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Abstract Monitoring domestic water usage may help the water utilities uncover
abnormal water consumption. In this context, it is necessary to improve and develop
tools based on data analysis of households’ meter readings. This study contributes
to this goal by using a statistical methodology that detects abnormal water consump-
tion patterns, namely, significant increases or decreases. This approach relies on a
combination of methods that analyse billed water consumption time series. The first
step is to decompose the time series using Seasonal-Trend decomposition based on
Loess. Next, breakpoint analysis is performed on the seasonally adjusted time series
to look for changes in the pattern over time. Afterwards, the Mann–Kendall test and
Sen’s slope estimator are applied to assess whether there are significant increases
or decreases in water consumption. The strategy is applied to water consumption
data from the Algarve, Portugal, successfully detecting breakpoints associated with
significant increasing or decreasing trends.
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1 Introduction

In the last decades, water has been recognised as an essential resource for guaran-
teeing economic development and maintaining living standards. Water stress makes
it indispensable to acknowledge water as a scarce resource and to enhance focus on
managing demand [1]. In the context of water scarcity, [2] alert to the importance
of assessing losses in water distribution systems since the compensation of water
losses increases water demand. Enhancing water use efficiency and conservation are
priorities to ensure, for example, universal access to drinking water and reduce the
population suffering from its scarcity.

Water companies’ awareness for the responsible use of water has gained impor-
tance, with climate changes emphasising this need. The analysis of urban water
consumption patterns and the estimation of the corresponding water demand are
expected to be among the top priorities for water companies in the near future [3]. In
this sense, controlling domestic water usage can help reduce both water consumption
and protect the environment [4]. Therefore, investigatingwater consumption patterns
will provide a better understanding at a household level. This will promote water use
efficiency and help to reduce non-revenue water (NRW). Detecting an anomalous
increase will allow companies to take measures, such as alerting their consumers to
have sustainable behaviours.

The Portuguese region of Algarve is known for registering the highest values of
water consumption [5]. This region faces an enormous challenge in optimising water
management and usage standards due to long periods of drought. Consequently,
water utilities feel the need to develop mechanisms for water planning based on data
analysis. Overall, they concentrate their efforts on addressing the consequences of
climate change. Therefore, managing Portuguese water resources is likely to become
challenging due to the potential decrease of water availability and the increase of the
seasonal hydrological asymmetries [6].

This paper presents an application of a procedure capable of detecting significant
changes in a time series anchored on statistical methods. The aim is the assessment of
abnormal increasing and decreasing trends in water consumption. The methodology
is an extension of the work developed by [7] that detects significant decreasing trends
in water consumption time series. This approach can be synthesised in four steps: the
first step consists of time series decomposition using Seasonal-Trend decomposition
based on Loess [8]; on the second step, a breakpoint analysis is performed on the
seasonally adjusted time series; the third step consists of the search for decreasing or
increasing changes in the periods between breakpoints through the Mann–Kendall
[9] test, and Sen’s [10] slope estimator. In the end, an indicator for the magnitude of
change is presented. Monthly time series of billed water consumption from Loulé
Municipality, located in Algarve—the southern region of Portugal, is used.

The paper is organised as follows: the Methodology section describes the statis-
tical methods that underlie the procedure and how they are connected; the following
section presents the data set used to exemplify the procedure; the results are detailed
in the next section and it ends with the Conclusion and Future Work section.
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2 Methodology

A time series is a set of consecutive observations indexed in time t , t = 1, · · · n,
during regular intervals. Often time series exhibit seasonal behaviour, and adequate
“control” for a seasonal component is essential before using any statistical model.
Also, the time series may exhibit patterns such as an upward or downward movement
(trend). The irregular component is the remaining time series behaviour that is not
attributed to trend or seasonality. Both trend and seasonality components are potential
confounding features in analysis, so identification and removal are important.

The methodology is organised into four steps described below.
In the first step, the Seasonal-Trend decomposition procedure based on Loess

(STL) [8] is applied to decompose each time series into a trend (Tt ), seasonal (St )
and irregular or residual (It ) components using nonparametric regression. Assuming
the additive model, the time series is decomposed into

Yt = Tt + St + It , (1)

where t = 1, · · · n, is the time period and n its length. This method was chosen over
other decomposition methods in the literature because it has attractive modelling
features, such as the seasonal component being allowed to change over time and
being robust in the presence of outliers. This procedure is available in the software
through function stl() [11]. However, this procedure requires a subjective selection
of two smoothing parameters: the seasonal (s.window) and trend (t.window) window
widths. Therefore, the algorithm used was proposed by [12], named as stl.fit()
[13], which overcomes this drawback. The latter selects the best STL model with
the smallest error measure achieved with a specific combination of the smoothing
parameters. In this study, the Mean Absolute Error (MAE) is used. For more details,
see [12].

