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Abstract

The growing instability of the weather patterns threats the availability of potable water, becoming
increasingly more important the realisation of an efficient management of current and future supplies.
The WISDom (Water Intelligence System Data) Project aims at the development of algorithms and
models that allow the extraction of knowledge from the data, supporting the water utility in the
decision-making. In the context of this project, the present study is aimed at characterizing, modelling
and forecasting water flow demand measured at the entry of District Metered Areas (DMA). We
describe and compare a series of predictive models for forecasting hourly water demand, namely, we
have considered Seasonal Autoregressive Integrated Moving Average (SARIMA) Models, Generalized
Additive Models and Artificial Neural Networks (ANNs). Models are evaluated based on the Mean
Absolute Error (MAE) and Mean Absolute Scaled Error (MASE). The results show that ANNs can
outperform all other methods. We demonstrate that by using time series water flow data, ANN models
can provide excellent fit and forecasts without reliance upon the explicit inclusion of climate factors.
In addition, an exploratory analysis of water billing data from a southern region of Portugal is done.
This analysis aims at improving resource management as well as studying the impact of an ageing
meter park on readings’ quality.
Keywords: SARIMA Models, Generalized Additive Models, Artificial Neural Network Models, Water
Billing Data, Water Demand Forecast

1. Introduction

In this work we analyse two case studies on the sub-
ject of water resource management, one using water
flow data and the other using water billing data.
The first case study is inserted in the WISDom
(Water Intelligence System Data) Project. This
research project aims at the development of algo-
rithms and models that allow to extract knowledge
from the data, supporting the water utilities in the
decision-making and, thus, improving the manage-
ment of its systems by reducing water losses and
ensuring the provision of drinking water in quan-
tity and quality. In this work, we analyse flow data
collected from a flow meter associated to a District
Metered Area (DMA). The main goal of this anal-
ysis is to develop hourly water demand prediction
models at the network level for assisting the utili-
ties to cope with variable water consumption, due
to climate changes and seasonal variations. Two
types of models will be implemented: models that
only consider historical data of water demand and
models that also include external variables. For
the first case, we considered Seasonal Autoregres-

sive Integrated Moving Average (SARIMA) models,
a classical time series model widely used. For the
second type of models, we considered Generalized
Additive Models (GAMs) and Artificial Neural Net-
works (ANNs). GAMs are known to be a flexible
and effective technique for conducting nonlinear re-
gression analysis in time-series and have been used
to model and forecast electrical load ([13]). ANNs
have been shown to be an effective approach for
analysing a variety of nonlinear time series events,
including water demand forecasting, which makes
them valuable and more attractive for forecasting
purposes than the traditional linear methods ([17]).
In the case of the models that allow the inclusion
of external variables, understanding the underly-
ing variables that motivate dissimilar demand con-
sumption behaviours might be essential in forecast-
ing consumption. Due to the difficulties in obtain-
ing hourly climate variables, we will only consider
past lags of the time series and variables regarding
the seasonality in the data.
The second case study focus on the analysis of water
billing data collected over the period 2011-2018 and
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provided by a water utility located in the southern
region of Portugal. In this work, we will conduct
an exploratory analysis to deepen our knowledge re-
garding the region in study, namely, to understand
the consumption habits and existent consumption
categories and to characterize the water meter park.

2. State-of-the-art

The most important factor in planning and oper-
ating a water distribution system is satisfying con-
sumer demand. Long-term forecasting is required
mainly for planning and design; while short-term
forecasting is useful in operation and management.
Several research studies have focused on the effect
of socio-economic, climatic, and physical proper-
ties on water consumption patterns across time and
space. In the climatic variable end, temperature is
the more relevant because it directly influences mul-
tiple sources of water consumption such as showers,
water for gardens. But water consumers respond
too to the occurrence of rainfall and other climate
variables ([3], [10]). However, other researchers
have experimented with climatic parameters with-
out worthwhile improvement, speculating the effect
of weather on water demand was indirectly included
through autoregression of past water demand data
([8]).
In the context of water demand forecasting, various
models and techniques were explored. Perhaps the
most frequently adopted methods for forecasting
have been linear regression and time series analysis
([10], [12]). Researchers have noted a strong similar-
ity between water and electricity demand patterns,
and the approaches to forecasting demand of these
utilities are similar ([12]). GAMs have been suc-
cessfully used to model and forecast short-term elec-
tricity load ([13]). In the context of water demand
forecasting, GAMs were used to model and forecast
daily outdoor and total consumption of Portuguese
homes based on their outdoor consumption profiles
([14]).
Electrical system load often exhibits nonlinear be-
haviour encouraging many researchers to develop
nonlinear models such as ANNs as an alternative
to traditional linear models. Researchers used back
propagation ANNs, probably for the first time, to
model daily and hourly water demand forecasts of
some communities in Paris, France ([5]). They also
compared the results from the ANN models with
those obtained from some statistical models. In
their article, they concluded that a comparison be-
tween statistical and ANN models, based on the
tests conducted in their study, showed that the
ANN models offered performance at least compa-
rable with that of the statistical models. Other re-
searchers compared the use of conventional meth-
ods versus artificial intelligence techniques, such as

ANN models, to forecast short-term water demand
([7]). ANN models consistently outperformed the
conventional models, indicating that ANNs offer a
better mechanism for forecasting short-term water
demand than the more traditional models.

