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Abstract: Water demand scenarios are defined assuming that the samples are complete. On the
other hand, consumption measurements are often affected by a considerable number of missing data.
This paper explores the problem of missing data and proposes an example of a data pre-processing
technique. Afterwards, a deconstruction of the time series, without being influenced by the presence
of gaps, is presented. For this purpose, the fast Fourier transform for nonuniform sampling is
developed. This analysis allows us to generate ergodic and stationary samples, useful for pursuing
the generation of water demand scenarios. An application is provided on a water consumption time
series recorded in a suburban area of Naples, Italy.
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1. Introduction

The water demand scenarios are indispensable and condition us to perform the proce-
dures of design, calibration, and management of a water distribution network. Neverthe-
less, in the last two decades, several methodologies for water demand modelling have been
proposed [1–7], while the methodologies suggested for the generation of water demand
scenarios are still few [8,9].

The generation of water demand scenarios requires the presence of simultaneous
measurements of consumption of several users to define the covariance matrix. However,
the consumption measurements show missing data, due to transmission errors or the
absence of users. The presence of an excessive number of missing data within the single
time series nullifies the possibility of evaluating the covariance matrix.

The covariance matrix between users’ consumption must refer to the actual sociological
conditions to generate reliable scenarios [10]. Nevertheless, sociological conditions have a
rapid variability, so it is useless to try to solve the lack of contemporary data problem by
extending the sampling period.

The covariance matrix can be reconstructed, even when the data from which the matrix
is computed is asynchronous or incomplete. To obtain a reliable result with this technique,
it is necessary to have few non-extended gaps. It is, therefore, necessary to implement a
structural analysis methodology of the single time series, accounting for the presence of
numerous and extensive gaps.

The authors propose a pre-processing methodology for raw consumption data and a
subsequent structural analysis procedure applied to an incomplete time series.

In this work, the case study of Soccavo DMA (Naples, Italy) is analysed; seven years
of users’ hourly consumption measures are considered. To carry out the characterization of
the gaps, it was essential to have recorded the water consumptions during the bimestrial

Environ. Sci. Proc. 2022, 21, 1007. https://doi.org/10.3390/environsciproc2022021007 https://www.mdpi.com/journal/environsciproc

https://doi.org/10.3390/environsciproc2022021007
https://doi.org/10.3390/environsciproc2022021007
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/environsciproc
https://www.mdpi.com
https://orcid.org/0000-0002-1797-0420
https://orcid.org/0000-0002-5983-6262
https://orcid.org/0000-0003-0036-1191
https://doi.org/10.3390/environsciproc2022021007
https://www.mdpi.com/journal/environsciproc
https://www.mdpi.com/article/10.3390/environsciproc2022021007?type=check_update&version=1


Environ. Sci. Proc. 2022, 21, 1007 2 of 9

lockdown that occurred in Italy, due to the epidemic emergency of COVID-19. In fact, the
water consumptions recorded during this period referred to a time window in which house-
holds were forced to remain permanently inside their homes, eliminating the sociologic
component from the potential causes of gaps.

2. Methods and Models
2.1. Pre-Processing of the Dataset

The information content that can be provided by a monitoring system varies according
to the time frequency of the recordings of measurements. The most complete data is
certainly the impulsive water consumption that occurs at the scale of the single fixture.
However, it is not possible to use such information because two problems linked to the high
scanning frequency arise. In fact, the high scanning of the measurements can somehow
conflict with the privacy of the inhabitants and, furthermore, requires a high computational
burden. For these reasons, water companies are not willing to record the water consumption
of the individual fixtures at such high frequencies, choosing hourly user data gathering.
This data is still able to provide an accurate user characterization. The single hourly
measurement of a user defines its relationship with other network users, ensuring the
estimate of the covariance matrix.

An hourly measurement, even if zero, is valid information for estimating the covari-
ance matrix. On the other hand, an entire day of absence of measurements does not provide
any information contribution. The information content of a time series can, therefore, be
derived only from the day that recorded, not only null measurements.

The days of complete absence of measurements may be due to different reasons. Some
gaps are random and short, usually due to sensor malfunction, deficiencies in records
storage, and transmission, or other recovery procedures issues. These shortages differ from
those, due to the prolonged absence of residents inside their homes.

Whatever the reason for the lack of information, it is necessary to define the random or
deterministic character of the gap and its extent. In fact, the way of conducting a structural
analysis of the time series changes according to the characteristics of the gaps. However,
some time series have unacceptably low and discontinuous information content. Under
these assumptions, it is necessary to verify whether the measured time series of the single
flow meter maintains the ability to provide reliable information for the characterization of
the users. To this end, the quality of the series must be assessed.

