance, conference days schedule, 
working days, number of admitted patients at the university hospitals, students, university 
staff members, residents, employee, and hospitals' staff occupancies per month.  
The GP model is a non-parametric model, which identifies the relationship between the 
energy consumption and the input variables. GPs can deal with small number of data points 
using supervised machine learning techniques [16], which can provide full probabilistic 
predictive distributions of the uncertainty estimations in terms of the mean and covariance 
functions [17], [18].  

 
Fig. 1. Input/output block diagram of the forecasting system, the exogenous input variables include average 

maximum temperature, relative humidity (%), mean solar irradiance, working days, conferences days, students 

occupancy, university staff members occupancy, residents occupancy, employees occupancy, occupancy of 

patients at the university hospitals, and hospitals' staff occupancy 

 

    To validate the mean prediction, we use the MAPE and the root mean square error (RMSE) 
criteria, while, the uncertainty levels are evaluated using the prediction interval coverage 
probability (PICP) and the prediction interval average width (PIAW) [19]. Moreover, we 
consider different kernels (covariance functions) [16] of the GP and the best kernel 
performance is compared with a neural network model [20]. Predicting the future values of 
the exogenous variables, which should be available as inputs for the GP predictor, is 
performed with a NAR neural network based time series prediction.  
    A preliminary study has been considered in [21]. However, the probabilistic predictive 
distribution of the uncertainty estimations based on the GPs was not analyzed. That is very 
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important for analyzing the GP results. Furthermore, a simple linear autoregressive model 
was used to estimate the exogenous variables of the GP model, which cannot achieve accurate 
predictions for these variables. The GP results were compared with the forecasting results 
using traditional multiple linear regression. 
    The main contributions of this work are: 

1) Introducing a new approach for forecasting electrical energy consumption by 
incorporating various exogenous variables which affect energy consumption, and 
modeling the predictor accordingly. 

2) Using GPs tool based machine learning for forecasting electrical energy 
consumption.  

3) The application on Assiut University main campus based on real data sets.  
    The paper is organized as follows, after the introduction, section 2 provides a brief 
overview of GP. Section 3 presents a background on neural network models.  Section 4 
describes the case study. Section 5 applies the proposed forecasting methodology. Section 6 
discusses the results. Section 7 gives the conclusion. 

2. Gaussian process overview 

      Gaussian process is a kernel machine probabilistic model based efficient methods of 
supervised machine learning. The probabilistic kernel machine adopts the distribution of a 
prior probability [22] to generate a predictive distribution in terms mean and covariance 
functions, see Fig. 2. 

 
 

Fig. 2. GP model schematic diagram [23] 

 
The estimation procedure can be performed by assuming the general form of a linear 
regression expressed as: � = ������� + ������� + ⋯ +    �����                                                                            �1� 

where a1, a2,…, am are the coefficients of the regression model, ϕ (.) is a basis function, y is 
the output, x is the input vector and m is the number of coefficients. The prior of the regression 
coefficients is Gaussian distribution with zero mean and covariance �∑ �� as follows:    ���� = � �0, � � ��                                                                                                                      �2� 

where a is the coefficients vector, I is an m x m identity matrix. The prior of the GP model 
based on (2) is given as follows [16], [24]:  ��~ ������, ���, � ��� = ��0, ���, ����                                                                                    �3� 

where m(x) is the mean function that is often assumed to be zero, k(x, x') is the covariance or 
kernel function between two inputs x and x'. 
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Thus, assuming n training points with known inputs xn for known outputs yn, the joint 
distribution of the training outputs �! and the test outputs �∗ according to the prior is [25]    #�!�∗$ ~ � %0, & ' '∗('∗ '∗∗)*                                                                                                                  �4� 

 where y* is the test output for a test input x* to be predicted; K, K*, and K** are given, 
respectively, as follows:   

' = ,����, �������, ���⋮���!, ���     ����, �������, ���⋮���!, ���     ……⋱…     ����, �!�����, �!�⋮���!, �!�0,                                                                            �5� 

'∗ = 2���∗, ��� ���∗, ���     … ���∗, �!�3,                                                              �6� '∗∗ = ���∗, �∗�.                                                                                                �7� 

By conditioning the joint Gaussian prior distribution in (4) on the observed data, we obtain 
the predictive (posterior) distribution as �∗⃒�!, �! , �∗~���∗888, 9�:��∗��,                                                                �8� 

its mean and covariance functions, respectively, [22], [26] are given by: �∗888 = '∗'<��!,                                                                                                                                  �9� 9�:��∗� = '∗∗ − '∗'<�'∗( .                                                                                                       �10� 

 
Therefore, the GP produces different outputs for the same inputs according to the 
predetermined kernel function. 

