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COMPREHENSIVE INTELLECTUAL AND STATISTICAL
ANALYSIS OF WATER CONSUMPTION

Elena V. Ignatova, Elena Kh. Kitaytseva
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Abstract: This article deals with the water consumption regime in a residential building. The study is based on
data of cold and hot water hourly consumption in a multi-storey apartment building. The measurement period is
one month. The study comprehensively uses statistical analysis of water consumption and data mining of group
outliers. Statistical data analysis is designed to determine the distribution pattern of different data samplings. The
analysis is carried out for three different samplings of apartment water consumption data. As a result, group
outliers of hourly water consumption are identified. Machine learning methods are used to identify group
outliers. The task boils down to clustering the hours of the day to find hours with reduced (nighttime) water
consumption. Clustering is carried out using five methods, and clustering quality is assessed by three metrics. As
a result, nighttime consumption periods are determined for different samplings of water consumption data in
apartment buildings. In general, comprehensive intellectual and statistical analysis of water consumption is
useful for solving the tasks of designing water supply and sanitation systems, adjusting the operating modes of
engineering equipment, and clarifying the calculated parameters of water consumption in apartment buildings.
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KOMIIJIEKCHBIA UHTEJUIEKTYAJIBHO-
CTATUCTUUYECKHM AHAJIU3 BOJOINOTPEBJEHUSA

E.B. Henamoea, E.X. Kumaiiuesa
HarmonanbeHeiii uccaenoBaTenbckuii MOCKOBCKHIA TOCYIAPCTBEHHBIN CTPOMTEbHBIN yHUBEpCcHUTET, T. MockBa, POCCH

AnHotanusi: B crartee wmccnenyercs pexuM BOAONOTPEOJICHHST B MHOTOKBapTHpHOM Jome. McciemoBanne
OCHOBAHO Ha JAHHBIX O I0YACOBOM MOTPEOJIEHUH XOJIOJHON U ropsiueil BOJIbl B MHOIO3TAXHOM KHMJIOM 3/IaHHH.
Ilepuon wm3mepeHus — oauH Mecdal. MccnenoBaHue B KOMIUIEKCE MCIOJB3YyeT CTATUCTMYECKHM aHamu3
BOJIONIOTPEOICHUST M WHTEIUIEKTYAIBHBIN aHalINW3 TPYNIIOBBIX BHIOPOCOB JMaHHBIX. CTAaTHCTHYECKUH aHAIM3
JAHHBIX TIPEAHA3HA4YeH Ui ONpE/eNICHHUs XapaKTepa paclpelesieHns] pa3IndHbIX BHIOOPOK JaHHBIX. AHaIU3
MPOBOANTCS ISl TPEX Pa3IMYHBIX BEIOOPOK AAHHBIX BOJAONOTpEOICHHS KBapTUPAaMH. B pe3ysbraTe BBISBIAIOTCS
TPYTIOBBIE BBIOPOCHI TOYaCOBOTO MOTPEOIeHNS BOABI. [l BBIIEICHUS TPYNIOBBIX BEIOPOCOB HCTIONIB3YIOTCS
METOJbl MAIIMHHOTO oOydyeHus. 3agada CBOJUTCS K KIIACTEPHU3AIMM YacOB CYTOK JJISI TTOMCKA YacoB C
MOHIKCHHBIM (HOYHBIM) MOTpebiaeHueM BoAbl. Kitactepmsamms NpOBOAWTCS MATHIO METONAMH, KadecTBO
KJIACTEPHU3aLUK OLICHUBACTCSI TPEMsI METPHKAMU. B pesynbraTe onpenenstoTcs nepruoabl HOUHOTO HOTpeOIeH s
JUId pa3HBIX HAOOpPOB J[AHHBIX BOAONOTPEOJCHHS B JOME. B 1eJIOM KOMIUIEKCHBIM WHTENICKTYalbHO-
CTAaTUCTUYCCKUH aHaIW3 BOJOMOTPEONCHUSI TMOJNE3eH Uil pELIeHHs 3a1ad  MPOCKTUPOBAHUS CHCTEM
BOJIOCHAOKEHHST W BOJOOTBEJCHHUS, HACTPOMKH PEKHMOB OKCIUTyaTallid HWHXCHEPHOTO 000pyI0BaHMs,
YTOYHEHUS pacueTHHIX TapaMeTPOB BOJIONIOTPEOICHNS B MHOIOKBAPTUPHBIX TOMaX.

