
1.  Introduction
Many water distribution networks (WDNs) are continuously monitored through installed sensors that measure 
hydraulic parameters (e.g., pressure, flowrate, users’ consumption) and water quality parameters (e.g., chlorine 
concentration, pH, temperature) (Kara et al., 2016). This continuous monitoring allows to collect raw data to be 
used in multiple engineering applications, being flowrate and pressure data the most widely used time series 
by water utilities in different engineering applications, such as: the calculation of water balances (Meseguer & 
Quevedo, 2017); the development and calibration of hydraulic models in terms of nodal demands and pipe rough-
ness coefficients (Do et al., 2016; Zhang et al., 2018; Zhou et al., 2018); the application of burst detection and 
location techniques by inverse analysis (Blocher et al., 2020; Moasheri & Jalili-Ghazizadeh, 2020; Sophocleous 
et al., 2019), by using classifier approaches (Capelo et al., 2021; Fereidooni et al., 2021; Hu et al., 2021), or by 
using transient-based techniques (Capponi et al., 2017; Covas & Ramos, 2010; Covas et al., 2004; Duan, 2017). 
Fiorillo et al. (2020) presented a methodology to reconstruct the total demand of a district metered area start-
ing from a small number of monitored users, directly using records of water consumption by users. Cominola 
et al. (2019), Creaco et al. (2021), and Kossieris et al. (2019) focused on using smart metering technologies to 
minimize water losses and energy consumption also using users’ measurements. The success of most engineering 
tools strongly depends on the existence of well-processed, reliable, and synchronized time series for flowrate and 
pressure.

Traditionally, flowrate data are collected and stored at a regular pre-defined time step, usually between 5 and 
15 min (Barrela et al., 2017; Chen & Boccelli, 2018; Huang et al., 2020). However, some sensors may not collect 
and transmit data at a regular time step, which is the case of impulse flowrate meters that register data when a 
fixed water volume passes in the meter (e.g., one pulse per cubic meter) (Boyle et al., 2013; Clifford et al., 2018). 
In these cases, unevenly spaced flowrate time series are obtained, with an irregular interval between measure-
ments. Most engineering tools for WDNs require evenly spaced time series. Thus, a time step normalization is 
usually required depending on the acquisition and transmission settings.

Regardless of the acquisition and transmission settings, the obtained raw flowrate time series may contain meas-
urement errors, such as missing, repetitive or even false readings (Mounce et al., 2010; Xenochristou et al., 2020). 
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These errors can have their origin in sensor or logger malfunctioning, faulty transmission system due to battery 
failure, inadequate acquisition range (e.g., above or below meter range or bidirectional flow) and data storage 
limitations (Loureiro et al., 2016; Machell et al., 2014; Xu et al., 2020). These measurement errors, typically 
known as outliers or anomalous values (Kirstein et al., 2019), should be detected and corrected before they can 
be used in engineering applications (e.g., hydraulic modeling, calibration, leak detection) (Romano et al., 2014). 
Gaps of non-validated measurements must be reconstructed with estimated data, being different methods used 
to this purpose (Ascensão et al., 2021). Note that flowrate time series usually present daily and weekly patterns 
which must be considered by the used reconstruction techniques (Barrela et  al.,  2017; Kirstein et  al.,  2019; 
Quevedo et al., 2010).

Processing raw flowrate time series (prior to any use by engineering tools) is essential to guarantee reliable data 
that do not compromise the success of the multiple engineering applications. Data processing aims at identifying 
and removing outliers, normalizing the time step and data filling gaps with estimated values. Often, these time 
series processing is manually carried out, ultimately limiting the amount of data that can be simultaneously 
treated (Quevedo et al., 2017).

Several techniques have been developed for processing flowrate time series in WDNs. Quevedo et al.  (2010) 
compared the raw flowrate time series (assumed to be evenly spaced) with estimations obtained by using a daily 
model based on autoregressive integrated moving average (ARIMA) and a second model based on distributing 
the daily flowrate using a 10-min demand pattern. Flowrate values were considered validated when the differ-
ence between the estimated values and the raw values are lower than a given threshold; otherwise, these raw 
values were removed and replaced with estimations. This methodology was further improved by Cugueró-Escofet 
et al. (2016) and Quevedo et al. (2016, 2017) with a combination of “low-level” and “high-level” tests. The former 
checked elementary signal properties and the latter relied on the use of models to check the consistency of the 
sensor data. Note that, during the occurrence of an abnormal event (e.g., pipe burst), the sensors in the WDN may 
collect inconsistent values that may not be reflected in the model estimations. Loureiro et al. (2016) compared 
the raw flowrate time series (assumed to be unevenly spaced) with predefined sensor minimum and maximum 
threshold values; raw flowrate values below or above these threshold values were not validated and, therefore, 
were removed; a time step normalization process was then carried, and the gaps (with up to 1 hr of duration) were 
filled using linear interpolation. In a different approach, Kirstein et al. (2019) defined a set of tests to be carried 
in the raw flowrate time series (assumed to be evenly-spaced) to ensure that outliers due to the transmission and 
acquisition errors were removed from the raw flowrate time series. The existing literature focuses mostly on the 
processing of evenly-spaced flowrate time series, being the used techniques often inadequate to process unevenly 
spaced time series, such as, data acquired by some sensors (e.g., impulse meters). Also, most existing techniques 
rely on estimations to validate the raw flowrate time series. This may limit the ability to correctly process time 
series when abrupt changes in consumption behavior occur (e.g., in touristic coastal areas or lockdown measures 
due to COVID-19).

The current paper proposes a novel comprehensive methodology for processing unevenly (or evenly) spaced 
flowrate time series for future use in engineering tools, such as those in the calibration of hydraulic models, 
in the detection and location of leaks and bursts, and by data-mining techniques using smart meter data. The 
methodology includes four main steps, namely, the automatic identification of anomalous values, time series 
reconstruction in short duration gaps, the time step normalization, and time series reconstruction in long duration 
gaps. The first step uses six tests to automatically categorize the main anomalies in the time series. In this way, the 
abnormal behavior associated with pipe bursts or with other unexpected events can be preserved in the processed 
time series. This step generates gaps of non-validated data that can be divided into short and long-duration gaps. 
The second step is the reconstruction of short-duration gaps, being carried out prior to the time-step normaliza-
tion which is the third step. The fourth and last step is the reconstruction of long duration gaps using the technique 
presented in Quevedo et al.  (2010). This technique accounts for the daily and weekly cycles of flowrate time 
series, being able to correctly reconstruct gaps during and weekends and failing when reconstructing holidays 
that occur in weekdays (Ascensão et al., 2021). This paper presents improvements to be carried to the original 
technique when reconstructing holidays using a pattern model coupled with simple exponential smoothing and 
by using a subset of past holidays and Sundays. The proposed flowrate time series processing approach is para-
metrized through the application to a real case study representative of most Portuguese water utilities monitoring 
systems and consumption patterns. Two other data series collected in systems with distinct characteristics (e.g., 
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consumption pattern, data acquisition equipment, transmission processes) 
are used to validate the developed methodology. Finally, a comparison of the 
reconstruction of a national holiday using both the original and the improved 
technique is carried out.