A proposal to evaluate the qualities of the measurements was presented by Padulano
et al. [11], but this analysis does not allow us to characterize the samples according to their
gaps. However, a qualitative analysis of the time series cannot ignore the characteristic of
the gaps and their influence on the correct reproduction of the sample. The authors, there-
fore, argue that the procedure proposed by Padulano et al. is valid for the quantification of
valid measurements in the sample, but it can be improved with information relating to the
randomness of the missing data.

The most widespread method for verifying the randomness characteristic of a time
series is the Wald–Wolfowitz runs test [12], a non-parametric statistical test that identifies
the homogeneous series through the verification of the randomness of the time series. To
identify and characterize the gaps, a runs test is performed on binary data, distinguish-
ing only the missing daily data from the others. This test also allows us to identify the
confidence interval relating to the extension of the dataset recorded.

However, as demonstrated in the application of the case study, this approach is helpful
for the classification of gaps, but it is not sufficient for carrying out an unsupervised
analysis of the gaps. The automatic characterization of a sample from its missing data is
possible only with a deep learning process that identifies systematic absences with precise
periodicities and recurrences.

Finally, the data pre-processing phase provides the elimination of the outliers [13] and
any water losses inside the plumbing. At the end of the preprocessing, the time series can
be used for user characterization.
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2.2. Structural Analysis of the Time Series

Good quality time series guarantee an adequate knowledge of the consumption of
their users. However, to characterize the sample, the time series must have an extension
that rarely allows stationarity and ergodicity, due to the rapid variation of the sociological
characteristics of users. Neglecting such aspect leads to incorrect information that does not
allow us to obtain reliable water consumption predictions. However, the daily consumption
has a marked variability around its average value; therefore, it is not recommended to fill the
series by inserting information obtained artificially, as this could alter the characterization
of the sample.

A possible method to synthetically obtain ergodic and stationary series is to analyse
single users’ consumptions for short and stationary periods. At this point, it is worth
remembering that the time series may be affected by the presence of missing measurements
that cannot be roughly eliminated.

The gaps filling is pursued by different methods ranging from the classic use of the fast
Fourier transform (FFT) [14,15] to the use of the artificial neural network [16]. Nevertheless,
the hourly consumption has a marked variability around its average value; therefore, it is
not recommended to fill the missing data by inserting information obtained artificially, as
this could alter the characterization of the sample.

A reconstruction of the periodic and stochastic characteristics of a time series of water
consumption is proposed by Arandia et al. [17]. However, the classic formulation of the
Fourier transform is defined for constant sampling intervals, whereas the presence of
missing data determines a sampling interval of non-uniform records. For this reason,
it is necessary to apply a technique suitable for non-uniform data [18,19]. By pursuing
this analysis, a certain number of harmonics is obtained for the signal analysed, and
it is necessary to select only the significant harmonics, following one of the numerous
approaches proposed in the literature [17,20–22]. The significant harmonics are used to
develop a periodic model using the inverse Fourier transform (IFT), which reconstructs the
only periodic deterministic component of the time series analysed.

2.3. Stochastic Analysis of the Residuals

The residuals obtained by subtracting the periodic model from the original demand
data are tested by an autocorrelation analysis to determine whether they constitute a
random sequence. If the time series presents a residual autocorrelation, it is necessary to
use an autoregressive model to eliminate the autocorrelation. There are many proposals
for autoregression that supply various levels of analytical interpretation, passing from the
simplest AR model to the more articulated ARMA and ARIMA models [17,23–25]. After
this treatment, the only residues deriving from the autoregressive model would represent
the stochastic component of the measured water consumption.

On this stochastic component, a fitting is performed to find the most suitable probabil-
ity distribution for the specific sample.

3. Application

The rare heritage of the measurements provided by the water company “ABC Napoli”,
containing the measurements collected in the Soccavo DMA (Figure 1), located in the
north-western area of the city of Naples (Italy), is extremely useful to show the application
of the proposed methodology.