KiroueBble c10Ba: CTaTHCTUYCCKUI aHaJin3, I/IHTeHHeKTyaHLHBIﬁ aHaJIUu3 JaHHBIX, MAalllMHHOC 06yquI/Ie,
KJ1acTeépusanusi, mo4acoBoc BOI[OHOTpe6J'IeHI/Ie, MHOFOKBapTPIpHLIﬁ J0M

INTRODUCTION consumption depending on the time of day and

day of the week. The purpose of the study is to
The object of the study is the consumption of obtain reliable characteristics of  water
cold and hot water in an apartment building. consumption modes in a house based on the
The subject of the study is the mode of water integrated use of various data analysis methods.
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The problem of determining the regime and
volume of water consumption is relevant for all
countries. Digitalization programs are being
implemented in Russia, which should turn
apartment buildings into high-tech and energy-
efficient digital facilities. A  mandatory
component of such facilities is a smart resource
consumption telemetry system.

It is possible to take meter readings daily
(hourly, every second), store digital information
in data centers, quickly compile reports and
transmit data to interested authorities and
relevant information systems. It should be noted
that telemetry data is collected for statistics and
is mainly used in financial settlement services
for automatic accrual of payments for used
resources [1].

An analysis of the scientific literature in the
field of water consumption research shows that
water consumption monitoring data can be used
to solve other important tasks, including to
refine  engineering  calculations,  adjust
regulatory indicators, and make
recommendations on resource conservation [2].
It should be noted that when designing water
supply systems, overestimated design loads lead
to an increase in pipeline diameters, an increase
in heat loss of hot water pipes, and an
overestimation of the required characteristics of
pumping equipment. In addition, overestimated
values of estimated water consumption led to an
unjustified increase in the diameters of drainage
systems.

Despite the common goals facing the
researchers, the study of the process relies on
diverse information. For example, article [3]
analyzes the second flow rate passing through
different devices installed in the same
apartment, article [4] analyzes the hourly flow
rate in an 80-apartment residential building. The
article [5] examines hourly expenses in an
urban-type settlement, the article [6] deals with
the daily water consumption of a city where
about one hundred thousand inhabitants live in
apartment buildings. In all these articles, the
object of research is water consumption in
residential apartment buildings. It is noted in [7]
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that there is practically no data on water
consumption in public buildings.

A commonly used method of data analysis is
visualization of water consumption. Graphs help
to understand the process on a qualitative level,
but they do not provide accurate quantitative
characteristics.

In the article [5], based on graphs, the maximum
water consumption in an urban-type settlement
is analyzed depending on the day of the week.
The nighttime water consumption period is
allocated for different days of the week. As a
result, the schedules of the actual daily
consumption do not coincide with the schedules
of the standard daily uneven water consumption.
A similar study is conducted in the article [8].
The telemetry data of water consumption in a
multi-storey  residential building is used.
Nighttime hours of reduced consumption of hot
and cold water are defined for weekdays and

weekends. The graphs show a significant
difference between night and day water
consumption.

The main characteristics of water consumption
in a house (average, median, minimum,
maximum, and standard deviation) are
determined using descriptive statistics.

In the article [9], based on a statistical analysis
of data on water consumption in an apartment
building, it is concluded that the actual average
daily water consumption per inhabitant is less
than recommended by standards for calculating
internal water supply systems. A similar
conclusion is found in the article [4].

Several papers attempt to describe empirical
samplings using a theoretical distribution law. The
intensity of water consumption using individual
devices is described by a Gamma distribution [3].
The intensity of water consumption by a building
is estimated by a normal distribution [4], the
number of simultaneously operating appliances in
the building is described by a binomial
distribution [7].