3. Background
3.1. Basic Time Series Concepts
Definition 1. A stochastic process is a collection
of random variables {Xt : t ∈ T} defined on some
probability space. The index t is often interpreted as
time, therefore, Xt is the state of the process at time
t. When the index set T is countable, {Xt : t ∈ T}
is called a discrete-time process. If T is continuous,
the stochastic process is said to be a continuous-time
process.

A time series consists of a set of recordings
{x1, x2, . . .} of a random variable Xt arranged in
the order they were collected over a certain period
of time. Thus, a time series is but a realisation of a
stochastic process ([15]).
Typically, time series are written in the so-called
Classical Decomposition Model([4])

Xt = mt + st + εt, (1)

where mt is the trend component, st is the seasonal
component with known period d, and εt is the ran-
dom noise component.
Let µX(t) = E(Xt) and σ2

X(t) = E[(Xt − µX(t))2]
denote the mean and variance functions of a real-
valued time series {Xt : t ∈ Z}. The covari-
ance function between {Xr} and {Xs} is given by
γX(r, s) = Cov(Xr, Xs) = E[(Xr − µX(r))(Xs −
µX(s))], r, s ∈ Z.

Definition 2. A time series {Xt : t ∈ Z} is called
weakly stationary if µX(t) is constant and does not
depend on time t, σ2

X(t) is finite for all t, and γX(t+
h, t) is independent of time t for each lag h.

Definition 3. The autocovariance function
(ACVF) of a weakly stationary time series Xt

at lag h is defined as γX(h) = Cov(Xt+h, Xt) =
E[(Xt+h − µ)(Xt − µ)].

Definition 4. The autocorrelation function (ACF)
of a weakly stationary time series Xt at lag h is
defined as

ρX(h) =
γX(h)√
σ2
X

√
σ2
X

=
γX(h)

γX(0)
. (2)

Take a zero-mean stationary time series Xt. The
k-order Partial Autocorrelation Function (PACF),
φkk, can be interpreted as the partial correla-
tion coefficient between Xt and Xt+k after re-
moving the linear dependence with the variables
Xt+1, Xt+2, . . . , Xt+k−1.
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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.
Autoregressive models are based on the idea that
the current value of the series, {Xt : t ∈ Z},
can be explained as a function of p past values,
Xt−1, Xt−2, . . . , Xt−p, plus a random component at
instant t that is characterised to be white noise.
The moving average model assumes that the ob-
served data can be modelled as a linear combina-
tion of the previous and current values of the errors
component. An autoregressive integrated moving
average process combines the two previous models,
in the sense that it has as predictors both lagged val-
ues of the time series and also lagged errors. The
integrated part refers to the number of differenc-
ing needed to make the time series stationary. This
models are generally denoted as ARIMA(p, d, q),
where p, d, q ∈ N, p is the order of the autoregres-
sive model, q is the order of the moving average
model and d is the degree of differencing.
Seasonal Autoregressive Integrated Moving Aver-
age (SARIMA) models are a generalisation of the
ARMA models that accounts for the influence of
a seasonal component S. This models are denoted
as SARIMA(p, d, q)(P,D,Q)S , where P,D,Q re-
fer to the autoregressive, differencing, and moving
average terms for the seasonal part of the ARIMA
model. The appropriate values for the orders p, q, P
and Q are selected by analysing the values of ACF
and PACF of the stationary time series.

3.3. Generalized Additive Models
This Subsection follows the notes of [16]. In order to
present the Generalized Additive Models (GAMs),
first the Generalized Linear Models (GLMs) must
be described. The GLM class is formed by the linear
models that allow for the response variable to have
a different distribution, not just Normal distribu-
tion as in linear regression models, from the expo-
nential family. This includes distributions such as
the Gamma, Binomial and Poisson. Furthermore,
GLMs relax the strict linearity assumption of linear
models, by allowing for a smooth monotonic ”link
function” g of the response variable Y to vary lin-
early with the predictor variables X1, . . . , Xp. A
GLM has the basic structure, for i = 1, . . . , n,

g(µi) = β0 + β1xi1 + . . .+ βpxip, (3)

where µi = E(Yi), β = (β0, . . . , βp) is the vector
of unknown parameters and Yi are assumed to be
independent and identically distributed, following a
distribution of the exponential family.
The GAM class of models expands on the GLMs
by introducing smooth functions of the covariates.