In this DMA, the 4865 flow meters (88% of which are residential) transmit daily
through remote reading the hourly consumption measurements. The system has been
active since 2015; therefore, more than 7 years of measurements are currently available,
although not all the flow meters worked continuously in these years. However, it has
already been explained that such a long period of data is not useful for the statistical
characterization of users. A much more important topic is the contemporaneity of the
annual measurements, which influences the estimation of the covariance matrix. In the
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year of best functioning, the average rate of contemporaneity of the measurements is, in
fact, 70%, while the maximum does not exceed 84%.
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Figure 1. Soccavo DMA (Naples, Italy), with his flow meters positioned on the map of the area.

The flow meters installed in the Soccavo DMA are set up so that if a data transmission
failure is detected, the system records null demand values for the entire day. This allows
for a unique identification of the days that hold information content. To characterize the
missing data, the dataset consents to analyse the measurements of a particular and, hence,
remarkably interesting period. The epidemiological emergency, due to the spread of the
SARS-CoV-2 virus, indeed, has allowed to conduct a fundamental sociological experiment
to assess the influence of the actual presence of users in the building. In fact, in the first
months of 2020, the Italian government implemented a series of restrictive measurements.
Specifically, from 11 March–4 May 2020, the government imposed a total lock-down that
forced the residents to stay within their residence. Therefore, it is reasonable to assume
that, in this period, the residents remained permanently inside the apartments. The totality
of the missing data recorded in this particular bimester is, therefore, to be attributed only to
transmission error. From such valuable assumptions, it is possible to estimate the impact of
sociological behaviour on the lack of data. To this end, an analysis was carried out on the
number and randomness of the missing data. To highlight social behaviours, this analysis
was performed with the data recorded in 2020, a year subject to severe travel restrictions,
and in 2017, which is the year of best functioning of the monitoring system and precedes
any restrictions. Figure 2 shows that the rate of the time series with missing data classified
as random (blue points) is significantly higher in 2020, with respect to 2017. From this
analysis, the incidence rate of social behaviours on the missing data appears to be estimated
at around 15%.

This analysis identifies the time series in which the days of randomly distributed
missing data are guaranteed to still provide information on the sample in the registration
period. Under these conditions, it is possible to recognize the statistical characteristics and
the presence of any periodicity. However, this methodology needs a successive phase of
manual control of the results to classify the data, based on the extent and recurrence of
the gaps. The use of artificial intelligence appears to be the only viable possibility for an
automatic and unsupervised pre-processing of the null measures. In fact, by combining
the aforementioned analyses, with a check of the periodicity of the gaps and the holidays
foreseen by the calendar, an artificial neural network (ANN) can improve and automate
the classification.
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Figure 2. Totals of 95% (red lines) and 99% (green line) confidence intervals, relating to the random-
ness of missing data in samples recorded in 2020 (a) and in 2017 (b). Considering the 4266 measured
sample and 95% confidence intervals, the time series characterized by random missing data are 24%
of the total in 2020 and 7.8% in 2017.

The evaluation of the periodic component is performed on the time series defined
as representative. The use of the NonUniform Fast Fourier Transform (NUFFT) allows to
perform the FFT on sampled signals in the case of non-equispaced sampling. To apply
this method the series must be continuous, so the null days are eliminated. However, the
information on the presence of gaps remains present in the frequencies assigned to each
measurement, which remain unchanged.

The analysis carried out on the measurements of a residential flow meter, which
recorded a complete time series in the bimester of the lockdown, is supplied below as an
example. In this particular period of measurements, the randomness of consumption is
reduced, since those present constantly coincide with the residents. Furthermore, in the
case of residents belonging to work categories defined as “non-essential”, the absence of
work shifts has limited, or even eliminated, the weekly periodicity.

The first step of this application consists of performing the structural analysis of the
complete reference time series, continuously sampled at constant intervals, using FFT.

From this first analysis, the three fundamental frequencies of the sample are identified,
which is clearly visible in the power spectrum reproduced in Figure 3a. The main frequency
is the daily one, while the other two periodicities are lower than this. For the sample
analysed, during the lockdown period, the weekly frequency is not identifiable. The
first three harmonics, much larger than the others, are already able to define the main
periodic trend of the time series. However, these three harmonics are not able to represent
a consistent share of the periodic component of the time series. Analysing the trend of the
progressive amplitudes of the analysed sample, a sudden alteration in slope is noted at the
13th harmonic. The 13 significant harmonics are used to develop a periodic model using
the inverse Fourier transform (IFT), which returns a reconstructed signal, whose mean is
compared to that of the real sample in Figure 3b.

