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Abstract

The liberalization of the electricity market has increased the interest of suppliers and customers in the
development of models that produce accurate forecasts of electricity consumption. Accurate forecasts
can support the decision-making of suppliers in determining the price to be charged in each customer’s
electricity supply contract. This dissertation aims to develop models that adequately describe the
behaviour of the electricity consumption of SMEs from different sectors of activity, and that can be used
to produce accurate medium-term forecasts. To achieve this goal, we compared the predictive capacity
of models developed by three modelling techniques, namely Artificial Neural Networks, Multiple Linear
Regression and Grey Model, in the forecast of the electricity consumption of two Portuguese SMEs.
Based on the results obtained, we conclude that the models based on Neural Networks presented the most
accurate predictive capacity, compared to the models developed by the other two applied techniques.
Keywords: SME, electricity consumption, Artificial Neural Network, Grey Model, Multiple Regression

1. Introduction

The liberalization of the electricity market was in-
troduced in Portugal at the beginning of the new
millennium, allowing the abolition of the regulated
tariffs, the entry of new suppliers (free competi-
tion), more competitive prices and an increase in
consumer choice. This process was implemented
gradually between 2000 and 2013. Currently, in
the “free” market, the electricity sales price is cal-
culated on the basis of the market value, unlike
the regulated market where the price was fixed
by the ERSE (Energy Services Regulatory Author-
ity). This amendment allowed customers to enter
into electricity supply contracts at more compet-
itive prices. However, the liberalization has not
only brought new opportunities for suppliers and
customers, but also challenges and risks, such as
the fluctuating electricity prices and uncertain cus-
tomer demand. To minimize these challenges and
improve decision-making, suppliers and customers
need to be supported by models that produce accu-
rate forecasts of electricity consumption. In elec-
tricity supply contracts, suppliers charge usually
fixed prices to their customers, which depend on
the risk associated with the pattern and volume of
each customer’s electricity consumption. Suppliers
use customer electricity consumption forecasts to
determine an appropriate risk premium. The cus-
tomer also need to understand the risk of their con-
sumption pattern, in order to avoid the high penal-
ties resulting from the under- or over-contracting

of electricity [3]. This dissertation aims to develop
models that adequately describe the behaviour of
the electricity consumption of SMEs from different
sectors of activity, and that can be used to produce
accurate medium-term forecasts. The expression
medium-term indicates the forecast horizon of the
models, covering a few weeks to a year [3]. Through
the forecast of the electricity consumption with dif-
ferent measurement periods, we present two per-
spectives of analysis of the consumption pattern of
the SMEs, a detailed analysis with the observations
measured in periods of 15-minute and a global one
with the observations measured in daily periods.

Although the electricity consumption forecast is
widely explored in the literature, the great majority
of the studies analyzed the consumption of countries
or regions, which motivated the forecast of the con-
sumption of SMEs in this thesis. A similar study
to that proposed in this thesis is presented in the
book [3], where the author defined the objective
of developing a flexible stochastic model to fore-
cast the electricity demand of SMEs from various
business sectors. To reach the proposed objective,
the author analyzed the predictive capacity of the
models developed by a hybrid solution, which com-
bines two modelling techniques, namely Multiple
Linear Regression and ARIMA. The study cited dif-
fers from this thesis in the number of applied tech-
niques and the periodicity of the observations used
(measured in hourly periods). In this thesis, we
used observations of the electricity consumption of
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SMEs, measured in periods of 15-minute and daily.

In the last years, several studies have analyzed
the predictive capacity of models developed by
modelling techniques with different characteristics
(linear and nonlinear), in the forecast of the electric-
ity consumption of different case studies, e.g. indus-
trial sector of Iran [2], China [5], Greece [7], South
Korea [10] and India [13]. The studies cited differ
from this thesis in the number of applied techniques
(Artificial Neural Networks and Multiple Linear Re-
gression), used annual observations, and did not use
the electricity consumption of SMEs as a case study.
The modelling of time series with observations mea-
sured in short periods, as explored in this study
(15-minute and daily), confers a set of challenges
that do not appear in annual observations, such as
the presence of multiple seasonality (daily, weekly
and yearly), which interfere in the development of a
model with an accurate predictive capacity. There
are also factors that have a negative impact on the
daily and weekly seasonality of the electricity con-
sumption of SMEs, which are related to the occur-
rence of atypical days, e.g. holidays or bridge days,
where the observed consumption is irrelevant. In
this thesis, the challenges listed have been solved.

2. Implementation

In this thesis, we contribute to the elaboration of
a comparative analysis of the predictive capacity
of models developed by three modelling techniques,
namely Artificial Neural Networks, Multiple Linear
Regression and Grey Model, in the forecast of the
electricity consumption of two Portuguese SMEs
from different sectors of activity, measured in pe-
riods of 15-minute and daily. Two criteria were de-
fined in the choice of the three techniques applied in
this thesis: techniques with different characteristics
(linear and nonlinear), and techniques that allow
the addition of explanatory variables. The addition
of variables in the development of the models al-
lows explaining the behaviour of the electricity con-
sumption of the SMEs. A model that adequately
describes the behaviour of the consumption of the
SME produces more accurate forecasts.