2.1 GP model evaluation 

The predictive distribution interval of the GP model is assessed with respect to the mean and 
variance. The mean is evaluated in terms of the MAPE [27]: ?@�A�%� = 1C � D�EFGHEI �J� − �KLMNOFGMN �J��EFGHEI �J� P!

JQ� ∗ 100 �%�                                                                           �11� 
 
where, �EFGHEI �J� is the actual value of sample k, �KLMNOFGMN �J� is the forecasted mean value 
of that sample, and n is the total number of processed samples, we consider also the RMSE 
[27], which is given by 

R?SA = T1C ∗ ���EFGHEI �J� − �KLMNOFGMN �J���!
JQ�                                                                       �12� 

    Low values of MAPE and RMSE indicate better forecasting accuracy. 
    The variance is evaluated in terms of the PICP and PIAW given as follows [19]: ��U� = 1C � VJ

!
JQ�                                                                                                                               �13� 
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where, n is the total number of processed samples, VJ is indicator = 1 if the actual value is 
located inside the confidence level interval and 0 otherwise. 

��@W = 1C � XJ − YJ�EFGHEI �J�
!

JQ�                                                                                                                �14� 

where, XJ and YJ are the upper and lower boundaries, respectively, of the variance at a sample �. 
    PICP describes the probability of the actual observed values located inside the forecasting 
confidence interval. Thus, large values of PICP indicates more reliable forecasting model.  
    PIAW describes the width of the forecasting confidence interval. Small values of PIAW 
indicates better forecasting model for making decision [28]. 

3. Neural network models 

    Neural network is a non-linear model that can identify linear and non-linear mathematical 
functions [29]. In this work, we use a feed-forward neural network model for comparison 
with the proposed GP models and we use NAR neural network models for predicting the 
future values of the exogenous variables to the GP predictor. In the following, we review 
briefly these neural network models. 

3.1 Feed-forward neural network  

    Feed-forward neural networks are commonly considered in forecasting studies [30]. Feed-
forward neural network consists of elements, called neurons, which are connected together 
representing a layer. A neural network consists of one input layer, several hidden layers, and 
one output layer. The basic representation of a feed-forward neural network is shown in Fig. 
3. The weighted inputs with a proper bias are summed together and subjected to a suitable 
activation function F (.) as follows 

�1 

 

 
�2 

 

 
�3 

 

 �C  

Z1 

 

 
Z2 

 

 
Z3 

 

 ZC   

Fig. 3. The basic feed-forward neural network representation 
 � = [�∑ ZJ�J + \]�^!JQ� �                                                                                                         �15�  

Adjusting the weights of the neural network is performed mostly with the back-propagation 
algorithm [30]. The backward propagation of the error between the predicted and desired 
outputs is used to adjust the weights accordingly by solving a nonlinear optimization 
problem, see [20], [31] for more details. 

3.2 NAR neural network 

The NAR neural network method is a powerful tool for forecasting the time series of variables 
with nonlinear characteristics [32]. Therefore, it is used for forecasting the exogenous 
variables time series that are the inputs to the GP model in the current work. In this method 
next time step ahead can be predicted using the past values as follows 
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_�`� = [ %� _�` − ]�!
OQ� *,                                                                                                         �16� 

where, F is a nonlinear function, the value of X(t) is the output of the NAR model and depends 
on its regressed n previous values as shown in Fig. 4. 

∑ 

∑ 

∑ 

∑ 

 z-1 

 z-1 

 z-n 

 

Fig. 4. Structure of NAR neural network [32] 

4. The case study: Assiut University main campus 

4.1 Description of the case study 

   The case study considered for this work is the main campus of Assiut University located in 
Assiut city, Egypt. The main campus of Assiut University contains 13 faculties, 6 university 
hospitals, 5 Sportive facilities, administrative buildings, residences, 2 schools, a 
governmental bank, and other commercial buildings, which may represent a small-scale city, 
with a total buildings' area of 400000 m2 [21]. The load capacity of the distribution 
transformers of Assiut University is 57.8 MVA. The distribution of the electrical capacities 
depends on the activities of the buildings. The electrical capacities of the educational and 
medical buildings have the highest amount of the total capacity with 37.9% and 31.1%, 
respectively. Table 1 shows the transformer capacities based on the buildings' functions 
relative to the area of the total buildings. It shows that the highest electrical capacity density 
is for the hospitals' buildings followed by administrative buildings. 
Table 1 Transformer capacities relative to the areas of the buildings. 

