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Abstract — Spatial load forecasting is an indispensable study for
effectively planning and operating electric power systems.
Knowing in advance, the future consumption patterns it is
possible to plan possible investments in the transmission and
distribution grids, as well as to decide whether it will be
beneficial or not to build more power plants. In addition, the
forecast allows you to decide with certainty, which power plants
should go into operation and how much power they should
deliver to the grid. Thus, the study aims to meet the energy
needs of a particular region so it is imperative to know how,
where and when the load will growth, however estimating the
evolution of the load is not an easy task because there are several
factors that influence it. The goal of this dissertation is to
develop a methodology to estimate the long-term load in a
region under study. The first step is the division of the territory
in order to find the models that explain the consumption of
electric energy through the stepwise method of multiple linear
regression in the smaller areas of the studied region, taking into
account sociodemographic variables. Spatial load forecast is not
complete without predicting the peak load. In this work, the
predictive model of the peak power is based on the estimation
of the load factor of the smaller areas, which corresponds to the
average value of the load factor in the past years.

of this study is to answer three questions: How will the load
grow? When will the load grow? Where will the load grow?
Predicting when, where and how the load will grow is a
complex and extremely difficult study, but at the same time
stimulating because, consumption depends on several factors
such as a temporal, social, economic and environmental
factors. One of these variables is the number of inhabitants of
a region. The problem increases if the area is already
inhabited but the energy is not provided by the Electric Power
System (EPS), but by individual generators. Summarily,
study and analyse the behaviour of the load in the future is
essential to operate effectively the EPS in order to ensuring
that the supply of energy meets demand.
Figure 1 shows the verified and the predicted load profile
of the EPS on 10 December 2012. It is possible to realise that
the predicted value of load does not always correspond to the
verified load. Between 14:00 and 23:00, the predicted load
was higher than the load verified, even though specialists in
the field made it. Considering this observation, it is important
to emphasize the importance of studying different forecasting
techniques to determine which is the most accurate.

Keywords-component; Forecast; Spatial Forecast; Load;
Regression; Stepwise Regression, Load Factor, Peak Load.

I.

INTRODUCTION

It is undeniable the importance that electric energy has
today not only in the economy of each country but also in the
well-being of the population. The high dependence of electric
energy of today's society leads to studies in order to satisfy the
demand of electricity, in an uninterrupted and quality way.
Electric energy cannot be stored, so the generation of
electricity should be exactly equal to the consumption of
electricity, plus the losses at each instant. Consumption
patterns forecast is essential at the generation level because it
allows knowing in advance, which power plants should be in
service and how much power they should deliver to the grid.
In other words, the load forecasting is economically relevant
because, knowing in advance which power plants should be
in service, it is possible to minimize the cost of generation,
thus optimizing the economic dispatch. New power plants can
also be built based on a good load forecast. The spatial
component of load forecasting also allows knowing years in
advance the exact location where load will increase and thus
make decisions about possible investments in the
transmission and distribution grid. These investments can be
made in the reinforcement or expansion of the transmission
and distribution grid, for example construction of new
substations, lines or transformers. Synthetically the purpose

Figure 1 - Load Profile of Portuguese EPS on 10 December 2012 [1]

Since the last century, there has been a need to predict the
consumption of electricity due to the expensive cost of
resources and access to them. Viewed as a fundamental
problem in the energy sector, load-forecasting practices
passed through several important steps, such as the use of a
simple counting method at the beginning of the energy sector,
the technical approach with charts and tables in the
precomputed era, and the computational methods at the end
of the 20th century [2].
The main goal of this work is to develop an empirical,
intuitive and simple methodology for spatially predicting the
long-term load. In this methodology, a statistical model is
used to try to explain the consumption of electric energy. The
statistical model is adjusted by the stepwise method of
1

multiple linear regression and the independent variables
chosen are sociodemographic and have different temporal
delays associated with them. In addition to predicting the
consumption of electricity, it is necessary to predict the peak
load, commonly referred to as the peak. In this work, the peak
load is estimated after estimating the electric power
consumption using load factor estimate.
II.

a residential sector, in a substation that feeds a city, or region
of the country, to the output of power plant elevators, etc. [5].
The load profile provides information about the maximum
load which allows to draw important lessons in the size of the
equipment.
Figure 2 shows a typical daily load profile of a residential
and commercial area. The consumption is greater during the
day than at night. The load profile of an industrial zone tends
to be more constant over time.

SPATIAL LOAD FORECAST

A. Forecast
Prediction is a process that allows for forecasting and
examine future occurrences, based on past data, in parallel
with a trend study. Their study is fundamental to estimate the
future, being a tool of great importance in several means [3].
It is obvious that there are numbers that are easier to
predict than others, for example, predicting the time of sunset
will certainly be simpler than predicting the lottery draw, not
least because there are random factors associated with the
latter. According to [4], the predictability of a given event
depends on several parameters, such as:
1. How well-known are the factors that contribute to its
occurrence;
2. How much information is available;
3. In what way the forecast will interfere with the normal
outcome of what is predicted.