2.1. Data sample

The data used in this thesis were provided by two
Portuguese SMEs from different sectors of activ-
ity (Metalworking and Glass and Ceramic), corre-
sponding to the observations of their electricity con-
sumption measured in periods of 15-minute, from
February 1 to April 30, 2013 (8544 observations).
In this thesis, we do not only use observations mea-
sured in 15-minute periods, but also in daily pe-
riods. To achieve this objective, it was necessary
to aggregate the 96 daily observations to obtain a
time series with the observations of the electricity
consumption measured in daily periods (89 obser-

Table 1: Variables added in the models
Explanatory variables Role of the variables

Daily schedule - Daily seasonality

Day of the week - Weekly seasonality

Month - Annual seasonality

Previous day’s

consumption

- Pattern of consumption

of atypical days

Indicator of

atypical days

- Pattern of consumption

of the day after an

atypical day

vations). As a training set, used in the development
of the models, the observations from the period be-
tween February 1 and April 16, 2013, were consid-
ered. The remaining two weeks (April 17 to 30)
were used as a test set to analyze the predictive
capacity of the developed models.

Through a careful analysis of the data sample, we
identified the absence of observations of the elec-
tricity consumption of atypical days. To respond to
this challenge, the different 15-minute periods of the
atypical days (96 daily periods) were filled with the
lowest value of the data sample. In this way, we do
not influence the consumption pattern of the SMEs
and the models will be able to deal with atypical
days, since the lowest value should not differ sig-
nificantly from the consumption observed in these
days, due to the absence of production.

2.2. Information added in the models

The models developed by the three modelling tech-
niques applied in this thesis, added the informa-
tion regarding the daily schedule (exclusive for the
electricity consumption measured in 15-minute pe-
riods), day of the week, month, previous day’s con-
sumption and an indicator of atypical days as ex-
planatory variables. Table 1 shows the role of each
variable to explain the behaviour of the electricity
consumption of the SMEs.

2.3. Artificial Neural Network (ANN)

The Artificial Neural Networks have the ability to
model complex functional relationships, linear or
nonlinear, between the electricity consumption of
the SMEs and the input variables (explanatory vari-
ables), which made this modelling technique an ex-
tremely attractive solution to implement in this the-
sis [12]. This ability represents an advantage com-
pared to the techniques, Multiple Linear Regres-
sion and Grey Model, which assume that the re-
lationship between the variables is linear. In gen-
eral, a neural network is typically composed of sev-
eral layers of neurons (input, hidden, and output
layers) [12]. In the input layer are added the in-
put variables, which explain the behaviour of the
electricity consumption of the SMEs. Between the
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input and output layers, one or more, hidden lay-
ers are defined. The proper determination of the
number of hidden layers and neurons in each hid-
den layer is an extremely important task, since it is
these neurons that model the, linear or nonlinear,
relationship between the electricity consumption of
the SMEs and the input variables. Finally, in the
output layer the values forecasted by the model are
obtained. In the following subsections, we present
the main tasks implemented in each phase of devel-
opment of the models based on Neural Network.

2.3.1 Definition of the architecture

The choice of the optimal architecture that allows
the neural network to adequately model the be-
haviour of the electricity consumption of the SMEs
is not a trivial task. This choice involves determin-
ing the number of input variables, hidden layers,
and the number of neurons in each hidden layer.
In this thesis, we analyzed the predictive capacity
of models based on Artificial Neural Networks with
several architectures: hidden layers (1 to 4 layers),
number of neurons in each hidden layer (4 or 8 neu-
rons) and different combinations of input variables.
Based on the available data, the following input
variables were added in the implementation of the
neural networks: daily schedule, day of the week,
month, previous day’s consumption, and an indica-
tor of atypical days. The annual seasonality was
covered by the monthly indicator (1,...,12), weekly
seasonality by the indicator of the days of the week
(1,...,7) and the daily seasonality by the indicator
of the daily consumption schedule (1,...,96). There
are also factors that have a negative impact on the
daily and weekly seasonality of the electricity con-
sumption of the SMEs, which are related to the oc-
currence of atypical days, where the registered con-
sumption is only residual. To identify these days, a
dummy variable was added in the development of
the models. The day after an atypical day an abnor-
mal consumption pattern was identified, due to the
absence of relevant consumption in the period from
00h00 to 07h00. This challenge was minimized with
the addition of the previous day’s consumption (ob-
servations measured daily) as input variable. The
consumption of the previous day also gives indica-
tions on the trend of consumption.

Before starting the training of the neural net-
works, we normalized the input data within a uni-
form range of 0 to 1. This task allowed to avoid
that the variables with a large scale of values were
favoured in the training process [12]. Another rea-
son inherent in data normalization is related to the
choice of activation functions, where the data en-
tered in the network must have the same range
of values of the activation function [1]. Activation

functions are used for limiting the amplitude of the
output of a neuron [12]. In this thesis, nonlinear ac-
tivation functions (sigmoid) were used in the hidden
layers. This approach allowed the neural networks
to model the nonlinear relationships between the
electricity consumption of the SMEs and each in-
put variable. The sigmoid functions produce values
in a range between 0 and 1 [12]. A linear func-
tion was used in the output layer. This approach
allowed the developed model to produce forecasts
outside the range of values of the training data.