 Activity Area (m2) Capacity (kVA) Capacity/Area (VA/m2) 

1 Educational buildings 211758 21900 100 

2 Medical buildings 54018 18000 330 

3 Sportive facilities 47314 4000 80 

4 Residences buildings 51930 5000 90 

5 Commercial buildings 9176 200 20 

6 Administrative buildings 36400 7000 190 

4.2 Data description 

      There are various variables affect the energy consumption in Assiut University main 
campus. According to the available data, they can be classified into three types: weather 
condition, human occupancy, and schedule activities data.  The data of the electrical energy 
consumption per month are available for seven academic years, from 2009/2010 to 
2015/2016, with maximum consumption of 4907 MWh in July-2013 and minimum 
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consumption of 2000 MWh in March-2011. The academic year in Egypt begins at September 
and ends in August. 

.4.2.1 Weather data 

    In order to demonstrate the input features of the weather effect, many previous researches 
[33-35] have shown that outdoor temperature, relative humidity, and solar irradiance are the 
most three parameters that affect the energy consumption. Thus, the monthly mean 
temperatures, solar irradiance, and relative humidity are collected for the seven academic 
years.  

4.2.2 Human occupancy data 

   It is necessary to depict the effects of human occupancy that may be changed regularly 
according to its location. It includes the numbers of students, university members' staff, 
residents, employees, hospitals' staff, and hospitals' patients. These data are also collected for 
the seven academic years. 

4.2.3 Schedule activities data 

   These are related to the work schedule days, which are based on six working days for the 
first six academic years and five working days for the seventh academic year. The Egyptian 
official holidays are taken into account. We consider also the monthly total conferences days 
that are held at the university. 

5. Forecasting methodology  

    In this paper, a GP with 5 different kernels, is used as a forecasting model to match the 
effect of its inputs (the exogenous variables) on the electrical energy consumption. The best 
kernel performance result is compared with that of a feed-forward neural network model. On 
the other hand, in order to predict the future values of the exogenous variables, a NAR neural 
network based time series prediction model is identified.  

5.1 The GP model  

   The proposed methodology is developed using Matlab software [36] considering two cases: 
The first case verifies the GP model using the actual future inputs (exogenous variables 
values) as shown in Fig. 5 (a). The second case verifies the GP model using the predicted 
future inputs as shown in Fig. 5 (b). 

 
 
 

 
(a) 
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(b) 

Fig. 5. The proposed GP methodology for the monthly energy prediction 

 

    The historical data from the first six academic years (72 months) has been used to optimize 
the kernel hyper parameters (training) of the GP models, which are used to forecast the 
monthly electrical energy consumption of the seventh academic year (12 months) given the 
actual exogenous input variables. The monthly electrical energy consumption of the seventh 
academic year has been also forecasted based on the predicted exogenous variables. The GP 
model is fed with the training data, the inputs and the outputs, to identify the GP model, i.e., 
to determine the kernel parameters. Then, the GP model, with the optimized hyper 
parameters, is used for forecasting. At this point, the GP model shall be able to provide a set 
of monthly predictions for the next academic year. Five GP models have been tested using 
the exponential, squared exponential, matern 3/2, matern 5/2, and rational quadratic kernels 
[16]. The five kernels are given in Table 2. 

5.2 The neural network model  

    In this study, Levenberg-Marquardt back-propagation approach [37] is used to train a feed-
forward neural network using supervised learning. The training and testing data sets are 
applied as presented in Section 5.1. The constructed neural network composes of input layer 
with 11 neurons, hidden layer with 10 neurons, and output layer with single neuron as shown 
in Fig. 6, where it turns out that the hidden layer with 10 neurons provides the best results. 
The “tansig” function [38], suitable function for smooth prediction in the current case, is used 
as the activation or transfer function that determines the output of the hidden and output 
layers. 

