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Abstract

Each customer of an electricity company demands a certain amount of electricity at every instant.
So, this amount needs to be generated in order to suit the customer’s demands. In order to optimize
the use of energy generation resources, it is necessary to know the demanded quantity in advance.
Hence, this study is aimed at fitting models that explain customer’s electricity consumption and that
enable the forecast of one day ahead consumption. However, for a large customer portfolio, it becomes
impractical to analyse each consumption individually. Therefore, we make use of clustering methods
to group customers by similarity of consumption and we propose only one model that represents the
consumption for each cluster. Two types of models will be compared based on their forecast accuracy:
generalized additive models and autoregressive integrated moving average models.
Keywords: Load Forecasting, Time Series, Hierarchical Clustering, Generalized Additive Models

1. Introduction

In large scale and when the load generation is
greater than the demand, there are still major tech-
nical challenges that make it impractical to store
the excess of electricity. So, in order to avoid losses
and to optimize the use of energy generation re-
sources, it is important to reduce the mismatch be-
tween procured generation and demand. Having
this in mind, given data that represents one cus-
tomer’s electricity consumption from previous years
until today, our aim is to build a statistical model
that best explains the data and to forecast future
values of electricity consumption accurately.

On one hand, we will study models that only con-
sider historical data of electricity consumption. On
the other hand, we will study models that include
as well external variables. In this latter case, un-
derstanding the underlying variables that motivate
different electricity consumption behaviours might
be essential in forecasting consumption. In partic-
ular, we will understand the influence of weather
variables in electricity consumption, in order to in-
troduce these in the model.

Now consider that we have millions of customer’s
consumption to forecast. It becomes impractical to
analyse the demand of each customer individually.
Finding groups of customers with similar consump-
tion behaviours allows us to reduce the number of
behaviours that need to be analysed. This grouping
procedure, known as clustering, enable us to create

only one statistical model for each group. In order
to do the clustering, it is necessary to state what do
we define by similarity of consumption behaviours
and which are the best techniques that perform the
grouping.

Finally, having obtained the right customer’s par-
tition allied with the best model that explains each
cluster’s data, we are able to foresee consumer be-
haviours in the near future.

2. State-of-the-Art

Load forecasting of a large set of different customers
requires the realization of two main steps. The first
step consists in the clustering of customer load pro-
files, whereas the second one consists in fitting a
model that explains the consumption of each clus-
ter and forecasting short term electricity load.

For the clustering procedure, Chicco [2012] pro-
posed a pre-clustering phase, characterized by set-
ting up a normalised representative load pattern
(RLP), in order to get load patterns comparable
in terms of their shape. The RLP was computed
by dividing the typical daily load pattern by its ref-
erence power, where the reference power is defined
as the peak value of the typical daily load pattern.
The usual clustering methods were then applied to
these RLP’s.

For the modelling and forecasting short term elec-
tricity load, the second main step mentioned in
the first paragraph of this section, Huang and Shih
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[2003] proposed an ARMA model, whereas Taylor
[2012] proposed the use of an exponential smooth-
ing formulation. These two modelling approaches
use only historical load data, so they are called uni-
variate models. The following approach use models
that explain electricity consumption based on dif-
ferent variables: Yannig Goude and Sinn [2012] pro-
posed a weather-based generalized additive models
(GAM) and evaluated the methodology on 5 years
of electricity load data. The results showed that
GAM outperforms the other state-of-the-art meth-
ods in terms of model tracking and prediction ac-
curacy.

There is a continuing effort to improve the accu-
racy of the consumption forecasts. In this study,
we begin by normalizing the load curves in order
to do the clustering, based on Chicco [2012], with a
modified formula in the way of normalizing though,
and after that, we present a GAM for each cluster,
based on Yannig Goude and Sinn [2012].

3. Background
Time series occur in a variety of fields, in particular,
during this study, we encounter them in the electri-
cal and also meteorological fields. In Subsection
3.1, a formal definition of time series and related
concepts are presented.