2.3.2 Training strategies

After the definition of the architecture of the neu-
ral networks, the next step was the selection of the
training algorithm and convergence criterion. In the
modelling of the behaviour of the electricity con-
sumption measured in daily periods, we configured
the neural networks with two training algorithms,
namely Backpropagation and Resilient Backprop-
agation, in order to determine the algorithm that
developed the model that presented the most ac-
curate predictive capacity. In the electricity con-
sumption measured in periods of 15-minute, the
neural networks were only configured with Resilient
Backpropagation algorithm. The disadvantage of
the backpropagation algorithm, a slow convergence
time, restricted its application in the modelling of
the behaviour of the consumption measured in peri-
ods of 15-minute, given the relevant amount of data
used in the training of the neural networks [9].

In this thesis, we used as a criterion to interrupt
the training process of the neural networks, when
the average square error between the target out-
puts (observations of the training set) and the val-
ues forecasted by the model does not improve sig-
nificantly between two iterations. In the modelling
of the behaviour of the electricity consumption of
the SMEs, measured in periods of 15 minute, two
percentage values were defined to control the im-
provement threshold that should be observed in the
average square error between iterations, 5 % and 10
%. In the consumption measured in daily periods,
the values of 1% and 10%. Through the definition of
two different percentage values, we can understand
if a longer training time, as a result of the defini-
tion of a smaller convergence criterion (1% or 5%),
provided an improvement in the predictive capacity
of the models, or affected the capacity of general-
ization of the model, due to the excess of training.

2.4. Multiple Linear Regression (MLR)
The modelling technique, Multiple Linear Regres-
sion, was applied in this thesis to model the linear
relationship between the electricity consumption of
the SMEs and a set of explanatory variables. The
explanatory variables were used to explain the be-
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haviour of the electricity consumption of the SMEs.
The proposed model to forecast the electricity con-
sumption of the SMEs, measured in daily periods,
is expressed in the following equation:

Y =

6∑
j=1

(βjXj) + β7X7 +

9∑
k=8

(βkXk) + β10X10 (1)

where, Y is the forecasted consumption; the
dummy variables X1, ..., X6 are the indicators for
the day of the week; X7 is the indicator of atypical
days; X8, ..., X9 are the indicators for the the month
(February to April), X10 are the previous day’s con-
sumption; and β1...β3 the model parameters.

In this thesis we used a mathematical technique,
called Fourier Series, to model the seasonality of
the electricity consumption of the SMEs measured
in 15-minute periods. According to the Fourier the-
orem, any periodic function can be represented as
a linear combination of sines and cosines [6]. The
Fourier series were configured with the following pa-
rameters: T = 672, which corresponds to the period
(amplitude of the seasonal cycle of the electricity
consumption) and N=336 the number of Fourier
terms (this value should not be greater than the pe-
riod/2) [8]. The greater the number of terms in the
series, the more precise will be the approximation to
the periodic function [4]. The estimated coefficients
(sine and cosine) of each Fourier term were added
in the models developed by Multiple Linear Regres-
sion as explanatory variables, in order to model the
multiple seasonal (daily, weekly and annual) of the
electricity consumption of the SMEs.

The proposed model to forecast the electricity
consumption of the SMEs, measured in 15-minute
periods, is expressed in the following equation:

Y = β1X1 + β2X2 +

338∑
s=3

(βsXs) +

674∑
c=339

(βcXc) (2)

where, Y is the forecasted consumption; X1 the
indicator of atypical days; X2 the previous day’s
consumption; X3, ..., X338 are the Fourier coeffi-
cients (sines), X339, ..., X674 the Fourier coefficients
(cosines); and β1...β674 the model parameters.

2.5. Grey Model (GM)
The absence of studies that analyze the predictive
capacity of models developed by the Grey Model
technique, in the forecast of electricity consumption
measured in reduced periods, motivated its applica-
tion in this thesis. Compared with the most com-
mon techniques, e.g. Artificial Neural Networks and
Multiple Linear Regression, the Grey Model have
the advantage of requiring only a limited amount
of observations to model the behaviour of the con-
sumption of SMEs [8]. In this thesis, we contribute

with an analysis to the predictive capacity of models
developed by three Grey Model techniques, namely
GM(1,1), Fourier GM(1,1) and GM(1,N). Figure 1
illustrates the flowchart that defines the main tasks
elaborated in the development of a model based on
each Grey Model technique: GM(1,1) (dashed lines
in green), Fourier GM(1,1) (dashed lines in red) and
GM (1,N) (dashed lines in blue). In the following
subsections, the motivations that led to the appli-
cation of the three Grey Models are discussed.

Figure 1: Tasks elaborated at each stage of develop-
ment of a model based on each Grey Model applied in
this thesis, GM(1,1), Fourier GM(1,1) and GM(1,N).