Figure 2 - Typical Daily Load Profile of a Residential/Commercial Area
[5]

An important quantitative information of the load profile
is the load factor. The load factor corresponds to the quotient
between the average power of the load and the maximum
power of the load, in other words this factor reflects the way
in which the consumers use the electric energy. Its value
ranges from 0 to 1, which the maximum value corresponding
to a rectangular load diagram where the energy is consumed
at maximum power for the entire time period considered. A
low value, close to zero, implies an inefficient use of the
power because the installations are sized to operate at the
maximum power of consumption.

When a load forecast is performed on a given day, we
know that we comply with the 3 points described above,
because it is a minimally stable event and usually relies on the
same information to be effectively predicted. However, when
forecasting the price of a given currency, point 3 may not be
respected because the forecast itself may interfere with its
final value.
Forecasting is no more than an essentially statistical tool
that helps you to make decisions and can work in a way that
helps strategic planning for different scenarios. For organized
and realistic planning, it is essential to estimate the future as
accurately as possible.

𝑓𝑐 =

B. Load

𝑃𝑚𝑒𝑑
𝑃𝑚𝑎𝑥

(1)

The load factor of the diagram depicted in Figure 2 is
equal to 0.76, which corresponds to a typical daily load factor
of a residential / commercial area.

By load is meant the equipment, or set of equipment that
is connected to the electric power grid (s) and which are in
operation, ie are being used to absorb/consume electrical
energy [5].

C. Importance of Load Forecast
The load forecast in the EPS is of paramount importance.
The planning and operation of the EPS requires estimating the
future consumption [5], and the advantages of knowing in
advance how the load will grow are transversal to all agents
in the electric sector value chain.

The load can be grouped into four groups, depending on
their purpose, being: motors; lighting; heating and cooling
and electronic appliances. Although the charge can be divided
into four groups, in most cases the charge is a mixture of
charges belonging to the four groups. For example, when
analysing a house as a load, it is concluded that the load of a
house has loads of the four groups. A dishwasher or laundry
is a load of the type motors, a lamp is a load of the type
lighting, a heater is considered a load of the type heating and
cooling and lastly, a television or a computer is a load of the
type electronics appliances. All these equipment can be
connected simultaneously, but since they are not connected
permanently, the load profile of a house varies over time.

At the generation level, since the electric power can not be
stored, it is important to know the amount of power that will
be required to the system so that the power plants know which
ones must be in operation in order to satisfy the load.
A correct forecast avoid mistakes that can be over forecast
or under forecast. Excessive errors imply unnecessary
additional costs, as they can lead to the connection of
generator sets that would be expendable. The errors by defects
are more serious and can lead to an insufficiency of generation
to satisfy the total load [6]. In other words, knowledge of
consumption patterns enables EPS operators to plan
effectively the regulation of generating and the start-up of
reserve groups, thereby reducing the cost of producing
electricity and, in the case of thermoelectric plants, reducing

A load diagram is a representation in a given coordinate
system of the temporal variation of the active power
consumption, 𝑃, of a given equipment or set of equipment.
This temporal variation of the active power, 𝑃, can be
registered at the terminals of a given equipment, in the feed to
a residence or industry, in a transformation station that feeds
2

the emissions of dioxide of carbon. In addition, the study of
spatial prediction of loads allows knowing where it is
necessary to invest in new power plants.

Qualitative methods, for example the Delphi method, are
based on expert judgment and are not supported by any
specific model. These methods are mostly used when
historical data is not available.

In the transmission and distribution of electrical energy,
spatial load forecasting is important to operate the grids and
analyse future investments that need to be made in the
transmission and distribution grids, either in expansion or in
improvement, since the electric energy is required to arrive to
all consumers in an uninterrupted and quality way. For this, it
is necessary to know the minimum and maximum values of
the loads in the different substations and transformation
stations in the grids, since they are necessary to make a correct
sizing of the equipment, such as transformers, lines, cables,
etc.

Quantitative methods are those that have as a great pillar
numerical information about the past and use mathematical
and statistical models, such as regressive analysis and
exponential smoothing.
According to [7] load forecasting techniques can be
grouped into three groups called Traditional Forecasting
Techniques, Modified Traditional Forecasting Techniques
and Soft Computing Techniques. Figure 3 shows some of
these techniques.

In the commercialization of electricity, load forecasting is
also important. With the supply and demand of electric power
fluctuating and prices increasing in peak situations, it is
crucial to know in advance how the load will change so that
energy marketers can deliver electricity to consumers at a
lower price.