Our objective is to identify a model that best fits
observations of a given time series and to predict its
future values. Having this is mind, we compare the
performance of two kinds of models. On one hand,
we only consider historical data by fitting time se-
ries models, which are explained in Subsection 3.2.
Alternatively, in Subsection 3.3, we introduce gen-
eralized additive models, which allow the existence
of external variables.

Since we are dealing with a large set of time se-
ries, it is impractical to identify models for each
one of them. This requires that we group time se-
ries according to their similarity. Thus, a cluster-
ing method must be used. Subsection 3.4 describes
clustering techniques used in time series.

3.1. Fundamental Concepts in Time Series
In order to properly define time series, we begin by
defining stochastic processes, according to Zitkovic
(2010).

Definition 3.1. Let T be a subset of [0,∞). A
family of random variables {Xt : t ∈ T } , indexed
by T , is called a stochastic (or random) process.
When T = Z, {Xt : t ∈ T } is said to be a discrete-
time process, and when T = [0,∞), it is called a
continuous-time process.

Thus, a time series is a sample function, or re-
alization, from a certain stochastic process. In this
study, we will deal with discrete-time processes. Ac-
cording to Brockwell and Davis (2002), a time series

{Xt : t ∈ Z} may be decomposed as:

Xt = mt + st + εt, t ∈ Z (1)

which is called the classical decomposition model,
and where mt is a slowly changing function known
as a trend component, st is a function with known
period referred to as a seasonal component, and εt
is a random noise component.

In general, for h ∈ N, εt and εt+h are dependent,
since, in practice, future events are influenced by
previous events. So, it is necessary to introduce
the concept of stationary. Loosely speaking, we say
that a time series is stationary if it has statistical
properties similar to those of the time-shifted series.
The concept of stationarity leads us to the definition
of autocovariance function (ACVF) of {Xt} at lag
h, which is given by

γh = Cov(Xt, Xt+h), h ∈ Z. (2)

In addition, since ACVF is sensitive to the units
in which the observations are measured, we define
the autocorrelation function (ACF) of {Xt} at lag
h as:

ρh =
γh
γ0

=
Cov(Xt, Xt+h)

V ar(Xt)
, h ∈ Z. (3)

Besides ACVF and ACF, there is also the concept
of partial autocorrelation function (PACF), which
measures the effects of the relationship between yt
and yt−h, when the effects of the lags 1, 2, 3, ..., h−1
are removed (Hyndman and Athanasopoulos, 2014).

3.2. Time Series Models
We consider the general model for fitting non-
seasonal and non-stationary time series: the Au-
toRegressive Integrated Moving-Average (ARIMA)
model.

While the moving average process is a multiple
regression with past errors as predictors (Hyndman
and Athanasopoulos, 2014), in the autoregressive
process, the predictors are lagged values {Xs : s <
t} of the time series {Xt}, plus a random component
at instant t that is characterized to be white noise.
An autoregressive moving average process combines
the two previous models, in the sense that it has as
predictors both lagged values of the time series and
also lagged errors. The integrated part refers to
the number of differencing needed to make the time
series stationary.

Non-seasonal ARIMA models are generally de-
noted as ARIMA(p, d, q) where the parameters p,
d, and q are non-negative integers, p is the order
(number of time lags) of the autoregressive model,
d is the degree of differencing, and q is the order of
the moving-average model.

The ARIMA process can also be used to model
time series with a seasonal component. In this case,
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we have Seasonal ARIMA models, which are usually
denoted as SARIMA(p, d, q)(P,D,Q)m, where m
refers to the number of periods in each season, and
P , D, Q refer to the autoregressive, differencing,
and moving average terms for the seasonal part of
the ARIMA model.

3.3. Generalized Additive Models
In this Subsection, we introduce a type of models,
Generalized Additive Models (GAMs), that incor-
porate explanatory variables. Suppose that we have
a response random variable Y and a set of predic-
tor random variables W1,W2, ...,Wp. A set of n
independent realizations of these random variables
is denoted by (y1, w11, ..., w1p), ..., (yn, wn1, ..., wnp).