2.5.1 GM(1,1)

The modelling technique GM(1,1), pronounced as
”Grey Model First Order One Variable”, was the
first Grey Model applied in this thesis. This tech-
nique presents as an advantage the computational
efficiency, allowing the development of models in
a short time [8]. However, it was applied to ana-
lyze the predictive capacity of the developed mod-
els, relegating to a second plane the computational
burden, whose exploration goes beyond the scope of
this thesis. Figure 1 shows a flowchart illustrating
the three steps (dashed lines in green) adopted in
the development of a model based on GM(1,1).

In the first step, to smooth the randomness of
the data, the training set (observations of the elec-
tricity consumption of the SME) was submitted to
an operator, named Accumulation Generation Op-
erator (AGO), where we obtained a new (accumula-
tive) time series of the original data. This technique
presents the argument that by smoothing the ran-
domness of the data it is possible to infer the cor-
relation between the observations. After smoothing
the randomness of the data, we developed a model
that describes the correlation between the observa-
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tions, by applying a first order differential equation.
In the last step, the forecasts produced by the model
were submitted to an operator, named Inverse Ac-
cumulating Generation Operator (IAGO), in order
to reverse the accumulative process, by subtract-
ing adjacent forecasts. The models developed by
the GM(1,1) technique were not able to represent
the seasonality of the electricity consumption of the
SMEs.

2.5.2 Fourier GM(1,1)

In this thesis, a hybrid modelling technique, named
Fourier GM (1,1), was applied to solve the inability
of the GM(1,1) technique to represent the seasonal-
ity of the electricity consumption of the SMEs. This
hybrid technique combines the GM(1,1) technique
and the Fourier Series. The Fourier Series was used
to model the seasonality of the data.

Figure 1 shows the flowchart of the methodol-
ogy used in the development of a model based on
Fourier GM(1,1), which encompasses two stages.
The first stage corresponds to the develpoment a
model based on GM(1,1) technique, a process that
was explained in the subsection 2.5.1 and illus-
trated in the green dashed tasks in figure 1. In
the second stage, two exclusive tasks of the Fourier
GM(1,1) technique are applied to model the sea-
sonality of the data, illustrated in the red dashed
tasks. The first exclusive task involves the estima-
tion of the residual series, calculating the difference
between the observations of the training set and the
forecasted values by the model developed by the
GM(1,1) technique. In the second task, Fourier Se-
ries was used to model the seasonality of the resid-
ual series. The new values of the residual series,
obtained through the application of the Fourier Se-
ries, were added to the values forecasted by the es-
timated model, in order to represent the seasonal-
ity of the electricity consumption of the SME. The
models developed by the Fourier GM(1,1) technique
were not able to represent the consumption pattern
of an atypical day (e.g. holidays or bridge days)
and of the day after an atypical day.

2.5.3 GM(1,N)

The last Grey Model technique applied in this the-
sis, named GM(1,N), has the advantage of allow-
ing the addition of explanatory variables [11]. This
technique was applied to solve the inability of the
models developed by Fourier GM(1,1) to represent
the consumption pattern of an atypical day and
of the day after an atypical day. Figure 1 shows
a flowchart illustrating the two steps of the de-
velopment of a model based on GM(1,N): defini-
tion of the explanatory variables (dashed lines in

blue); and the application of three tasks (Accumula-
tion Generation Operator (AGO), implementation
of the model and Inverse Accumulating Generation
Operator (IAGO)) (dashed lines in green).

To explain the behaviour of the electricity con-
sumption of the SMEs, measured in periods of 15-
minute, the models added the following variables:
daily schedule (1,...,96), day of the week (1,...,7),
month (1,...,12), indicator of atypical days (dummy
variable) and the previous day’s consumption. In
the consumption measured in daily periods, five
(dummy) variables were added as indicators of the
day of the week, two variables as indicators of the
month (February to April), an indicator of atypical
days and the previous day’s consumption.

In the next step, to smooth the randomness of
the data, the training set (including the explana-
tory variables and the variable under analysis) was
submitted to the operator AGO, where we ob-
tained new (accumulative) time series of the original
data. This technique presents the argument that by
smoothing the randomness of the data it is possible
to infer the correlation between the electricity con-
sumption of the SME and the explanatory variables.
After smoothing the randomness of the data, we de-
veloped a model that describes the correlation be-
tween the electricity consumption of the SME and
the explanatory variables, by applying a first order
differential equation. In the last step, the forecasts
produced by the model were submitted to the op-
erator IAGO, in order to reverse the accumulative
process, by subtracting adjacent forecasts.

3. Evaluation Methodology

In this thesis, we analyzed the predictive capacity
of the models developed by three modelling tech-
niques (Artificial Neural Networks, Multiple Linear
Regression and Grey Model) with different values
in their parameters. This comparative analysis al-
lowed determining the technique and the parame-
ters that developed the models with the most accu-
rate predictive capacity, in the forecast of the elec-
tricity consumption of the SMEs measured in peri-
ods of 15-minute and daily. For each case study, we
analysed the predictive capability of models based
on Artificial Neural Networks with several architec-
tures and training strategies: hidden layers, num-
ber of neurons in each hidden layer, training algo-
rithms, convergence criteria and different combina-
tions of input variables. Three techniques based on
Grey Model, namely GM(1,1), Fourier GM(1,1) and
GM(1,N), were also applied to analyze the accuracy
of the forecasts produced by their developed mod-
els. Regarding the Multiple Linear Regression, we
analysed a set of candidate models, developed with
several combinations of explanatory variables.