The least squares method was used to determine
the time of intensive consumption of hot water
during the day in apartment buildings [10]. The
total time of intensive consumption of hot water
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per day is defined as 18-21 hours. However, the
specific hours are not specified. From this study,
it can be concluded that the period of reduced
water consumption lasts 3-5 hours per day.

The tasks of identifying trends, seasonality, or
cyclicity in water consumption can be solved
based on time series analysis [11, 12]. Artificial
intelligence methods are increasingly being used
to solve classification, clustering, optimization,
and forecasting problems [13]. Machine
learning methods make it possible to recover
missing data [14].

If we consider the volume of nighttime water
consumption to be significantly different from
the volume of water consumption at other hours
of the day, then they can be considered as a
group data outlier. Searching for group outliers
involves identifying abnormal patterns or
behaviors within datasets. Unlike individual
outliers, group outliers exhibit anomalies
common to a subset of observations within a
larger population. Statistical methods or
machine learning algorithms can be used to
detect group outliers [15]. Data clustering
methods can be considered suitable intelligent
machine learning algorithms.

In the article [16], the DBSCAN machine
learning method was used to identify uneven
water consumption in an apartment building,
designed to cluster data considering their
distribution density. Unfortunately, the quality
of clustering was not discussed. A variety of
density-based clustering methods are described
in [17]. It is important to note that the choice of
clustering quality assessment metrics is of great
importance. Metrics make it possible to identify
the most suitable methods for the available data
set [18].

Research [19] shows the complex use of various
analysis methods to study water consumption
patterns and search for anomalies based on
payment documents of water consumers with
mechanical meters. The DBSCAN clustering
method and time series analysis were used
together. The integrated use of various data
analysis methods helps to solve tasks more
effectively.
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METHODS

The numerical experiment is used in the
research. Water consumption data is processed
and analyzed based on the integrated use of
statistical analysis and data mining. The units of
measurement of water consumption are liters.

At the first step of the study the data is cleaned.
At the second step of the study statistical
analysis is carried out on various samplings to
determine patterns of water use by apartments.
At the third step of the study the task of
clustering the hours of the day is solved to
determine the periods of reduced (nighttime)
consumption of cold and hot water in the house.
Machine learning methods are used.

Data preprocessing

The first stage of data processing is its cleaning.
Each data set requires an individual approach,
but the general rule of data validation remains
the search for impossible or unlikely events.
Equal hourly water consumption by different
apartments at different times is a regular event.
The same daily water consumption by different
apartments is a possible event. The same hourly
water consumption during the day for the entire
observation period is an unlikely event. A
composite key was used to search for duplicate
information for the entire observation period.
This key includes:

— total water consumption for the entire
observation period;

— number of hours with no consumption;

— maximum flow rate;

— average consumption;

— standard deviation;

— the number of cases with an hourly
consumption of more than 100 I/h.

All the above parameters are determined for the
entire observation period separately for the
consumption of cold and hot water. Several
apartments are excluded from the analysis as
duplicate data. Apartments with zero water
consumption for the entire measurement period
are excluded from the analysis.
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Data preprocessing is performed in an Excel
environment.

Statistical data analysis

Preliminary data analysis includes the
calculation of the main sampling parameters:
minimum (min), maximum (max), mean (m),
standard deviation (s), quartiles (Q1, Q2, Q3),
coefficient of skewness (A) and kurtosis (E),
mode (Mo).

The consumption of cold and hot water during
the entire observation period is considered as
samplings:

— hourly consumption by apartments (sampling
1);

— average hourly consumption
apartments (sampling 2);

for all

— average daily hourly
apartments (sampling 3).
The frequency distribution of cold and hot water
consumption for each sampling is visualized.
Statistical data analysis is performed in the
Excel environment.

consumption of

Clusterization

To identify the hours of reduced (night) water
consumption, the task of clustering the hours of
the day is solved. Clustering is understood as an
algorithm that divides data into clusters, that is,
groups of elements with similar characteristics.
Similarity is determined by calculating the
conditional "distance" between the elements.
Machine learning methods for clustering are
tailored to the characteristics of the source data.
The wuse of clustering methods is often
associated with setting the required number of
clusters or other necessary algorithm
parameters. To identify the hours of reduced
(nighttime) water consumption, 5 -clustering
methods are used: Affinity Propagation,
DBSCAN, Agglomerative Clustering, K-means,
Spectral Clustering.

