Chapter 20

Electrical Energy Consumption
Forecasting to Improve Energy Efficiency
of Water Distribution Systems

Gheorghe Grigoras

Abstract The energy management problem is essential in optimal planning and
operation of water distribution systems. This problem involves establishing the
operation schedule for all water hydrophore stations from the system. One of the
available policies for improving energy efficiency is related to the decrease of
electricity consumption. This supposes two important aspects: the upgrading of the
water distribution system and use of software packages order to ease the decision
making process. Two approaches based on clustering and decision trees are pro-
posed for electrical energy consumption forecasting in the water distribution sys-
tems. The comparative studies were realized using a database of 85 urban water
hydrophore stations belonging to a Romanian water distribution company. Based
on these results, it can be considered that the new proposed approaches have the
ability to constitute an IT infrastructure which can be actively used for improving
energy efficiency in water distribution systems.
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PG Pressure Growth
w Daily Electrical Energy Consumption

20.1 Energy Efficiency of Water Distribution Systems

The linkage between two important components of our life, namely water and
energy, sometimes called the water-energy nexus, is increasingly tighter due to
massive demand for both water and energy. Water is used in electrical energy
production and electrical energy is necessary to extract, treat and distribute water
and to clean the waste water.

These aspects explain the water-energy nexus, such that both components must
be addressed together in an efficiency energy policy [1]. Even if there is a rela-
tionship between the two components, these have been considered and managed
independently until recently.

In planning or operating water supply systems, traditionally the electrical energy
consumptions were mostly neglected or given little importance [2, 3]. The inter-
dependency between these two important components is shown in Fig. 20.1 [4].

These interdependencies must be considered, because the constraints of one
resource introduce constraints in the other. For example, the droughts and heat
waves can lead to water constraints that, subsequently, can become constraints in
the hydropower sector. In the same way, the outages from power systems can
represent constraints in the water and wastewater sectors [3, 5].

High energy amounts are needed for pumping water, treating the water to
drinking quality, distribution of water, pumping and treating wastewater. Thus,
obtaining potable water and cleaning wastewater using less electrical energy
amount should represent an important target for water companies. For example,
there are countries where energy used for water treatment is of about 3% of the
nation’s electricity use (in USA and UK). In some European countries, Sweden for
example, the energy amount is approximately 1%. However, there are countries
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with a big percent, around 10% (for example Israel) [1, 6]. From the entire chain,
water pumping requires the highest energy amount.

In this moment, some countries have already launched nation-wide energy
efficiency programs in water supply systems. For example, in the USA, in
California region, energy efficiency must increase by 20% according to the
California Water Plan. A similar percentage was approved in China and Sweden,
where the wastewater treatment energy saving target is set for at least 20-30% from
the total electrical energy requirement [1].

In the context of energy efficiency, the Watergy concept appeared. The term
“Watergy” was coined by the Alliance to Save Energy in order to describe the
strong link between water and energy in urban water distribution systems [7, §].

In a statement given in the Alliance to Save Energy report [8] it is stated that
between 2 and 3% of the total world electricity consumption is used for the
pumping and treatment of water used by residential and industrial consumers.

For the water supply companies, these costs with consumed energy are the
largest expenditure. These costs can reach up to 65% of the annual operating budget
of a water supply company [9]. Also, water losses can augment the total cost. These
losses may reach high levels in cities from countries where investments in water
supply systems are very small. The examples can include countries from Latin
America (Mexico, Brazil) or India where the losses are in the range of 40-50% [8].

The major steps involved in cities with clean water supply are presented in
Fig. 20.2 [10]. It can be observed that in each step the electrical energy con-
sumption is significant.

The electrical energy consumption from water supply systems is influenced by
factors such as: topographical factors, geographical factors (water sources and
consumers location), technical factors (pipe dimensions and configurations, rated
powers of the pumps), treatment standards, and consumption factors (consumers’
number, consumers’ types, and consumption category). This varies from city to
city, depending on the factors described above [7-9, 11-15].