The forecast performance measure MAPE (Mean
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Table 2: Criteria for evaluating the predictive capability of
the developed models, according to the performance measure
MAPE [14]

MAPE (%) Evaluation criteria

<10 Highly accurate forecast

10-20 Good forecast

20-50 Reasonable forecast

Absolute Percentage Error) was used to measure
the difference between the forecasted values and the
observed values. This performance measure has the
advantage of expressing the results in percentage,
which facilitates their interpretation. Table 2 shows
the criteria for evaluating the predictive capability
of the developed models, according to the perfor-
mance measure MAPE [14].

4. Results

In this section, we present the main conclusions of
the analysis of the forecasts produced in the test
period, by the models developed by the three mod-
elling techniques applied in this thesis. The models
developed by the modelling techniques, Artificial
Neural Networks, Multiple Linear Regression and
Grey Model, were applied to forecast the electricity
consumption of two Portuguese SMEs from differ-
ent sectors of activity (Metalworking and Glass and
Ceramic), measured in periods of 15-minute and
daily. Table 3 shows the results of the forecasts pro-
duced by the developed models in the test period,
according to the performance measure MAPE.

4.1. Artificial Neural Networks

In each case study, we analyzed the predictive ca-
pacity of 120 models based on Artificial Neural Net-
works with several architectures and training strate-
gies: hidden layers (1 to 4 layers), number of neu-
rons in each hidden layer (4 or 8 neurons), conver-
gence criterion (5% or 10%) and different combi-
nations of input variables. This analysis allowed
to determine the parameters added in the develop-
ment of the models that obtained the most accurate
predictive capacity, in the forecast of electricity con-
sumption measured in 15-minute periods. Based on
the analysis of the results of the forecasts produced
by the developed models, we highlight the following
conclusions:

- A longer training time, as a result of the defini-
tion of a lower value in the convergence criterion,
provided a residual improvement in the predic-
tive capacity of the models developed to forecast
the consumption measured in 15-minute periods.
The neural networks configured with a criterion
of 5% developed the models that presented the
most accurate predictive capacity, compared to
the models defined with a value of 10%. In the

SME of the metalworking industry, the models
developed with a convergence criterion of 5% pre-
sented an average error of 14.2%, and the models
configured with a value of 10% an error of 15.1%.
In the SME of the glass and ceramic, the models
developed with a criterion of 5% presented an av-
erage error of 25.3%, and the models configured
with a value of 10% an error of 27.7%;

- The models developed by the neural networks
that added the consumption of the previous day
as input variable, adequately represented the con-
sumption pattern of the day after an atypical day.
The models that added this variable presented an
average error of 14.2% in the SME of the metal-
working industry, and 25.3% in the SME of the
glass and ceramic. The predictive capacity of the
models that excluded this variable was less accu-
rate, presenting an average error of 16.8% in the
SME of the metalworking industry and 36.6% in
the SME of the glass and ceramic industry;

- A greater number of hidden layers also enabled a
substantial improvement in the predictive capac-
ity of the models. The models developed by the
neural networks that were configured with four
hidden layers exhibited the most accurate predic-
tive capacity. These models presented an average
error of 11.7% in the SME of the metalworking
industry, and 19.2% in the SME of the glass and
ceramic. The models developed by the neural
networks with only one hidden layer obtained an
average error of 38.9% in the SME of the metal-
working industry, and 34.8% in the SME of the
glass and ceramic industry;

- In the SME of the metalworking industry, the
neural network that developed the model with the
most accurate predictive capacity, presented the
following architecture and training strategy: five
input variables (indicators of the day of the week,
month, atypical days, daily schedule and the pre-
vious day’s consumption), four hidden layers, a
distribution of neurons in the hidden layers (8-
8-4-8), Resilient Backpropagation algorithm, and
a convergence criterion of 5%. The model pre-
sented an error of 9.2% in the test period, which
according to the performance measure MAPE,
the predictive capacity of the model can be clas-
sified as “accurate”. Figure 2 illustrates how the
forecasted values (shown in blue) reproduce with
fidelity the values of the test set (shown in black);

- Regarding the SME of the glass and ceramic in-
dustry, the neuronal network that developed the
model with the most accurate predictive capacity,
presented the following architecture and training
strategy: five input variables, four hidden layers,
a distribution of neurons in the hidden layers (4-
8-4-4), Resilient Backpropagation algorithm, and
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a convergence criterion of 5%. The model pre-
sented an error of 18.9% in the test period, which
according to the MAPE, the predictive capacity
of the model can be classified as “good”;

- The occurrence of an abnormally high consump-
tion on April 19 and 20 (Saturday and Sunday),
justifies the least accurate predictive capacity of
the models developed in the case study of the
SME of the glass and ceramic industry, compared
to the results presented in the case study of the
SME of the metalworking industry.

Figure 2: SME Metalworking - Forecast of electricity con-
sumption measured in 15-minute periods - ANN.

