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ABSTRACT 

 
The estimation of energy demand is not always straightforward or reliable, as one or several classes may fail in 

the prediction. In this study, a novel methodology of load forecasting is proposed. Three different configurations 

of Artificial Neural Networks perform a supervised classification of energy consumption data, each one providing 

an output vector of unreliable predicted data. Under the clustering method k-means, multiple patterns are 

identified, and then processed by the Gaussian Mixture Model in order to provide higher relevance to the more 

accurate predicted samples of data. The accuracy of the prediction is evaluated with the several error rate 

measurements. Finally, a mixture of the generated forecasts by the methods is performed, showing a lower error 

rate compared to the inputs predictions, therefore, a more reliable forecast. 

 

PALABRAS CLAVE: Demand Forecasting, Artificial Neural Networks, Gaussian Mixture Model, k-means, 

Support Vector Machine 

 

RESUMEN 

La estimación de demanda energética no siempre es sencilla o confiable, pues una o varias clases pueden fallar en 

la predicción. En este estudio, una nueva metodología de pronóstico de carga es propuesto. Tres diferentes 

configuraciones de Redes Neuronales Artificiales realizan una clasificación supervisada de datos de consumo de 

energía, cada una aportando un vector de salida de información de predicción poco confiable. Bajo el método de 

clustering K-Means, se identifican diferentes patrones, que son luego procesados por un Modelo de Mezcla 

Gaussiana, para proporcionar mayor relevancia a los datos predichos y acertados. La precisión de la predicción es 

evaluada con diferentes medidas de error. Finalmente, se realiza una mezcla de los pronósticos generados, 

mostrando una tasa de error más baja que las predicciones de entrada, y, por consiguiente, un pronóstico más 

confiable. 

 

KEYWORDS: Pronóstico de demanda, Redes Neuronales Artificiales, Modelo de Mezcla Gaussiana, k-means, 

Máquina de Soporte Vectorial  

 

 

1. INTRODUCTION 

In recent years, facts such as electrical power supply 

in non-interconnected areas, policies of environmental 

care, and population growth have led to the continuous 

increase of the electricity demand. Particularly, in 

Colombia, 71% of its 16.000 MW of installed capacity 

is generated by hydroelectric power plants. 2015 had a 

peak load of 10.000 MW [1]. Nevertheless, 

meteorological phenomena as El Niño have 

considerably reduced the contribution of the 

aforementioned plants by approximately 25%. This 

lack of energy has been mainly covered by thermal 

power generation (coal, gas, and liquids). In addition, 

the participation of non-conventional renewable 

energies is close to 3%, which is very small, given the 
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listed high potential for wind and solar power in 

Colombia [2]. 

Contemplating global issues as the increasing pollution 

and climate change, renewable energies have been 

penetrating in energy portfolios as a relevant power 

solution. However, they are highly volatile as they 

depend on the weather, posing problems associated 

with the dispatchable generation and the grid reliability 

in general. Accordingly, high accuracy forecast systems 

are required for planning the expansion or reduction of 

the production capacity [3], and it is evidently 

correlated to the energy price in the market. For this 

reason, electricity forecasts have become a fundamental 

input to energy companies’ decision-making 

mechanisms [4]. 

A vast collection of methods has been tested for 

electricity forecasting, both regarding demand and offer 

capacity. Some of these techniques include 

computational intelligence models, such as Artificial 

Neural Networks, Fuzzy Neural Networks and Support 

vector machines, which have taken place to solve 

problems as traditional methods (namely., statistical) 

may fail or work improperly. They combine learning 

and evolution elements to match the often-called 

nonlinear models and dynamic systems representing the 

time series to be predicted. The presented approach 

takes some of these techniques and performs a mixture 

through the Gaussian Mixture Model, to achieve better 

forecasting results.  

The rest of this paper is organized as follows: Section 

II highlights relevant works in forecasting through a 

mixture of models. Section III outlines the input data, 

the individual methods included in the next performed 

mixture process, and describes the methodology of the 

proposed approach, as well as the optimization process 

for weights tuning. Some experimental results are 

shown in Section IV. Finally, Section V gathers the 

final remarks, and Section VI some recommendations 

for future works. 

2. RELATED WORKS 

The idea of combining forecasts goes back to the late 

1960’s, with a relevant success. Nonetheless, despite its 

popularity, the combination of forecasts has not been 

discussed extensively in the context of electricity 

markets to date. In contrast, there has been much 

observed in different areas of information, especially 

Economy and meteorological sciences. Some 

interesting remarks are gathered in [4], and a mixture of 

different opinions in Multi-labeler scenarios is 

developed in [11]. 