Before introducing GAMs, we start by defining
Generalized Linear Models (GLMs), which, accord-
ing to Wood [2006], are linear models that allow
for response distributions other than Normal and a
degree of non-linearity in the model structure.

A Generalized Additive Model is a Generalized
Linear Model with a linear predictor involving a
sum of smooth functions of covariates,

g(µi) = f0 + f1(W1) + ...+ fp(Wp), (4)

where fj are smooth functions of the covariates Wj

for all j = 0, ..., p and W0 = I.
For simplicity, let us look at the case of a single

predictor and where the link function is the identity
function:

Y = f(W ). (5)

Consider n samples (wj , yj), j = 1, ..., n, of co-
variates and dependent variables. In order to esti-
mate f , this function is represented in such a way
that equation 5 becomes a linear model. This can
be done by choosing a basis, that is, by defining
the space of functions of which f is an element. If
bi(x) is the ith such basis function, then the smooth
function f can be represented as

f(w) =

q∑
i=1

βibi(w) = βT b(w) (6)

where βi are unknown parameters (the spline coef-
ficients), β is a vector containing the spline coeffi-
cients and b(w) is the vector containing the spline
basis functions. We say that f is modelled by re-
gression splines.

The model’s smoothness can be controlled by
adding a penalty to the least squares fitting objec-
tive, known as smoothing parameter, λ. For ex-
ample, rather than minimizing the residual sum of
squares

||y − βTB(w)||2, (7)

where B is the matrix with the rows
b(w1)T , b(w2)T , ..., b(wn)T containing the eval-
uated spline basis functions, we instead add to the

residual sum of squares a penalty: some multiple
λ of the integral of the squared second derivative
of f(w) with respect to w, which penalizes steep
slopes. Consider a small interval δw over which the
second derivative f ′′(w) of the smoother f(w) is
approximately constant. The contribution of that
interval to the penalty is then λf ′′(w)2δw.

Then it is minimized

||y − βTB(w)||2 + λ

∫ 1

0

[f ′′(w)]2dw, (8)

where the constant λ is determined by cross correla-
tion. If instead of a single variable, we have several
variables, then the contributions of several variables
can be added. There is then one λi, i = 1, ..., p, for
each of the p variables.

It can be shown (see Wood [2006]) that the for-
mal expression for the minimizer of equation 8, the
penalized least squares estimator of β, is

β̂ = (BTB + λS)−1BT y (9)

and the hat matrix A of the model can be written
as

A = B(BTB + λS)−1BT . (10)

The problem of estimating the degree of smooth-
ness for the model is now the problem of estimating
the smoothing parameter λ, which can be done by
cross validation.

3.4. Clustering Time Series

Throughout the thesis, we make use of the hierar-
chical algorithm for the clustering procedure.

The choice of dissimilarity measure is very im-
portant, as it has a strong effect on the resulting
dendrogram. We took into account several dissimi-
larity measures (see Montero and Vilar [2014]), but
we end up choosing the one based on the spectral
analysis of a time series proposed by Caiado et al.
[2014].

According to Brockwell and Davis [2002], the
spectral representation of a stationary time series
{Xt} essentially decomposes {Xt} into a sum of si-
nusoidal components with uncorrelated random co-
efficients. In conjunction with this decomposition
there is a corresponding decomposition into sinu-
soids of the autocovariance function of {Xt}. The
spectral decomposition is thus an analogue for sta-
tionary processes of the more familiar Fourier rep-
resentation of deterministic functions. The analysis
of stationary processes by means of their spectral
representation is often referred to as the ”frequency
domain analysis” of time series or ”spectral analy-
sis”.

The frequency domain approach allows to mea-
sure the dissimilarity between time series. The key
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idea is to assess the dissimilarity between the cor-
responding spectral representations of the series,
which is the base of periodogram-based distances.

Having applied the hierarchical clustering, a wide
variety of indexes have been proposed to find the
optimal number of clusters in a partitioning of a
data set during the clustering process (see Charrad
et al., 2014). We used mainly 4 indexes: Gamma,
Silhouette, Dunn and Entropy.