In the forecast of the electricity consumption
measured in daily periods, we analyzed the predic-
tive capacity of 240 models based on Artificial Neu-
ral Networks with several architectures and train-
ing strategies: hidden layers (1 to 4 layers), num-
ber of neurons in hidden layers (4 and 8 neurons),
convergence criteria (1% or 10%), training algo-
rithms (Backpropagation and Resilient Backprop-
agation) and different combinations of input vari-
ables. Based on the analysis of the results of the
forecasts produced by the developed models, we
highlight the following conclusions:

- A longer training time, as a result of the defini-
tion of a lower value in the convergence criterion,
provided an important improvement in the pre-
dictive capacity of the models developed to fore-
cast the consumption measured in daily periods.
The neural networks configured with a conver-
gence criterion of 1% developed the models that
presented the most accurate predictive capacity,
compared to the models defined with a value of
10%. In the SME of the metalworking industry,
the models developed with a criterion of 1% pre-
sented an average error of 7.4%, and the models
configured with a value of 10% an error of 16.8%.
In the SME of the glass and ceramic, the models
developed with a criterion of 1% presented an av-
erage error of 16.8%, and the models configured
with a value of 10% an error of 41.8%;

- The models developed by the neural networks
that added the consumption of the previous day
as input variable, adequately represented the con-

sumption pattern of the day after an atypical day.
The models that added this variable presented an
average error of 7.4% in the SME of the metal-
working industry, and 16.8% in the SME of the
glass and ceramic. The predictive capacity of the
models that excluded this variable was less accu-
rate, presenting an average error of 11.9% in the
SME of the metalworking industry and 31.6% in
the SME of the glass and ceramic industry;

- The neural networks trained by the Resilient
Backpropagation algorithm developed the most
accurate models, in comparison with the models
developed with the Backpropagation algorithm.
In the case study of SME of the metalworking in-
dustry, the models developed by the neural net-
works trained by the Resilient Backpropagation
algorithm presented an average error of 7.4%, and
16.8% in the SME of the glass and ceramic. Er-
rors significantly lower than the obtained by the
models developed by the neural networks trained
by the Backpropagation algorithm, which pre-
sented an average error of 15.4% in the SME
of the metalworking industry, and 27.7% in the
SME of the glass and ceramic industry;

- A greater number of hidden layers also enabled a
substantial improvement in the predictive capac-
ity of the models. The neural networks configured
with four hidden layers developed the models that
exhibited the most accurate predictive capacity.
These models presented an average error of 5.6%
in the SME of the metalworking industry, and
12.1% in the SME of the glass and ceramic. Re-
garding the models developed by the neural net-
works with only one hidden layer obtained an av-
erage error of 11.8% in the SME of the metal-
working industry, and 26.9% in the SME of the
glass and ceramic industry;

Figure 3: SME Metalworking industry - Forecast of elec-
tricity consumption measured in daily periods - ANN.

- In the SME of the metalworking industry, the
neuronal network that developed the model with
the most accurate predictive capacity, presented
the following architecture and training strategy:
four input neurons (indicators of the day of the
week, month, atypical days and previous day’s
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consumption), four hidden layers, a distribution
of neurons in hidden layers (8-4-8-4), Resilient
Backpropagation algorithm, and a convergence
criterion of 1%. The model presented an error
of 4.2% in the test period, which according to
the performance measure MAPE, the predictive
capacity of the model can be classified as “ac-
curate”. Figure 3 illustrates how the forecasted
values (shown in blue) reproduce with fidelity the
values of the test set (shown black);

- Regarding the SME of the glass and ceramic in-
dustry, the neuronal network that developed the
model with the most accurate predictive capacity,
presented the following architecture and training
strategy: four input neurons, four hidden lay-
ers, a distribution of neurons in hidden layers (8-
4-4-4), Resilient Backpropagation algorithm and
a convergence criterion of 1%. The model pre-
sented an error of 10.6% in the test period, which
according to the measure MAPE, the predictive
capacity of the model can be classified as “good”.

4.2. Multiple Linear Regression

In the modelling technique, Multiple Linear Regres-
sion, we analyzed the predictive capacity of four
candidate models with different combinations of ex-
planatory variables (Fourier coefficients, atypical
days indicator and previous day consumption), in
order to identify the variables added in the develop-
ment of the model that produced the most accurate
forecasts of the consumption measured in 15-minute
periods. Based on the results of the forecasts pro-
duced by the four candidate models in the test pe-
riod, we highlight the following conclusions:

- In the forecast of the electricity consumption
measured in 15-minute periods, the predictive ca-
pacity of the models developed by Multiple Lin-
ear Regression was imprecise, as a consequence
of the addition of the Fourier coefficients as ex-
planatory variable. Even with the addition of
a dummy variable to identify atypical days, the
Fourier coefficients represented the atypical days
as ”normal days”, which promoted a significant
increase in the error of the models;

- Through the analysis of figure 4 we verified that
there is a significant difference between the fore-
casted values on April 25 to 27 and the values
of the test set. The models developed by Mul-
tiple Linear Regression proved to be unable to
model the consumption pattern of atypical days
(e.g. holidays or brige days) and of the day after
an atypical day;

- In the case study of the SME of the metalwork-
ing industry, the candidate model that presented
the ”least imprecise” predictive capacity, added
as explanatory variables the Fourier coefficients

and the indicator of atypical days. This model
showed an error of 87.8% in the test period;

- Regarding the SME of the glass and ceramic in-
dustry, the model that presented the lowest er-
ror, 265.2%, added as explanatory variables the
Fourier coefficients, indicator of atypical days and
the previous day’s consumption.