Other factors that can also significantly affect electrical energy consumption
depend on operational strategies and technology choices at national level [14].

An analysis of Fig. 20.2 can lead to the discovery of the technical factors that
lead to a high electrical energy consumption: pump stations poor design, installa-
tion or maintenance, old pipes with high head loss, bottlenecks in the supply
networks, excessive supply pressure, or inefficient operation strategies of various
supply facilities [9, 11, 16-23].

There are many solutions for energy-saving in water supply systems, which do
not require huge investment: from decreasing the volume of water pumps (e.g.,
adjusting pressure zone boundaries) to reducing the price of energy (e.g., avoiding
peak hour pumping and making effective use of storage tanks) or increasing pump
efficiency (e.g., ensuring that pumps are operating near their best efficiency point).
These solutions can recover their costs in a time period ranging from a few months
to 3 years [19-24].

In addition to these technical solutions, the companies can implement modern
solutions based on the supervisory, control, and acquisition data systems. These
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Fig. 20.2 Water utility system that use energy [10]

solutions use integrated information systems, able to realize complex monitoring
and automation functions, implemented through customized software packages.
Also, the SCADA systems can provide an efficient energy consumption manage-
ment and can improve all activities from water supply systems. The motivation for
introducing such systems is due the following factors [9, 17-23].

the structure of the water supply systems became increasingly complex due to
rising demands and the diversity of water sources;
an aging infrastructure that leads to high operating costs;
the availability and reliability of capable hardware components and software

packages.
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The energy efficiency policies in water supply systems must take account both of
technical aspects which lead to infrastructure upgrades and information aspects that
enable the supervisory and control of all activities through SCADA systems.

Energy efficiency policies correlated with of electricity prices growth have
stimulated water supply companies, to find solutions to minimize their electrical
energy consumption. An electrical energy consumption forecast with small errors
can guarantee an efficient management plan leading to water supply of the cus-
tomers at all times with minimum energy cost, considering the various technical
constraints (reservoir levels, water pressure in the distribution system, water quality,
and supply restrictions). Because in electricity markets, the price of electricity can
change hourly, the water supply companies could move a part from the daily
electrical energy consumption from a certain hour to other hours when the price is
lower. But to achieve this target the water companies must have accurate electricity
consumption forecasts. If the errors are high, they can lead to purchasing a sup-
plementary energy amount with a high price from the day-ahead market or the
intra-day market.

For electrical energy consumption forecasting, many methods were proposed in
the literature. These methods are based mainly on classical approaches: heuristic,
linear regression, or similar day. From these, the heuristic approach leads to the
smallest errors (between 2.5 and 3%). In order to apply this type of method, a
significant input database is required, with measurements: weather forecast, day
type (working or weekend), knowledge of future events, and other historical
operational data.

Out of these methods, few are taking into account the technical characteristics of
the water hydrophore stations and the uncertainties that may exist in the system due
to lack of measurements. The higher uncertainty degree leads to lower quality
decisions made by the human operator. Therefore, the attempts to reduce uncer-
tainty must be well substantiated. However, even with the reduction of the infor-
mation uncertainty, considerable efforts and expenses are necessary. Thus, the
targets of the forecasting process are to determine those parameters and charac-
teristics which influence most the results and to improve the quality of the corre-
sponding models and the relevant information.

In order to consider all these factors, the Artificial Intelligence (Al) techniques
based on decision trees and clustering techniques are proposed for the electrical
energy consumption forecasting in water distribution systems. These approaches
are original because, to the author’s best knowledge, no other methods proposed
previously in the literature use decision trees or clustering for electricity con-
sumption forecasting in water distribution systems. A comparative study using a
database that contains records from 85 urban hydrophore stations belonging to a
water distribution company from Romania will be presented. Using these approa-
ches, the forecasting errors of the electrical energy consumption are better (ap-
proximately 1%) than the ones currently expected by water companies
(approximately 3%). Thus, the results obtained demonstrate the ability of the
proposed approaches to become an important step in ensuring an efficient man-
agement in the water distribution systems.
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The remainder of this chapter is organized as follows. Section 20.2 presents a
short review of Al techniques. Section 20.3 presents the implementation details of
the proposed methods and the results of their testing on a real water distribution
system from Romania. Section 20.4 contains the concluding remarks.