Load Forecasting
Techniques

Traditional

It can be concluded that the load estimates are decisive,
both for the correct planning of the installation of new power
plants and expansion of the existing transmission and
distribution system, and for the allocation of existing power
stations [5]. In short, load forecasts:

Regression Methods

Multiple Linear
Regression

1. Enable the correct operation of the EPS.
2. Allow correct planning as long as the future load is well
analysed.
3. Minimize the risks. Understanding the long-term future
burden helps plan and make economically viable decisions
regarding future investments.
4. Help determine the necessary resources, such as fuels
needed to operate the power plants, as well as other resources
that are necessary to ensure uninterrupted generation and
distribution.
5. Help in the decision and planning for maintenance of
EPS. By understanding the demand for electricity, the utility
can know when to perform maintenance and ensure that it has
the least impact on consumers. For example, they may decide
to do maintenance in residential areas during the day, when
most people are at work and consumption is very low.
6. Avoid under generation or excessive generation.

Support Vector
Machines

Soft Computing

Stochastic Time Series

Expert Systems

Autoregressive Model

Fuzzy Logic

Autoregressive
Moving-Average
Model

Artificial Neural
Networks

Autoregressive
Integrated MovingAverage Model

Figure 3 - Load Forecasting Tecnhiques Classification

F. Factors Affecting Load Forecasting
Estimating the evolution of the load is not an easy task
since several factors affect the behaviour of the evolution of
the load, however the biggest problem lies in determining
which factors influence the consumption of electric energy in
the interval of time that is estimated. The factors that have the
greatest impact are classified as temporal, climacteric,
economic, sociodemographic and random factors [8]

D. Forecasting Time Horizons

The temporal factors are related to the working day,
weekends, time of day, holidays, month or season of the year
among other seasonal factors that refer to periods that have
different characteristics, such as the winter and summer
months. These factors are cyclical, as is the case on weekends,
and tend to be seasonal.

In order to operate, control and effectively plan the
Electric Power System (EPS), it is essential to carry out
forecasts at different horizons. The different time horizons are
divided into three categories based on the time interval for
estimating the load and are [6]:




Modified Traditional

Climatic factors, such as air temperature, relative
humidity, wind, rainfall, among others, also have an impact
on the load forecast [8]. Temperature is the main factor to
consider because the temperature has a strong impact on the
load. When the temperature drops people consume more
energy to maintain the same temperature with the use of air
conditioning equipment and when the temperature increases
people use energy to lower the temperature. Therefore, it is
said that there is a strong positive correlation between
temperature and load curve in the summer, while in winter the
correlation is negative.

Short-term, from one hour to one week ahead;
Medium-term, from one week to one year ahead;
Long-term, longer than one year ahead.

E. Load Forecasting Techniques
Over the last decades several load forecasting techniques
have been developed by the scientific community. The load
forecasting methods can be classified according to several
criteria, but the simplest classification depend on the approach
used, ie the type of instruments and concepts that form the
forecast. Accordingly, the methods can be qualitative or
quantitative.

The consumption of electricity in a given region is also
influenced by its economy, so economic factors must also be
taken into account when estimating the consumption of
electricity. Some economic factors that affect the load are, for
3

example, industrial development, cost of electricity, etc. The
economic growth of a given region may also affect the
estimated evolution of the load. Energy consumption is
expected to increase if the area in question became
economically stronger. An indicator of economic growth that
must be taken into account and which is widely used is the
Gross Domestic Product (GDP) [9].

In the methodology developed in this work, the selected
region is divided according to the Equipment-Oriented
method.
Collecting sociodemographic information on substation
influence areas is extremely complex, because this
information does not always exist. Usually the
sociodemographic information is divided in the
administrative areas, being districts, counties or parishes. Due
to the complexity of the collection and non-existence of
sociodemographic information on the substation influence
areas, it was decided to collect sociodemographic data from
the municipalities because it provides a spatial resolution
similar to the substation influence areas.

Finally, sociodemographic factors, which as the name
indicates are related to the population of a given region. It is
logical that if the population of a given region increases, the
electricity consumed in it will tend to be larger, so it is said
that there should be a positive correlation between population
growth and energy consumption. It is concluded, therefore,
that the demographic factors must be taken into account in the
forecast of load, being that the most used factor is the resident
population.

B. Electric Energy Consumption
1) Predictive Model
a) Structure of Predictive Model

It is also important to note that some random events that
can not be predicted can interfere with load forecasting, such
as large-scale strikes or major sports events [10].

The structure of the predictive model used is based on the
way in which the pattern of electric energy consumption
changes in relation to variations in the regression variables,
and therefore, it is assumed that the elasticities between
consumption and the regression variables do not change in
time [3], and obey the nonlinear equation represented in (2).