Figure 4: SME Metalworking - Forecast of electricity con-
sumption measured in 15-minute periods - MLR.

In the forecast of the electricity consumption
measured in daily periods, we analyzed the predic-
tive capacity of six candidate models developed by
Multiple Linear Regression, with different combi-
nations of explanatory variables. Based on the re-
sults of the forecasts produced by the six candidate
models in the test period, we highlight the following
conclusions:

- In both case studies, the models that exhibited
the most accurate predictive capacity added the
following explanatory variables: day of the week
and atypical days. A similar consumption pat-
tern in the months of February to April, justifies
the low relevance of the variables used to identify
the months in the explanation of the consump-
tion behaviour of the SMEs. The Multiple Linear
Regression was not able to model the nonlinear
relationship between the electricity consumption
of the SMEs and the previous day consumption;

- In the SME of the metalworking industry, the
model that added the variables that identify the
days of the week and atypical days, showed an ac-
curate predictive capacity, with an error of 8.3%
in test period. A more significant error, 12.3%,
was presented by the model that added all ex-
planatory variables.

- In the SME of the glass and ceramic industry,
the difference between the models is even more
pronounced. The model that added the variables
that identify the day of the week and atypical
days presented an error of 27.9%, while the model
that added all explanatory variables presented an
error of 42.9%;

- Figure 5 illustrates how the forecasted values by
the model that added the variables that identify
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the day of the week and atypical days (shown in
blue), reproduce quite satisfactorily the values of
the test period (shown in black);

Figure 5: SME Metalworking - Forecast of electricity con-
sumption, measured in daily periods - MLR.

- The models developed by Multiple Linear Regres-
sion showed a predictive capacity slightly lower
than the models based on Artificial Neural Net-
works, in the forecast of the electricity consump-
tion of the SMEs measured in the daily periods.
We associate the less accurate results with the
inability of the Multiple Linear Regression to re-
produce the consumption pattern of the day after
an atypical day, as shown in Figure 5 on April 27.

4.3. Grey Model
Finally, we analyze the predictive capacity of the
models developed by the three Grey Models tech-
niques applied in thesis, namely GM(1,1), Fourier
GM(1,1) and GM(1,N). Based on the analysis of the
results of the forecasts produced by the developed
models, we highlight the following conclusions:

- The models developed by the GM(1,1) technique
revealed an inability to represent the seasonality
of the electricity consumption of the SMEs, mea-
sured in periods of 15-minute and daily. Figure
6 shows an important discrepancy between the
forecasted values (shown in red) and the values
of the test set (shown in black);

Figure 6: SME Metalworking - Forecast of electricity con-
sumption measured in 15-minute periods - GM(1,1) and
Fourier GM(1,1).

- The inability of the models developed by the
Fourier GM(1,1) technique to represent the con-
sumption pattern of atypical days and of the day

after an atypical days, justifies the low predic-
tive capacity of the models. In figure 6 we ob-
serve a significant difference between the fore-
casted values (shown in blue) and the values ob-
served (shown in black) on April 25, 26 (holiday
and bridge day) and April 27 (day after an atyp-
ical day);

- In the forecast of the consumption measured in
periods of 15-minute, the addition of explanatory
variables in the development of the models based
on GM(1,N) technique did not allow to obtain a
satisfactory predictive capacity. The definition of
non-binary values in the variables (daily schedule,
day of the week and month) may be related to the
inability to model the behaviour of the electric-
ity consumption of the SMEs. Figure 7 shows
an important discrepancy between the forecasted
values (shown in red) and the values of the test
set (shown in black);

Figure 7: SME Metalworking - Forecast of electricity con-
sumption measured in 15-minute periods - GM(1,N).

- In the forecast of the consumption measured in
daily periods, we obtained a significant improve-
ment in the predictive capacity of the models
based on GM(1,N), compared to the models de-
veloped by the other two Grey Models tecniques
applied in this thesis. This improvement is re-
lated to the addition of explanatory variables in
the development of the models. However, the
high errors observed in the test period discour-
age their application to forecast the electricity
consumption of SMEs, measured in daily periods;

Figure 8: SME Metalworking - Forecast of electricity con-
sumption, measured in daily periods - GM(1,N).
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Table 3: Results of the forecasts produced by the models
developed by the three modelling techniques, according to
the performance measure MAPE (test period).