20.2 Al Techniques in Electrical Energy Consumption
Forecasting

20.2.1 General Aspects

Today, information technology has drastically changed education, the nature of
work, society, and decision-making processes all over, among other things. More
information is becoming available, faster than ever before. The changing face of
information technology and communication are proof that the economy, and in
particular the utilities systems sector (power, water, gas, etc.), have entered a new
era of fundamental change. The impact is being felt in the market, in the control and
operation of the power, water or gas networks. Under these circumstances of
momentous change, Al has the potential to play a more important role [25-27].
The main Al applications developed worldwide in the last years are:

Load/energy forecasting,

Optimal flow,

Operating and expansion planning,

Tariff selection,

Alarm processing and fault diagnosis,
Consumption control (power, water, gas, etc.).

The most used AI techniques are: Neural Networks, Fuzzy Logic, or
Evolutionary programming. Other techniques based on machine learning are also
used for classification and prediction. From these, the Decision Trees and
Clustering algorithms are considered the most popular approaches. In the following,
a summary of some theoretical issues relates to the Al techniques are presented.

20.2.2 Artificial Neural Networks

Artificial Neural Networks (ANN) are used increasingly in modelling and con-
trolling industrial processes, gaining momentum in recent years in front of the
conventional methods. Also called connectionist networks, ANNs reproduce certain
functions of the human brain by simulating a model of the brain which is as yet
extremely simplified. Because they are able to generalize linear statistic methods,
ANNs are extremely well adapted for solving shape recognition problems, for



20 Electrical Energy Consumption Forecasting ... 605

which they give excellent results. Much of this interest has come about with the
successful of real-word applications of ANNs and their ability to learn [26].

ANNSs, as universal approximators, can give a systematic approach to the
modelling of industrial processes, especially in those complex processes where
solving the operation equations is very difficult using conventional mathematical
methods. The most widely used ANN is the Multilayer Perceptron with the asso-
ciated back propagation error learning, for minimizing the observed sum of squared
errors over a given set of data.

In the literature excellent results were obtained using RNAs in some technical
areas, but there have been also some problems that could not be successfully
resolved using these techniques. From a recent analysis of applications in electric
systems the main conclusions are:

e ANNs are extremely well developed to forecasting short-term consumption,
especially if their architecture is optimized (for example, by using genetic
algorithms);

e encouraging results have been obtained in modelling and controlling production
units, alarm processing, and distribution networks control;

e ANNSs are not the best choice for problems concerning network safety, pro-
duction plan research and electrical networks planning.

The success in industrial process modelling can be firstly represented by the
ability to extract information about the model structure and the relationships
between its input and output data from trained network. Thus, these can become
very important in validation of the models and the optimization and control of
process. Furthermore, when the model of the process is not known, the objective is
to learn as much about the system, and the obtained information to be used in the
analysis of the process and in determining the disturbing factors that affect it.

20.2.3 Fuzzy Techniques

The fuzzy techniques (FT) were presented for the first time in the mid of the 60s by
L. A. Zadeh. They had a huge success and have been used immediately in various
fields. The broad development of mathematical theory, especially in areas of
Possibility Theory, Fuzzy Control, ANN, and Pattern Recognition provided the
basis for resolving different problems. Today, these techniques are implemented in
many software packages and hardware components [25-28].

