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Instituto Superior Técnico, Lisboa, Portugal

July 2019

Abstract

As unstable weather patterns threaten the availability of potable water, the need for efficient
management of current and future supplies increases. Saltwater intrusion due to rising sea levels is
causing the closure of boreholes for outdoor use, whose water needs will place additional pressure on
local suppliers. This work analyses total water consumption data from 312 customers belonging to 3
neighbourhoods with different proportions of mid- and high-density housing. For each neighbourhood,
customer profiles are obtained using clustering techniques. This analysis allows the water utility
company to identify customers that can be targeted for the installation of separate water meters for
indoor and outdoor consumption, and a group of possible borehole owners. Total water consumption
of a set of consumers is modelled with a generalized additive mixed model. Taking advantage of
previous research on the outdoor consumption habits of clients in this region, disaggregation of total
consumption into its indoor and outdoor components is attempted. Additionally, we study wastewater
flow data collected at a pumping station. We identify a relationship between precipitation values and
wastewater flow that suggests undue infiltration of stormwater into the wastewater system.
Keywords: Time series clustering, Urban water use, Demand forecasting, Generalized Additive
Models, Wastewater

1. Introduction

In this work we analyse water consumption data
from a set of customers from a tourist region in
the south of Portugal. This region’s domestic
customers include high-, medium-, and low-density
housing. The low-density housing group is the one
of most interest, as the maintenance of their gar-
dens and swimming pools requires great amounts
of water.
The outdoor consumption patterns of customers
in this area were the focus of previous research
([9]). This was done through the analysis of the
consumption records of a sample of customers with
the particularity of having two sets of water meters:
one that accounts indoor water use, and another
for outdoor expenditure. Having separate records
for each end use can give crucial insight into the
outdoor consumption patterns of large consumers
that is not easy to come by, as most houses tend to
have a single water meter for the property’s total
expenditure.
The goal of this work was to apply this knowledge
of outdoor consumption patterns in this area
to estimate outdoor consumption levels for any
customer, particularly single-meter low-density

housing. Having this ability will enable the water
utility company to obtain better estimations of
possible loss of revenue in case mandatory restric-
tions on outdoor water consumption are enforced
in the future.
Three neighbourhoods with customers of different
construction typologies were chosen to be the focus
of our study. For each, customer profiles of total
consumption were obtained. In our analysis of the
results, a set of customers with smaller consump-
tion levels than their peers was identified. We posit
this is a set of customers with boreholes for outdoor
use. This is a point of interest for the water utility
company, as saltwater intrusion is causing homes
to have their private boreholes closed, and their
outdoor consumption connected to the mains. We
additionally identified a set of customers who could
be targeted for the introduction of separate water
meters.
A predictive model of total consumption was built
using a set of large consumers with one water
meter. The forecast results of total consumption
were disaggregated into indoor/outdoor consump-
tion using the findings in [9]. Our model includes
temperature and precipitation variables, which
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indicates they are correlated with consumption.
Additionally, we analysed flow data from a pump-
ing station in this region. This facility is located
in a sewer system that is supposed to be separate
from the stormwater drainage system. However,
the water utility company is aware of the presence
of some infiltration by stormwater, which may a
signal that there exist undue connections between
the two systems. This unintended addition to the
legitimate wastewater flow carries increased costs
for the water utility company by overloading the
pumping stations and treatment plants. Resorting
to consumption data of clients in this pumping
station’s network, we obtained monthly estimates
of the percentage of undue flow in the wastewater
system.

2. State-of-the-art
Several aspects of domestic water consumption pat-
terns have been the focus of research. Socio-
economical variables such as income, tenancy, and
household size have been shown to influence domes-
tic water consumption ([11], [13], [15]). Meteoro-
logical factors such as air temperature, precipita-
tion, and drought have also been shown to impact
water consumption ([2], [8]). Research shows that
detached houses tend to consume more water than
apartments ([15], [5]). This happens because apart-
ments tend to have lower occupancy rates, and gen-
erally have negligible outdoor water use. The appli-
cation of tariffs and the enforcement of mandatory
restrictions on water use have been shown to curb
consumption ([11], [10]).
Mathematical methods to model and forecast res-
idential water demand include regression models
([14], [4]), time series analysis ([8]), and artificial
neural networks ([7]).
Generalized Additive Models were used to study the
daily garden watering consumption patterns of Por-
tuguese customers with separate indoor and out-
door meters ([9]). In the next two paragraphs we
briefly describe this research, on which our work is
based.
Consumption data between 2015 and 2017 of a set
of 57 customers with separate water meters was ex-
amined. Using clustering techniques, three distinct
profiles of outdoor consumption were obtained. For
each, monthly ratios of indoor/outdoor consump-
tion were computed. These showed that outdoor
consumption accounted for between 85% and 96%
of total monthly water use, and since garden water-
ing is a major factor in this, these were called gar-
den watering clusters. Then, predictive models of
mean garden watering consumption were obtained
for each of the three profiles using Generalized Ad-
ditive Models (GAMs), which include meteorologi-
cal explanatory variables.