Mod.

technique

SME

Metalworking

SME Glass

and Ceramic

15min. daily 15min. daily

ANN 9.2% 4.2% 18.9% 10.6%

MLR 87.7% 8.3% 265.2% 27.9%

GM(1,1) 192.0% 220.5% 499.2% 540.8%

F-GM(1,1) 144.8% 148.3% 519.8% 537.9%

GM(1,N) 271.3% 37.7% 715.7% 87.9%

- In the SME of the metalworking industry, the
model developed by the GM(1,N) technique pre-
sented an error of 37.4% in the test period, which
according to the performance measure MAPE,
the predictive capacity of the model can be classi-
fied as “reasonable”. Figure 8 shows a significant
difference between the values forecasted and the
values of the test set. In the SME of the glass
and ceramic industry, the results obtained were
inaccurate, with an error of 87.9%;

- The Grey Model techniques applied in this thesis
were not able to adequately model the behaviour
of the electricity consumption of SMEs measured
in short periods (15-min and daily). This inabil-
ity is related to the high volatility of the data.

5. Conclusions
According to the results obtained in this thesis, we
conclude that the models based on Artificial Neu-
ral Networks presented the most accurate predic-
tive capacity, compared to the models developed
by Multiple Linear Regression and Grey Model, in
the forecast of the electricity consumption of two
Portuguese SMEs from different sectors of activ-
ity, measured in periods of 15-minute and daily.
The models developed by Multiple Linear Regres-
sion showed a predictive capacity slightly lower than
the models based on Artificial Neural Networks,
in the forecast of the electricity consumption mea-
sured in the daily periods. We associate the less
accurate results with the inability of the Multi-
ple Linear Regression to reproduce the consump-
tion pattern of the day after an atypical day. In
the forecast of the electricity consumption of the
SMEs measured in 15-minute periods, the predic-
tive capacity of the model developed by Multiple
Linear Regression was imprecise, as a consequence
of the addition of the Fourier coefficients as explana-
tory variables. Even with the addition of a dummy
variable to identify atypical days, the Fourier co-
efficients represented the atypical days as “normal
days”, which promoted a significant increase in the
error obtained by the model in the test period. An-
other conclusion is the inability of the models de-

veloped by the three Grey Models applied in this
thesis, GM(1,1), Fourier GM(1,1) and GM(1,N), to
model the behaviour of the electricity consumption
of SMEs measured in short periods. This inability
is related to the high volatility of the data.

As future work, we intend to use a larger data
sample, at least one year of observations, and the
addition of economic indicators in the development
of the models, e.g. number of employees and the
production value. The addition of economic indi-
cators in the development of the models will allow
forecasting the consumption of the SMEs, according
to the values specified in these indicators.

References
[1] J. ao Abel Vieira Sousa. Aplicação de Redes Neuronais

na Previsão de Vendas para Retalho. Master’s thesis,
Faculdade de Eng. da Universidade do Porto, 2011.

[2] M. A. Azadeh and S. Sohrabkhani. Annual Electric-
ity Consumption Forecasting with Neural Network in
High Energy Consuming Industrial Sectors of Iran. In
Industrial Technology, 2006.

[3] K. Berk. Modeling and Forecasting Electricity Demand:
A Risk Management Perspective. Springer, 1st edition,
2015.

[4] J. R. Daube and D. I. Rubin. Clinical Neurophysiology,
chapter 1, page 64. Oxford University Press, 3rd edition,
2009.

[5] J. Deng. Modeling and Prediction of Chinas Electric-
ity Consumption Using Artificial Neural Network. In
International Conference on Energy and Environment
Technology, 2010.

[6] P. F. Dunn. Measurement and Data Analysis for Engi-
neering and Science, chapter 9, page 355. CRC Press,
2nd edition, 2010.

[7] L. Ekonomou. Greek long-term energy consumption
prediction using artificial neural networks. Energy,
pages 512–517, 2009.

[8] O. K. Erdal Kayacan, Baris Ulutas. Grey system
theory-based models in time series prediction. Expert
Systems with Applications, pages 1784–1789, 2009.

[9] X. Gao, A. Gaspar-Cunha, M. Koeppen, J. Wang, and
G. Schaefer. Soft Computing in Industrial Applications,
chapter 4, pages 160–164. Springer, 1st edition, 2010.

[10] Z. W. Geem and W. E. Roper. Energy demand esti-
mation of South Korea using artificial neural network.
Energy Policy, pages 4049–4054, 2009.

[11] S. Liu and Y. Lin. Grey Information, chapter 7, pages
191–235. Springer, 1st edition, 2006.

[12] A. K. Palit and D. Popovic. Computational Intelligence
in Time Series Forecasting: Theory And Engineering
Applications, chapter 3, pages 79–116. Springer, 1st

edition, 2005.

[13] S. Saravanan, S. Kannan, and C. Thangaraj. Forecast-
ing India’s Electricity Demand Using Artificial Neural
Network. In International Conference On Advances In
Engineering, Science And Management, 2012.

[14] Q. Wang, F. Xia, and X. Wang. Integration of grey
model and multiple regression model to predict energy
consumption. In International Conference on Energy
and Environment Technology, 2009.

10


	Introduction
	Implementation
	Data sample
	Information added in the models
	Artificial Neural Network (ANN)
	Definition of the architecture
	Training strategies

	Multiple Linear Regression (MLR)
	Grey Model (GM)
	GM(1,1)
	Fourier GM(1,1)
	GM(1,N)


	Evaluation Methodology
	Results
	Artificial Neural Networks
	Multiple Linear Regression
	Grey Model

	Conclusions