Table 1 - Factors Affecting Load Forecasting
Time
Horizons

Short-term

Medium-term

Long-term

Factors

Climatic
Temporal

Climatic
Sociodemographic

Economic
Sociodemographic

G. Spatial Load Behaviour

𝑘

𝑦(𝑡) = 𝐴0 ∏ 𝑥𝑗 (𝑡)𝛽𝑗

The spatial forecast of loads involves not only predicting
how the load will grow in magnitude, but also the location of
future load. The spatial analysis of the load is performed by
dividing the territory under study into several smaller areas
and predicting in each of these areas the value of the load [11].

The model proposed in (2) corresponds to a nonlinear
model and so can not be used by the Multiple Linear
Regression proposed in the previous subchapter. However,
the model can be linearized using a logarithmic
transformation that consists of applying the neperian
logarithm to both terms of the equation.

The most popular technique of division the territory is
called Grid-Based and consists of dividing the region into a
grid in smaller squared areas, while in the other method,
called Equipment-Oriented, the region is divided into smaller
area polygons with irregular shapes and sizes. Polygonal areas
are the substations services areas where the load is to be
estimated. In both methods, the data must be collected after
the division of the territory, since the data are intended to be
related to the smaller areas [11]. Figure 4 represents both
techniques of division of territory. On the left, the technique
is called Grid-Based and on the right, is called EquipmentOriented.

In this predictive model, the consumption of electric
energy in a certain year depends only on the value of the
independent variables of the same year, but there is a
possibility that the electric energy consumption depends on
the value of the independent variables of previous years. In
other words, it is possible that the values of the regression
variables only have an effect on the consumption of electricity
in subsequent years.
The delays 𝑇, or lags, are due to the inertia of the
consumers in changing their behaviours. For example, if the
regression variable 𝑥𝑗 is the number of classic houses, an
increase in the number of houses can only have an effect on
the consumption of electricity in subsequent years.
Experience shows that the delays in the response of
consumers to stimuli to change the pattern of electric energy
consumption are between 1 and 2 years. It is important to note
that independent variables with different time delays are
considered as distinct independent variables, thus having
different regression coefficients.

Figure 4 - Grid-Based vs Equipment-Oriented [11]

III.

(2)

𝑗=1

The statistical model used is described by (3), where 𝑘 is
the number of independent variables that are part of the
model.

SPATIAL LOAD FORECASTING METHODOLOGY

The contents related to the methodology for spatial
forecasting of load are explained in this chapter.
A. Area and Division of Territory

𝑘

𝑦(𝑡) = 𝐴0 ∏ 𝑥𝑗 (𝑡)𝛽𝑗 𝑥𝑗 (𝑡 − 1)𝛽𝑘+𝑗 𝑥𝑗 (𝑡 − 2)𝛽2𝑘+𝑗

The first step of this methodology is to choose the region
under the load forecasting study and to divide the territory of
that region into smaller areas.

𝑗=1
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(3)

Since the elasticities between the consumption of electric
energy and the independent variables are constant, it is
possible to say that a variation per unit of the regression
variable 𝑥𝑗 implies a variation of β𝑗 per unit in the
consumption of electric energy. That is, the regression
coefficients β𝑗 translate the elasticity of electric energy
consumption in relation to the regression variable 𝑥𝑗.

2. If any of the terms available in the model have p-values
greater than PRemove, remove the variables with the highest
p-value and return to step 1 otherwise the procedure ends.
After choosing the independent variables that are
statistically significant to explain the system response, the
values of the regression coefficients are calculated by
minimizing the sum of the squares of the residuals, that is by
the least squares method.

b) Adjust of the model through Stepwise Method,
Stepwise Regression

2) Forecast

The stepwise method is used in this methodology to
choose which independent variables most influence the
dependent variable, since there may be variables that do not
have a high degree of influence on the dependent variable,
that is, on the output of the system [12]. Thus, it is expected
that not always all variables influence the response of the
system, so the number of independent variables that make up
the system will be smaller. Finding the subset of predictive
variables involves two opposing goals. First, the model
should to be the most complete and realistic, so each variable
that is minimally related to the response variable must be
included. On the other hand, we want to include the smallest
number of possible variables since each irrelevant variable
decreases the precision of the estimated coefficients and
consequently the adjusted values. Also because the presence
of insignificant variables increases the complexity of data
collection. Thus, the stepwise method is based on two
assumptions: to achieve the balance between simplicity, with
fewer possible variables, and the fit of the model, with the
number of independent variables that are necessary.