4. Results

This Chapter is dedicated to state the results of
clustering 25 load curves and forecasting one day
ahead electricity consumption of the representative
time series of each cluster. Firstly, Subsection 4.1 is
intended to describe the given data for this study.
In Subsection 4.2 it is presented the clustering of the
time series given. Finally, in Sections 4.3 and 4.4 it
is explained the procedure of fitting a Generalized
Additive Model and a SARIMA model, respectively,
to the representative time series of the cluster, as
well as presenting the results of the forecast.

4.1. Description of the Data

We were given 25 time series, each containing obser-
vations of electrical consumption of a certain cus-
tomer, measured in kilowatt (kW), at every XXX
minutes, starting at 2015-05-05 05:15 and ending
at 2017-03-19 09:00, which accounts for almost two
years of observations.

Besides 25 load curves, we were also given
weather time series, because, for the modelling us-
ing GAM, we intend to include weather variables
in the model. Each of the 25 time series is from a
different location, and, for each location, we were
given 7 weather variables, namely, the radiance, at-
mospheric pressure, temperature, wind direction,
wind speed, wind U and wind V (where a positive U
component represents wind blowing to the East and
a positive V represents wind to the North). The
time period for which we have information about
the weather is the same period as for the electrical
consumption time series.

In the next section it is detailed the clustering
procedure, which only makes use of the 25 load time
series. Weather time series will be used in Section
4.3, when fitting a generalized additive model.

4.2. Time Series Clustering

This section is intended to state the results of group-
ing 25 load time series by similarity of consumption.
In order to output this grouping, it is necessary to
indicate what is the definition of similarity of con-
sumption. First of all, note that, when plotting each
of the 25 load time series, we could understand that
these have different scales. This means that, if we
perform the clustering without any transformation
of the time series, these will be grouped by similar-

ity of consumption in scale.

However, when clustering time series, we de-
cided that we should give primarily attention to
group customers with the same consumption pat-
tern rather than focusing on scale, because we want
to fit models that clearly translate daily, weekly or
yearly seasonalities. So, first, it is necessary to nor-
malize each time series, as presented in Figure 1.
There are several ways to perform a normalization
(see Juszczak et al. [7]), one of which is using the
formula

Yt =
Xt −mean(Xt)

sd(Xt)
(11)

where Yt denotes the normalized time series, Xt is
the original time series and sd stands for the stan-
dard deviation. This was the one that performed
better, so this was the one that we end up choos-
ing.

Figure 1: Approach for clustering and fitting mod-
els.

The time series will be clustered by applying hi-
erarchical clustering algorithm with the distance
based on the periodograms and we want to choose
a partition that has the optimal number of clusters.
This choice is based on the majority vote of the best
number of clusters returned by 4 validation indexes:
Dunn, Entropy, Silhouette and Gamma index. The
best number of clusters returned was 6, which leads
to partitioning the dendrogram as in Figure 2.

Figure 2: Partition of the 25 time series in 6 clus-
ters.
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Let the labels of the resulting clusters be C1, C2,
C3, C4, C5 and C6, where C1 = {1, 3, 6, 13, 16},
C2 = {2, 4, 14, 18, 24}, C3 = {5, 10, 12}, C4 =
{7, 9, 11, 15, 17, 19, 23}, C5 = {8, 22, 25} and C6 =
{20, 21}.

4.3. Modelling using GAM

Our aim is to fit a Generalized Additive model in
order to model and forecast electricity load of the
time series within one cluster. The advantage of
this model is that it allows the inclusion of external
variables in the model and it is able to capture non-
linear effects of the variables.

We will describe in detail the procedure for mod-
elling and forecasting time series in cluster 6. For
the remaining clusters, modelling and forecasting
follow the same reasoning.

For cluster C6, which contains time series 20 and
21, the input and output of our procedure is the
following:

• input: Timestamp, time series 20, time se-
ries 21, 7 distinct weather variables from the
location of time series 20, 7 distinct weather
variables from the location of time series 21;

• output: One day ahead forecast of electricity
consumption of the representative time series
of the cluster, for every 15 minutes.