Afterwards, the results of garden watering con-
sumption were used to perform disaggregation of
total consumption of customers with a single water
meter for indoor and outdoor use and that verified
similar consumption levels. Clusters of total con-
sumption were obtained for a set of 41 single-meter
households. These clusters were compared against
the garden watering consumption clusters using K-
Nearest Neighbours, and the GAMs were used to
perform forecasting based on the classification re-
sults. Finally, the forecasts of consumption were
disaggregated into their indoor and outdoor com-
ponents using the monthly ratios.

3. Background
3.1. Time Series Concepts
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. Ordinarily, a family of random variables Xt

that describes the evolution of a process through
time is referred to as a stochastic process ([12], [16]).

Definition 1. A stochastic process is a family of
random variables {Xt : t ∈ T} defined on some
probability space. When the index set T is count-
able, the process is said to be a discrete-time pro-
cess. Conversely, if T is continuous, {Xt : t ∈ T}
is called a continuous-time process.

In fact, a time series is but a realization of a
stochastic process.
Typically, time series are written in the so-called
Classical Decomposition Model ([3])

Xt = mt + st + εt, (1)

where mt is called the trend, st is the seasonal com-
ponent with known period d, and εt is the random
noise element.
Let µX(t) = E(X(t)) and σ2

X(t) = E[(Xt − µt)
2]

denote de mean and variance functions of a real-
valued time series {Xt, t = 0, 1, 2, . . .}.
Definition 2. The covariance function is defined
as γX(h) = Cov(Xt, Xt+h) = E[(Xt − µX)(Xt+h −
µX)], h ∈ {0, 1, 2, . . .}.
Definition 3. A time series is called weakly sta-
tionarity if µX(t) is independent of t, and γX(t +
h, t) is independent of time t for each lag h.

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

ρX(h) =
γX(h)√
σ2
X

√
σ2
X

=
γX(h)

γX(0)
, h ∈ {0, 1, . . .} (2)

Take a zero-mean stationary time series Xt. The
k-order Partial Autocorrelation Function (PACF),
φkk, can be interpreted as the partial correlation
coefficient between Xt and Xt+k once the influence
of the X1, X2, . . . , Xt+k−1 variables is removed.
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3.2. Time Series Clustering

Clustering is learning technique whose goal is to
organize objects into mutually exclusive homoge-
neous groups, called clusters. Multivariate tech-
niques that allow the construction of models where
the data labels are not previously known are called
clustering or unsupervised learning.
In this work we use an unsupervised learning tech-
nique called hierarchical clustering, which has the
advantage of producing a convenient tool to help
visualize the step-by-step cluster construction pro-
cess and result, called the dendrogram. In this
work, cluster aggregation is performed using Com-
plete Linkage and Ward’s Method.
Distance between objects can be defined in different
ways. The Periodogram time series distance is used
in this project.
After obtaining a partition of our data into clus-
ters it is necessary to quantitatively assess how well
they represent the underlying groups in the data.
In hierarchical clustering, this can also serve as a
method to choose the number of clusters, or com-
pare different partitions. We use three tools to do
this: the Dunn Index, the Gamma Index, and the
Silhouette Index.

3.3. K-Nearest Neighbours (KNN)

Nearest neighbour models are a class of algorithms
that classify new observations into a pre-existing
structure. Suppose we have at our disposal a set of
observations of the type (x, y), where x denotes the
explanatory variables, and y the target variable or
label. This set of observations is called the training
set and will be instrumental in the classification of
a new set of unlabelled objects, the test set.
The algorithm begins by computing the distance
matrix between the observations in the training and
test sets. It then assigns each element of the test
set the class the majority of its closest neighbours
in the training set belong to. The dimension of the
neighbourhood described above is the input param-
eter k that gives this method its title. The value of
k can have great impact on the outcome. The sim-
plest case, k = 1, produces more variance in the
result, but a higher value may increase bias, and
count the vote of neighbours with whom the unla-
belled object has not that much in common. The
KNN algorithm is sensitive to scaling, so it is ad-
visable to standardize the data beforehand.