The proposed methodology can be used in the context of water resources 
conservation, for instance, in early warning systems against failures or 
WDN modeling for leakage management actions, including identification 
of anomalies due to new pipe burst, amongst other uses. The main novel 
contributions are: (a) the development of a comprehensive methodology for 
the processing of unevenly (and evenly) spaced flowrate time series (b) the 
development of tests for the automatic categorization of the main anomalies 
in unevenly spaced flowrate time series, including a procedure for the cali-
bration of required parameters; and (c) the improvement of the time series 
reconstruction method, originally developed by Quevedo et  al.  (2010), in 
order to account for holidays occurring in weekdays. The overall methodol-

ogy is encoded in Python programming language into a software tool that will be made available to researchers 
and to water utilities dealing with observed time series of flowrate.

2.  Case Study Description
Three distinct real case studies are considered in this study. The first case study, CS1, is a WDN located in Lisbon 
metropolitan area, supplying a population of about 3,300 inhabitants. The area is quite homogeneous in terms of 
the typology of buildings and types of demands, mostly composed of single-family dwellings and some residen-
tial buildings with two floors, as well as a few shops and an elementary school. The WDN has an approximate 
length of 48 km with about 1,800 service connections. It is supplied by one storage tank and has a pumping 
station located at the upstream end. An impulse flowrate meter is installed at the inlet of the network area (specif-
ically downstream of the pumping station). The network characteristics, monitoring sensors and transmission 
system are similar to those used by most Portuguese supply systems, being representative of the national reality.

The second case study, CS2, is a small network sector located in the countryside of Portugal, in the southern 
region, that supplies around 110 inhabitants and an airport that is currently out of operation. The network is 
supplied by one storage tank with a flowrate meter which acquires the inlet flowrate with a fixed acquisition time 
step of 5 min.

The third case study, CS3, is a WDN located in a touristic area of Portugal southernmost region with high demand 
seasonality. The residents are about 3,000 inhabitants, which characterize consumption in the winter season, 
whereas the summer population reaches 14,000 inhabitants. The supplied area is mainly composed of villas with 
large and irrigated gardens. The network is directly supplied by one storage tank connected to a pumping station. 
An impulse flowrate meter is installed downstream of the pumping station.

The three case studies present seasonal variability, with the average daily flowrate greatly varying between winter 
and summer seasons. The average daily flowrate in winter is around 20, 15, and 70 m 3/hr for CS1, CS2, and CS3, 
respectively. Higher values of 65, 40, and 200 m 3/hr can be found in the summer for the three case studies.

The CS1 is used for methodology parameterization (as described in Section 4 with results presented in Section 5.1). 
To this end, a raw flowrate time series with a month’s duration (related to September of 2018) is considered. It 
contains a total of 96,408 flowrate measurements, with the average spacing between measurements and flowrate 
equal to, respectively, 27 s and 54 m 3/hr.

The three distinct case studies are used to test and to validate the proposed methodology (results in Section 5.2). 
Three days (Friday, Saturday and Sunday) of raw flowrate data are considered for each case study. These specific 
days of the week were selected, since they usually present very distinct consumption patterns. For CS1, CS2, and 
CS3, these periods relate to, respectively, 1–3 June 2018, 5–7 April 2019, and 1–3 September 2017. The descrip-
tive statistics of flowrate values and of spacing between records for each three-day time series are presented in 
Table 1, highlighting the main differences in both data acquisition characteristics and magnitude of the consump-
tion of the three case studies. CS1 presents the highest sampling rate, with 10,633 records during the 3 days, 

CS1 CS2 CS3

Spacing 
(s)

Flowrate 
(m 3/hr)

Spacing 
(s)

Flowrate 
(m 3/hr)

Spacing 
(s)

Flowrate 
(m 3/hr)

Average 24.4 43.4 315.2 22.9 73.6 186.4

P25 9.0 33.8 300.0 14.4 62.0 134.7

P50 16.0 43.6 300.1 24.0 66.0 172.7

P75 29.0 54.7 300.1 30.0 75.0 230.8

IQR 20.0 20.9 0.1 15.6 13 96.1

Table 1 
Descriptive Statistics of 3 Days of Raw Flowrate Time Series for the Three 
Case Studies
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resulting in an average interval between measurement of 24.4 s and an interquartile range (IQR) of 20 s (the 
highest variability in sampling rate). CS2 has the lowest sampling rate, with 822 records with an average interval 
of 315.2 s and IQR of just 0.1 s (the lowest variability in sampling rate). CS3 presents 3,520 records, with an 
average interval of 73.6 s and an IQR of 13 s. Regarding consumption magnitude, CS3 has the highest average 
flowrate, with 186.4 m 3/hr, as well as the highest variability, with an IQR of 96.1 m 3/hr. CS3 has the highest 
population in addition to the few golf courses being supplied. CS2, with the smallest population of the three case 
studies, presents the lowest average flowrate, with 22.9 m 3/hr, as well as the lowest variability in flowrate value 
with an IQR of 15.6 m 3/hr.

Figure 1 presents the consumption patterns of weekdays, Saturdays, and Sundays for the three case studies. These 
patterns are calculated by considering the already processed flowrate time series of the same sensor with a dura-
tion of a month and a time step of 15 min, resulting in 96 pattern values for each type of day (weekdays, Satur-
days, and Sundays). These already processed flowrate time series relate to May 2018, March 2019, and August 
2017 for CS1, CS2, and CS3, respectively. Both CS1 and CS2 have similar consumption patterns, typical of 
residential areas, characterized by a minimum night flow and consumption increase during the day. CS3 directly 
supplies numerous irrigation system from the small villas, being the consumption pattern strongly constrained by 
the irrigation time. Most consumption occurs during the night and the minimum flowrate occurs in the afternoon 
around 16:00.

The two most distinct case studies (CS2 and CS3) are used in the comparison of reconstruction methods to 
estimate the flowrate time series of a holiday that occurred during a weekday (results in Section  5.3). The 
consumption in the Portuguese national holiday of 25th of April of 2018 and 2017, that occurred in a weekday, is 
estimated, respectively, for CS2 and CS3 using both the original reconstruction method introduced by Quevedo 
et al. (2010) and the improved reconstruction method proposed in Section 3.4. One month of already processed 
flowrate data of the same sensor is used for each case study (from 24 March to 24 April).

3.  Methodology for Flowrate Time Series Processing
3.1.  The General Approach

The proposed methodology comprises four main steps that should be sequentially applied to the raw flowrate 
time series (Figure 2): (a) Anomaly identification and removal; (b) Short-duration gap reconstruction; (c) Time 
step normalization; (d) Long-duration gap reconstruction.

Figure 1.  Consumption patterns for: (a) weekdays; (b) Saturdays; (c) Sundays.
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The application of this methodology requires the definition of specific parameter values which are used at differ-
ent steps. Table 2 presents the description of these parameters, including the analyzed values and the best value 
found after the calibration procedure (see Section  4 for the parameter calibration procedure and Section  5.1 
for parameter calibration results). Next sections describe in detail each step, as well as the specific use of each 
parameter.