The advantage of these techniques is represented by the ability to work and
perform calculations with uncertainties. These uncertainties can result from human
observations based on descriptions and abstract information obtained by modelling
the process. A classification of the uncertainty sources and the mathematical models
corresponding to these is shown in Fig. 20.3.
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Fig. 20.3 Mathematical
models for imprecision [28] Sources of imprecision Mathematical models
Inaccurate measurements Deterministic models

Random occurrences \\\= Stochastic models

Vague descriptions Fuzzy set models

If for the first two sources of imprecision (inaccurate measurements, random
events) appropriate mathematical models have been determined, it’s not the same
for the last source of imprecision (description language), although we use everyday
expressions such as “the energy consumption is small/big” etc. Most linguistic
descriptions such as Small, Medium, and High are fuzzy in nature. These vague
descriptions are part of modelling process and the algorithm.

The decision maker must make the difference between the various linguistic
classes, e.g., when these classify the operation regimes of the supervised system
according to certain operational characteristics [25-28]. The linguistic description is
a part of the modelling process and the operators/experts’ language. The experts’
knowledge is usually translated in natural language. Therefore, it requires a way of
encoding and manipulating knowledge expressed in natural language. This
approach could be based on the use of linguistic variables and nuanced sets.
Moreover, the experts’ knowledge is affected by the ambiguity and imprecision of
the natural language. The fuzzy techniques try to resolve these problems through a
coherent modelling of the uncertainty, while providing the possibility to operate
with such models.

The fuzzy sets are conceptually linked to the uncertain intrinsic properties of the
model. A fuzzy set presents the following:

e an area that represents the fuzzy population;

e the semantic representation associated fuzzy population;

e a function that defines the degree of membership of an element from the fuzzy
population to the set.

Unlike bivalent logic, in which membership degree of an element to the set can
have two values, in fuzzy logic it can have any real value in the [0, 1] range.

The major advantage of this logic is that it operates with sets which by definition
are characterized by continue and normal membership functions.

Fuzzy logic can be used with success in real applications, where there are many
uncertainties in mathematical models (both in the objective function and con-
straints). But, these uncertainties can be modelled using the FTs. Designed to work
with uncertain data, the fuzzy techniques can be applied in most industry sectors
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process control. Thus, the control and regulation of industrial processes are areas
where fuzzy techniques found a breeding ground for their application.

20.2.4 Evolutionary Programming

Evolutionary programming (EP) searches an optimal solution by evaluating a set of
candidate solutions, over a number of generations or iterations. In each iteration,
another set is formed, starting from the existing set, using the mutation operator.
Thus, a new solution is obtained, by disturbing each element of the existing solution
by a random value. The optimality degree of o each candidate solution or individual
is measured by its fitness, which can be defined based on the objective function of
the problem. In this case, if a competition scheme is used, the individuals in each
population compete with each other. The winning individuals will form a resultant
set, which is regarded as the next generation [26].

The optimization process must be conducted so that the competitive scheme
should favour the survival of the better solutions.

20.2.5 Decision Trees

Machine learning represents an important Al research domain. This is due to the
following two aspects:

e the ability to learn represents a characteristic of an intelligent behaviour;
e the understanding of the intelligence should be done through the understanding
of the learning model [29].

In the last years, the approach based on decision trees (DTs) was used
increasingly in resolving classification and prediction problems. DTs use a flow
chart-like tree structure. From the view point of data-mining tools, decision trees

Fig. 20.4 The structure of a ) X, <10
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can extract useful information contained in large databases, which can be used in
decision-making processes.

A decision tree can have three nodes categories: root, internal, and leaf. The
structure of a decision tree can be seen in Fig. 20.4.

If a decision tree is viewed as a logical model, this can indicate a relationship
between a target variable and a set of predictor variables [29, 30]. The classification
process will take place in function by separation rules relating to the numerical or
categorical values of the explanatory variables. Each node will have proper clas-
sification rules derived from a mathematical process that will minimize the impurity
of the resulting nodes, using the available learning set. Using these classification
rules, the leaf nodes will be finally reached [30, 31]. But, for the leaf nodes, the
separation rules are not applied just like internal nodes. With the help of these
nodes, the probability of each obtained pattern can be estimated. From the structure
of a decision tree it can observed that the root and internal nodes indicate a binary
split test on an attribute. The classification process depends mainly by first node
(root) that contains all learning set.