3.4. Generalized Additive Models

This section follows the notes of [6] and [17].
This project employs Generalized Additive Models
(GAMs) to model water consumption data, which
have been previously successful in this task [9]. In
order to understand these models, Generalized Lin-
ear Models (GLMs) must be first introduced.
The GLM family is a more flexible version of the

linear model family. GLMs depart from linear re-
gression because the response variable can follow
any distribution from the exponential family. This
includes distributions such as the Binomial, Pois-
son, Gamma, and of course the Normal distribu-
tion, which is the requirement for linear models.
Furthermore, they do not require linearity in the
model structure, instead allowing for a smooth
monotonic ”link function” g of the response vari-
able Y to vary linearly with the predictor variables
X1, . . . , Xp.
For µ = E(Y ) and the vector of unknown param-
eters (β0, . . . , βp), the structure of a GLM is thus
written as

g(µ) = β0 +

p∑
j=1

βjxj . (3)

The GAM class of models expands on GLMs
by introducing smooth functions of the covariates
f1, . . . , fj in the form of

g(µ) = β0 +

p∑
j=1

fjxj . (4)

For simplicity’s sake, let us assume a one covariate
model for the response variable yi,

yi = f(xi) + εi, (5)

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

The estimation of f may be accomplished through
the choice of a basis such that it can be represented
as a linear model. Taking (b1, . . . , bp) as the, sup-
posedly known, appropriate basis functions we can
represent f as

f(x) =

p∑
j=1

bj(x)βj , (6)

where the βj coefficients are unknown parameters
and q is the the basis dimension. The conjunction
pf equations 5 and 6 produces a linear model.
The degree of smoothness in a spline can be tuned
by the smoothing parameter λ ∈ [0,+∞] in the
following form of penalized regression splines

‖y −Xβ‖2 + λ

∫ 1

0

f ′′(x)2dx. (7)

The closer λ is to zero the weaker the penalty on
the regression spline estimate, while λ → ∞ yields
a straight line estimate for f .
The regression coefficients estimator is given by

β̂ =
(
XTX + λS

)−1
XTy. (8)

The hat matrix for the model is

H = X
(
XTX + λS

)−1
XT. (9)
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4. Methodology for classification and disag-
gregation of total water consumption

The initial goal of this work was to use the clus-
ters and Generalized Additive Models for garden
watering consumption obtained in [9] to perform
classification and obtain forecasts of total water de-
mand and subsequently disaggregate consumption
into indoor and outdoor use. For this, a set of vil-
las that exhibited behaviour indicative of significant
outdoor consumption levels was chosen. Unfortu-
nately, the preliminary results obtained with these
models were very poor, and we made the choice to
create our own demand model of total consumption
for customers with a single water meter. Our plan
of work is presented below.
For convenience, let us denote the normalized rep-
resentative series of garden watering consumption
of clusters 1, 2 and 3 ([9]) by Prototype 1, 2 and 3,
respectively.

1. Use 1-NN and the Periodogram distance to
compare the normalized consumption time se-
ries of the selected customers with one water
meter against the three Prototypes. Let Group
g, denote the set of time series classified as re-
sembling Prototype p, with p, g ∈ {1, 2, 3}.

2. Compute the representative time series of each
of the Groups obtained in Step 1 by taking the
mean of the recorded consumption on each day.
Normalize using the following formula

yti =
xti −mean(xt1 , . . . , xtn)

sdi(xt1 , . . . , xtn)
. (10)

3. Split each representative time series obtained
in Step 2 into a training set, which will be used
to model consumption, and a test set, used to
evaluate forecast accuracy.

4. Using meteorological data [1] as auxiliary ex-
planatory variables, create a Generalized Addi-
tive Model of total water consumption for each
training set.

5. Use the models obtained in Step 4 and perform
forecast for the time window of the test set.
Compare with the real values.

6. Apply the monthly ratios of indoor/outdoor
consumption specific to each cluster of garden
watering consumption to disaggregate the pre-
dicted values of total water consumption ob-
tained in Step 5 into its two components.