At first the Affinity Propagation method is used,
because it does not require specifying the
number of clusters. Then the DBSCAN method
is used, which also does not require specifying
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the number of clusters. It requires specifying the
minimum number of elements in clusters
(Nbmin) and the conditional distance between
cluster elements (g). Three options for
parameter values are considered for this method.
Then Agglomerative Clustering method, K-
means method, and the Spectral Clustering
method are used consistently. These three
methods require setting the number of clusters.
Several numerical experiments were conducted
with different numbers of clusters. The initial
approximation 1is the number of clusters
determined by the Affinity Propagation method.
Three metrics were selected to assess the quality
of clustering [11].

The Davies-Bouldin (DB) index is based on the
distance from cluster objects to their centroids,
and separability is based on the distance
between the centroids:

S(cx) +S(cp)
KZ { |ck—cl||} )
Where:

S0 == . =l

xLEck
K — number of clusters,
n, — size of cluster,
¢y, - centroid of cluster £.
As the clustering result improves, the DB index
should decrease.
The Calinsky-Harabasz (CH) index is based on
the distance from cluster points to their
centroids, and separability is based on the
distance from cluster centroids to the global
centroid.

K — —_—
vok Qe

-1
Z Zx iECk |xl Ck”
Where:

K — number of clusters,
n,— size of cluster £,

CH = (2)
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¢y, - centroid of cluster £,

C - global centroid of sampling,

N — sample size.

The CH index should increase.

Silhouette (Si/) coefficient defined as the
average of silhouettes across all elements.

The silhouette of an element shows the
difference between the average distance with
elements inside its cluster and the average
distance with elements of another cluster:

1 N b(x;, o) — alxi i)
Sib= Nkz Z max{a(x;, c), b(x;, cx)} (3)

=1 x;€ECk

Where:
1
a(x;, cx) = - Z [loc; = x|

Xj€ECk
- average distance from x; € cx to other objects in
the c« cluster,

1
b(xi, ) = mingey - ) e =]
XjECj
- distance from xi € ck to objects from another
cluster ¢;,

ny, — size of cluster £,

N — sample size.

The Sil index should aim at 1.

Clusterization is performed using Python
programming language libraries.

RESULTS AND DISCUSSION

Data preprocessing

Using a composite key allows you to detect
duplicates in the measurement results of both
cold and hot water. The results are presented in
table 1.

The first three data blocks contain information
that is completely repetitive throughout the
entire observation period. The first two blocks
include 2 apartments each, the third block
includes 3 apartments. The fourth block
contains one apartment, where the information
about the consumption of cold water completely
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coincides with the information about the
consumption of hot water. The fifth block
includes apartment numbers in which no
consumption of cold and/or hot water was
recorded during the entire observation period.

Table 1. Apartment numbers with duplicated
information on cold and hot water consumption

Block Cold water Hot water
apartment | duplicate | apartment | duplicate
1 1 2 - 4 5 -
2 4 5 - 26 28 | -
3 50 51 | 53 50 51 | 53
4 62 - - - 62 | -
5 7 - - 7 38 | 6l

Further analysis will provide information on the
consumption of cold and hot water in these 9
apartments. (Ne 2, 5, 51, 53, 62, 7, 38, 61) it is
not counted. As a result, the sampling consists
of the hourly water consumption for 73
apartments for 32 days.

The analysis of daily water consumption shows
that out of 2336 (73*32) cases, in 26 cases
(1.1%) there is no consumption of cold and hot
water, in 105 cases (4.5%) there is no
consumption of hot water, in 28 cases (1.2%)
cold water. Hourly readings for those
apartments where there is no consumption of
cold and/or hot water during the day are
removed from the initial sampling. The volume
(n) of the final sampling of hourly cold and hot
water costs 1s 52248.