The structure of a GAM, with smooth functions
fi, i = 1, . . . , p, can be written as

g(µi) = β0 + f1(x1) + . . .+ fp(xp). (4)

For simplicity, let us consider a linear model with
one smooth function of one explanatory variable,
xi, for the response variable, yi,

yi = f(xi) + εi, (5)

such that εi
iid∼ N(0, σ2) and f is a smooth function.

The goal is to estimate f and for that it needs to be
represented in such a way that Equation 5 becomes
a linear model. This can be done by choosing a
basis, defining the space of functions of which f is
an element. Taking (b1, . . . , bp) as the appropriate
basis functions we can represent f as

f(x) =

q∑
j=1

bj(x)βj , (6)

where q is the basis dimension and the βj coeffi-
cients are unknown parameters. With this repre-
sentation, f is said to be modelled by regression
splines.
The degree of smoothness in a spline can be con-
trolled by adding a penalty to the least square fit-
ting objective. Thus, the model can be fitted by
minimizing

‖y −Xβ‖2 + λ

∫ 1

0

[f
′′
(x)]2dx, (7)

where λ ∈ [0,+∞] is the smoothing parameter,
which controls the trade-off between smoothness of
the estimated f and fidelity to the data. If λ = 0,
it will result in an unpenalized regression spline es-
timate for f , while λ → ∞ leads to a straight line
estimate for f .
The regression coefficients estimator is given by

β̂ = (XTX + λS)−1XTy, (8)

and the hat matrix, H, for the model is

H = X(XTX + λS)−1XT . (9)

3.4. Artificial Neural Networks
In this Subsection we follow the notes of [6] and [9]
to introduce the key concepts of Artificial Neural
Networks and present one of the most common ar-
chitectures, the Feedforward Neural Network.
Artificial Neural Networks (ANNs) are adaptive
computational models inspired by the structure and
functionality of the human brain. A typical ANN
consists of multiple nodes, known as neurons, or-
ganized in a layered fashion and connected to each
other forming an inter-dependent network. Usually,
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an ANN will have at a minimum an input layer, a
hidden layer and an output layer.
The task of the neuron is to perform a weighted
sum of input signals, and apply an activation func-
tion before passing the output to the next layer.
Let x ∈ Rn be the input vector, wk1, . . . , wkn the
weights and bk ∈ R the bias of the neuron k. The
neuron’s output, yk, is given by

yk = f

(
n∑

i=1

wkixi + bk

)
, (10)

where f(·) is the activation function.
The activation function f(·), defines the output of
a neuron. There are a lot of suitable functions that
can be exploited as the activation function in arti-
ficial neurons. These functions can be of linear or
non-linear nature, some of these functions include
pure-linear, sigmoid, hyperbolic and Gaussian. The
use of non-linear activation functions is what in-
troduces the complexity and non-linearity in ANN
models.
The sigmoid function, whose graph is ”S”-shaped,
is by far the most common form of activation func-
tions used in the construction of neural networks.
An example of a sigmoid function is the logistic
function, that takes a real-valued number and pro-
duces an output between 0 and 1. It is given by

f(x) =
1

1 + e−cx
, (11)

where c is the slope parameter. Other alternatives
to the logistic function are the hyperbolic tangent
function (Tanh) and the ReLu function.
Feedforward Neural Networks (FNNs) are the most
commonly used ANNs because of their simplicity.
The information across the network is transferred
in a forward manner starting form the input layer,
through one or more hidden layers, and out of the
output layer. In a FNN, each neuron is connected to
all the neurons in the next layer and each connection
has its own weight. Let dl be the dimension of layer
l, and Wl ∈ Rdl+1×dl be the weight matrix where
each element (Wl)i,j is the weight between neuron
i on layer l and neuron j on layer l + 1. Now let
bl ∈ Rdl be the bias vector of layer l with each
element (bl)i the bias of neuron i. Now the output
y of the FNN, with hidden layers l ∈ [1, . . . , n− 1]
is defined as

xl+1 = gl(W lxl + bl), (12)

y = ω(xn−1), (13)

where x0 is the input vector, y is the output vector,
gl : Rdl → Rdl is the activation function of layer l,
and ω : Rdn → Rdn the output function.
The training algorithm that is usually associated

with FNN is the back-propagation algorithm. This
approach works by computing the error of the out-
put of the neural network for a given sample, prop-
agating the error backwards through the network
while updating the weights and biases in an attempt
to reduce the error.