3.2.  Anomaly Identification and Removal

Most common anomalies found in raw flowrate time series are associated with measurement duplication, negative 
values, abnormally low or high values, periods of abnormally low variation in flowrate and long periods without 
measurements, caused by acquisition, transmission, and storage problems. Some examples of these anomalies 
are depicted in Figure 3, with a generic flowrate time series of residential areas, characterized by a minimum 
night flow and an increased consumption during the day, including a peak in consumption during lunch time, in 
the afternoon and at dinner time. Each flowrate measurement is related to the average flowrate over that period.

Figure 2.  Flowchart of the proposed methodology for flowrate time series processing.

Test/procedure Parameter Unit Analyzed values

Abnormally high values Maximum duration, p1 Second 1, 3 a, and 5 times the 50th percentile of the 
time step intervals

Maximum acceptable flowrate rate of 
change, p2

Flowrate unitsc per second 80th, 90th, and 97th a percentile of the rate 
of change for successive flowrate records

Abnormally low values Maximum duration, p3 Second 1, 3 a, and 5 times the 50th percentile of the 
time step intervals

Maximum acceptable flowrate rate of 
change, p4

Flowrate units c per second 80th, 90th, and 97th a percentile of the rate 
of change for successive flowrate records

Flat lines Minimum duration of flat line, p5 Second Max (600 s, 2.5 time the 50th percentile of 
the time step intervals)

Maximum acceptable flowrate variation, 
p6

Flowrate units c per second 0.5%–9.5% of the standard deviation of the 
flowrate time series b

Long period without measurements Minimum duration of a long period 
without measurements, p7

Second Equal to the desired time step after 
normalization

Short and long-duration gaps Maximum duration of a short-duration 
gap, p8

 aBest values found by the calibration procedure.  bBest found values of 2.5%, 3%, and 3.5% of the standard deviation of the flowrate time series.  cDifferent flowrate units 
can be considered, for instance, L/s, m 3/h, m 3/s, amongst others.

Table 2 
Description of the Methodology Parameters, Including the Analyzed Values and the Best Value Found After the Calibration Procedure
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Each of these anomalies is identified using a specific test, which should be carried out sequentially for the raw 
flowrate data set. A total of six tests are presented herein. In each test, every raw flowrate measurement is either 
classified as non-validated or validated, varying if the measurement is, or is not, part of the anomaly being tested. 
Measurements that are not validated have their values set as null. The different types of anomalies and their auto-
matic identification tests are presented in the following paragraphs.

The raw flowrate time series may have duplicate timestamps that must be identified. The problem is that duplicate 
timestamps can have their flowrate values either equal or different. Equal values can be solved by eliminating the 
duplicated measurements. Different values can be solved by eliminating all duplicated timestamps except one, 
whilst not validating its value (i.e., setting it as null).

The data set should not have negative values, since the flowrate sensors are installed at the inlet of a networks 
sector measuring only positive values. Nonetheless, due to reverse flow occurring during water hammer, nega-
tive values can be generated. These negative values do not reflect the network actual behavior (in terms of water 
consumption) and should be removed so that they do not affect the performance of engineering applications (e.g., 
demand forecasting techniques). Therefore, every measurement of the raw flowrate time series with a negative 
value is not validated. This test does not apply to data collected in network sections that may have reverse flow, in 
which negative flowrate values can occur and negative values represent flow occurring in the opposite way. The 
processing of such time series is out of the scope of this paper.

An abnormally high value (also known as peak or spike) is described as an abrupt increase of the flowrate value 
followed by a sudden sharp value drop, occurring during a limited period. The identification and removal of these 
measurements is of upmost importance, as they can affect the performance of the later engineering applications 
(for instance, they can potentially lead to false positive alarms in burst detection techniques). A novel test is 
developed and proposed herein to detect abnormally high values in the raw flowrate time series by assessing the 
rate of change for successive flowrate measurements. The rate of change is the ratio between the difference of 
two subsequent measurements and their respective differences in time. For each measurement, a time window is 
created covering all rates of change within a defined time interval p1. An abnormally high value exists, in the time 
window p1, when a positive rate of change is followed by a negative rate of change, both exceeding a predefined 
threshold p2. Both measurements associated to the flagged rate of change are not validated, as well as those in 
between. A specific procedure for the calibration of parameters p1 and p2 is described in Section 4.2. The appli-
cation and results are presented in Section 5.1; the best values found by the calibration procedure (or calibrated 
values) for parameters p1 and p2 were 3 times the 50th percentile of the time step intervals and the 97th percentile 
of the rate of change for successive raw flowrate measurements, respectively.

Contrarily, an abnormally low value (also known as a negative peak) is described as a sharp decrease in flowrate 
value followed by an abrupt increase, during a certain time interval p3. These abnormally low values equally 
compromise the success of many applications for leak and burst detection. The automatic identification test is 
similar to the one carried for positive peaks, being the main difference searching for a negative rate of change 
followed by a positive one, both exceeding a predefined threshold p4. A procedure for the calibration of parame-
ters p3 and p4 is described in Section 4.2. The application and results are presented in Section 5.1; the best values 

Figure 3.  Example of identified anomalies in raw flowrate time series.
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found by the calibration procedure for parameters p3 and p4 were 3 times the 50th percentile of the time step 
intervals and the 97th percentile of the rate of change for successive raw flowrate measurements, respectively.

A flat line is usually deemed as consecutives measurements with identical values (Kirstein et al., 2019), yet small 
variations among consecutive measurements could also be classified as a flat line. Such variations are linked 
to specific features of the raw flowrate series (e.g., acquisition method and time step, flowrate range or sensor 
sensitivity) and may greatly vary between utilities. So, a flat line is herein defined as a sequence of measurements, 
covering more than a given time interval p5, whose values are within a certain range. This range is defined by 
the value of the first measurement of the sequence, plus or minus a given threshold p6. Measurements that lay 
inside this range are not validated and have their value set as null. The value for parameter p5 is proposed as the 
maximum between 5 min and 2.5 times the 50th percentile of time step intervals. This rule considers that at least 
three points should be required to form a flat line. Nonetheless, in flowrate time series with a small time step 
(e.g., 30 s), this could result in flat lines of short duration (e.g., 90 s). As such, the 5 min value aims at establish-
ing a minimum absolute duration of a flat line. A procedure for the calibration of parameter p6 is described in 
Section 4.3 and results presented in Section 5.1. The best (or calibrated) values were found equal to 2.5%, 3%, 
and 3.5% of the standard deviation of the raw flowrate time series.

A long period without measurements is defined as a gap between two measurements that exceeds a given duration 
p7. Such periods should be detected and filled with estimated data. However, the exact timestamp of the next 
measurement in unevenly spaced time series is difficult to predict, since it depends on the sensor characteristics 
and the transmission system settings. A threshold p7 is considered for successive time step intervals in the raw 
flowrate time series above which the period is flagged. The minimum duration of a long period without measure-
ments, p7, is considered equal to the desired time step after normalization (e.g., 15 min). These flagged periods 
are later reconstructed using the long-duration gap reconstruction technique, as described in Section 3.4.