Given the normalized time series within cluster
C6 and without performing further transformation
to the data, we started by getting the representative
time series. The model will be fitted to the obtained
time series.

The variables that we identified as best to be in-
cluded in the model are the following:

• Day type: categorical variable that represents
the day type. Every week day get its own fac-
tor; also, it is important to set a factor for
public holidays, for which consumption may be
distinct from the remaining types of days. So,
the factors of this variable are then 1 for Mon-
days, 2 for Tuesdays, 3 for Wednesdays, 4 for
Thursdays, 5 for Fridays, 6 for Saturdays, 7 for
Sundays, and 8 for public holidays;

• Time of day: categorical variable that repre-
sents the current time within the day (mea-
sured in quarter-hourly time steps). The total
number of observation within one day is 96, be-
cause it is the result from multiplying 24 hours
by 4, where 4 is the number of 15 minutes pe-
riods within one hour. So, the factors go from
0, representing hour 00 and minute 00 of the
day, until 95, representing hour 23 and minute
45 of the day;

• Time of year: categorical variable that repre-
sents the current day and month within the
year. The factors go from 0, representing the
1st of January, until 365, representing the 31st
of December;

• Lags of electricity consumption. In order to
find out which is the right lag of consumption,
we make use of the cross correlation function
(ccf). In general, given two time series, yt and
xt, we want to find out whether the series yt
may be related to past lags of the x-series. The
sample cross correlation function (ccf) is help-
ful for identifying lags of the x-variable that
might be useful predictors of yt. The sample
ccf is defined as the set of sample correlations
between xt+h and yt for h = 0,±1,±2,±3, and
so on. So, if we compute the sample ccf of
the electricity consumption with it self, the lag
with greater sample ccf should be the one to be
included in the model. Lag 96 is the one with
greater sample ccf, so this is the one that we
should include in the model.

• Lags of weather variables. Notice that each
time series within the cluster is from a differ-
ent location and we are fitting a model for the
aggregated model, which means that we need
to decide from which location we should choose
the weather variables. Our strategy to solve
this problem is the following: we build one
GAM using weather variables of the location
of time series 20, another GAM using weather
variables of the location of time series 21 and
the final GAM will be an ensemble, i.e., the
mean of the two last generalized additive mod-
els (for clusters that have more than 2 time
series, we choose two time series at random to
perform the ensemble).

We first consider the weather variables of time
series 20. Recall that we are given seven
weather variables. However, some of them
might be correlated with each other, which
means that, we shall detect which ones are cor-
related with and only include in the model not
correlated variables. By analysing the sample
ccf between temperature and the weather vari-
ables, we can conclude that the variables tem-
perature and wind speed from the location of
time series 20 are the ones that should be in-
cluded in the first GAM. A similar study of the
weather variables from the location of time se-
ries 21 resulted in the same choice of variables
for the second GAM.

It remains to see, from the weather variables
chosen, which are the lags that should be in-
cluded in the model. The lags chosen are the
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ones that represent the greater sample ccf be-
tween the weather variables and the load. For
the first GAM, the temperature lag should be
48, and the wind speed lag should be 48 as
well. For the second GAM, the temperature
lag should be 48, whereas the wind speed lag
should be 198.

To sum up, since cluster C6 is composed by 2
time series from different locations, we fit two gen-
eralized additive models, with covariates x1t and
x2t, respectively, given by:

x1t = {daytypet, timedayt, timeyeart, yt−96,
ts20.temperaturet−48, ts20.windspeedt−48} (12)

x2t = {daytypet, timedayt, timeyeart, yt−96,
ts21.temperaturet−48, ts21.windspeedt−198} (13)

where yt denotes the values of the aggregated time
series of electricity consumption at time t.

We split the aggregated time series yt (which is
the response variable) and the covariates x1t and
x2t in a train set (used for fitting the model) and
in a test set (used for compare forecast with true
values).

Our aim is to create two models that fit the ag-
gregated data until the 9th of January of 2017 and
to predict the load curve for the 10th of January of
2017, which is a Tuesday. So the train set will be
the observations from the 5th of May of 2015 to the
9th of January of 2017 and the test set will be from
the 10th of January of 2017 until the 19th of March
of 2017.