Also, the leaf nodes represent the results of the classification process so that they
are labelled as targets. From the point of view of the algorithm, in order to generate
a decision tree, two steps should be covered, namely learning and classification
[30]. These steps are shown in Fig. 20.5. The available data must be divided in two
sets: the first set (the learning set) is used in the learning process in order to build
the structure of the tree, while the second set (the testing set) has the role to assess
the generalization capability of the tree using new input data. The sizes of the two
sets are different and depend on the number of elements from the database. The

Fig. 20.5 The flow-chart of
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ratio between the two sets can vary between 90/10 and 60/40%. In the literature, the
most used method used to generate a decision tree is Classification and Regression
Trees (CART) method [32, 33].

This method uses the data recorded in a database during a period of time to
construct the structure of the decision tree. Also, a number of patterns must be
introduced from the beginning of the learning process. These patterns can be
obtained using various techniques (for example, clustering techniques).

Finally, the information resulted from the learning and classification processes
can be arranged in a matrix named confusion matrix [34, 35]. Based on this matrix,
the performance of the classification process can be assessed.

20.2.6 Clustering Techniques

Clustering techniques are based on the arranging/organization of an objects/elements
set into groups (clusters) with similar characteristics. With the help of these tech-
niques, information can be extracted easily from large databases, such that the
decision maker understands the existing relationships between recorded data.

In the clustering process, there are some important steps which the decision
maker should take into account. The steps are presented in Fig. 20.6 [25, 36, 37].

Feature selection In this step, the relevant characteristics corresponding to the
elements/objects from the database will be chosen for the clustering process.

Clustering algorithm According to the choice of the clustering algorithm, the
elements/objects from the database can be separated either into clearly defined
groups, either into fuzzy groups, where each element has a varying degree of
membership to each resulted group.

Fig. 20.6 The steps of a ‘
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Validation of the results In this step, an evaluation of the clustering process is
made. Usually, an optimization criterion is used. This analysis must be objective
and it is performed to determine if the results are grouped as accurately as possible.

Interpretation of the results The decision maker will compare the obtained results
with other methods. In accordance with the benchmarking, it will reach a conclu-
sion and it will take a decision.

In literature, two clustering methods categories were developed: hierarchical
clustering and K-means clustering.

Hierarchical clustering In the hierarchical clustering, two type of methods can be
identified: agglomerative methods, which perform a succession of unifications of
the n elements from the initial database into clusters, and divisive methods, which
separate the n elements gradually into finer clusters. The agglomerative techniques
are easier to implement. The clustering process can be interpreted through a two
dimensional diagram (dendrogram). This explains the unifications/splits which take
place in each step.

The hierarchical clustering can be used for databases with a number up to several
hundred elements. The methods from this category are differentiated by how the
similarity between clusters is evaluated. The similarity is determined by computing
the Euclidean distance. Single linkage clustering (connectedness or minimum
method), complete linkage clustering (diameter or maximum method), average
linkage clustering, and the centroid method can be used.

K-means clustering In this method, the elements are grouped in K clusters (K is a
positive integer number, introduced a priori) based on the similar characteristics of
the elements from the database. Initially, the c¢; centroids of each cluster C;, C S (the
set of clusters), k = 1, ..., K, are chosen randomly. An element x; will be assigned
to a centroid ¢y if the distance between them d(x;, ¢;) is the minimum of all distances
between this element, x;, and the other centroids. The algorithm has as objective the
minimization of a squared error function.