The second step consists of the detection of breakpoints in the seasonally adjusted
time series of water consumption given by

Y ∗
t = Yt − St (2)

t = 1, · · · , n. The package strucchange [14] is used to obtain the breakpoints.
This package features methods from the generalised fluctuation and F-test (Chow
test) frameworks. That includes methods to fit, plot and test fluctuation processes
(e.g. CUSUM, MOSUM, recursive/moving estimates and F-statistics, respectively).
This procedure tests for structural changes in linear regression models, estimating
the number of segments (m) and the set of the breakpoints bp = { t∗1 , t∗2 , · · · , t∗m−1},
minimising the Bayesian information criterion and the residual sum of squares [15].
The present study uses the two expressions proposed in [7] for obtaining theminimum
length between consecutive breaks (min.h) and the maximum number of breaks
(max.breaks).
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In a third step, the change identified in the previous procedure is submitted to a
nonparametric analysis through Mann–Kendall (MK) test [9], and Theil–Sen’s (TS)
Slope [10]. The choice of these methods is linked to the fact that they can handle sit-
uations where the segments correspond to short periods of asymmetric distributions
and allow assess of the underlying increase or decrease through robust methods [16].
If the result is significant, positive or negative, then the breakpoint adjacent to the seg-
ment is considered relevant. To obtain these statistics, the function sen.slope(),
available in the package trend [17] is used.

In the last step, the magnitude of the change in water consumption before and
after the significant break is obtained by theRelativeMagnitude of theChange (RMC)
proposed by [7]. This indicator is a ratio that compares thewater consumption pattern
before and after a breakpoint as follows:

RMC = slpa f ter − slpbe f ore
|slpbe f ore| , (3)

where slpa f ter and slpbe f ore are the nonparametric Sen’s slopes in the neighbourhood
of a specific breakpoint t∗k ∈ bp∗. Higher negative values of RMC represent a higher
decreasing change in water consumption after the considered breakpoint. While high
positive values of RMC represent a higher increase in water consumption after the
considered breakpoint.

For more details about each step, see [7].

3 Data

The empirical analysis uses billed water consumption data from residential house-
holds (RH) from a municipality located in the Portuguese region of Algarve. The
municipality occupies about 200 km2 and has an estimated population of around
5,000 inhabitants. It is characterised by an elderly population and an agricultural-
based economy.

Two case studies will be presented to exemplify the procedure. Both cases refer to
household’s monthly water consumption (m3) from February 2011 until December
2017, registered by two water meters: RH1 and RH2.

On meter RH1, the higher values of water consumption (see Fig. 1a) were reg-
istered in the summer months of July and August. This is consistent with a strong
seasonal behaviour, with the higher temperatures justifying the need for higher water
consumption, related to Algarve’s tourism period. Moreover, a decrease in the trend
until 2016 was followed by an increase more pronounced during 2017, as seen in
Fig. 1. The latter might be explained by its replacement on 8 November 2016. The
consumption registered by this meter showed a noticeable abrupt increase in 2018,
reaching a value higher than 30 m3.
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Fig. 1 Time series of water consumption

In contrast, meter RH2 did not present a seasonal pattern as regular as in the
previous case. In addition, it showed the highest values of water consumption in
months such as October 2014, December 2016 and December 2017, as shown in
Fig. 1b.

4 Results

The proposed strategy was applied to two case studies showing different water con-
sumption patterns.

The first step was the decomposition of the water consumption time series into its
components: trend, seasonal and remainder. STL [8] has already been successfully
applied in studies of water consumption such as [18] and more recently [7]. Since
STL is robust against outliers, the detection of these observations was done according
to [8]. From Fig. 2, the robust approach of the STL was applied to RH1 and RH2.

The stl.fit() proposed by [12] was applied, and the decomposition plots are
shown in Fig. 3a and b.Note that this function searches for the best combination of the
parameters (s.window and s.trend) minimising an error measure, which in this case
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Fig. 2 Detecting outliers according to [8]
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Fig. 3 Water consumption decomposition plots

Table 1 MAE results

RH stl stl.fit

1 1.33 1.25

2 1.57 1.09
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Fig. 4 Breakpoints analysis

was the MAE. Table2 presents the results of the stl(), with s.window="periodic"
(fixed seasonality), and the stl.fit() that search for the “best” combination, in
terms of MAE. Therefore, based on these results, the latter was chosen (Table1).

The breakpoint algorithm was applied to the seasonally adjusted water consump-
tion, considering min.h = 0.15 (12.2 months) and max.breaks = 4. The relevance of
each breakpoint was detected throughMK and TSmethods that infer the significance
of the adjacent trends before and after the breakpoint.