We fit the following two generalized additive
models for the electricity load:

Model 1: yt = βintercept + f(trendt)+

f(yt−96) + f(ts20.temperaturet−48)+

f(ts20.windspeedt−48) + f(timeyeart)+

8∑
l=1

I{daytypet=l}f(timedayt)

(14)

Model 2: yt = βintercept + f(trendt)+

f(yt−96) + f(ts21.temperaturet−48)+

f(ts21.windspeedt−198) + f(timeyeart)+

8∑
l=1

I{daytypet=l}f(timedayt)

(15)

where:

• βintercept models the base load and f(trendt)
captures non-linear trends;

• f(yt−96) takes into account the electricity load
of the previous day;

• daytypet and f(timedayt) capture the day-
type specific effects of the time of the day;

• f(ts20.temperaturet−48) and
f(ts20.windspeedt−48) take into account,
respectively, the temperature and the wind
speed of the previous half day from the
location of the client related to time series 20;

• f(ts21.temperaturet−48) and
f(ts21.windspeedt−198) take into account,
respectively, the temperature of the previous
half day and the wind speed of the previous
two days from the location of the client related
to time series 21, and

• f(timeyeart) represents yearly cycles.

Thin plate regression splines is the basis used
to represent the smooth functions f , because these
were the the optimal smoother of any given basis di-
mension. The final model, which we call ensemble
model, will correspond to the mean at each obser-
vation between the fitted models 1 and 2.

Having the ensemble model, the next step aims
at analysing the residuals, namely, its stationarity
and normality.

KPSS test, which tests a null hypothesis that an
observable time series is stationary, returns a p-
value greater than 0.1. We reject the null hypothesis
significance levels greater than the p-value, so, for
the usual significance levels (1%, 5% and 10%), we
do not reject the null hypothesis, meaning that the
residuals are stationary.

However, by analysis of the histogram (Figure 3)
and QQ-plot (Figure 4) of the aggregated time se-
ries, the aggregated time series does not seem to fol-
low a Normal distribution. In spite of trying many
transformations to the data, this continued to oc-
cur, so we proceed with the analysis.

Figure 3: Histogram of the residuals of the ensemble
model.
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Figure 4: QQ-plot of the residuals of the ensemble
model.

Figures 5 is the graphic of the residuals versus
the linear predictor. The points appear randomly
around zero, which indicates that the residuals are
uncorrelated.

Figure 5: Plot of the linear predictor versus resid-
uals.

The one day prediction for the aggregated nor-
malized time series of cluster 6 is presented in Fig-
ure 6. Green lines represent the test values, whereas
blue lines represent the forecast.

Figure 6: Confidential Annex: Forecast the normal-
ized aggregated time series of cluster 6.

Notice that we are dealing with normalized values
until now. Next, we can transform the final predic-
tor vector to its original scale using the formula:

Zt = Yt ∗ sd(Xt) +mean(Xt) (16)

where Yt denotes the normalized predictor vector,
Xt is the non-normalized representative time series
of the cluster and Zt denotes the non-normalized
predictor vector. Figure 7 compares the forecast
with the true values of the load in its aggregated
original scale.

Figure 7: Confidential Annex: Forecast the non-
normalized aggregated time series of cluster 6.

Since we have the true values for the 10th of Jan-
uary of 2017, we intended to analyse the perfor-
mance of the method, by comparing the forecast
with the true values. We computed the MAPE of
the forecast with the original scale and the returned
MAPE for this forecast was 16.6%.

We noticed that the residuals of the model were
not normal, which means that we cannot make use
of the normality to create prediction intervals. Our
way of contour this problem was to create, not only
an ensemble model for the aggregated time series
using the median, but also two more ensemble mod-
els: the first one will fit the aggregated time series
where the function using to perform the aggrega-
tion is the minimum at each observation, and the
second one will fit the aggregated time series where
the function using to perform the aggregation is
the maximum at each observation. The forecast of
these two new ensemble models will give an idea of
the maximum and minimum values of consumption.