The accuracy of the predictive models based on Multiple
Linear Regression is verified through the evaluation of its
performance. For that, the Root Mean Squared Error (RMSE)
and Mean Absolute Percentage Error (MAPE) are used.
The RMSE is characterized by being the square root of
the square mean of the difference between the forecast made
and its observed value and its expression given by (4). MAPE
represents the mean percentage of the division between the
absolute prediction error and the observed value being its
expression defined by (5).
𝑛

2

1
𝑅𝑀𝑆𝐸 = √ ∑(𝑌𝑖 − 𝑌̂𝑖 )
𝑛

(4)

1
𝑌𝑖 − 𝑌̂𝑖
∑|
|
𝑛
𝑌𝑖

(5)

𝑖=1
𝑛

𝑀𝐴𝑃𝐸 =

𝑖=1

C. Peak Load

The stepwise method is an iterative process, in which it
adds (forward) and removes variables (backward) in each
iteration from selection criteria. The most usual criteria is
based on the sum of the squares of the errors, but other types
of selection can be used, such as the coefficient of
determination, adjusted coefficient of determination, Akaike's
information criteria and lastly Bayesian information criteria.

In the previous subchapter we explained the method used
to find the predictive models of the annual municipal electric
energy consumption, but besides predicting the consumption
of electric energy it is necessary to predict spatially the peak
load.
The great difficulty is that there is no information on the
peak load of the municipalities, because the meters only
measure the energy consumed and do not record the load
profile. The peak load values are only measured in the
substations and refer to the maximum power that was verified
in the electric energy consumption in the area of influence of
the substation.

In this work, the method chosen uses the p-values of the
F-statistic to test the models with and without a variable in
each step of the algorithm. If the variable in question is not
yet in the model, the null hypothesis is that the term would
have a coefficient equals zero if it were added to the model. If
there is sufficient evidence to reject the null hypothesis, then
the variable is added to the model. On the other hand, if the
variable is already part of the model and if there is clear
evidence to reject the null hypothesis, which says that the
coefficient is null, then the variable is removed from the
model. When no other variable can be added or removed from
the model, the procedure ends.

One of the ways to approach this problem is to assume that
the load is uniformly distributed in the areas of influence of
the substations, that is, spatial load density of each substation
also characterizes the substation [14]. Thus, it is possible to
assume that the peak power of a municipality corresponds to
the sum of the peak powers of the substations, whose areas of
influence intersect the territory of the municipality, multiplied
by the percentage of the area of influence of the substation
that intersects the municipality in question. Equation (6)
shows the spatial resolution permutation, in which the matrix
A corresponds to the matrix of the intersection percentages of
the influence areas of the substations with the municipalities.

To decide when an independent variable must be
introduced or removed from the model, it is necessary to
choose the level of significance. The level of significance, or
tolerance, to introduce a variable into the model was termed
PEnter and typically its value is equal to 0.05. On the other
hand, the tolerance to remove variables is known as PRemove
and its typical value is equal to 0.1. In this work, the typical
values were used.

[𝑃𝑒𝑎𝑘𝐿𝑜𝑎𝑑𝑀𝑢𝑛𝑖𝑐𝑖𝑝𝑎𝑙𝑖𝑡𝑖𝑒𝑠 ] = [𝐴][𝑃𝑒𝑎𝑘𝐿𝑜𝑎𝑑𝑠𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛𝑠 ]

(6)

The determination of the area of influence of a substation
is a long studied problem because the consumers dynamically
change the topology of the electrical network in order to
respond to the energy needs [15]. In this work, the influence
areas of the substations are obtained by the method of the
Voronoi diagram without weights, also called Thiessen
polygons, because it is easy to implement and provides
effective results [16].

In short, the procedure performed by the selected stepwise
algorithm follows the following steps [13]:
1. Analyze a set of independent variables that are not part
of the model. If any of these variables has p-values smaller
than an input tolerance (PEnter) then the variable with the
smallest p-value is added to the model, otherwise the step 2 is
done.
5

The Voronoi diagram consists of the decomposition of a
region into cells, and all points within a given cell are less
distant from the point associated with that cell than the other
points.

D. Flowchart
The process to obtain the predictive models and load
factors estimates are in the Figure 6, such as the process to
forecast both electric energy consumption and peak load.

Figure 5 shows a Voronoi diagram with no weights, in
which case the red dots refer to the HV/MV substations and
the lines delimit the substation influence areas. In this
approach, it is assumed that any consumer is always supplied
by the nearest substation, ie any consumer located within the
substation's area of influence is fed by that substation, a
situation that does not always happen.

Figure 5 - Voronoi Diagram

1) Predictive Model
Figure 6 - Process to Obtain the Predictive Models of the Electric Enegy
Consumption and Peak Load, and Spatial Load Forecasting Process

The annual load factors verified in the municipalities are
calculated taking into account the annual past data of the
municipal electric energy consumption and the annual past
values of the peak powers of the municipalities, as described
in Equation (7).
𝑓𝑐 =

𝐸[𝐺𝑊ℎ] × 1000
𝑃𝑒𝑎𝑘𝐿𝑜𝑎𝑑[𝑀𝑊] × 8760

IV.

A. Area and Division of Territory
The region studied in this study was the district of Faro.
In total, 16 municipalities make up the territory of this district,
which are in Figure 7.