3. PROPOSED LOAD FORECASTING 

APPROACH 

Hourly electricity consumption information is stored in 

an N-sized vector y, where N is the number of 

measurements in the time series. Three different 

forecasting methods are used to generate three 

consumption prediction vectors ŷi. These can be 

gathered into an N × 3 data matrix Ŷ such that Ŷ = [ŷ1, 
ŷ2, ŷ3]⊤. Since the objective of this work is to display 

how the mixture produces a more accurate forecasting 

approach than its individual components, these 

predictions have been tuned solely by a heuristic 

process with 80%, 70% and 60% of training, and not 

through a dedicated optimization technique.  

Table 1. Input Parameters of Classifiers. 

 𝑿 Parameters description 

 x1 Hour of the day. 24-hour format 
xr x2 Working day identifier 

 x3 Day of the week 
 x4 Load at same time the day before 
 x5 Load at the same hour in previous week 

xc x6 Local holidays identifier 
 x7 Cumulative load since previous 24 hours 

 x8 
Cumulative load since previous week (168 

hours) 

 

Where 𝑥𝑖 represents the 𝑖𝑡ℎ vector of matrix 𝑿. 

 

3.1 Input data 

The described method is a data driven model. Besides 

any given configuration, the identification of the size 

and frequency of the selected data is a crucial step for 

the proper operation of a prediction method [5]. A 

matrix 𝑿  is composed by generated input vectors 

described in Table I. In this case, as each 𝑥𝑖  array of x4 

and x8 depends on the previous 168th sample and we´ll 

define as xc, the size of 𝑿 is (N−168) × d, where d is 

the number of input vectors, with d = 8 in this respect.  

3.2 Unsupervised classification 

This type of classifications is commonly used in 

scenarios where it is required an estimation of density, 

in order to identify certain features from the data. It is 

known as clustering and it is used to find natural 

groupings in data. One method of these type is called k-

means, which seeks local rather than the global 

minimum solutions. It is considered a solution a set of 

certain conditions where the mathematical criterion is 

minimized.  
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Figure 1.  Formation on Forecasting Observations from 

input data. Adaptada de [12] 

Its simplicity and pragmatism have made it a 

prominent method in machine learning. In this study, 

this method provides support to prediction methods.  

A number of clusters 𝐾 ≥ 2,  is determined by the 

Calinski Harabasz criterion [13], which is a technique 

to identify the presence of clusters, consisting of points, 

in a multidimensional Euclidean space, and its 

applications in the considered taxonomy. For shorthand 

notation, we use: 

 

                             𝑪 = 𝐾𝑚𝑒𝑎𝑛𝑠(𝑿, 𝐾),                          (1) 
 

where C represents the clusters to be used to train the 

supervised classification model, aiming at the 

identification and positioning of centroids  q𝑗 , which 

fulfils the condition: 

 

 2 ≤ j ≤ K.                                         (2) 

 

3.3 Supervised classification 

In machine learning, Supervised Classification, is the 

most common scenario associated with regression and 

ranking problems. The classifier receives a set of 

labeled examples as training data and makes predictions 

for all the unseen and desired points. Different 

information contexts, used in different scenarios, are 

unsupervised learning, semi-supervised learning, 

transductive inference, and others [6]. 

Support Vector Machine (SVM): This technique has 

shown to be a suitable alternative to approach this 

problem, mainly due to their versatility regarding 

supervised classification. This process trains an SVM 

model to be defined as 𝑆𝑉𝑀𝑡 , with 𝐗 and 𝑪 as input 

parameters. 

 

   𝑪𝑙 = (𝐶1
𝑙  𝐶𝑗

𝑙   ⋯ 𝐶𝐾
𝑙 ) = 𝑆𝑉𝑀𝑡(�̂�

𝒍)                           (3)  

Where �̂�𝒍 ∶ [𝑥𝑟, xc𝑙] 

  �̂�𝑖
(𝒍): Where 𝑥𝑖 represents the 𝑖𝑡ℎ vector of the 

matrix �̂�𝒍.  
             𝑥𝑐𝒍: Depends on each observation, see Table 

1 

             𝐂𝒍  ∶ Clusters for each observation. 

 𝐶1
𝑙  ∶ Cluster for each observation centered in  

𝑞𝑗
𝑙    

 

Artificial Neural Network (ANN): It is defined as 

information processing systems which have common 

specific characteristics associated with biological 

networks, in order to achieve more robust performance 

[7]. They have been successfully applied in multiple 

different fields, and particularly in nonlinear regression 

models and forecasting [8]. 

 

A Multilayer Perceptron, or MLP model, is 

configured with a Layer of d input vectors, a layer M of 

output neurons, and one or more hidden layers, which 

is described in Figure 1. Under this structure, the 

connections between neurons feed forwards invariably. 