The one day prediction for the aggregated nor-
malized time series of cluster 6 using the median,
minimum and maximum is presented in Figure 8.
Green lines represent the test values, whereas red
lines represent the predictor vector, with the dash
lines representing the aggregated prediction using
the minimum and the maximum function and the
thick red line representing the aggregated predic-
tion using the median.

Figure 8: Confidential Annex: Forecast the aggre-
gated time series using median, minimum and max-
imum at each observation of cluster 6.

Following the procedure for fitting an ensemble
GAM for the remaining clusters, we computed pre-
dictions for the 10th of January of 2017 (tuesday),
the 1st of January of 2017 (public holiday), the 6th
of January of 2017 (saturday) and finally for the
30th of August of 2016 (summer holidays). The
MAPE for each cluster and day is presented in Ta-
bles 1 and 2.
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10 JAN 2017 1 JAN 2017
C1 11.36 288.35
C2 5.27 1.63
C3 8.90 9.02
C4 10.40 7.60
C5 4.86 6.86
C6 16.6 23.4

Table 1: MAPE (%) for the aggregated function of
each cluster using the function median for a Tues-
day on winter and for a public holiday.

6 JAN 2017 30 AUG 2016
C1 18.71 5.57
C2 12.67 21.62
C3 8.99 3.76
C4 8.74 7.93
C5 4.70 3.51
C6 19.98 15.71

Table 2: MAPE (%) for the aggregated function of
each cluster using the function median for a Satur-
day on winter and for a summer day.

For cluster 1, we can see that there is an anoma-
lous MAPE in the 1st of January. This may be due
to the fact of the consumption during this public
holiday being completely different from the remain-
ing time of year, which makes it hard to predict.
For the remaining cases, we can see that the MAPE
varies between around 4% and 23%.

4.4. Modelling using SARIMA

In order to compare the performance of the Gen-
eralized Additive Model, we fit a seasonal ARIMA
model to the representative time series of the clus-
ter, that is, a SARIMA(p, d, q)(P,D,Q)[m] model.
Once again, we illustrate the model procedure for
cluster 6 and forecast the load for a typical Tuesday
on winter.

The representative time series of the cluster is
stationary, so there is no need to differentiate, so
d = D = 0. The frequency of the time series is one
day, that is, 96 observations, hence m = 96. There-
fore, it remains to determine p, q, P and Q, using
the auxiliary graphs of the sample ACF (Figure 9)
and PACF (Figure 10).

Figure 9: Sample ACF.

Figure 10: Sample PACF

By analysing Figures 9 and 10, our first proposal
of model is ARIMA(1, 0, 0)(1, 0, 0)[96], due to the
peak at sample PACF at lag 96 and due to the si-
nusoidal pattern of the sample ACF. However, the
incrementation of q was leading to a decreasing of
the AICC score, which we want to be minimum.
Hence, by analysis of the value of AICC, we reached
the model ARIMA(1, 0, 6)(1, 0, 0)[96].

Having the model, the next step aims at analysing
the residuals, namely, its stationarity and normal-
ity.

Figure 11: Histogram of the residuals of the
SARIMA model.

8



Figure 12: QQ-plot of the residuals of the SARIMA
model.

KPSS test, which tests a null hypothesis that a
time series is stationary, returns a p-value greater
than 0.1. We reject the null hypothesis significance
levels greater than the p-value, so, for the usual sig-
nificance levels (1%, 5% and 10%), we do not reject
the null hypothesis, meaning that the residuals are
stationary.

However, by analysis of the histogram (Figure 11)
and QQ-plot (Figure 12) of the aggregated time se-
ries, the aggregated time series seems to be close
to follow a Normal distribution but still presenting
heavy tails, so, once again, we are not able to pro-
duce forecast intervals for the prediction.

The one day prediction for the aggregated nor-
malized time series of cluster 6 is presented in
Figure 13. Green lines represent the test values,
whereas blue lines represent the forecast.

Figure 13: Confidential Annex: Forecast the aggre-
gated time series of cluster 6 using SARIMA.