5. Results
This Chapter is dedicated to presenting the re-
sults derived form the application of the adopted
methodology (Sections 3 and 4) to a case study in-
volving the total water consumption data of a set of

312 domestic customers. Additionally, we present
the results of the analysis of wastewater flow data
in Section 5.5.

5.1. Case study description

We were provided with consumption data collected
by a water utility company that operates in a
coastal region of the South of Portugal. The com-
pany supplies water to approximately 2000 water
meters, which can be subdivided into 5 categories:
i) apartments, ii) detached houses, called villas,
iii) commercial establishments (hotels, restaurants,
etc.), iv) public landscaping water meters, and v)
unknown. Consumption records of each water me-
ter are obtained hourly with a telemetry system.
We were also supplied with complementary infor-
mation about lot and outdoor area.
Domestic customers in this region generally belong
to neighbourhoods, which tend to be homogeneous
in the size of both the homes and outdoor spaces.
We worked with a sample of households that con-
tains 312 homes belonging to 3 neighbourhoods,
and represents approximately 17% of what we esti-
mate is the number of domestic customers the util-
ity company supplies water to. The neighbourhoods
(Nb.) are:

� Nb. A (N=103) consists entirely villas, with
large well-maintained landscaped gardens and
swimming pools.

� Nb. B (N=87) is a community composed of
traditional apartments. These customers do
not have indoor water use.

� Nb. C (N=122) contains both apartments
(N=54) and villas (N=68). The so-called
apartments in this area include both attached
duplexes that share outdoor areas and swim-
ming pools (Traditional Apartments), as well
as semi-detached and detached houses that
own small landscaped gardens and swimming
pools (Small Villas). All villas have some form
of landscaped garden and a swimming pool.

In this sample, there exist 51 villas with separate
meters for indoor (showers, taps, appliances, etc.)
and outdoor water use (watering of gardens, filling
of swimming pools, etc.), 50 of which belong to Nb.
C, and 1 to Nb. A. Since we wish to study total
water consumption, their consumption records were
aggregated. The remaining homes in this sample
have a single meter that reports the whole of indoor
and outdoor water use (when present) together.
Daily and hourly time series of total consumption
were obtained for the 312 homes from 01/01/2015
to 31/12/2018. These were used in the exploratory
analysis and clustering phases.
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5.2. Exploratory Analysis
In order to characterize the customers in this sam-
ple we looked at how the water consumption of each
property type varies with time.
Figure 1 shows boxplots of total monthly consump-
tion aggregated by property typology between Jan-
uary 2015 and December 2018. It shows villas seem
have consumption levels approximately 10 times
greater than those of apartments. Additionally, the
yearly seasonality is different. Apartments regis-
ter two months of increased consumption: July and
August. In villas, consumption increases gradually
as Summer arrives, accompanying the rise in water
demand that is necessary to maintain green spaces
during the hot and dry months.

Figure 1: Boxplots of the total monthly consump-
tion of the 141 apartments and 171 villas between
January 2015 and December 2018.

Figure 2 shows the relation between daily mean
consumption and outdoor area of villas in Nb. A
and Nb. C. Two groups can be clearly detected.
The first, represented with dots, is mostly made
up of villas from Nb. A whose water consump-
tion seems to have little relationship with outdoor
area. We call this group Low Consumption Villas.
In contrast, in the second group, represented with
triangles, hints at a relationship between area and
consumption. This group is called High Consump-
tion Villas. Given the weight outdoor consumption
has been shown to have on total consumption, we
posit the first group’s notoriously lower consump-
tion levels and weak correlation with outdoor area
may be attributed to the presence of private bore-
holes in these homes.

Figure 3 shows the relation between daily mean
consumption and indoor area of apartments from
Nb. B and Nb. C. It seems to indicate some posi-
tive correlation between indoor area and mean wa-
ter consumption, that is stronger for the apartments
from Nb. C.
The exploratory analysis conducted on these neigh-
bourhoods indicates that similar types of construc-
tion from different neighbourhoods use water differ-
ently. Given this, we propose a new classification of
these homes that goes beyond traditional construc-
tion typology and takes into account how water is
consumed. A summary of the findings of this sec-
tion is presented in Table 1. The number of villas
with two water meters is shown in parentheses. One

Figure 2: Scatterplot of daily mean consumption
between January 2015 and December 2018 against
outdoor area of villas per neighbourhood.