(7)

After calculating the load factors of the municipalities, it
is possible to calculate the estimates of the load factors of the
municipalities. The estimate of the annual load factor
corresponds to the average value of the annual load factors
recorded in the past and is calculated through Equation (8)
where the number of years passed corresponds to n.
̂=
𝑓𝑐

∑𝑛𝑖=1 𝑓𝑐𝑖
𝑛

(8)
Figure 7 - District Faro's Municipalities

The annual forecast of the peak power of the
municipalities is calculated according to Equation (9), where
E corresponds to a forecast of the annual average energy
consumed with the models developed in the previous
subchapter and (fc) corresponds to the estimate of the annual
load factor of the municipality in question.
𝐸̂ [𝐺𝑊ℎ] × 1000
̂ [𝑀𝑊] =
𝑃𝑒𝑎𝑘𝐿𝑜𝑎𝑑
̂ × 8760
𝑓𝑐
2) Forecast

IMPLEMENTATION AND RESULTS OF THE SPATIAL
LOAD FORECASTING METHODOLOGY

B. Electric Energy Consumption
1) Predictive Model
a) Independent Variables
The independent variables 𝒙𝒌 used in this work are
sociodemographic and economic and were collected
according to the relevance they have to characterize the region
and the availability of the data. The data was collected
between 2004 and 2016 in the online portal of INE [17].

(9)

Table 2 - Independent Variables

In order to evaluate the predictions of the peak power of
the municipalities, the same indicators of evaluation of the
forecasts of the consumption of electric energy are used. That
is, the efficiency of peak power prediction is verified through
𝑅𝑀𝑆𝐸 and 𝑀𝐴𝑃𝐸.

Independent Variables
Total Population
Population between 0-14 years old
Population between 15-24 years old
Population between 25-64 years old
Population between 65-74 years old
Population over 75 years old
Population Density
Conventional Dwellings

6

𝒙𝒌
𝑥1
𝑥2
𝑥3
𝑥4
𝑥5
𝑥6
𝑥7
𝑥8

Measure Units
Person
Person
Person
Person
Person
Person
Person/km2
Dwelling

Enterprises
Average Monthly Earnings
GDP per capita
Buildings of Family Housing
Banks Establishments
Average Pension Value
Social Security Pensioners
Ageing Ratio
Oldest-age Ratio
Environmental Expenditure
Turnover of Enterprises
Gross Value Added of Enterprises
Deaths
Live Births
Renewal index of the active pop.

𝑥9
𝑥10
𝑥11
𝑥12
𝑥13
𝑥14
𝑥15
𝑥16
𝑥17
𝑥18
𝑥19
𝑥20
𝑥21
𝑥22
𝑥23

As mentioned before, in the model used in this work the
regression coefficients are interpreted as elasticity, so it can
be said that if there is a unit increase of the regression variable
𝑥16, the dependent variable increases in the value of β16 and
so on for the other independent variables that are used. As the
independent variable 𝑥16 corresponds to the Ageing Ratio, it
can be stated that if the Aging Ratio increases by one unit in
a certain year in the municipality of Vila do Bispo, that year
the consumption of electric energy will increase by 0.718
GWh.

Enterprise
€
€
Building
Establishment
€/Pensioner
Person
Unit
Unit
k€
€
€
Person
Person
Unit

Similarly, if the Population between 15-24 years old
increases in a citizen in a certain year, the following year there
will be a decrease in the average electric energy consumption
equivalent to 1,338 GWh. It is also possible to verify that
consumption will decrease by 2,213 GWh if in the previous
year there is one inhabitant per kilometre square.

b) Predictive Model for Portuguese Municipalities

It is logical that it is expected that when there is a
population growth, the normal would be to increase
consumption also, however in this work a statistical analysis
is based on what was observed in previous years and
therefore this type of assumptions are not considered.

After presenting the data collected for the study, we
present now the predictive models of the consumption of
electric energy obtained for the municipalities of Continental
Portugal.
The calculation tool used in this work was the MATLAB
software, in which the stepwiselm function of the Toolbox
Statistics and Machine Learning [13] was used. The
stepwiselm function adjusts the model by the stepwise
method, described in the previous chapter, determining which
combination of variables should be part of the model, so that
the obtained model has the best possible performance. To
obtain the best model it was necessary to define the arguments
of the function, being X, y, PEnter, PRemove and Intercept.

2) Forecast
a) Vila do Bispo Municipality
Figure 8 shows the observed and predicted values of
electric energy consumption, the RMSE and MAPE.