4. Results: Case Study 1

This Chapter is dedicated to presenting the re-
sults derived from the application of the adopted
methodology (Chapter 3) to a case study involving
water flow data measured at the entry of a district
metered area.

4.1. Case study description

We were provided with water flow data collected by
Beja EMAS - Empresa Municipal de Água e Sanea-
mento de Beja, a municipal company that is respon-
sible for water and sewage services to Beja munic-
ipality. In particular, we were supplied with data
measured by a water flow sensor located at the en-
try of the São Brissos’ district metered area (DMA).
This area consists of 54 residential consumers and
one big consumer, Beja airport. The time series
data set provided contained the water flow at ev-
ery 5 minutes, approximately, measured in m3/h,
starting at 2017-05-16 15:05:01 and ending at 2019-
04-24 14:10:57, which accounts for almost two years
of observations.
As a first approach, flow data were validated and
cleansed. Data validation consists in detection of
anomalies due to metering and telemetry problems.
Therefore, data below or above predefined meter
minimum and maximum thresholds were removed,
in our case only observations with negative or zero
values were discarded. Successive identical obser-
vations for a period greater than 1 hour were also
removed. To explore the seasonality in the data, we
built a boxplot per month of the water flow, shown
in Figure 1. There is a slight yearly seasonality:
the water flow is higher in the summer months and
lower in the winter months. This pattern was ex-
pected since the water flow is directly affected by
the consumption and the latter tends to increase
in the hotter months. Therefore it makes sense to
separate the observations into two groups: Summer
months (from May through October) and Winter
months (from November through April).
Since our data is measured at every 5 minutes, the

presence of daily seasonality is expected. To ob-
serve this, we built a boxplot for the water flow per
hour for the Winter and Summer months, the latter
shown in Figure 2. There is a clear daily seasonal-
ity, with higher values of water flow during the day
and lower values during the night. Although the
Summer months present a higher variability and
median, the daily pattern is very similar in both
cases. The next step was to identify observations
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Figure 1: Boxplot of water flow aggregated by
month.

Figure 2: Boxplot of water flow aggregated by hour
for the Summer months.

that were outliers. For this, we used the Tukey’s
method. Instead of applying this method to the
time series as a whole, it was applied taking into
consideration the seasonality of the data to obtain
a more refined and accurate detection. The data
was grouped into Summer and Winter months, and
in each of these groups the observations were ag-
gregated by the hour of the day, which originated
48 groups. Tukey’s method was applied to each one
of these groups to detect and remove outliers. Af-
ter the data validation and detection of outliers, we
ended up with a time series with 6.39% of miss-
ing values. To fill in the missing observations im-
putation was performed with the seasonal splitting
method from the package imputeTS ([11]), with the
parameter algorithm set to ma. Once the complete
5 minute time series was obtained, the data was ag-
gregated into hourly time series by taking the mean
of all the 5 minutes records for each hour.
In Figure 3, the mean daily consumption pattern
for the different days of the week of the hourly time
series is presented. Although the range of values is
the same for the seven days of the week, the pat-
tern is different for weekdays and weekends. On
weekdays we observe a consumption pattern with
3 peaks at around 8AM, 13PM and 20 PM, corre-
sponding with the morning, lunch and dinner peri-
ods. The morning and dinner peaks are expected,
as they coincide to times when the population is
at home and increased water consumption is ex-
pected. There are two possible explanations for the

lunch peak. The fact that the analysed region is
a rural area where people can have lunch at home
more easily, or because of the presence of the air-
port that increases lunch time consumption. The
weekend is characterized by a later morning peak
around 9AM that extends until 14PM, and the din-
ner peak at 20PM. This behaviour is characteris-
tic with a day spent at home. In Figure 4, the

Figure 3: Mean daily pattern per day of the week.

mean daily consumption pattern for the different
months of the hourly time series is presented. The
patterns are similar between Summer and Winter
months, with the Summer ones presenting higher
values. The higher values registered in the periods
between 10PM and 12PM and between 5AM and
6AM for the Summer months, might be explained
by landscape irrigation.

Figure 4: Mean daily pattern per month.

The last step before proceeding to fit the models
was to normalize the data using the formula

Yt =
Xt −mean(Xt)

sd(Xt)
, (14)

where Yt denotes the normalized time series, Xt is
the original time series and sd stands for standard
deviation. This approach ensures the observations
have a mean 0 and a standard deviation of 1.
In this stage, and since we wish to perform forecast
and compare the obtained values against the real
consumption, this time series was split into a train-
ing set, that ranges between 18-05-2017 and 16-04-
2019, and a test set that ranges from 17-04-2019 to
23-04-2019.