3.3.  Short-Duration Gap Reconstruction

As a result of the anomaly identification process, the flowrate time series contain gaps of non-validated meas-
urements that must be reconstructed with estimated data. These gaps can be divided into short and long-duration 
gaps. The former is treated at this stage, whereas the latter requires prior time step normalization.

A short-duration gap can be defined as a single, or a set of, non-validated measurements, whose gap between 
the surrounding “left” and “right” validated measurements is shorter than a given threshold p8. The maximum 
duration of a short-duration gap, p8, is considered equal to the desired time step after normalization (e.g., 15 min). 
Different and relatively simple interpolation methods can be used to reconstruct short duration gaps of unevenly 
spaced flowrate, namely, Nearest-Neighbor, Linear or Polynomial Interpolation (Lepot et al., 2017). In the Near-
est-Neighbor, the value of the closest validated measurements is assigned to the missing value. Although easy to 
use, this method often produces the worst results, as flat lines are inevitably generated. In linear interpolation, 
the estimated values are assumed to lie on the line joining the nearest validated measurements to the “left” and 
“right” of the short-duration gap. As such, estimated values are bounded between the “left” and “right” validated 
values. Polynomial interpolation could be achieved by fitting a polynomial of the lowest possible degree that 
passes through the points of the data set. Nonetheless, they may estimate values outside of the observed range 
of data. As such, the recommendation is to use linear interpolation, since it yields the best compromise between 
easiness-to-use and adequate results for the reconstruction of short-duration gaps.

3.4.  Time Step Normalization

Most engineering computational applications require a fixed acquisition time step for the flowrate time series. 
Additionally, if the gap exceeds the threshold p8 defined in Section  3.3 (and thus becoming a long-duration 
gap), simple reconstruction techniques might not be suitable, and more complex techniques are required. These 
reconstruction techniques usually require a fixed acquisition time step. As such, the normalization to a regular 
time  step is carried out between both long-duration gaps and long periods without measurements. The normali-
zation to a regular time step can be performed by using a trapezoidal rule of numerical integration to compute the 
mean flowrate within the desired time step (e.g., 1 hr, 15 min, 5 min) (Loureiro et al., 2016).
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3.5.  Long-Duration Gap Reconstruction

Once the time step normalization process is carried out, a technique based on Quevedo et al. (2010) methodology 
is used for the reconstruction of the remaining missing values associated with long-duration gaps. The recon-
struction process is carried out once for each day with at least one non-validated record. Note that the duration 
of the raw flowrate time series being processed can be variable, with just a few hours up to a week or a complete 
month.

The basic idea behind the reconstruction technique is to work in two different timescales, namely, a daily scale 
and a smaller customizable scale (e.g., 1  hr, 15  min, 5  min). In each scale, a specific model is constructed. 
Already processed flow rate time series of the same sensor is used in both timescales.

On the daily scale, an ARIMA model is used to predict the total volume of the day being reconstructed. For this 
purpose, an already processed flow rate time series of the same sensor is required. The total volume of each day 
of the already processed flow rate time series of the same sensor, 𝐴𝐴 𝐴𝐴 , should be calculated. The value 𝐴𝐴 𝐴𝐴𝑘𝑘−1 is the 
total volume for 1 day before the day being reconstructed. The prediction for the total volume of the day being 
reconstructed, 𝐴𝐴 𝐴𝐴𝐴𝑘𝑘 , is derived from three main components:

�1.	� A 1-week-period oscillating polynomial to account for cyclic deterministic behavior:

𝑦̂𝑦𝑘𝑘 = 2 cos

(

2𝜋𝜋

7

)

𝑦𝑦𝑘𝑘−1 − 𝑦𝑦𝑘𝑘−2� (1)

�2.	� An integrator that takes into account possible trends:

𝑦̂𝑦𝑘𝑘 = 𝑦𝑦𝑘𝑘−1� (2)

�3.	� An autoregressive component that accounts for the influence of previous values within a week:

𝑦̂𝑦𝑘𝑘 = −𝑎𝑎1𝑦𝑦𝑘𝑘−1 − 𝑎𝑎2𝑦𝑦𝑘𝑘−2 − 𝑎𝑎3𝑦𝑦𝑘𝑘−3 − 𝑎𝑎4𝑦𝑦𝑘𝑘−4� (3)

�in which a1, a2, a3, and a4 are the autoregressive model parameters.

The structure of the total volume of the day being reconstructed, 𝐴𝐴 𝐴𝐴𝐴𝑘𝑘 , is obtained by combining the three compo-
nents (see Quevedo et al., 2010 for further details), leading to the following equation:

𝑦̂𝑦𝑘𝑘 = −

7
∑

𝑖𝑖=1

[𝑏𝑏𝑖𝑖𝑦𝑦𝑘𝑘−𝑖𝑖]� (4)

in which bi are auxiliary model functions defined as follows:

𝑏𝑏1 = 𝑎𝑎1 −

[

2 cos

(

2𝜋𝜋

7

)

+ 1

]

,

𝑏𝑏2 = 𝑎𝑎2 −

[

2 cos

(

2𝜋𝜋

7

)

+ 1

]

𝑎𝑎1 +

[

2 cos

(

2𝜋𝜋

7

)

+ 1

]

,

𝑏𝑏3 = 𝑎𝑎3 −

[

2 cos

(

2𝜋𝜋

7

)

+ 1

]

𝑎𝑎2 +

[

2 cos

(

2𝜋𝜋

7

)

+ 1

]

𝑎𝑎1 − 1,

𝑏𝑏4 = 𝑎𝑎4 −

[

2 cos

(

2𝜋𝜋

7

)

+ 1

]

𝑎𝑎3 +

[

2 cos

(

2𝜋𝜋

7

)

+ 1

]

𝑎𝑎2 − 𝑎𝑎1,

𝑏𝑏5 = −

[

2 cos

(

2𝜋𝜋

7

)

+ 1

]

𝑎𝑎4 +

[

2 cos

(

2𝜋𝜋

7

)

+ 1

]

𝑎𝑎3 − 𝑎𝑎2,

𝑏𝑏6 =

[

2 cos

(

2𝜋𝜋

7

)

+ 1

]

𝑎𝑎4 − 𝑎𝑎3,

𝑏𝑏7 = −𝑎𝑎4.

�

The autoregressive model parameters a1, a2, a3, and a4 can be estimated using the Least Squares Method by mini-
mizing the root mean squared error (RMSE) of the residuals between the total daily volumes of already processed 
flow rate time series and the corresponding predictions.