The argument X refers to the matrix of the independent
variables collected and the argument y to the vector of the
dependent variable, that is, the consumption of electric
energy. The PEnter and PRemove parameters chosen in this
work are 0.05 and 0.1.
The Intercept parameter allows you to choose whether the
model adjusted by the stepwise method has or does not have
an intersection coefficient. By default, the criterion of
selection of variables corresponds to the sum of the squares of
the errors, with this being the criterion chosen

Figure 8 - Observed and Predicted Values of Electric Energy Comsuption
in Vila do Bispo Municipality

The models with and without interception were adjusted
and it was considered that the model that has lower MAPE is
the one that fits better.

It is possible to observe that the predicted values follow
the evolution of the electricity consumption verified for this
municipality. Since the maximum time delay of the model is
two years, the response begins in year 2006, as shown in
Figure 8.

The mathematical equations of the predictive models of
the consumption of electricity for all the municipalities of the
district of Faro were found, however only the predictive
model of electric energy consumption of Vila do Bispo will
be analysed, because it is the model that fit better.
c)

b) Faro Municipality
The predictive model for the consumption of electric
energy for the municipality of Faro corresponds to (11).

Predictive Model for Vila do Bispo Municipality

𝑦(𝑡) = 𝑥3 (𝑡 − 2)0,6415

The predictive model of electric energy consumption for
Vila do Bispo municipality obtain through the stepwise
method correspond to (10).
𝑦(𝑡) = 3,11 × 10 𝑥16 (𝑡)0,718 𝑥3 (𝑡 − 1)−1,338 𝑥7 (𝑡
− 1)−2,213 𝑥9 (𝑡 − 1)0,169 𝑥3 (𝑡
− 2)−0.892 𝑥5 (𝑡 − 2)0.414

(11)

As the model presents variables with time delays
associated, the expected values of the electric energy
consumption can only be predicted between 2005 and 2016.
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(10)

The model and coefficients of the model were submitted
to the tests of significance and it was concluded that the model
and all the independent variables are statistically significant
to explain the consumption of electric energy.
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Armação de Pêra substation will contribute to the
municipality of Albufeira. The remaining substations that
contribute to the peak load of the municipality of Albufeira
are the substations of Montechoro, Quarteira, Tunes,
Vilamoura and Vilamoura B being their contribution equal to
95.7%, 0.3%, 39.7%, 13.7 % and 1.4%, respectively.
The results of the peak load of the municipalities of the
district of Faro are obtained by MATLAB software.
1) Predictive Model
The municipal load factors are calculated taking into
account the past data of municipal electricity consumption
and the peak powers of the municipalities obtained
previously.

Figure 9 - Observed and Predicted Values of Electric Energy Comsuption
in Faro Municipality

Figure 9 illustrates graphically the evolution of the values
verified and predicted with the predictive model obtained by
the stepwise method.

The load factors estimates for the municipalities,
corresponds to the average of the load factors of the three
years.

Through Figure 9 it is possible to verify that the forecast
is not as effective as in the municipality of Vila do Bispo
because the difference between the predicted and verified are
higher.

It is possible to observe that in all municipalities, the load
factor estimates are between zero and one, and therefore there
are no load factors outside the limits. The standard deviations
of the municipal load factors show that, along with the load
factor of Continental Portugal, they also do not vary much
from year to year.

C. Peak Load
The load forecast is not complete without peak load
analysis. The peak load of a municipality corresponds to the
sum of the peak loads of the substations, whose areas of
influence intersect the territory of the municipality, multiplied
by the percentage of the area of influence of the substation
that intersects the municipality in question.
The locations of all HV/MV substations in the district of
Faro were collected and, through ArcMap software, the
Voronoi diagram was implemented. The location of the 27
HV/MV substations in the district of Faro and its area of
influence are shown in Figure 10 in red.

Figure 11 - Estimated Load Factors of District of Faro’s Municipalities

Figure 11 corresponds to the load factors estimates. The
municipalities of São Brás de Alportel and Vila Real de Santo
António have the highest load factors and therefore it can be
concluded that in these municipalities the electric power is
consumed at the maximum power during a number of hours
of the year superior to the other municipalities. On the other
hand, in the municipalities of Castro Marim, Monchique and
Silves the load factor is lower and therefore it can be stated
that the energy is consumed at maximum power for a number
of hours lower than in the other municipalities. In some
municipalities the load factor is higher and in others it is lower
than the average value of the load factor of Continental
Portugal.