After transforming the final predictor vector into
its original scale, we computed the MAPE of the
forecast. The result was 20.1%, which is higher
value of MAPE than the one obtained for GAM,
hence, in this case, the prediction is worst when
fitting a SARIMA model.

For the remaining clusters, the procedure of fit-
ting a SARIMA model is the same. The only step
that must be taking care of and may be different
from cluster to cluster is the choice the parameters
of the model, which is done by analysing the sample
ACF and PACF of each representative time series
of the clusters.

Following the procedure for fitting a SARIMA
model the remaining clusters, we computed predic-
tions for the 10th of January of 2017 (Tuesday),
the 1st of January of 2017 (public holiday), the 6th
of January of 2017 (Saturday) and finally for the
30th of August of 2016 (summer holidays) by fit-
ting a SARIMA model. The values of MAPE go
from approximately 18% until 35%, and we could

see an anomalous value of 70% during a Saturday
for cluster 1. The value of MAPE is lower for only 2
cases out of 20 when comparing to the Generalized
Additive Model. This means that, overall, fitting a
SARIMA model is not better than fitting a Gener-
alized Additive Model.

5. Conclusions

This chapter is dedicated to state the achievements
obtained thought this study (subsection 5.1) and a
suggestion of directions for future work (subsection
5.2).

5.1. Achievements

In this study, we were focused in forecasting elec-
tricity consumption, so we were given a set of 25
time series that contained measures of consumption
of 25 different clients through almost 2 years.

It is impractical to create models and to forecast
consumption for each of the time series given, so it
was necessary to start by performing a clustering
method, in order to group clients by similarity of
consumption. The chosen method was hierarchical
clustering and two approaches were analysed: either
we could apply the clustering method to raw data
or to normalized data. We concluded that, when
the data were first normalized, then we obtained
partitions that could best reflect the consumption
patterns of the clients (hourly, daily or monthly be-
haviours); on the other hand, in the presence of
raw data, the clustering would be focused mainly
on scale. Since we were more interested in creat-
ing models posteriorly that would translate trends
and seasonalities of the data, we conclude that it is
necessary to perform a normalization. The distance
that we applied when performing the clustering was
based in the periodograms of the normalized time
series, because this was the most appropriated one
that goes along with our objective of extracting and
comparing the patterns of time series. The best
number of clusters was determined by analysis of
several validation indexes.

Having the right partition of the 25 time series
according to their similarity, we aimed at building
a model that could represent the consumption of
each cluster and comparing the forecast accuracy
of two models: Generalized Additive Models and
SARIMA models. The GAM has the advantage
of including external variables and capturing non-
linear effects of the variables. Therefore, we were
also given weather variables so that we could stud-
ied the correlation between these and the consump-
tion. However, notice that each of the 25 clients are
from different locations and recall that the model is
being fitted to a time series that represents the con-
sumption of the whole cluster, which means that we
had to decide which locations should be included in
the model. So, for the GAM, we created an en-
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semble model: given a cluster of clients, we chose
the locations of two clients at random (two because
of computational costs, but this number could be
extended) and we created one model with weather
variables from one client and another model with
weather variables from the other. The ensemble is
defined to be the mean of the two fitted models. By
comparing the forecast accuracy of the GAM and
the SARIMA models, we could understand that, in
general, the GAM performs better.

5.2. Future Work
The proposed methods in this thesis were applied
to 25 time series. The suggestion of future work is
to apply the same methods to a larger set of time
series. Assume that we have a set SN that contains
N load curves, with N >> 25. Then we apply
the clustering methods to the set SN and we fit a
GAM to each cluster. Now suppose that we have a
new load curve that was not in the set SN . Then,
we could apply classification methods, such as the
K-Nearest Neighbours, to classify the new time se-
ries in one of the clusters, identified previously, and
forecast its consumption by making use of the ag-
gregated model of that cluster. In other words, we
suggest not to apply the clustering methods to the
whole customer portfolio, only part of it, and clas-
sify the remaining customers into the right clusters,
based on classifying methods.
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