Once an estimation of the total volume of the day being reconstructed has been obtained, it can be distributed 
along the customizable scale (e.g., 1 hr, 15 min, 5 min) using a pattern model. Different consumption patterns 
should be used for weekdays, Saturdays, and Sundays/holidays to attend the weekly consumption variation 
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(Saludes et al., 2017). Each consumption pattern is calculated by considering the average values in each time step 
for all the days that belong to that type of consumption pattern in the already processed flow rate time series of the 
same sensor. In the end, each pattern value is divided by the total daily average volume for all the days that belong 
to that type of consumption pattern (i.e., weekdays, Saturdays, and Sundays/holidays). The duration of the already 
processed flow rate time series of the same sensor is variable and should be selected depending on the charac-
teristics of the supplied area (i.e., rural, urban, touristic) and on the month being studied. For instance,  the  water 
consumption in rural and urban areas may be affected by seasonal and weather variability, which can only be 
observed during the course of a few months. On the other hand, touristic coastal areas can have abrupt changes 
in water consumption (and in measured flowrate data) during the course of 1 or 2 weeks. Furthermore, lockdown 
measures due to COVID-19 can heavily affect the consumption patterns from one week to another. So, a reference 
duration of 1 month for the already processed flow rate time series of the same sensor is recommended and used 
herein. This duration typically accounts for 22 Weekdays, 4 Saturdays, and 4 Sundays.

Estimations for the customizable scale can be achieved by multiplying the estimated total daily volume (previ-
ously obtained in the daily model) by each pattern value (of the corresponding type of pattern). When using this 
technique, the day being reconstructed is completely estimated at the customizable scale. Finally, the missing 
values can be reconstructed by assigning the corresponding estimations.

Nonetheless, problems may arise when attempting to use the ARIMA model to predict the total volume of a 
holiday occurring during a weekday (Ascensão et  al.,  2021). As such, improvements to the original method 
are carried in the daily scale model to account for this possibility. The objective is to estimate the total daily 
volume of the day being reconstructed (which is a holiday) based solely on past Sundays and holidays. A data set 
composed of the dates of holidays is required. When initializing the daily model, a verification is carried out to 
assess if the day being reconstructed is or not a holiday. If it is not a holiday, the ARIMA model runs as previously 
presented; otherwise, the total daily volume is estimated with a simple exponential smoothing model. The input is 
a subset of the total daily volumes of past Sundays and holidays, s, representing the value 𝐴𝐴 𝐴𝐴𝑘𝑘−2 the total volume for 
two Sundays or holidays before the holiday being reconstructed. The structure of the total volume of the holiday 
being reconstructed, 𝐴𝐴 𝐴𝐴𝐴𝑘𝑘 , can be defined as follows:

𝑠̂𝑠𝑘𝑘 = 𝛼𝛼𝛼𝛼𝑘𝑘−1 + 𝛼𝛼(1 − 𝛼𝛼)𝑠𝑠𝑘𝑘−2 + 𝛼𝛼(1 − 𝛼𝛼)
2
𝑠𝑠𝑘𝑘−3 +⋯� (5)

in which α is the smoothing parameter that controls the relative importance of past observations compared to 
more recent observations. This parameter can be estimated using the Least Squares Method by minimizing the 
RMSE of the residuals between the total daily volumes of the already processed flow rate time series (past 
Sundays and holidays) and the corresponding predictions.

4.  Parameter Calibration Procedure
4.1.  General Overview of the Calibration Procedure

From the six types of anomalies identified in Section 3.2, duplicate and negative values are straightforwardly 
identified and do not require parameter calibration. The remaining anomaly identification tests described in 
Section 3.2 require the preliminary calibration of parameters, namely, the abnormally high values (duration p1 
and rate of change p2), the abnormally low values (duration p3 and rate of change p4) and the flat lines (duration 
p5 and flowrate p6). This section presents a procedure for the assessment and calibration of different parameter 
values in order to obtain a robust and reliable set of parameters for each test. As a result of the calibration proce-
dure, a set of calibrated values (See Table 1) is obtained for the distinct parameters. Note that these calibrated 
values are in fact statistical properties that should be calculated for the raw flowrate timeseries being processed 
(for instance, the 97th percentile of the rate of change for successive raw flowrate records for parameter p2).

4.2.  Abnormally High and Low Values

The proposed test for identifying abnormally high values classifies each raw flowrate measurement (point) as 
validated or non-validated. For this test, a validated measurement means that the flow rate value is not abnormally 
high (absence of anomaly). On the other hand, a non-validated measurement means that the measurement is 
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abnormally high (abnormally high flowrate value). After classification of the raw flowrate time series using this 
test, each measurement falls into one of the four categories:
�1. True Positive (TP): Non-validated measurement (abnormally high flowrate value) classified as non-validated 

(abnormally high flowrate value).
�2. False Negative (FN): Non-validated measurement (abnormally high flowrate value) classified as validated 

(absence of anomaly).
�3. True Negative (TN): Validated measurement (absence of anomaly) classified as validated (absence of anomaly).
�4. False Positive (FP): Validated measurement (absence of anomaly) classified as non-validated (abnormally high 

flowrate value).

This test contains two specific parameters, namely, the maximum duration p1 (s) and the maximum acceptable 
flowrates rate of change p2 (flowrate unit per second) (see Section 3.2 and Table 1). The objective of this test is 
to correctly classify all measurements as validated and non-validated, that is, to reduce both FNs and positives 
(FN and FP). However, multiple combinations of parameters can be generated for this test by varying the p1 and 
p2 parameters. These combinations of parameters produce different results when applied to the same raw flow-
rate time series. Different class-specific metrics are used to assess the performance of distinct combinations of 
parameters, namely, the Recall, the Precision, and the F-measure.

The Recall, also known as sensitivity or TP rate, represents the fraction of the non-validated measurement (abnor-
mally high flowrate value) correctly identified, is described as follows:

Recall =
True Positive

True Positive + False Negative
� (6)

where True Positive refers to the number of measurements classified as TP and False Negative to the number of 
measurements classified as FN.

Selecting a combination of parameters that maximizes the Recall guarantees that the number of non-validated 
measurements (abnormally high flowrate value) classified as validated (absence of anomaly) is minimized (i.e., 
FN is minimized). However, parameters solely selected based on the Recall may lead to a misclassification of 
validated measurement (absence of anomaly) as non-validated (abnormally high flowrate value), increasing the 
number of FP.

The Precision, also called positive predictive value, shows the fraction of the non-validated measurement (abnor-
mally high flowrate value) correctly identified among all measurements classified as non-validated measurement 
(abnormally high flowrate value), is calculated as follows:

Precision =
True Positive

True Positive + False Positive
� (7)

where False Positive refers to the number of measurements classified as FP.

Selecting a combination of parameters that maximizes the Precision guarantees that the number of validated 
measurements (absence of anomaly) classified as non-validated (abnormally high flowrate value) is minimized 
(i.e., FP is minimized). Nonetheless, parameters selected solely based on the Precision may lead to a misclas-
sification of non-validated measurement (abnormally high flowrate value) as validated (absence of anomaly), 
ultimately increasing the number of FN.

Both Recall and Precision metrics are complementary to each other in the analysis, having an inverse relationship 
(i.e., an increase in Recall leads to a decrease in Precision), and, as referred, should be both maximized.