To prove the stated methodology, the analysed time series has been modified by
eliminating an increasing number of daily measurements, highlighted on the complete
time series in Figure 4.
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On these two incomplete time series, the NUFFT is performed. By comparing the
power spectrum obtained on the complete time series (Figure 3a) and the others obtained
for samples holding an increasing number of missing data (Figure 4), the three fundamental
frequencies are coincident, while the values assumed in correspondence with them is
remarkably similar (Figure 5).
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Figure 5 also shows that the presence of an increasing number of days of missing
measurements leads to an increasing number of significant harmonics, characterized by a
period greater than a day. These harmonics are responsible for the reconstruction of the day
of missing measurements within the pseudo-periodic signal. Since the structural analysis
was carried out to reconstruct the periodic component of the complete signal, the estimate
of the periodic signal is determined with the NUFFT, considering only frequencies higher
than the daily one, indicative of the first harmonic. Based on the number of significant
harmonics considered, the residuals obtained by subtracting the periodic model from the
original demand data can be autocorrelated. For this reason, they need to be tested by an
autocorrelation analysis to determine whether they constitute a random sequence. For this
purpose, the Ljung–Box test is used, which is frequently used for autocorrelation analyses
of time series. This test show that, for this flow meter, no autocorrelation is detected in
the stochastic component (Figure 6); therefore, it is possible to statistically characterize the
independent residual component.

Environ. Sci. Proc. 2022, 21, 7 7 of 9 
 

 

analysis was carried out to reconstruct the periodic component of the complete signal, the 
estimate of the periodic signal is determined with the NUFFT, considering only 
frequencies higher than the daily one, indicative of the first harmonic. Based on the 
number of significant harmonics considered, the residuals obtained by subtracting the 
periodic model from the original demand data can be autocorrelated. For this reason, they 
need to be tested by an autocorrelation analysis to determine whether they constitute a 
random sequence. For this purpose, the Ljung–Box test is used, which is frequently used 
for autocorrelation analyses of time series. This test show that, for this flow meter, no 
autocorrelation is detected in the stochastic component (Figure 6); therefore, it is possible 
to statistically characterize the independent residual component. 

 
Figure 6. Sample autocorrelation of the stochastic component. Bounds (blue lines) for α = 0.01. 

A fitting of the residuals on probabilistic distributions has identified the three-
parameter gamma distribution as the best performing distribution for the time series 
analysed (Figure 7). 

 
Figure 7. Fitting of the three-parameter gamma distribution on the stochastic component of the 
signal. (a) Probability distribution function. (b) Probability–probability plot of the empirical CDF 
values plotted against the theoretical CDF values. 

Once the parameters of the identified distribution are known, the residuals can be 
generated by the Monte Carlo method. By adding these residues to the periodic 
component of the signal, a stationary, ergodic, and complete series, relating to the 
analysed user, is reconstructed. 

4. Conclusions and Future Work 
The presence of missing measures in a time series is a non-removable problem that 

prevents the evaluation of the consumption covariance matrix. The impossibility of 
defining this matrix inhibits the generation of reliable water demand scenarios. For this 
reason, it is necessary to reconstruct the characteristics of the time series, considering the 
missing measures. However, extended gaps result in a lack of information that does not 
allow for the correct characterization of the signal. 

The first part of the paper proposed a supervised data pre-processing technique that 
can help characterize gaps. Then, the authors presented a structural analysis on the 

Figure 6. Sample autocorrelation of the stochastic component. Bounds (blue lines) for α = 0.01.

A fitting of the residuals on probabilistic distributions has identified the three-parameter
gamma distribution as the best performing distribution for the time series analysed
(Figure 7).
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Once the parameters of the identified distribution are known, the residuals can be
generated by the Monte Carlo method. By adding these residues to the periodic component
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of the signal, a stationary, ergodic, and complete series, relating to the analysed user,
is reconstructed.

4. Conclusions and Future Work

The presence of missing measures in a time series is a non-removable problem that
prevents the evaluation of the consumption covariance matrix. The impossibility of defining
this matrix inhibits the generation of reliable water demand scenarios. For this reason, it
is necessary to reconstruct the characteristics of the time series, considering the missing
measures. However, extended gaps result in a lack of information that does not allow for
the correct characterization of the signal.

The first part of the paper proposed a supervised data pre-processing technique
that can help characterize gaps. Then, the authors presented a structural analysis on the
incomplete time series. This study confirms that it is possible to efficiently generate the
periodic component, starting from incomplete samples. A stationary and ergodic sample
can, therefore, be generated from an incomplete series. The comprehensiveness of the data
allows the generation of representative consumption scenarios.
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