4.2. Modelling using SARIMA
In this Section, our goal is to fit a seasonal ARIMA
model in order to model and forecast water flow.
Stationary of the time series was checked using the
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KPSS and Augmented Dickey-Fuller (ADF) tests.
The KPSS test produced a p-value lower than 0.01,
which gave us reason to reject the null hypothe-
sis of trend stationarity at all the usual significance
levels (1%, 5% and 10%). Given this and the fact
that the data has a strong daily seasonal compo-
nent, we applied the difference operator with period
S =24 once, after which both tests indicated it had
become trend-stationary. Regarding variance sta-
tionarity, we applied Box-Cox transformation to the
data using various values of λ and checked the sam-
ple variance of the resulting series. Since none of
the transformations led to a lower sample variance,
no Box-Cox transformation was ultimately used.
The sample ACF and PACF of the differentiated
time series were computed to help determine the
appropriate values for the orders p, q, P and Q. The
frequency of the time series is one day, that is, 24
observations, hence S = 24. Since we had to ap-
ply the seasonal backward shift operator once to
make the data stationary we have that D = 1.
There was no need to apply the simple backward
shift operator, so d = 0. The final model was a
SARIMA(1, 0, 1)(2, 1, 0)[24], with an AIC score of
8388 and a BIC score of 8426.
Having the model, the next step aims at analysing
the residuals, namely, their stationarity and nor-
mality. The KPSS test applied to the residuals gave
a p-value greater than 0.1, which suggested that
they are stationary when considering the usual sig-
nificance levels (1%, 5% and 10%). The histogram
of the residuals exhibited a bell shape, however the
QQ-Plot presented heavy tails. In the scatterplot of
the linear predictor against the residuals the points
appear to be somehow randomly distributed around
zero, presenting a slight ”funnelling” phenomenon.
The distribution of the residuals is quite well con-
centrated around 0 for small fitted values, but they
get more and more spread out as the fitted values
increase. This indicates an increasing of the vari-
ance of the residuals.
We used the chosen model to predict values for the
time period between 17-4-2019 and 23-4-2019. In
order to show the forecast results in the original
scale, the differences were undone and the normal-
ization applied (showed in Equation 14) was re-
versed, using the formula shown in Equation 15.

Xt = Yt × sd(Xt) +mean(Xt) (15)

Figure 5 presents the forecast values against the
real values of the time series from 17-4-2019 un-
til 23-4-2019. Note how the model is able to cor-
rectly predict the water flow for the night period
but fails to predict for the period between 9h and
21h. The model’s inability to correctly forecast the
period during the day led to slightly elevated ac-
curacy measures. The Mean Absolute Scaled Error

(MASE) obtained for this model was 1.03, and the
Mean Absolute Error (MAE) was 0.24.

Figure 5: Hourly forecast of the SARIMA model
versus the real values of the time series, both in the
original scale between 17-4-2019 and 23-4-2019.

4.3. Modelling using GAM
In this Section, our goal is to fit a Generalized Ad-
ditive Model in order to model and forecast water
flow. The advantage of these models is that it allows
the inclusion of external variables in the model and
it is able to capture their non-linear effects. For
that, we need to identify which are the best vari-
ables that should be included in the model. This
type of models do not require stationarity of the
time series, hence we will use the normalized time
series without any differencing applied.
To verify if a past lag of the response variable should
be included in the model, the sample ACF and sam-
ple PACF of the normalized time series were com-
puted. Both functions presented significant spikes
at lags 1 and 24, which may indicate a relationship
between the values registered at time t and times
t − 1 and t − 24. In our particular case, these rep-
resent the previous hour and one day before. Lags
-1, -2, -23, -24 and -25 were all considered for the
model, of which lags -1, -2 and -24 enter our final
model. From the exploratory analysis performed we
know that yearly and daily seasonality are a crucial
determinant of the water flow. This translates into
the inclusion of variable Month, which takes values
in the 1 to 12 range, and variable Hour, which takes
values in the 0 to 23 range. Various other variables
pertaining to yearly seasonality were also consid-
ered, such as DayofYear, taking values from 1 to
365, and WeekofYear, which ranges from 1 to 52.
The variable DayofWeek was also considered given
the dissimilarities observed between weekdays and
weekends. In addition, we included the Trend vari-
able to portray the general trend of the time series,
which is calculated by taking the trend component
of the STL decomposition of the time series.
The model construction process involved attempt-
ing several combinations of variables, testing the
relevance of smooth functions f(·) and interactions
between them. The formula for the final model of
water flow is given in Equation 16, wherein f(·) rep-
resent smooth functions, and yt stands for the value
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of the response variable at time t. This model has
an AIC score of 7286 and a BIC score of 8740.