The F-measure combines Precision and Recall metrics in a single parameter. Thus, it is used herein to assess the 
performance of each combination of parameters. This measure corresponds to the harmonic mean of the Preci-
sion and Recall and can be defined as follows (Chinchor, 1992):

𝐹𝐹 =
2 × Precision × Recall

Precision + Recall
� (8)
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The maximum value of the F-measure is 1, which corresponds to both Recall and Precision being equal to 1, 
that is, no false negatives (FN) and false positives (FP) are identified, which is attained by the ideal (perfect) 
classification algorithm.

Abnormally high flowrate values may occur randomly and sparsely through time. As such, the p1 and p2 parame-
ters must be calibrated taking into account this randomness. To this end, a procedure based on Monte Carlo (MC) 
simulations is proposed to determine the best combination of parameters p1 and p2 (out of multiple combinations 
of parameters) and by using the F-measure (Chinchor, 1992). For each possible combination of parameters, a set 
of 10,000 MC simulations is run. The following process is carried out in each MC simulation to take into account 
the randomness of occurrence of abnormally high values in raw flowrate time series: (a) a raw flowrate time 
series with a month’s duration is considered, and data from one random day are considered; (b) five abnormally 
high values are randomly generated in the previously selected day by selecting five measurements (with up to two 
consecutive ones) and by artificially incrementing their values by a factor between two and four (see Figure 4); (c) 
Abnormally high values are identified using the proposed test with the combination of parameters being assessed 
and the F-measure is calculated. At the end of the 10,000 MC simulations, the overall performance of the combi-
nation of parameters is assessed by computing the average F-measure. The process is repeated for the remaining 
combinations of parameters. The best combination of parameters is selected as the one that presents the highest 
average F-measure within the 10,000 simulations, ultimately calibrating this test specific parameters p1 and p2.

As referred in Section 3.2, the identification test for abnormally low values uses two specific parameters, namely, 
the maximum duration p3 (s) and the maximum acceptable rate of change p4 (flowrate units per second). A similar 
calibration process based on 10,000 MC simulations per combination of parameters can be carried to parameters 
p3 and p4, with the difference that abnormally low values are introduced in the time series by artificially reducing 
the real value with a factor ranging from two to four.

4.3.  Flat Lines

The value of parameter p6 must be carefully selected since it has a direct effect on the time series processing, 
specifically on the number of validated and non-validated measurements. An unreasonably high value will lead 
to an excessive number of periods being considered as flat lines. Conversely, an extremely low value can lead 
to no period being classified in the flat lines category. Ultimately, the true percentage of points in flat lines is 
unknown and, hence, the optimal value of p6 is subjective. An extensive sensitivity analysis of different values 
for the parameter p6, according to the percentage of points detected as flat lines, is proposed. It is recommended 
that the value for the p6 parameter is proportional to the standard deviation of the raw flowrate values in order to 
account for utility flowrate range and variability (e.g., between 1% and 5% of the standard deviation of the raw 
flowrate values). Finally, the value parameter p6 should correspond to an adequate percentage of points detected 
as flat lines (e.g., 0.5%).

Figure 4.  Example of a Monte Carlo simulation by introducing abnormally high values.
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5.  Application to Case Studies and Discussion
5.1.  Parameter Calibration

The procedure for parameter calibration described in Section 4 is applied to the case study 1 (CS1). A raw flow-
rate time series with a month duration (September of 2018) is considered.

Concerning abnormally high values, three values are analyzed for the maximum duration p1, namely, 1, 3, and 
5 times the 50th percentile of the time step intervals of the raw flowrate time series. These values consider that, 
on average, 1, 3, and 5 points are required to form an abnormally high value. Similarly, three values are analyzed 
for the maximum acceptable flowrates rate of change p2, namely, the 80th, 90th, and 97th percentile of the rate 
of change for successive raw flowrate measurements. These values consider that 20%, 10%, and 3% of flowrate 
measurements are possibly abnormally high values, at least, from an excessive rate of change point of view. Both 
the 50th percentile of the time step intervals of the raw flowrate time series and the 80th, 90th, and 97th percentile 
of the rate of change for successive raw flowrate measurements are calculated for the complete month of Septem-
ber 2018 of the raw flowrate time series. This leads to a total of nine combinations of parameters for this test.

Figure 5 shows the distribution of the F-measure across the 10,000 simulations for all the nine combinations plus 
a random classifier. Parameter p2 (the maximum acceptable rate of change) has a more direct impact on the clas-
sification results when compared to the p1 parameter (the maximum duration). Note that by considering a higher 
value for p2 (see combinations C8, C9, and C7 with p2 = 97th percentile of the rate of change), it is possible to 
obtain higher F-measures regardless of the values for the p1 parameter. Thus, a higher value for the p2 parameter 
is preferable (in this case, the 97th percentile of the rate of change was the higher tested value).

Table 3 presents the overall results for the three best combinations (C8, C9, and C7) obtained in the 10,000 MC 
simulations. Parameter p2 is equal in the three best combinations, being the obtained differences due to the 
different values for the p1 parameter. Combination C8 has the highest average F-measure of 0.62 by considering 
p1 equal to 3 times the 50th percentile of the time-step intervals. Combination C9 leads to the highest number 

Figure 5.  Distribution of F-measure for 10,000 MC simulations for each of the nine combinations of parameters p1 and p2.

Best combination p1 p1 (s) p2 p2 (m 3/[h.s])
Average 

F-measure TP TN FP FN

C8 3 × P50th of time step intervals 57 P97th of rate of change 0.487 0.62 39,081 32,035,048 49,256 10,914

C9 5 × P50th of time step intervals 95 P97th of rate of change 0.487 0.47 45,099 31,936,897 152,882 4,899

C7 1 × P50th of time step intervals 19 P97th of rate of change 0.487 0.42 18,189 32,048,829 14,622 31,804

Table 3 
Results of the Calibration of p1 and p2 Parameters for the Three Best Combinations
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of measurements correctly identified as abnormally high values, with a TP with 45,099, and by considering a 
wider p1 parameter of 5 times the 50th percentile of the time-step intervals. This is achieved with the cost of 
increasing the number of measurements misclassified as abnormally high, increasing the FP to a total of 152,882 
measurements and ultimately decreasing the average F-measure to 0.47. Combination C7 considers a narrower p1 
parameter of 50th percentile of the time-step intervals. This combination leads to both the lowest number of FP 
and TP (of the three best combinations), resulting in the average F-measure 0.42.

The identification test for abnormally low values uses two specific parameters, namely, the maximum duration, 
p3, and the maximum acceptable rate of change, p4. The same three values previously used for p1 are considered 
herein for p3, namely, 1, 3, and 5 times the 50th percentile of the time step intervals of the raw flowrate time 
series. Similarly, the three values that are analyzed for p2, namely, the 80th, 90th, and 97th percentile of the rate of 
change for successive raw flowrate measurements, are used for p4. This leads to nine combinations of parameters 
for this second test.

Figure 6 shows the distribution of the F-measure across the 10,000 simulations for all the nine combinations plus 
a random classifier. Higher F-measure values can be obtained by considering a higher value for the p4 parameter 
(C8, C9, and C7 with p4 = 97th percentile of the rate of change), regardless of the values for the p3 parameter. 
Thus, a higher value for p4 is preferable (in this case, the 97th percentile of the rate of change was the higher 
tested value).