Figure 3: Scatterplot of daily mean consumption
between January 2015 and December 2018 against
indoor area of apartments per neighbourhood.

of the apartments from Nb. C is not included, as
we were unable to locate it and identify its type of
construction.

5.3. Clustering
In this section we describe the hierarchical cluster-
ing process and results. The three neighbourhoods
were treated separately in light of the exploratory
analysis results (Section 5.2).
Because scale can be a determining factor in cluster-
ing, we worked with normalized data. We used two
normalization formulas, called Mean/SD (Equation
10) and Min-Max, given by:

yti =
xti −min(xt1 , . . . , xtn)

maxi(xt1 , . . . , xtn)−mini(xt1 , . . . , xtn)
.

(11)
For each neighbourhood, we began by obtaining the
normalized time series according to each of the two
formulas. Next, we applied the hierarchical clus-
tering algorithm. Two dissimilarity measures were
tested: Ward Method and Complete Linkage. The
final partitions were chosen based on the Dunn,
Gamma and Silhouette Indexes, which were com-
puted for the number of clusters k ranging from 2
to 8. We sought to pick the partition that best max-
imized the index values.
The final partition pertaining to Nb. A has 4 clus-
ters and uses the Mean/SD normalization and Ward
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N Nb. A Nb. B Nb. C
Mean Indoor Mean Outdoor Mean

Area (m2) Area (m2) m3/customer/day

Traditional
107 0 87 20 142.0 - 0.133

Apartments
Small

33 0 0 33 191.3 591.6 0.414
Villas

Low Consumption
61 (2) 58 (0) 0 3 (2) 498.3 1890.9 1.061

Villas
High Consumption

110 (49) 45 (1) 0 65 (48) 475.6 1605.3 6.828
Villas

Table 1: Summary statistics of the proposed new customer typologies: Traditional Apartments, Small
Villas, Low Consumption Villas, and High Consumption Villas.

Method. The partitions obtained for Nb. B and
Nb. C have 3 and 5 clusters each and both use the
Min-Max normalization and Complete Method.
Clusters 1 to 4 obtained for Nb. A have sizes 45, 21,
27, and 10, each. Clusters 1 and 2 present the low-
est consumption levels, and their yearly seasonality
is not pronounced. These two clusters collectively
contain 52 Low Consumption Villas. Clusters 3 and
4 both show very strong yearly seasonality that is
congruent with outdoor consumption patterns [9].
Only one of these has a dual-meter system installed.
In Nb. B, clusters 1 to 3 have sizes 60, 7 and
14. Cluster 2 presents low consumption Winters
and high consumption Summers, indicating sea-
sonal residents. Cluster 1 includes regular year-long
consumers, and cluster 3 is a mixture of the other
two.
The 5 clusters obtained for Nb. C have sizes 33,
54, 22, 5, and 6. Cluster 2 includes all the apart-
ments in this neighbourhood. The villa clusters
presented no significant differences in consumption
levels. Strong yearly seasonality was observed in all
four, and only cluster 1 included customers with low
Summer consumption. This indicates many cus-
tomers in this neighbourhood use potable water for
their outdoor needs, 50 of which already have dual
water meters.
As the exploratory analysis had already made clear,
villas in Nb. A use a great deal less water than
their Nb. C counterparts, and many Nb. A villas
have low enough water usage compared to outdoor
area to possibly indicate borehole ownership (Low
Consumption Villas). Given the consumption pro-
files obtained with clustering, we found a set of 52
homes (16.6% of the sample) in clusters 1 and 2 of
Nb. A who might have boreholes and whose con-
sumption was 9 times lower than their neighbours
with high consumption levels.
Additionally, this phase revealed villas with con-
sumption levels high enough to justify the installa-
tion of the dual-meter system, namely in clusters 3
and 4 of Nb. A, and the villas in Nb. C that do not
already have dual meters, in a total of 46 villas, or
14.7% of the sample.

5.4. Modelling total water demand using GAM
This section aims to present the results of the clas-
sification, modelling and forecast of total consump-
tion of a group of villas that have one water meter.
For this, the methodology described in Chapter 4
was employed.

5.4.1 Classification

Upon examining the characteristics of the homes
that went into the construction of the GAM of gar-
den watering consumption [9], we concluded that,
in order to be suited for this next phase, the cus-
tomers needed to meet the following criteria.

� Be a villa with a single water meter for indoor
and outdoor consumption.

� Have outdoor area between 1100 and 2300 m2.