Model :

yt = f12(yt−1, Hour) + f34(yt−24, yt−2)

+ f5(Trend) +Month

(16)

In our analysis of the residuals, the application of
a KPSS test to the model’s residuals produced a p-
value greater than 0.1, which allow us to conclude
they are stationary at all the usual significance lev-
els (1%, 5% and 10%). This was supported by the
ADF test. Once more, the histogram of the resid-
uals exhibited a bell shape, however the QQ-Plot
presented heavy tails. In the scatterplot of the lin-
ear predictor against the residuals the points appear
to be somehow randomly distributed around zero,
still presenting a slight ”funnelling” phenomenon.
We used the model described in Equation 16 to
predict values for the time period between 17-04-
2019 and 23-4-2019. The values for the Trend and
past lags came from the latest corresponding pe-
riod of the training set, which was from 10-4-2019
until 16-4-2019. The hourly forecasts in the orig-
inal scale can be found in Figure 6. In contrast
to SARIMA model, this model fails to predict the
water flow for the night period. However, it has a
better performance predicting for the period dur-
ing the day, as it follows consumption peaks more
closely. The accuracy measures obtained for this
model are slightly worse than the ones obtained for
the SARIMA model. The MASE was 1.14 and the
MAE was 0.26.

Figure 6: Hourly forecast of the GAM model versus
the real values of the time series, both in the original
scale between 17-04-2019 and 23-4-2019.

4.4. Modelling using ANN
In this Section our goal is to fit an Artificial Neural
Network model in order to model and forecast wa-
ter flow. Just like GAMs, ANN models also allow
the inclusion of external variables in the model and
do not require stationarity of the time series. The
variables considered for the construction of ANN
models were the same as the ones considered for
the construction of GAM.
In order to build our artificial neural network
model, we tested several combinations of variables
and various networks designs. In a first attempt it

was used the normalized time series, however the re-
sults produced were not satisfactory. Afterwards, it
was used the differentiated normalized time series,
which yield better results. For each combination
of variables, different networks designs were tested,
considering up to two hidden layers and varying the
number of neurons in each layer. Different activa-
tion functions were also tested. The final model is
an artificial neural network with one hidden layer
with two neurons, that receives yt−1, yt−2, yt−24 and
yt−25 as inputs variables. The activation function
used was the sigmoid function. This model has an
AIC score of 1764 and a BIC score of 1864.
Since ANN are non parametric models, i.e. do not
assume anything about the underlying distribution
of the data, it is not necessary for the residuals to
be white noise. However we still proceeded to the
analysis of the residuals. The KPSS test applied to
the residuals gave a p-value greater than 0.1, which
suggested that they are stationary when consider-
ing the usual significance levels (1%, 5% and 10%).
Both the histogram and QQ-Plot of the residuals
are similar to the ones obtained for the others meth-
ods. The scatterplot of the linear predictor against
the residuals presented no distinctive shape, and
the points seemed to be concentrated around zero,
from which we can conclude that the residuals are
uncorrelated.
We used the chosen model to predict values for
the time period between 17-04-2019 and 23-4-2019.
Once more, to compute the predictions the values of
the week before, namely from 10-4-2019 until 16-4-
2019, were used for the lags of the response variable.
The hourly forecasts in the original scale can be
found in Figure 7. This model succeeds at predict-
ing the water flow for both day and night periods,
it is even able to predict the anomalous peak of the
21th April. The MASE obtained for this model was
0.47 and the MAE was 0.17, both results are bet-
ter than the ones obtained for GAM and SARIMA
models.

Figure 7: Hourly forecast of the ANN model versus
the real values of the time series, both in the original
scale between 17-04-2019 and 23-4-2019.

5. Case Study 2

This Chapter is dedicated to study and analyse wa-
ter billing data coming from a southern region of
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Portugal. Section 5.1 provides some basic concepts
related to water balance. Section 5.2 is intended to
describe the given data for this study and present
the conducted exploratory analysis.