Table 4 presents the overall results for the three best combinations (C8, C9, and C7) obtained in the 10,000 MC 
simulations. Combination C8 presents the highest average F-measure of 0.58 by considering p3 equal to 3 times 
the 50th percentile of the time step intervals, followed by C9 and C7 with an F-measure of 0.49 and 0.32, respec-
tively. Note that the highest p3 value of 5 times the 50th percentile of the time step intervals of combination C9 
leads to both the highest number of TP and of FP, whilst the lowest p3 value of 1 times the 50th percentile leads 
to both the lowest number of TP and of FP.

Figure 6.  Distribution of F-measure for 10,000 MC simulations for each of the nine combination of parameters p3 and p4.

Best combination p3 p3 (s) p4 p4 (m 3/[h.s])
Average 

F-measure TP TN FP FN

C8 3 × P50th of time step intervals 57 P97th of rate of change 0.487 0.58 34,823 32,021,007 51,178 15,167

C9 5 × P50th of time step intervals 95 P97th of rate of change 0.487 0.49 40,422 31,959,392 120,234 9,571

C7 1 × P50th of time step intervals 19 P97th of rate of change 0.487 0.32 14,033 32,058,891 17,291 35,964

Table 4 
Results of the Calibration of p3 and p4 Parameters for the Three Best Combinations
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The calibration of the maximum flowrate variation in a flat line, p6, is carried out as described in Section 4.3 by 
conducting an exhaustive sensitivity analysis to the percentage of points detected as flat lines for different values 
of p6. A total of 19 possible values are considered between 0.5% and 9.5% of the SD of the raw flowrate values. 
For each possible value for the p6 parameter (out of the 19 possible values), the same month of September 2018 is 
considered and the flat lines are detected using the proposed technique described in Section 3 (p5 parameter was 
considered as previously presented).

Figure 7 depicts the number of detected flat line points for each of the 19 values of p6. This figure shows that 
2.5, 3, and 3.5 times the SD of raw flowrate values yield the best balance between identifying flat lines of small 
variations (i.e., 1.35, 1.62, and 1.89 m 3/hr, respectively) whilst not identifying a significant percentage of the 
total number of measurements (0.01%, 0.04%, and 0.67%, respectively). A higher percentage of total number of 
measurements is identified as flat lines for higher values of p6, with the values of 5 and 9.5 times the SD (2.69 and 
5.12 m 3/hr, respectively) identifying a total of 6,908 and 52,305 measurements (7.15% and 54.16%, respectively) 
as part of flat lines.

5.2.  Assessment of the Validity of the Proposed Methodology

Results of the application of the proposed methodology with the calibrated set of parameters are presented herein 
for the three different Portuguese case studies. The three case studies have very distinct characteristics, in terms 
of consumption pattern, sensor equipment characteristics and acquisition system settings (see Section 2). Three 
days (Friday, Saturday, and Sunday) of raw flowrate data of each case study, collected at the inlet section of each 
sector, are used to test and validate the proposed methodology. The anomalous values due to acquisition and 
transmission problems described in Section 3 are artificially added in each utility 3-day flowrate data, namely, a 
negative value, five abnormally high and low values (by increasing or decreasing by a factor between 2 and 3), a 
flat line (of equal values) with a duration of 3 hr and a long period without measurements with a duration of 3 hr 
Figure 8 shows the flowrate time series (in blue line) with the introduced abnormal values for each case study.

The set of parameters is calculated for each case study considering that the time series should have its time step 
normalized to 900 s (15 min) after the validation process. This is a common value for flowrate time step to be 
used in engineering tools. The parameter values are calculated for the raw flowrate time series being processed 
(i.e., the 3 days) according to the best values found in Section 5.1 (see Table 2). For instance, the parameter p1 
of each case study is calculated as 3 times the 50th percentile of the time step intervals for the raw flowrate time 
series (i.e., the 3-days period). Table 5 presents parameter values for each case study.

Note that some parameter values for CS1 change when compared to the used values in Section 5.1. For instance, 
the value for p1 is 48 s, when 57 s was previously used in Section 5.1 (although 3 times the 50th percentile of time 

Figure 7.  Number and total percentage of detected points as flat lines using different values for the maximum flowrate variation parameter p6.
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step intervals was considered in both situations). This is due to the fact that the raw flowrate timeseries used in 
Section 5.1 was related to September 2018 (with a particular consumption pattern and level), whilst the 3 days 
period occurred in June 2018 (with a distinct consumption).

For each case study, an already processed flow rate time series of the same sensor with a duration of a month (and 
a time step of 15 min) is used during the reconstruction of long-duration gaps by using the method presented in 
Section 3.4. These already processed flow rate time series are the same as those previously used to calculate the 
consumption patterns (see Section 2) presented in Figure 1.

Figure 9 presents the processed flowrate time series (in red line) for each case study after using the proposed 
methodology with the parameter values in Table 5. The raw flowrate time series with introduced abnormal values 
are depicted in thin light blue lines. The original raw flowrate time series (i.e., without the introduced abnormal 
values) is depicted in a thin dark blue line. Both blue lines overlap except during periods of flat lines and periods 
without measurement.

The proposed methodology is capable of detecting the different introduced anomalies (abnormally high and low 
values, flat lines, negative values, and long periods without measurements) in the three case studies. This demon-
strates that the calibrated set of parameters is robust enough to accommodate distinct characteristics of the time 

series. Thus, and by using the calibrated set of parameters, no input from the 
user is required for anomaly identification and removal.

The time step normalization is also carried out, ensuring that the same flowrate 
behavior could be described with a much smaller number of measurements 
(10,633, 822, and 3,520 measurements were reduced to just 96 × 3 = 288 
measurements). Note that the time step after normalization is customizable 
using the proposed methodology and its proper definition depends on the 
final usage for the processed flowrate time series in engineering tools. For 
instance, water and energy balances and hydraulic model calibration can be 
performed for an hourly based time-step. On the other hand, leak detection 
and location techniques might require a smaller time step of 15 min (or even 
shorter). The study on how the definition of the time step after normalization 
affects the futures uses of the time series by engineering tools is out of the 
scope of this study and will be carried out in future works.

Figure 8.  Three days of raw flowrate time series with introduced abnormal values for the three case studies.

CS1 CS2 CS3

p1 (s) 48 903 198

p2 (m 3/[h.s]) 0.512 0.041 0.401

p3 (s) 48 903 198

p4 (m 3/[h.s]) 0.512 0.041 0.401

p5 (s) 300 752 300

p6 (m 3/h) 0.444 0.304 1.913

p7 = p8 (s) 900 900 900

Table 5 
Calibrated Set of Parameters for Each Case Study
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Lastly, the time series are reconstructed (with emphasis on the long duration gaps) according to the expected 
consumption patterns (presented in Figure 1). Two major periods are being reconstructed in each time series, 
namely, a flat line on a Friday and a long period without measurements on a Sunday (see Figure 8). The long 
periods without measurements are correctly reconstructed for the three case studies (the red line can describe the 
behavior of the dark blue line in such periods). Minor differences can be seen in the reconstruction of the flat lines 
occurring on Friday. This may be due to the fact that a pattern model is used and in which Fridays are considered 
along the remaining Weekday to create the Weekday pattern (which can be seen in Figure 1). The definition of a 
specific pattern for each Weekday could improve the reconstruction model. This study, as well as how the dura-
tion of the already processed flow rate time series of the same sensor affects the reconstruction process are out of 
the scope of this study and will be carried in future works.