� Have daily mean consumption to outdoor area
ratio such that there is no suspicion of exis-
tence of a borehole. By the water utility com-
pany’s indication, the average garden consumes
between 3 and 5 L per m2 per day.

Regarding the last item, we used outdoor area as
an approximation of garden area, since we had no
information as to the latter. Since outdoor use has
been shown to represent approximately 90% of total
water use in homes with similar consumption lev-
els, we use total consumption as an approximation
of outdoor consumption.
Only customers in the set of 312 homes analysed in
the clustering phase were considered. A total of 38
customers verified the four necessary conditions, 32
being from Nb. A, and 6 from Nb. C. The 1-NN
classification process resulted in 36 of the customers
being deemed most similar to Prototype 2, thus cre-
ating Group 2. Groups 1 and 3 had one element
each and were discarded, as Prototype 2 seems to
be the one that best describes the majority of the
customers’ consumption patterns.
The daily time series of total consumption for the
set of 36 customers in Group 2 were aggregated by
the mean so as to obtain the representative time
series of this set of customers.
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5.4.2 GAM model building

In this stage, and since we wish to perform fore-
cast and compare the obtained values against the
real consumption, this time series was split into a
training set, that ranges between 01-01-2015 and
31-12-2017, and a test set that ranges from 01-01-
2018 to 31-12-2018.
Stationarity of the representative time series was
checked using the KPSS and Augmented Dickey-
Fuller (ADF) tests, both of which gave us reason
to reject the null hypothesis of trend stationarity at
significance level 10%. Given this, we differentiated
the data once, after which both tests indicated it
had become trend-stationary. Regarding variance
stationarity, we applied Box-Cox transformation to
the data using various values of λ, but none was
ultimately used as they all failed to produce lower
sample variance.
The sample ACF and PACF of the differentiated
time series were computed to help determine which
past lags of the response variable to include in the
model. The ACF presented significant spikes at lags
1 and 7, which may indicate a relationship between
the values registered at time t and times t− 1 and
t− 7. The PACF signalled lags 3 and 6.
Exploratory Analysis indicated that yearly season-
ality is a crucial determinant of the level of con-
sumption. This translates into the inclusion of vari-
able Month, which takes values in the 1 to 12 range.
Variables DayOfWeek and Weekend were created to
accommodate a slight decrease in median consump-
tion during the weekend that was found during the
exploratory analysis of the clustering results.
During the construction process of our model, we
noted the candidate models tended to produce neg-
ative forecasts values following the drop in con-
sumption that is registered every year in October
once Autumn arrives. We addressed this with the
inclusion of the binary variable Impulse, that equals
1 during the first consecutive rainy days in October,
and is 0 for the rest of the year.
In addition, we included the Trend variable to por-
tray the general trend of the time series, as given
by its STL decomposition.
With respect to the meteorological variables, daily
mean, maximum and minimum temperatures and
daily accumulated precipitation were considered.
The three temperature variables were differentiated
once due to indication of non-stationarity.
Cross-Correlation Function (CCF) was computed
between the meteorological variables and the re-
sponse variable to determine which lags to include
in the model. The most significant lags for the dif-
ferentiated mean temperature variable were 24 and
9. Lags -4 and -29 were found relevant for the dif-
ferentiated maximum temperature. Lags 16, -23
and 9 were suggested for the differentiated mini-

mum temperature. Lags 0, -22, -24, and -1 of Pre-
cipitation were found to be the most relevant. All
the lags described above were considered and tested
in the building process of our model. Additionally,
we considered lagPrecEvent, a binary variable that
indicates whether or not it rained on that particular
day.
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 total water consumption of Group 2 is given in
Equation 12, wherein f(·) represent smooth func-
tions, and yt stands for the value of the response
variable at time t.

Model : yt =t12(Month,DayOfWeek) +Weekend+

yt−6 + yt−1 + Prect−22+

Impulse× Trend+

t34(Prec0, DiffTempMaxt−4)

(12)

In our analysis of the residuals, the application of
a KPSS test produced a p-value greater than 0.1,
which allows us to conclude they are stationary
at all the usual significance levels (1%, 5%, and
10%). The histogram of the residuals exhibited a
bell shape, and the QQ-Plot resembled a straight
line, which indicates that the residuals follow a Nor-
mal distribution. The scatterplot of the linear pre-
dictor 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.