Generally, a sigmoid function is used in the neurons of 

the hidden layer, to provide the capability of learning 

potential nonlinear functions to the network. The MLP 

training is considered a supervised technique, and can 

be developed using the Levenberg-Marquardt back 

propagation; the classical gradient descent algorithm, or 

nonlinear optimization algorithm, in order to accelerate 

the convergence speed of weights [9]. 

 

 

Figure 2. Multilayer Perceptron in Artificial Neural 

Network 
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The used model in this work is an MLP model with 

one hidden layer, implementing sigmoidal activation 

functions in the hidden layer, which was configured 

with twenty neurons, with a single output neuron. The 

training method used in this approach was the 

Levenberg-Marquardt backpropagation. 

3.4 Proposed Load Forecasting Approach  

1) Prediction parameters setting: 

Matrix 𝐐 is generated by a set of Gaussian distributions 

centered in 𝑞𝑗
(𝒍)

, formed by clusters belonging to 𝑪𝑙, as 

described in Section 3.3. 

               𝐐 =

(

 
 

𝑞1
(1)

𝑞1
(2)

q2
(1)

q2
(2)

⋯ q1
(L)

⋯ q2
(L)

⋮ ⋮

qK
(1)

qK
(2)

⋱ ⋮

⋯ qK
(L)
)

 
 
               (4)    

The proposed model is limited by the following 

restriction, which guarantees the existence of at least 

one cluster found in equation 1: 

 

      𝑝(𝑸) = ∑∑𝑞k
(𝑙)

𝐿

𝑙=1

𝑲

𝑘=1

= 1.              (5) 

 

2) Forecasting model: The Gaussian Expectation 

Maximization Clustering (GEMC) is part of the 

Density-Based Clustering (DBC) methods, and has as 

an objective function the linear combination of 

Gaussian distributions centered on the centroids of each 

group. The respective membership functions of each 

element are:  

𝑚𝐺𝐸𝑀𝑀(𝑞𝑗
(𝑙) 𝑥𝑖

(𝑙)⁄ ) =
𝑝(�̂�𝑖

(𝑙) 𝑞𝑗
(𝑙)⁄ )𝑝(𝑞𝑗

(𝑙))

𝑝(�̂�𝑖
(𝑙))

(6) 

Notice that the membership function is a probability 

value, thus Bayes’ rule can be applied to its estimation. 

Considering 𝑝(�̂�𝑖
(𝒍)) as the probability of occurrence of 

an event �̂�𝑖
(𝒍)

, q, is mathematically described as follows: 

𝜂(𝑙)(�̂�𝑖
(𝑙)) = 𝑝(�̂�𝑖

(𝑙)) =∑𝑝(�̂�𝑖
(𝑙) 𝑞𝑗

(𝑙)⁄ )𝑝(𝑞𝑗
(𝑙))

𝑘

𝑗=1

 (7) 

 

In this approach, 𝜂(𝑙)(�̂�𝑖
(𝒍))  is used to represent the 

weight for each event 𝑥𝑖
(𝒍)

, corresponding to each 

predictor �̂�(𝑙)(�̂�𝑖
(𝒍)) . The term 𝑝(�̂�𝑖

(𝒍) 𝑞𝑗
(𝒍)⁄ )  is the 

probability of occurrence of an event �̂�𝑖
(𝒍)

 given a 

gaussian distribution, centered in centroid of 𝑞𝑗
(𝒍)

j. 

The probability a priori of a group 𝑝(𝑞𝑗
(𝒍)) , whose 

centroid is 𝑞𝑗
(𝒍)

, is depicted as:  

 

𝑝(�̂�𝑖
(𝒍) 𝑞𝑗

(𝒍)⁄ ) =

1

det (∑𝑗
(𝑙)
)

1
2

(2𝜋)−𝑑 2⁄ 𝑒
−
1
2
(𝑥𝑖
(𝒍)
−µ) (∑𝑗

(𝑙)−1
)(𝑥𝑖

(𝒍)
−µ)

⊤

(8) 

 

where µ is the arithmetic mean of cluster centered in 

𝑞𝑗
(𝒍)

; the term denotes the argument matrix determinant. 

is the dimension; Σ represents the covariance matrix, 

and det(·) denotes the argument matrix determinant.  

 

ŷF(�̂�) = ∑𝜂(𝑙)(𝑿𝒍)

𝐿

𝑙=1

∙ ŷ(𝑙)(𝑿𝒍) (9) 

 
Finally, each performed prediction is affected 

directly by the weights provided by the proposed 

method, as depicted in Equation 9, obtaining ŷF(𝑿) as 

final result. 
 