 

Fig. 6. Constructed neural network block diagram using the Matlab neural network toolbox 

 

    The training data sets are used to train the neural network by initially random weights and 
internal thresholds. Then, the network manipulates all  training  data  repeatedly and adjusts 
the weights  after  each  iteration  by comparing  the  network  predicted output  with  the 
actual output until converging  to  the  acceptable  error  level.   
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5.3 Exogenous variables prediction using NAR models 

    The NAR neural networks are adopted to estimate the future values of the 11 exogenous 
variables that represent the inputs to the forecasting model. The NAR model used here cannot 
provide prediction with uncertainties; however, this is acceptable for the current setup as the 
GP cannot handle inputs with uncertainty, see [39] for more details. The historical data sets 
of the exogenous variables during 6 preceding academic years (72 months) are used to predict 
the exogenous variables of the subsequent year (the 12 months of the 7th academic year). The 
NAR model is trained for several iterations until it achieves the minimum error level in terms 
of the MAPE. The exogenous variables are categorized to monthly variables and annual 
variables. The monthly variables include temperature, relative humidity, solar irradiance, 
working days, conferences days, and hospitals' patients. The annual variables include the 
numbers of students, university members' staff, residents, employees, and hospitals' staff. 
Thus, the methodology has some specific aspects as follows: 
- The objective is to predict the exogenous variables for one subsequent year.  
- The size of the series is 72 observations for the monthly variables and 6 observations for 

the annual variables. 
- For the monthly variables, the network is used for 12 step ahead predictions with 12 

delays, where the experimental results provides the lowest MAPE with 12 delays. 
- For the annual variables, the network is used for single step ahead predictions with 4 

delays, where the experimental results provides the lowest MAPE with 4 delays. 
- The iterated training stop when achieving the minimum MAPE. 
    In both cases, the NAR model composes of a hidden layer with 10 neurons, and an output 
layer with single neuron as shown in Fig. 7 and Fig. 8. The “tansig” function is used as the 
activation function of the hidden layer and the “purelin” function [40] is used as the activation 
function in the output layer. 
 

  
Fig. 7. Constructed NAR neural network for monthly 

variables 

Fig. 8. Constructed NAR neural network for annual 

variables 

 

Table 2 GP kernels representation [16]. 
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 Kernel function Kernel representation  

1. Exponential 

���O , �a� = bc�exp %− :bI* (17) 

where, : = g��O − �a�h��O − �a� (18) 

2. Squared Exponential ���O , �a� = bc�exp &− 12 ��O − �a�h��O − �a�bI� i (19) 

3. Matern 3/2 ���O , �a� = bc� D1 + √3 :bI P k�l D− √3 :bI P (20) 

4. Matern 5/2 ���O , �a� = bc� D1 + √5 :bI + 5:�3bI�P k�l D− √5 :bI P (21) 

5. Rational Quadratic ���O , �a� = bc� D1 + :�2mbI�P<n
 (22) 

Where; bI is the characteristic length scale, bc is the signal standard deviation, : is the distance between �O and �a 
in Euclidean space, and m is a positive-valued scale-mixture parameter. 

6. Results and discussion 

    In this section, we apply the forecasting methodology proposed in Section 5 onto the case 
study considered in this work, i.e., predicting the electrical energy consumption in the main 
campus of Assiut University, and we demonstrate and discuss the obtained results. The 
forecasting results, using the GP models, are analyzed based on both the actual and the 
predicted values of the exogenous inputs. The performance of the GP models is validated 
using 4 criteria include the MAPE, RMSE, PICP, and PIAW for investigating the efficiency 
of the proposed probabilistic forecasting method. The electrical energy consumption 
prediction processes incorporating 7 years (first 6 years for regression or training and the 7th 
year for prediction) are presented through Fig. 9 to Fig. 12 that represents the energy 
consumption in MWh for each month. The GP model prediction with the actual exogenous 
variables is shown in Fig. 9 and Table 3 summaries the results. Figure 9.a demonstrates that 
the GP model with the exponential kernel can provide the best regression and prediction 
among the other kernels. The shaded regions, in terms of a 95% confidence region shown in 
the figures, indicates the uncertainty of the prediction. The GP with the exponential kernel 
still can lead to the lowest possible uncertainty. All these uncertainty intervals are assessed 
based on the PICP and PIAW values as shown in Table 3.      
    In conclusion, all kernels can follow well the actual energy consumption. The exponential 
kernel provides the best mean forecast results, during both the GP regression and prediction, 
in terms of the lowest MAPE and lowest RMSE. It also gives the most suitable prediction 
interval in terms of PICP (biggest) and PIAW (smallest) values during the GP regression 
among the other kernels, and it provides an acceptable prediction interval during the GP 
prediction, see Table 3. 
    The performance of the exponential kernel is then compared with the performance of the 
developed neural network model as shown in Fig. 10 and Table 4. Note that the neural 
network is assessed based on only the MAPE and the RMSE criteria because it does not 
provide the predictive distribution as the GP model.  
    Table 5 presents the best time series prediction result for each individual exogenous 
variable in terms of the MAPE. It is observed that, the highest MAPE values are provided by 
the conference days and the hospitals patients occupancy due to their random variations. The 
other variables, including average monthly temperature, relative humidity, solar irradiance, 
working days, students, university staff members, residents, employee, and hospitals' staff 
occupancies, have low MAPE due to their moderately variations and the capability of 
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controlling some variables such students, university staff members, residents, employee, and 
hospitals' staff occupancies. The results, in case of using the predicted exogenous variables, 
are shown in Fig. 11 and Table 6. Based on the exponential kernel, all the actual values still 
within the prediction interval. The exponential kernel still outperforms the neural network 
model as shown in Fig. 12 and Table 7.   