5.4.3 Forecasting and disaggregation of to-
tal water consumption

Forecast for the representative series of daily con-
sumption by elements of Group 2 was performed
using this model for the time period between
01/02/2018 and 31/12/2018. The values for the
Trend and response variables came from the latest
corresponding period of the training set, which was
the year of 2017.
Recall that the response variable involved in the
construction of the model was the composition of
the normalization and first differences of the repre-
sentative series. The first differences were undone
by using the last value in the training set, 31-12-
2017. Then, the resulting values were returned to
the original scale of the training set through formula
13.

Xt = Yt × sd(Xt) +mean(Xt) (13)

Figure 4 presents the forecast values against the
real values of the representative series for the period
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between 01-02-2018 and 31-12-2018. The disaggre-
gated results obtained with the indoor/outdoor con-
sumption ratios ([9]) are shown as well. The Mean
Absolute Percentage Error (MAPE) obtained for
this model was 36.99%, and the Mean Average Er-
ror (MAE) was 1.26.

Figure 4: Real values of the representative series
of villas with presumed outdoor consumption ver-
sus the daily forecast values and disaggregated con-
sumption between 01-02-2018 and 31-12-2018.

5.5. Analysis of wastewater flow

In this section, we turn our attention to the water
that exits the property after it has been used, and
is collected and treated by the wastewater system.
The wastewater flow should be made up of a por-
tion of indoor water usage, excess from landscape
irrigation, and water from the draining system of
swimming pools. The sewer system is supposed
to be separate, ie, the residential wastewater
and stormwater drainage systems should not be
interconnected. However, according to the water
utility company there is some degree of undue
infiltration of stormwater into the sewer network,
whose presence carries additional unnecessary
costs. This makes understanding the magnitude
of the undue infiltration a point of interest to the
water utility company.
We were provided with wastewater flow collected
at a pumping station called CE6 data between
February and November 2018.
After usage, the wastewater produced by each cus-
tomer enters the wastewater system and travels to
the pumping station where it is ultimately directed
to the wastewater treatment plant. A total of 249
water meters were connected exclusively to CE6 in
2018, of which 15 are public garden watering, 3 are
used for operation of the pumping stations, 1 is a
swimming pool, 1 is a commercial space, and the
remaining 229 are households. These customers
can be further divided by their geographic location
into 5 neighbourhoods, two of which are Nb. A
and Nb. B.
In order to carry out our analysis, we chose
to disregard the contribution of water resulting
from the draining of swimming pools and excess
landscape irrigation flow, as well as that coming

from the commercial space and the 3 water meters
used for operation of the pumping stations. Under
these conditions, this means that the wastewater
that passes through a pumping station comes ex-
clusively from domestic indoor water consumption.
However, according to the water utility, only 70%
to 90% of domestic indoor water usage enters the
sewer network, while the remainder gets consumed
in the household.
Figure 5 shows daily wastewater flow of pump
CE6 (divided by 10 to facilitate visualization)
against accumulated precipitation data (in inches)
between February and November of 2018. A clear
relation between the two is evident, as the periods
of greatest inflow at CE6 coincide with the peaks
of heaviest precipitation.

Figure 5: Comparison between CE6 daily flow and
daily accumulated precipitation.

Among the households connected to CE6, a sam-
ple of homes without outdoor consumption was cho-
sen and their mean monthly consumptions were cal-
culated. They are shown in Figure 6 and compared
with the monthly flow of wastewater per customer,
and monthly accumulated precipitation values (in
inches). According to water utility company, during
the dry months it is expected that 70-90% of indoor
consumption gets turned into wastewater. This is
shown in Figure 6 in three levels that represent 70%,
80%, and 90% of indoor water use of the homes in
our sample. Of these, the values that correspond
to 90% of indoor consumption are the ones closer
to the mean wastewater flow in dry months, which
seems to indicate the proportion of indoor water
consumption that is collected by the wastewater
system is approximately 90%, while the remainder
of the wastewater flow are unwanted contributions.