4. RESULTS AND DISCUSSION 

4.1 Test Database 

The effectiveness of the introduced method is applied 

to two different data sets, represented by vectors y1 and 

y2. The first series belongs to the hourly energy 

consumption of a medium size hospital, with N = 2256. 

The second and larger data set belongs to a big local 

supermarket with N = 6166. These were furnished from 

the local energy company database, and are express in 

Kilowatts-hour (kWh), accumulated hourly. 

4.2 Performance measures 

To evaluate the efficiency of the method, several 

measures of accuracy applied to univariate time series 

data are analyzed. Let yt denote the observation at time 

t, and ŷt denote the forecast of yt. Then the forecast error 

is defined as et = yt−ŷt. The most widely used measure 

of fit in the field of time series forecasting is the Mean 

Absolute Percentage Error (MAPE), shown in equation 

8. To support the results of the presented technique, 

several others measures of fit were evaluated, such as 

the scale-dependent Mean Square Error (MSE) and 

Root Mean Square Error (RMSE) in equations 6 and 7, 

described broadly in [10]. Finally, standard deviation, 
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symbolized by σ, is evaluated as well as a measurement 

of data concentration. 

𝑀𝑆𝐸 =
∑ (𝑒𝑡

2)𝑁
𝑡=1

𝑁
 (10) 

 

𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸 (11) 

 

𝑀𝐴𝑃𝐸 =
∑ |

𝑒𝑡
𝑦𝑡
| ∗ 100𝑁

𝑡=1

𝑁
 (12)

 

 

4.3 Experimental results 

The forecasting accuracy in terms of the 

aforementioned measurements is shown in Table 2 and 

Table 3. There is an overall reduction of the error rates 

among the observations. The proposed method, 

highlighted in yellow, shows a slight, but important, 

improvement in the classification. A result comparison 

is depicted in Figure 3, where the MSE values of 

Dataset No. 1 are a plot in a set of histograms where the 

concentration of the data is clearly displayed. 

Associated with Table 2, the low value of σ, confirms 

the shape of the charts, where an MSE value of 1.8429 

states a remarkable result. 

 
Table 2. Comparative table. Prediction methods results 

y1 ANN 1 ANN 2 ANN 3 
G.M. 

Mixture 

MSE 2.3501 1.9262 2.3950 1.8429 
RMSE 2.5247 2.9741 3.0178 2.5644 
MAPE 26.3337 31.2309 31.6450 27.0576 

σ 4.9050 5.9298 6.0030 4.1547 

 
Table 3. Comparative table. Prediction methods results 

y2 ANN 1 ANN 2 ANN 3 
G.M. 

Mixture 

MSE 5.2845 4.2145 4.0124 2.9184 
RMSE 7.8465 5.1251  6.112 3.8512 
MAPE 32.5541 35.4488 36.0154 30.1624 

σ 4.1243 5.4429 7.4581 6.1972 

 

Analyzing the results of the applied method in Dataset 

No. 2, although the value of σ is not the lower, showing 

a greater dispersion of data, the average error of the 

resulting forecasted vector is lower than the respective 

inputs.  
 

 

Figure 3. Comparison of Error Values (MSE) between 

the ANN generated inputs and Mixture in y1. 

5. CONCLUSIONS  

This paper assesses energy consumption forecasts in 

a multiple observation of different predicting models 

scenario. It takes the example of three forecasting 

approaches derived from an Artificial Neural Network 

supervised classification and proposes a methodology 

to perform a combination of them, based on the 

Gaussian Mixture Model. This study shows the 

advantage of this procedure as it recovers the most  

accurate values of each input method, discarding the 

wrong approximations. Different methods for defining 

the ideal number of centroids for clustering may 

improve the results. 

 

It is pointed out that the production of more accurate 

power consumption forecasts could be a key factor for 

the electricity market’s industrial strategies, in order to 

implement effective controls as the Demand Response, 

or Smart Grid data managing.  

 

6. RECOMMENDATIONS AND FUTURE 

WORK 

The process of amalgamation may have a different 

number of observations as its input, coming from 

different and more statistical methods, besides ANN. In 

this paper, the observations were datasets generated 

from eight characteristic vectors with data from the 
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original dataset only. With a proper selection of input 

variables, the proposed method could be extrapolated to 

different areas as energy price and power generation, 

including features as weather information and measures 

from the market economy. 

 

Furthermore, it was observed that the time base and 

the forecasted period of time also affect the result, as 

there are long-term and short-term forecasting. 

Consequently, the input data must be evaluated along 

with the derived input vectors to establish the best 

forecasting strategy. 
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