Statistical data analysis

The results of the statistical analysis are
presented in Table 2. It should be noted that the
values are similar or practically identical to the
average values of m for all 3 samplings for cold
and hot water, while the standard deviations of s
for samplings 2 and 3 are several times smaller
than for sampling 1.

Averaging during the organization of samplings
2 and 3 makes it possible to offset the error in
determining hourly costs, the values of which
are less than 10 liters. Unlike Sampling 1, the
quartiles Qi and Q2 of samplings 2 and 3 have
values other than 0.
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The values of the skewness indicators A and
kurtosis E for sampling 2 are less than the
corresponding values for samplings 1 and 3.
The values of A and E for this sampling indicate

that the distribution tends to a normal
distribution.
Table 2. Statistical analysis
Param. Cold Water (CW) | Hot Water (HW)
Samplings
CWI1 | CW1 | CW1 | HWI1 | HW2 | HW3
n 52248 768 | 2177 | 52248| 768 2177
Min,
I/h 0 0,1 0,4 0 0 0,4
Max,
I/h 420 | 21,1 | 91,3 | 820 33,2 79,6
m,1/h | 82 7,6 8,2 11,5 10,7 11,5
s, 1/h 17,9 3,9 7,7 34,2 6,5 10,5
Qi
I/h 0 5 3 0 6 4
Qa,
I/h 0 8 6 0 10 9
Qs,
1/h 10 10 11 10 15 16
Mo,
1/h 0 7 1 0 9 3
A 5,3 0,3 3,0 6,7 0,4 1,9
E 55,7 | -0,2 18,2 | 69,4 | -0,1 5,5
m+
3s,/h | 62 19 31 114 30 43
Out-
liers | g93 | 2 35 11040 | 4 37
% 1,7 1 03 | 16 | 2 0,5 1,7
Qit
3(Qs-
Qu),
1/h 30 20,5 | 27,9 30 32,2 40
Out-
liers 5290 1 53 | 6357 1 52
% 10,1 0,1 241 12,2 0,1 2,4
Regardless of the method of estimating

anomalous values, the number of outliers in
samplings 2 and 3 is lower both absolutely and
relative to the size of sampling 1.

Figures 1-3 show the frequency distribution of
hourly consumption of cold (CW) and hot (HW)
water by apartments for 3 samplings.

The distribution pattern is the same for
samplings 1 and 3 (figures 1 and 3). The
distribution of hourly water consumption
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averaged across apartments (sampling 2) differs
(figure 2).

Visualization  of the average  hourly
consumption of all apartments (figure 2) allows
us to identify two consumption modes,
regardless of whether the consumption of cold
or hot water is considered.
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Figure 1. Frequency distribution of cold (CW)
and hot (HW) water consumption - sampling 1
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Figure 2. Frequency distribution of cold (CW)
and hot (HW) water consumption - sampling 2
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Figure 3. Frequency distribution of cold (CW)
and hot (HW) water consumption - sampling 3

The first mode corresponds to the mode
occurring at a flow rate of 2.5 1/h, the second
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mode corresponds to the mode occurring at a
flow rate of 10 I/h. The points forming the first
mode are a group outlier for the sampling.
Identifying a group outlier is equivalent to
dividing a sampling into two subsets. Solving
this problem is laborious, and clusterization
methods must be used to automate this process.

Clusterization

Clustering is performed for the hours of total
water consumption by the apartments in the
house. The data is converted into datasets in
which hourly water consumption is assigned to
one of the 24 hours of the day (from 0 to 23). In
addition, subsets of data are generated
separately for weekends and weekdays of the
measurement period.

The results of using various clustering methods,
considering experiments with the number of
clusters, are evaluated for quality. As a result,
the number of clusters with the best clustering
quality is determined for each method. Table 3
shows five clustering methods and three
measures of the quality of their results.