Table 2 presents mean wastewater flow values
obtained via the wastewater flow analysis for the
months between February and November 2018 in
comparison with 90% of monthly indoor consump-
tion values of customers in our sample. The per-
centage of mean wastewater flow that is attributed
to undue contributions is also given. This was cal-
culated by deducing 90% of the mean consump-
tion from the wastewater flow, and dividing by the
wastewater flow. Months that registered significant
precipitation levels are marked with (*).
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Feb. Mar.(*) Apr.(*) May(*) Jun.(*) Jul. Aug. Sep. Oct.(*) Nov.(*)

90% of Mean
8.50 8.93 12.20 23.45 23.48 27.97 28.35 17.36 13.50 7.17

Consumption
Mean Wastewater

16.56 47.76 37.38 25.50 31.01 34.61 40.64 26.84 24.97 21.59
Flow

Percentage of
48.6 81.3 67.4 8.1 24.3 19.2 30.2 35.3 45.9 66.8

Undue Flow

Table 2: Mean monthly wastewater flow (m3/customer), 90% of consumption values (m3/customer), and
percentage of undue flow.

Figure 6: Comparison between CE6 monthly flow,
mean indoor water consumption, and monthly ac-
cumulated precipitation.

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 the consumption
patterns of a set of 312 domestic customers of
a water utility company. This is a sample we
felt would provide a good representation of the
water utility company’s domestic customer base.
These are categorized by the company into two
construction typologies: apartments and villas
(detached homes). Three neighbourhoods were
studied, the first of which is composed exclusively
of villas, the second only has apartments, and the
third has both construction typologies.
Consumption data between 01/01/2015 and
31/12/2018 was used to perform our analysis.
A preliminary exploratory analysis revealed
subtypologies of customers that are based on
construction type and relationship between area
and consumption level, and which the water utility
company seems to be currently unaware of. We
propose new categories of customer typology based
on these results.
Clustering was performed on each neighbourhood
separately with the goal of obtaining customer
profiles. In villas, the clustering results helped
identify a set of customers corresponding to 16.6%
of the sample who are possible owners of boreholes
for outdoor use. This is valuable information, as
these boreholes are at risk of being closed due to

contamination by saltwater intrusion, in which
case their outdoor water needs would need to be
met by the water utility company. Furthermore,
we identified 14.7% of the sample of customers as
viable targets for the installation of separate water
meters for indoor and outdoor use. Doing this
allows for the introduction of differentiated tariffs
based on end use.
Afterwards, we employed the clusters and General-
ized Additive Models (GAM) of garden watering
consumption from previous research [9] to perform
forecast of total water consumption. A set of 38
customers from the neighbourhoods studied in this
work were compared to the three garden watering
consumption profiles, and since 36 of these were
classified into the same cluster, we proceeded with
this group alone. Poor prediction ability by the
model for garden watering consumption lead us
to built our own GAM for total water consump-
tion, which includes maximum temperature and
precipitation as explanatory variables. Forecasts
of total water consumption were obtained using
this model, and the predicted results were similar
to the real recorded values. The forecasts were
then disaggregated into indoor and outdoor con-
sumption using previous research ([9]). Knowing
how much water is being used outdoors allows the
water utility company to estimate loss of revenue
in case of enforcement of restrictions on outdoor
water consumption.
The secondary goal of this work was to study
wastewater flow data recorded by a pumping
station located in the wastewater drainage network
of a set of homes in this region. Comparison of
daily flow values of the pumping station against
accumulated precipitation data confirmed the wa-
ter utility company’s suspicion that there is a great
deal of infiltration of stormwater into this drainage
network, possibly caused by undue connections of
the stormwater system to the wastewater network.
Using consumption values of a sample of homes
in this pumping station’s network, monthly per-
centages of undue infiltration by stormwater were
estimated, which were generally higher in months
of more significant precipitation. This information
is of value to the water utility company, as this
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unwanted presence of stormwater in the wastewater
network carries additional costs.

6.2. Future Work

Several approaches can be taken to expand on the
conclusions drawn from this work.
The first point of interest concerns the set of cus-
tomers supplied by the water utility company. In
our mission to identify the company’s vulnerability
to imposed restrictions on water consumption, we
analysed the consumption patterns of a group of
312 homes belonging to three neighbourhoods over
a four-year period. However, this represents only a
small fraction of the company’s domestic customers.
It would be of interest to explore the consumption
profiles of these customers, and to determine the
adequacy of the model created for estimating to-
tal water consumption, as well as determining the
proportion of households that have boreholes for
outdoor use, and to estimate the increase in water
demand were these boreholes to be forcibly closed.
Additionally, we analysed flow data from one of
several pumping stations located in this region,
which revealed a significant degree of infiltration
of stormwater into the wastewater network. This
same analysis can be applied to the other pumping
stations located in this area with the goal of assess-
ing if this infiltration problem also exists in their
sewer networks.
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