These results demonstrate the validity of the proposed methodology on processing flowrate time series of differ-
ent water utilities, with distinct characteristics in consumption patterns and magnitude, as well as acquisition and 
transmission settings. Note that no input from the user was required to produce the red lines in the three case 
studies, besides the definition of the 15 min time step period after normalization.

Despite the proposed methodology having demonstrated to be successful in the processing of time series related 
to the normal operational (i.e., no pipe burst), this approach should be also capable of preserving the time series 
behavior during abnormal events, such as pipe burst events. Thus, the validity of the proposed methodology on 
processing flowrate time series under abnormal operation is assessed herein. One day of raw flowrate measure-
ments containing a real pipe burst event is considered in each case study.

Figure  10 presents the raw (in thin blue line) and processed flowrate time series (in red line) considering a 
normalized time step of 15 min. The pipe bursts events are highlighted with a dashed black line: in CS1, a burst 
occurred between 15:00 and 17:00 (approximate times), whilst in CS2 it occurred between 12:00 and 16:00; in 
CS3, the pipe burst event occurred between 16:00 and 20:00.

The proposed methodology is used for each case study time series. The processed flowrate time series (in red 
line) preserves the abnormal behavior associated with the pipe burst event (besides the identification and removal 
of abnormal values as those previously described in Section  3.2). Furthermore, the time step normalization 
is carried (to 15 min), as required by most pipe burst detection techniques. These results demonstrate that the 
proposed methodology can successfully process flowrate time series of different water utilities during the occur-
rence of abnormal events, without changing the series behavior.

Figure 9.  Raw flowrate time series with and without introduced anomalies and processed flowrate time series for each case study.
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5.3.  Comparison of Reconstruction Methods

The Portuguese national holiday of the 25th of April (occurring during a Weekday) is reconstructed for the two 
most different case studies (CS2 and CS3). Two techniques are compared: the original reconstruction method 
introduced by Quevedo et al. (2010) and the improved reconstruction method proposed in Section 3.4. The main 
difference between techniques lies in the daily model, specifically on how the total daily volume of a holiday 
occurring during a weekday is estimated. In the original method, this volume is estimated using an ARIMA 
model; for instance, the total daily volume of the holiday occurring during a Wednesday would be estimated 
as a regular Wednesday (i.e., i.e., not a holiday) based on past 7 days. The improved reconstruction technique, 
on the other hand, uses a simple exponential smoothing model and a subset of the total daily volumes of past 
Sundays and holidays. The flowrate in this holiday is reconstructed for a time step of 15 min (leading to 96 steps). 
Figure 11 presents the real (raw) flowrate time series for each case study (in blue line), the estimated values by 
using the original reconstruction method (in green line) and the improved reconstruction method (in red line). 

Figure 10.  Raw and processed flowrate time series with a pipe burst event for each case study.

Figure 11.  Flowrate variation of national holiday for two case studies (CS2 and CS3).
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For CS3, the original method (green line) overestimate the flowrate when compared to the real-time series (in 
blue line). This is due to the fact that the total daily volume is estimated for a weekday and, for this particular 
case study, is significantly greater then the total daily volume of a holiday. The improved method, on the other 
hand, estimates total daily volume as a sequence of Sundays/holidays, thus leading to more accurate results. 
CS2 presents a small variability between Weekdays and holidays (in terms of total daily volume); both methods 
capture the pattern of a holiday and correctly estimate the total daily volume of a holiday occurring during a 
weekday for CS2. On the overall, the original reconstruction method is able to correctly estimate a holiday occur-
ring during a weekday as long as the total daily volume remains relatively constant across the 7 days of the week. 
If, on the other hand, the total daily volume greatly varies between the weekdays and Sundays (as in CS3), the 
improved method is recommended.

6.  Open-Source Computer Application
The developed methodology has been implemented in an open-source computer application for Windows using 
Python programming language. The main functionality is the possibility to import a raw flowrate time series to 
be processed using this approach. Once the time series have been imported (in CSV or TXT format), the set of 
parameters is automatically calculated (see Table 2) and suggested, by default, to the user, which has the possi-
bility to accept or to change the value of each parameter (including the desired time step after normalization). 
Already processed flowrate time series of the same sensor can also be imported to the computer application (in 
CSV or TXT format) to be used in the reconstruction step (as described in Section 3.4).

The computer application and its source code are available in a GitHub repository (https://github.com/Ferreira-B/
Flowrate-time-series-processing).

7.  Conclusions
The current paper proposes a novel and comprehensive methodology for the processing of unevenly and evenly 
spaced flowrate time series for use in multiple engineering computer applications, namely, for creating early 
warning systems against failures, for the calibration of hydraulic models or for pipe bursts detection and loca-
tion. The most common anomalies in flowrate time series are identified by thoroughly assessing data of several 
Portuguese water utilities. Tests are developed for the automatic identification of the most common anomalies 
in flowrate time series due to acquisition and transmission problems. The time step normalization is carried by 
numerical procedures prior to the time series reconstruction using a pattern model coupled with regression tech-
niques (ARIMA and exponential smoothing). An open-source tool with the implemented methodology has been 
developed and is freely available for the technical and scientific community use (https://github.com/Ferreira-B/
Flowrate-time-series-processing).

The methodology requires the definition of specific parameters. The values of these parameters can be obtained 
by a calibration process based on MC simulations applied to a real case study, whose characteristics are repre-
sentative of most Portuguese water utilities sensors and data acquisition systems. The overall methodology is 
demonstrated through application to three different Portuguese case studies, with distinct characteristics both 
in consumption magnitude and pattern, sensor equipment and acquisition settings. The proposed methodology 
demonstrated to be capable of processing flowrate time series whilst preserving the behavior of abnormal events, 
such as a pipe burst event, in the three different case studies.

In future research, the proposed methodology can be automatically combined with pipe burst detection tech-
niques. That is, the flowrate time series processing methodology can be continuously carried with a certain time 
step (e.g., every 15 min), processing the raw flowrate measurements that occurred during this period and, then, 
returning validated data to a pipe burst detection and location technique. Distinct flowrate processing methods 
could be compared to assess how they affect the performance of burst detection and location techniques. Addi-
tionally, the methodology can be extended to process other types of time series collected in the water sector, such 
as pressure data or chlorine concentration data, as well as to data from other types of utilities (electricity or gas).
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Data Availability Statement
The datasets and source code are publicly accessible at https://github.com/Ferreira-B/Flowrate-time-series-processing.
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