 
(a) 

 
(b) 
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(c) 

 
(d) 

 
(e) 
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Fig. 9. Forecasting results, considering actual exogenous variables as inputs, under 95% confidence interval during 

training and testing the GP model with: (a) exponential kernel, (b) squared exponential kernel, (c) matern 3/2 

kernel, (d) matern 5/2 kernel, and (e) rational quadratic kernel 

 

 

 
Fig. 10. Forecasting results, considering actual exogenous variables as inputs, of exponential kernel with 95% 

confidence interval versus neural network model 
 

 

Table 3 Forecasting results, considering actual exogenous variables as inputs, evaluation  

Kernel function 

During the GP regression During the GP prediction 

Mean Forecast evaluation Prediction interval evaluation Mean Forecast evaluation 
Prediction interval 

evaluation 

MAPE (%) RMSE (MWh) PICP PIAW MAPE (%) RMSE (MWh) PICP PIAW 

Exponential 2.6 107.1695 1 0.3569 4.9 214.4412 1 0.6607 

Squared exponential 9.5 372.921 0.9722 0.5381 8.0 362.1307 1 0.6145 

Matern 3/2 8.8 349.7823 0.9722 0.5361 7.0 327.2415 1 0.6315 

Matern 5/2 9.3 368.0686 0.9722 0.5387 7.9 357.8995 1 0.6216 

Rational quadratic 9.5 372.921 0.9722 0.5381 8.0 362.1306 1 0.6145 

 

Table 4 Forecasting results, considering actual exogenous variables as inputs, of exponential kernel versus neural 

network model evaluation  

Kernel function 

During the GP regression During the GP prediction 

Mean Forecast evaluation 
Prediction interval 

evaluation 
Mean Forecast evaluation 

Prediction interval 

evaluation 

MAPE (%) RMSE (MWh) PICP PIAW MAPE (%) RMSE (MWh) PICP PIAW 

Exponential 2.6 107.1695 1 0.3569 4.9 214.4412 1 0.6607 

Neural network model 7.0 296.5753 – – 8.6 398.4132 – – 
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Table 5  The best time series prediction performance for each exogenous variable 

No. Exogenous variable MAPE % 

1 Average maximum temperature 4.95 

2 Relative humidity 6.17 
3 Mean solar irradiance 6.08 

4 Working days 7.53 

5 Conference days 39.34 

6 Students occupancy 0.12 

7 Staff occupancy 0.12 
8 Residents occupancy 0.09 

9 University’s employees occupancy 0.02 

10 Hospitals’ patients occupancy 14.64 
11 Hospitals’ employees occupancy 0.30 

 

Table 6 Forecasting results, considering predicted exogenous variables as inputs, evaluation  

Kernel 

function 

During the GP regression During the GP prediction 

Mean Forecast 
evaluation 

Prediction 
interval 

evaluation 

Mean Forecast 
evaluation 

Prediction interval 
evaluation 

MAPE 
(%) 

RMSE 
(MWh) 

PICP PIAW 
MAPE 

(%) 
RMSE 
(MWh) 