Table 3. Results of quality assessment of
clusterization of hot water consumption

The Affinity Propagation method allocates four
clusters. Based on the metrics for the DBSCAN
method, the parameters €=2100 and Nbmin=2.
Four clusters are defined for the Agglomerative
Clustering method, three for the K-means
method, and three for the Spectral Clustering
method.

As an example, Figures 4-8 show the results of
clustering the hours of hot water consumption in
a house over the entire measurement period.
The hours of the day are shown on the
horizontal axis, and the volume of hot water
consumption is shown on the vertical axis. For
clarity, there is one dot corresponding to each
hour. The ordinate of the point is calculated as
the median of a set of values for hourly hot
water consumption over the entire observation
period. The point color is selected automatically
depending on the cluster number. Different
methods give different numbering and number
of clusters.

1400

1200

1000 L

800

600

400

Methods Para- Metrics (index)
meter  p [ CH Sil
Affinity - | 093 | 1400 | 033
Propagation
DBSCAN | ¢=2000| 1,12 17,15 | 0,33
£=2100| 1,09 17,20 | 0,35
£=2200| 1,17 11,25 | 0,30
) K =3 1,15 16,95 | 0,33
Agglomerative —
Clustering K =4 0,97 13,78 | 0,32
K =5 0,90 11,99 | 0,31
K =3 1,09 17,20 | 0,35
K-means K =4 1,10 | 14,10 | 0,33
K =5 1,37 11,82 | 0,19
K =3 1,16 1691 | 0,32
Spectral B
Clustering K =4 1,50 11,01 | 0,19
K =5 1,33 12,01 | 0,21
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Table 4. Hours of reduced (overnight)
consumption of cold and hot water: 1-Affinity
Propagation, 2-DBSCAN, 3-Agglomerative
Clustering, 4-K-means, 5-Spectral Clustering
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Figure 6. Agglomerative Clustering method

result
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Figure 7. K-means method result
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Figure 8. Spectral Clustering method result

The results of clustering using different methods
are presented in Table 4. The method numbers
match their enumeration above.

The table shows that the results obtained by
different methods for different samplings are in
most cases close or identical. The final
conclusion about the period of nighttime
(reduced) water consumption is based on the
results obtained by most methods.

100

Water ?aysk Methods Result ,
onwee 1|23 ] 4| 5 | Hours
All days 1-6 |[1-6 -6 [1-6 | 1-6 1-6
Cold -
Worsr | Weekdays | 1-6 [1-6 |16 |16 | 1-6| 1-6
Weekends | 170 [2-0 -6 |I-6 | 1-6] 1-6
All days 2-7(2-7 1-7 |1-7 | 1-7| 1-7
Hot -
Water | Weekdays 2-6 2-6 2-6 2-6 | 1-7| 2-6
Weekends | 172 [1-9 -8 [I-9 | 1-9] 1-9
CONCLUSION

1. The scale of water consumption facilities,
methods, and conditions for obtaining source
data, as well as the structure and format of data
storage, are important for analyzing water
consumption.

2. To solve various problems, it is usually
necessary to transform data values (normalization,
averaging) and change the data structure.

3. Improving data quality involves removing
duplicates, anomalies, deviations from the
norm, and zeros. However, in data related to
hourly water consumption, it is necessary to
carefully study anomalies and outlines,
including analyzing them as group outlines.

4. Data samplings for analyzing water
consumption in an apartment building can be
formed for various objects (the building,
apartments, appliances, tenants) and for
different time periods (the entire observation
period, days of the week, hours of the day).
Samplings for statistical analysis can be formed
based on averaged data values.

5. Different data samplings may have different
distribution laws. The choice of further data
analysis methods depends on the identified
distribution function.

6. Intelligent machine learning methods for
clustering differ in cluster formation algorithms,
control parameters, and the quality of the result.
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During the research, it is necessary to use a set
of clustering methods and evaluate their quality.

7. Most clustering methods
consistent

have yielded

results.  The  Agglomerative

Clustering method has shown special results in
many cases and has not been considered.

8. The results of the study can be used in the
design of water supply and sanitation systems,

setting

operating modes of engineering

equipment, clarifying the regulatory parameters
of water consumption in apartment buildings.
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