The objective function E will minimize the distance between each element and
the centroid of the cluster to which the element will be assigned.

min(E) = min| > Y " d(¥, c) (20.1)

k=1 x€Cy

where:

ci—represents the centroid of cluster C; (c = {cy, ..., ¢}, C={Cy, ..., Cg},
C.CS, k={1,...,K})

d(x;, c;) is the Euclidean distance computed between the element x; € S,i=1, ...,
N, and the centroid ¢

In the first step, a set of K centroids will be initiated randomly. Then, the
algorithm tries to assign each element from the dataset to a cluster when distance
between it and the centroid is the shortest. Further, the new positions for centroids
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will be recomputed. The iterative process will stop when the positions of centroids
will not change. After that, the decision maker will verify the validation of the
obtained results.

The validation and evaluation of the results must highlight the quality of the
clustering process. This quality will be evaluated through an analysis that will
consider the clusters’ density, sizes and, separation degrees. In the literature, the
main approaches used for the cluster validation are [38]:

e external tests—the results obtained in the clustering process will be compared
with the results obtained using other databases.

e internal tests—the quality of clustering process is evaluated based on the input
data to validate the division mode of the clusters.

e relative tests—the final results are compared using the same clustering algo-
rithm, but with different parameters.

The most used tests in clustering analysis are the internal ones. Many of these are
based on a Silhouette Global Index (SGI). In the determination of this index, the
following silhouette widths will be evaluated successively: for each sample, for
each cluster, and for the entire database. The last width represents the average
silhouette that will be used for validation. Also, with its help, the optimal number of
clusters will be determined.

1 K
SGI=->"5, (20.2)
K k=1

where:

Sci—the silhouette width for cluster Cy. This is evaluated with the formula:

1
Se, == _si (20.3)
"3
s—the silhouette width for i-sample. It can be calculated with the formula:

b,‘ — da;
=t 20.4
5 max{b;,a;} (204)

a—the average distance between the element i and elements of the same sample j;
b—the minimum average distance between the element i and elements in class
closest to class j.

An interpretation of the Silhouette Global Index is given in [39, 40]:

e 0.71-1.0: The formed structure is strong. The results can be trusted.
e 0.5-0.7: An acceptable structure of the clusters was obtained.
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e (.26-0.5: The obtained structure is very poor. Low confidence degree.
e <0.25: The degree of confidence in results is zero. No structure exists.

Data validity represents the most important step in clustering analysis. Based on
its results, the decision maker can assess the confidence degree in the relationships
established between the input data.

20.3 Electrical Energy Consumption Forecasting in Water
Distribution Systems

20.3.1 Clustering-Based Approach

In this section, an extension of the clustering based profiling techniques in the area
of water distribution systems for electricity consumption forecasting is presented.
The K-means clustering algorithm will be used for determining the representative
loading profiles (RLP) of hydrophore stations, and these, together with a statistical
approach will forecast the electrical energy consumption from the water distribution
systems [41, 42].

By knowing the loading profiles of the hydrophore stations, the distribution
companies can forecast easily the water demand for a certain zone. Based on this
forecast, these can establish the best energy efficiency strategies. The load profiling
can represent a more realistic approach for energy consumption forecasting because
the loads are not monitored in all hydrophore stations at each hour. Thus, a rep-
resentative loading profile will be attached for each hydrophore station, determined
based on the different operation conditions (season, type of day, types of supplied
consumers, energy consumption, water consumption etc.). The sampling interval
can be 10, 15, 30 or 60 min. In these conditions, the loading profiles can have 144,
96, 48 or 24 load values. The forecasted profile of a hydrophore station is obtained
using a representative loading profile and its daily (monthly, yearly, depending the
case) electric energy consumption.

20.3.1.1 Load Profiling for Water Hydrophore Stations

In the profiling process, the clustering techniques can be used for grouping the
loading profiles recorded in hydrohpore stations (in various measurement cam-
paigns) in coherent clusters based on their the similarities. Finally, a representative
loading profile will be attached to each cluster. This profile is achieved if all loading
profiles belonging to the respective cluster are averaged.