PICP PIAW 

Exponential 2.6 107.1695 1 0.3569 4.7 210.9056 1 0.6113 
Squared 

exponential 
9.5 372.921 0.9722 0.5381 8.5 359.112 1 0.5702 

Matern 3/2 8.8 349.7823 0.9722 0.5361 7.8 327.9007 1 0.5831 

Matern 5/2 9.3 368.0686 0.9722 0.5387 8.5 354.1958 1 0.5758 
Rational 
quadratic 

9.5 372.921 0.9722 0.5381 8.5 359.1119 1 0.5702 

 

Table 7 Forecasting results, considering predicted exogenous variables as inputs, of exponential kernel 
versus neural network model evaluation  

Kernel 

function 

During the GP regression During the GP prediction 

Mean Forecast 
evaluation 

Prediction 
interval 

evaluation 

Mean Forecast 
evaluation 

Prediction 
interval 

evaluation 
MAPE 

(%) 
RMSE 
(MWh) 

PICP PIAW 
MAPE 

(%) 
RMSE 
(MWh) 

PICP PIAW 

Exponential 2.6 107.1695 1 0.3569 4.7 210.9056 1 0.6113 
Neural 

network 
model 

7.0 296.5753 – – 7.9 386.8779 – – 
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(a) 

 
(b) 

 
(c) 
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(d) 

 
(e) 

 Fig. 11. Forecasting results, considering predicted exogenous variables as inputs, under 95% confidence interval 

during training and testing the GP model with: (a) exponential kernel, (b) squared exponential kernel, (c) matern 

3/2 kernel, (d) matern 5/2 kernel, and (e) rational quadratic kernel 
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Fig. 12. Forecasting results, considering predicted exogenous variables as inputs, of exponential kernel with 95% 

confidence interval versus neural network model 

 

   Next, we summarize our analysis: 
- The results demonstrate the dependence of the forecasting performance on the selected 

kernel for the GP model. 
- According to Fig. 9.b to Fig. 9.e and Fig. 11.b to Fig. 11.e, the GP regression of all 

kernels except the exponential kernel shows two actual points outside the prediction 
interval. The 19th month (March, 2011) is below the limit of the lower boundary. The 
47th month (July, 2013) exceeds the boundary of the upper limit. 

- The GP regression based on the exponential kernel shows the widest prediction interval 
at the 4th month (December, 2009). While, the narrowest width is shown at the 57th 
month (May, 2014). This indicates strong data fluctuations in December, 2009 
compared to May, 2014, see Fig. 9.a and Fig. 11.a.  

- As shown in Fig. 10 and Fig. 12, the neural network is assessed based on only the MAPE 
and the RMSE criteria because it does not provide the predictive distribution as the 
exponential kernel based GP model and that is the superiority reason of the GP 
approach. 

- All the prediction intervals of the developed GP models success in covering all the 
actual (target) points during the prediction with a high probability, which is very 
important for reliable planning. 

- The prediction interval width during the GP prediction is wider than that during the GP 
regression that is due to the large variability of the relationships between the inputs and 
the output. 

- The upper boundaries of the prediction intervals can be considered as an indicator for 
planning future power supplies and rationalizing use of the electricity, while the lower 
boundaries of the prediction intervals provide optimistic indicators for planning and 
decisions making. 

7. Conclusion 

   The proposed forecasting methodology aims to match the electrical energy consumption to 
the real surrounded various exogenous variables that are characterized with random 
variations. The values of subsequent exogenous variables, that are the inputs of the 
forecasting model, are predicted through their past observations using NAR neural network 
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technique. In order to evaluate the reliability of this methodology, the energy consumption 
data are forecasted during different seasons for a several academic years. The GP and neural 
networks techniques are adopted in the forecasting process. The forecasting accuracy of the 
GP model, with 5 different kernel functions, is investigated according to its prediction 
interval (mean forecast and variance). The mean forecast is evaluated in terms of MAPE and 
RMSE. The variance is evaluated in terms of PICP and PIAW. The best kernel performance, 
the exponential kernel, is compared with the neural network technique performance and the 
superiority of the GP is observed. The exponential kernel based GP model leads to the best 
forecasting accuracy results in MAPE of about 5 % and RMSE of about 214 MWh during a 
whole year. The developed GP forecasting model depicts successfully the forecasting value 
probability and the uncertainty level, thus supports reliable planning and decisions making 
for power system operation.   
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