5.1. Basic Concepts

Any discussion relating to water losses must be pre-
ceded by a clear definition of the water balance com-
ponents. The water balance approach, published by
the International Water Association (IWA) ([2]), is
a representation of the main input and output water
volumes in an urban water supply system, relative
to one year data. Total input volume in a water sup-
ply system might be disaggregated into revenue wa-
ter to customers (i.e., billed metered and billed un-
metered consumption) and non-revenue water (un-
billed authorised consumption and water losses).
The unbilled authorised consumption includes, e.g.,
water use for firefighting, for pipes’ or tanks’ clean-
ing or repair and consumption at water utility’s
buildings. Water losses can be divided in apparent
losses and real losses. Apparent loss consists of four
primary components: customer meter inaccuracy,
unauthorised consumption (theft, meter bypass, il-
legal connections, misuse of fire hydrants), meter
reading error, as well as data handling and billing
errors. Real losses are the physical losses in the
system, up to the customer water meter, including
leakage and overflows. Water balance constitutes an
essential instrument for the water utilities since it is
used to compute the Non-Revenue Water (NRW),
which is a key variable to ensure economic sustain-
ability of a water utility.

5.2. Exploratory Analysis

We were provided with water billing records from
a small network area located in the southern
region of Portugal (Network Area A) for the
period between 2011 and 2018. Water billing
data contained information related to the billing
itself (type of reading, billing date, consumption
categories, reading date and the value of the
reading) as well as information related to water
meter characteristics (age, brand, model, nominal
diameter). For the period between 2011 and 2016
the water billing was executed monthly. In 2017
and 2018 it was executed bi-monthly. The only
pre-processing given to the data was the removal
of duplicated records.
In Network Area A there are 19 applicable con-
sumption categories, which were divided into
two main groups: domestic and non-domestic
consumers. This distinction was made according
to the type of consumer and their consumption
profile. In 2018, there were a total of 847 con-
sumers, 777 domestic and 70 non-domestic. The
vast majority of Network Area A consumers belong
to the domestic group, accounting for 90.2% of the

total number of consumers in 2018. The number of
consumers has been approximately constant with
a slight upwards trend, with an increase of 9.3%
in 8 years, from 2011 to 2018. In 2018, the total
metered and billed consumption was 81052 m3,
where 66704 m3 corresponds to domestic consump-
tion and 14348 m3 corresponds to non-domestic
consumption. In general, the yearly total Network
Area A’s consumption has a low variability. The
non-domestic consumption during the analysed
time period accounts 14-18% of the total water
consumption.
We were also provided with the values of the
total input volume for the dates 2016-2018. Table
1 presents the values regarding the total input
volume, billed authorised consumption and non-
revenue water. The NRW component represents
42.4%, 54.8% and 52.4% of the total input volume
in 2016, 2017 and 2018, respectively. These values
fall short of the reference values established by the
water regulator [1], given that more than half of
the input volume is not being charged. This poor
performance has direct effects on the economic,
financial and environmental sustainability of the
water utility. The water utility in study has a

Table 1: Total Input Volume, Billed Authorised
Consumption and Non-Revenue Water for 2016,
2017 and 2018.

2016 2017 2018

Total Input

Volume (m3)
139612 187807 170422

Billed Authorised

Consumption (m3)
80470 84898 81052

Non-Revenue

Water (m3)
59142 102909 89370

policy that suggests that water meters should be
replaced when they are between 8 and 10 years
old. Table 2 comprises the number of water meters
in 2018 with ages over 8, 10 and 12 years and their
respective percentages of metered consumption.
In 2018 38% of Network Area A’s meters satisfied
the requirements to be replaced. It is of note that
this type of equipment loses precision with age
and tends to underestimate consumption values
which can have economic implications for the water
utility. The number of water meters replaced in
each year have been decreasing. Since 2015, only
94 water meters were replaced. In 2018, although
we have more than 300 water meters with age
greater than 8 years, only 10 water meters were
replaced. We concluded that the investment in
the replacement of older meters has been lacking.
To study if the ageing of the water meters led to
a decay of meter readings during these 8 years,
we performed a detailed analysis of the water
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Table 2: Number of water meters with ages greater
or equal to 8, 10 and 12 years old; and their respec-
tive percentages of metered consumption.

No Consumers
Water Consumption

Volume (m3)

Age ≥ 8y 321 36%

Age ≥ 10y 130 15%

Age ≥ 12y 103 12%

meters with age greater or equal to 8 years. We
selected all the active installations that, in 2011,
had water meters with age greater or equal to
8 years old. From this group we removed the
installations whose water meters were replaced
during the 2011-2018 period and the installations
who presented yearly consumption lower than 12
m3 during 4 or more years. Meters with yearly
consumption lower than 12 m3 in the last three
years (2018 or 2017 and 2018 or 2016, 2017 and
2018) were also removed. We ended up with 25
domestic and 7 non-domestic water meters. For the
selected water meters, we computed the boxplots
of the annual consumption for the domestic and
non-domestic consumers. We used the boxplots
to analyse and compare the annual consumption
variability throughout the 8 years, using the
median value as a reference. However, the median
value fluctuations might, in part, be due to possible
changes of consumption habits with time. As such,
the weight of this median in the total domestic
and non-domestic consumption was calculated,
allowing a more trustworthy analysis. From the
analysis conducted we were not able of conclude
that the volume of readings made by meters with
ages older than 7 years have been decreasing. The
same analysis applied to a larger time window is
of interest as it would allow the observation of
healthy meter operation (from 0 to 8 years). From
here, a more general conclusion about the variation
of the volume of readings with age could be made.