Figure 10 - Location and Service Area of Substations in the District of
Faro

The peak loads of the substations were collected between
2014 and 2016 in the annual reports that characterize the
distribution networks. The peak load is higher in the HV/MV
substations that are near the coastal zone of the Algarve,
where the electricity consumption is higher. It is also possible
to verify that the annual substations' peak load does not
change so much from year to year, that is, it is not expected
that, from one year to the other, the tip in any of the
substations will increase sharply.
The software used to calculate the percentages of the
substation influence areas that intersect the municipalities was
ArcMap. Through this method, the entire territory of the
Albufeira substation is within the territory of the municipality
of Albufeira, that is, 100% of the peak load of the Albufeira
substation contributes to the peak load of the municipality of
Albufeira. On the other hand, only 7.9% of the Armação de
Pêra substation territory intersects the municipality of
Albufeira, therefore only 7.9% of the peak power of the

2) Forecast
Figure 12 shows the evolution of the verified and
predicted peak load for the municipality of São Brás de
Alportel, where the forecast of the peak loads of the
municipalities presents a lower MAPE value, that is, where
the forecast presents better results.
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Figure 14 - Spatial Load Forecasting Error Map

Analysing the Figure 14 it is possible to observe that the
most critical peak load forecast occurs in the municipality of
Castro Marim, where there is a default error equivalent to 2.98
MW.
V. CONCLUSIONS AND FUTURE WORK
The main objective of this work was to develop a simple,
practical and objective methodology of long-term spatial load
forecasting based on sociodemographic information that
would help in decision making on possible investments in the
distribution and transmission grid, both in the improvement
or expansion.

Figure 12 - Observed and Predicted Values of Peak Load in São Brás de
Alportel Municipality

In the municipality of São Brás de Alportel, peak load
prediction presents satisfactory results throughout the time
interval studied, since it is where the values of the forecast
peak load are very similar to the values of the verified peak
load.

In this work the methodology was implemented in the
district of Faro, so it was necessary to divide into
municipalities. Historical data of municipal electricity
consumption were collected, as well as socio-demographic
information from municipalities. Data on electricity
consumption were collected from the DGEG's online portal
and the socio-demographic information of the region was
collected from the INE's online portal. Data were collected
between 2004 and 2016.

It is now shown, in Figure 13, the evolution of the peak
load verified and predicted for the municipality of Vila Real
de Santo António, where the forecast has worse results, that
is, MAPE is superior.

After that, the predictive models of electric energy
consumption for the municipalities were obtained using the
stepwise method of multiple linear regression. All predictive
models were submitted to significance tests, such as, model
significance test and significance test for the coefficients of
the model. The results obtained show that all the models
obtained are statistically significant, as well as the coefficients
that compose it.
Electric energy consumption forecasts in municipalities
reveal that, in general, the errors associated with the models
obtained are low, but in the municipality of Faro, the model
adjusted by the stepwise method presents worse results with
a RMSE equal to 14.8268 and with an MAPE equal to
3.6369%. The municipality that has the best results is the
municipality of Vila do Bispo, where the actual values of
electric energy consumption are approximately equal to the
predicted values, leading to the absence of significant errors
associated to the model. The RMSE and the MAPE of this
model are 0.0495 and 0.1117%, respectively.

Figure 13 - Observed and Predicted Values of Peak Load in Vila Real de
Santo António Municipality

The most critical year corresponds to the year 2016 when
the forecast of the peak power is lower than the verified value.
This forecast could lead to an insufficiency of generation to
satisfy the verified load.

The prediction of peak load of the municipalities is the
next step. In this work, it was considered that the peak load of
a municipality corresponds to the sum of the peak loads of the
substations whose areas of influence intersect the territory of
the municipality, multiplied by the percentage of the area of
influence of the substation that intersects the municipality in
question.

In the year 2014 and 2015 the situation is opposite, that is,
the predicted value is higher than the verified value. this
forecast could lead to unnecessary additional costs, more
concretely in the reinforcement of the equipment that
compose the network.
The spatial distribution of the error in the prediction of the
peak power of the municipalities of the district of Faro for the
year 2016 is shown in Figure 14.

The influence areas of the substations are obtained by the
Voronoi diagram method, in which it is assumed that a
consumer is always supplied by the nearest substation, a
situation that does not always occur. This approach was used
because it is easy to implement and provides effective results.
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With the data of the electric energy consumptions and the
obtained peak loads the respective load factors for the
municipalities were calculated. In this work, it was considered
that the estimate of the annual load factor of a municipality
corresponds to the average of the load factors verified in the
years under analysis.

[2]

Load factors estimates in the municipalities of the Faro
district, show that in some municipalities, the load factor is
higher and in others, it is lower than the average load factor
of Continental Portugal. The municipalities of São Brás de
Alportel and Vila Real de Santo António have a higher load
factor and therefore it can be concluded that, in these
municipalities, the load is consumed at maximum power
during more hours of the year.

[5]

[3]

[4]

[6]
[7]
[8]
[9]

The estimates of the load factor of the municipalities,
together with the expected values of the electric energy
consumption, allow estimating the peak load of the
municipalities. The municipality where the peak power
forecast has the best results is São Brás de Alportel, with a
RMSE and MAPE of 0.042887 and 0.95532% respectively.
The municipality where the forecast has the worst results
corresponds to the municipality of Vila Real de Santo
António, where the RMSE and MAPE correspond to 0.8066
and 6.6507%, respectively.

[10]

[11]
[12]

[13]
[14]
[15]
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