Each RLP is represented by a vector x; = {x;,, h =1, ..., T} fori=1, ..., K, and
the comprehensive set of RLPs is contained in the set P = {x;, i =1, ..., K}. The
time scale along the day is partitioned into T time intervals of duration Az, for
h=1, ..., T. Hourly values are used in this chapter. The variables used in the
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Fig. 20.7 The flow-chart for
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calculations are assumed to be represented as constant (average) values within each
time interval. The clustering process generates K clusters corresponding the hy-
drophore stations. In the final step, each hydrophore station will have a RLP
attached, based on its loading characteristics. All steps of the algorithm are pre-
sented in Fig. 20.7 [41]. Each step will be detailed in the following.

Measurements After the measurement campaigns performed in each hydrophore
station from the water distribution system during a certain time period (day, month,
season, or year), a set of loading profiles will be obtained. The profiles can have a
certain number of values, according to the used sampling step. After that, all
loading profiles will be collected into a database.

Data cleaning and pre-processing Due to the following factors: measurements
carried out over a long period of time, high number of recorded data, and a spread
of the hydrophore stations on a large geographical area, the recorded data can be
affected by communication errors and failures of the measurement equipment.
These problems will impact the quality of recorded data. In order to remove the
missing or irregular values from the database of, data pre-processing is required.

Classification In the classification process, the clustering methods will be used.
Because the database can have a high number of profiles, the best suited algorithm
is K-means. In order to use this algorithm, an important aspect is represented by the
normalization of the loading profiles before starting the clustering process.
A suitable factor is the energy consumption over the analysed time. This factor is
used because each hydrophore station has an energy meter with classical mea-
surement technology.

Determination of RLPs For each cluster, a representative loading profile will be
determined by averaging all its assigned profiles. This profile will characterize the
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operation regime of all hydrophore stations from a certain cluster from hourly load
and energy consumption viewpoints.

Assignation For the characteristic regime of a hydrophore station, a representative
loading profile will be assigned.

20.3.1.2 Electrical Load and Energy Consumption Forecasting

The electrical load and energy consumption forecasting of a water distribution
system can be made with an improved simulation method which uses the repre-
sentative loading profiles of the hydrophore stations. The method can be used if the
following assumptions are considered [41, 42]:

e the hourly average load is approximately proportional to the electrical energy
consumption. This load represents a cluster of hydrophore stations from a water
distribution system during the analysed time period.

e the hourly average loads have a normal statistical distribution.

If these assumptions are satisfied, the hourly load in a water distribution system
can be forecasted with:

K K
Py =3 mWspl | m(WEel) (kW) h = 1,...,24  (20.5)
i=1 i=1

where:

Pi—the forecasted load at the hour & = 1, ..., 24, (kW);

K—the number of clusters resulted from the clustering process for the hydrophore
stations;

n—the number of the hydrophore stations from cluster C;;

Wsi—the daily average energy consumption of the hydrophore stations belonging to
cluster C;, i =1, ..., K, (kWh);

p,cli—the average hourly loading factor of the hydrophore stations belonging to
cluster C;, (kW/kWh);

a,?—the standard deviation of the load from hydrophore stations belonging to
cluster C;, (kW/kWh).

The hourly loads from a particular hydrophore station can be estimated with the
help of the loading factors pzi belonging the cluster C; which contains the station,
and of the real energy consumption recorded in that station. For the electrical
energy consumption forecast, the following equation can be used:
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Fig. 20.8 The flow-chart of

the proposed algorithm

Input data

v

A. Clustering — representative load profiles

- Data cleaning and preprocessing

- Calculation of the normalised load profiles;

- Clustering process — representative load profiles;

- Assignation of the representative load profile to each
hydrophore station type.

v

B. Electrical energy consumption forecasting :

- Determination of number of stations in each cluster;

- Calculation of the average electrical energy
consumption of hdrophore stations in each cluster;

- Calculation of the average load factor of stations in
each cluster;