6. Conclusions

Section 6.1 of this Chapter aims to present the
achievements of this study. Furthermore, in Sec-
tion 6.2 we provide suggestions for the directions
future work on this subject can take.

6.1. Achievements

This dissertation aimed to study, model and fore-
cast water flow in a subsystem of a water util-
ity company in an inland region of Portugal. For
that we used data collected between 16/05/2017
and 24/4/2019 from a water flow sensor located at
the entry of a DMA with 55 consumers. The flow
records produced yearly, weekly and daily consump-

tion patterns for the DMA in study, which helped
identify the different types of consumption scale and
seasonality. Anomalous observations were detected
and removed, and afterwards, imputation was per-
formed using a suitable method that respected the
seasonal nature of data.
Having the normalized time series, we aimed at
building and comparing the forecast accuracy of
three types of models to predict hourly water
demand: SARIMA models, Generalized Additive
Models and Artificial Neural Network models. For
each type of model different combinations were
tested, which produced several adequate models.
The best model was chosen based on forecast accu-
racy measures MASE and MAE, and also by taking
into consideration the values of AIC and BIC.
SARIMA models only use lags of the dependent
variable and/or lags of the errors. The right lags
were chosen by the analysis of the ACF and the
PACF of the normalized stationary time series. On
the other hand, GAM and ANN models have the
advantage of including external variables and cap-
turing non-linear effects of the variables. The ex-
ploratory analysis conducted previously helped us
understand which underlying variables should be
considered for the model building. For the GAM,
the best model was obtained using past lags (lags
1, 2 and 24) and trend of the normalized time se-
ries, and the external variables Hour and Month,
that accounted for the daily and yearly seasonality,
respectively. For the ANN model, the best model
was obtained using only past lags (lags 1, 2, 24 and
25) of the normalized time series. Forecast of total
water demand was performed using the obtained
models. By comparing the forecast accuracy of the
three models, we could understand that ANN mod-
els outperformed GAM and SARIMA models. The
MASE values obtained were 1.03, 1.14 and 0.47 for
the SARIMA, GAM and ANN models, respectively.
Although we did not consider climate variables in
the model building phase, the results obtained were
very satisfactory for the ANN model.
A secondary goal of this work was to study and
analyse water billing data from a southern region
of Portugal. We were provided with billing records
collected over a period of 8 years, as well as in-
formation regarding the total input volume of wa-
ter from the 2016-2018 period. This additional in-
formation allowed us to compute the Non-Revenue
Water component for the mentioned years. We
gained insights regarding consumer type, the dif-
ferent applicable consumption categories, the num-
ber of clients they are applied to, and their volume
of water consumption. We also studied the water
meters characteristics, namely, the brand, model,
nominal diameter and age of the equipment. We
concluded that the meter park is ageing and that
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there has been a gradual investment decrease on its
maintenance and/or renovation, which can impact
the water utility’s economic sustainability. In addi-
tion, it is shown that the NRW component is signif-
icantly higher than the reference values established
by the water regulator.

6.2. Future Work
On what concerns future work, several approaches
can be taken to expand on the conclusions drawn
from this thesis.
In the context of Case Study 1, it would be of in-
terest to explore the consumption profiles of other
district metered areas supplied by the same water
utility, and to determine the adequacy of the model
created to estimate their water demand. Addition-
ally, this exploration could be extended to other
water utilities that operate in similar regions. In
this study, we modelled the data using only seasonal
variables and past lags of the time series as predic-
tors. It would be interesting to include climate vari-
ables and some others variables that influence water
demand in this region and compare the results with
the ones obtained previously. In addition, predic-
tion intervals for GAM and ANN models could be
constructed. Furthermore, it would be of interest
to create a dynamic predictive model of water de-
mand using streaming data.
Regarding Case Study 2, we analysed water billing
data pertaining to the years of 2011-2018 from one
of several network areas of this city. This same anal-
ysis can be applied to the other network areas, some
of them with greater population density and repre-
senting much higher values of consumption, with
the goal of assessing the conditions of their water
meters. Furthermore, one could apply clustering
methods to water billing data in order to create
groups of similar consumers, and then construct wa-
ter demand predictive models for each group. In ad-
dition, it would be of interest to create a systematic
approach to evaluate how the ageing of the water
meters affects their readings and associated errors.
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