For RH1, the procedure detected two breakpoints in water consumption in July
2012 and in October 2016 (Fig. 4a and Table2). However, the estimated Theil–Sen’s
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Table 2 Breakpoints & Trend analysis

RH Breakpoints Theil–Sen’s slopes RMC

Segment 1 Segment 2 Segment 3

1 2012 (Jul),
2016 (Oct)

0.009 (0.880) −0.016 (0.533) 0.536 (<0.001) 34.5

2 2013 (Jun),
2014 (Nov)

0.052 (0.002) 0.236 (0.005) 0.004 (0.744) 3.538, −0.983

Note 1 Statistically significant trend slope (p-value) in boldface
Note 2 All values are rounded with three decimal places

slopes of the segments, before and after the breakpoint in 2012, were not significant
(p-values of 0.880 and 0.533, respectively). This means that the breakpoint was not
considered as a relevant one by the procedure. Hence, the water utility should not be
concerned with the pattern of water consumption of this household at that moment.
Nonetheless, regarding the second breakpoint in October 2016, the segment slope
estimated after it was positive (0.536) and statistically significant (p-value< 0.001).
This represented an increased pattern in water consumption after that moment, with
a magnitude RMC = 34.5.

Regarding RH2, the strategy implemented was able to detect two relevant break-
points in June 2013 and November 2014 (Fig. 4b and Table1). The estimated Theil–
Sen’s slope of the segment before the first breakpoint was positive with the low value
of 0.052 (p-value = 0.0017), and the slope of the segment after the breakpoint was
higher with the value of 0.236 (p-value = 0.0489). This represents an increase in
water consumption pattern, with amagnitude of RMC= 3.538 (lower than the change
in consumption of water meter RH1). In a deeper inspection, we can deduce that
this result may be associated with a change in the mean value between the two peri-
ods (before and after the break). For the second breakpoint detected in November
2014, a decrease in water consumption was detected since the estimated segment
slope before it was 0.236 and the estimated slope after the breakpoint was 0.004 and
non-significant. Thus, the indicator RMC = –0.983, i.e. negative, as expected.

5 Conclusion

Trend and breakpoint analysis of water consumption—at an individual level—are
important for decision-making in a broad sense, including in environmental, health
and sustainability concerns.

This study presents an integrated statistical approach to analyse water consump-
tion time series within the framework of water sustainability. The goal is to detect
the moment (or moments) when a significant increase or decrease in consumption
occurs.

Several studies have adopted time series decomposition and breakpoint detection
methodologies, such as [7, 18–21]. The classical methods of decomposition of time
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series allow identifying the trend, the seasonality and the irregular components. How-
ever, these methodologies do not allow for a flexible specification of the seasonal
component, and the trend component is generally represented by a deterministic
time function, which is easily affected by the existence of outliers. The nonparamet-
ric Seasonal-Trend decomposition by Loess can identify a seasonal component that
changes over time, a non-linear trend, and it can be robust in the presence of outliers.
Similar to all nonparametric regression methods, STL requires the subjective selec-
tion of smoothing parameters. The two main parameters are the seasonal (s.window)
and trend (t.window) window widths. Therefore, to overcome this limitation, the
stl.fit() procedure [12] was used since it allows an “objective” choice of STL
smoothing parameters. This procedure has been developed to obtain “automatically”
the seasonal and trend smoothing parameters by minimising an error measure.

After estimating the components using STL, the seasonality was removed. After-
wards, a combination of methods was applied on the seasonally adjusted time series
to detect breakpoints, using the algorithm implemented in the package struccha-
nge [14]. Subsequently, statistically significant decreasing and increasing segments
of water consumption were analysed using robust nonparametric methods such as
MK and TS.

Additionally, a water consumption change indicator, the RMC, was calculated.
The RMC is unitless, allowing to compare different types of consumption. It allows
the water utility to understand and compare consumption patterns between house-
holds (or other buildings) and between different periods. Thewater company can also
choose threshold values for RMC, at which the consumption is considered problem-
atic. Overall, the idea is to quantify the change of the decrease or increase in water
consumption for each consumer and identify which ones the water company should
investigate.

This strategy was applied to real data of billed water consumption from house-
holds located in the municipality of Loulé, characterised as an agriculturally based
economy regionwith tourism activity. Themethodology successfully detected break-
points linked to a significant increase or decrease in water consumption. Moreover,
the difference in household water consumption patterns justifies the importance of
implementing a procedure at an individual level able to capture consumption speci-
ficities.

The detection of an abnormal increase will allow the water utility to alert its
consumers of less environmentally sustainable behaviour. This is important since
the impacts of climate change on water demand may be particularly relevant in the
case of agricultural water use. In fact, the water needs for crop production increase
as a consequence [6].

In conclusion, this integrated strategy may also contribute to the assessment of
losses in water distribution systems as well as apparent losses and NRW. Further-
more, the application of the methodology is not limited to the time series of water
consumption. The flexibility of the procedure allows, in each step, to regulate param-
eters such as the seasonal and trend windows in STL decomposition, the minimum
length (min.h) of the segment and the maximum number of breaks (max.breaks).
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In the future, an alternative approach could be a prior application of time series
clustering on households’ water consumption to group the consumers by pattern
similarity. Afterwards, the proposed strategy would be implemented only to the
most problematic consumer profiles.
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