- Electrical load from the water distribution system

End

T
WS =>"P, (kWh) (20.6)
h=1

20.3.1.3 The Electrical Energy Consumption Forecasting Algorithm

The algorithm adopts a two stage procedure presented in Fig. 20.8:

e the use of a clustering technique (K-means method) in the first stage to deal with
the time evolution of (normalized) electrical load patterns and to determine a
subset of representative load profiles to be processed in the second stage. At
each iteration, the clustering outcomes simplify the process of selecting a rel-
atively small number of profiles corresponding to the hydrophore stations;

e the use of load simulation in the second stage. This approach is based on a
statistical method which assumes that the hourly loads have a normal statistical

distribution.
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A. Determination of Representative Load Profiles

The electrical energy consumption is used in the normalization process of the
characteristic loading profiles. This normalization factor is used because each
hydrophore station has measurement meters that record continuously the electrical
energy consumption. In the next step, the algorithm will determine the optimal
numbers of clusters with the K-means clustering and an internal test that uses the
silhouette global index to validate the classification. Subsequently, the representa-
tive loading profiles (RLP) will be obtained through an averaging process of all
normalized profiles inside each cluster. In the final step, the representative loading
profiles will be assigned to all hydrophore stations based on their type.

B. The Electrical Load Forecasting

Using information from the clustering process (hourly average values, average
energy consumption and standard deviation of the distribution of load for each
hydrophore station from the cluster C;, i = 1, ..., K and Eq. 20.5, the hourly loads
of the analyzed water distribution system will be obtained.

The forecast accuracy depends on the accuracy of information recorded in the
database. If the real value of the load is known, the forecasting error can be assessed
using the mean absolute percentage error (MAPE):

L |Pi,m¢1_Pif
hz::l i.real
MAPE = """ 100 (20.7)

In Eq. 20.7, the variables P,
the load of a water distribution system at the hour 4.

MAPE is a dimensionless quantity. This can highlight the comparison with other
results obtained using other databases in order to establish the accuracy of the
algorithm.

e And PZ ; are the real and forecasted values for

Table 20.1 The technical data of hydrophore stations

Type Number of stations Rated power (kW) Rated water flow (m>/h)
| 3 3x22 24
I 6 4 x22 32
il 11 4 x4 64
v 13 3x55 96
A% 33 4 x55 128
VI 7 4 %75 128
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20.3.1.4 Results

The proposed method was tested to forecast the electrical energy consumption in a
real water distribution system with N = 85 hydrophore stations. For each hydro-
phore station, the technical characteristics and the load patterns are known. The
technical data is presented in Table 20.1.

The primary characteristics of a water distribution station are: the daily water
flow, the pressure growth, the number and nominal power of force pumps located in
these distribution substations. The stations are equipped with 3 or 4 pumps working
in parallel, with rated powers in the 2.2-7.7 kW range. The input data used in the
analysis is based on a measurements campaign performed during a year. The
recorded parameters are represented by the consumed active power, the water flow,
and the pressure of the water in repression and aspiration zones of the pumps in
each hydrophore station, recorded using a 5 min sampling rate.

In the pre-processing step, 12 water hydrophore stations were eliminated due to
missing technical characteristics (the daily water flow, pressure growth and rated
powers of force pumps located in the stations). Then, the remaining data was
recorded in a database for each of the remaining stations (73 stations).

In the analysis, one of the technical characteristic used in the clustering process
is the pressure growth of the water. This parameter represents the difference
between the pressures of the water in the repression and aspiration zones of the
pumps:

AP = Prep — Pasp (208)

where:

Prep—the pressure of the water in the repression zone of the pumps;
Pasp—the pressure of the water in the aspiration zone of the pumps.

The consumed active powers are represented by loading profiles of the water
hydrophore stations. The profiles were analysed only for the day when the maxi-
mum load in the water distribution system was registered. The time interval is
defined by taking hourly steps within a day, that is, T = 24 and Af, = 1 h.

In the first step of the clustering process, normalization is applied to all loading
profiles from the database, using the daily electrical energy consumption as nor-
malizing factor.

Table 20.2 Clustering process results

Cluster Stations Type of stations Wined
(no.) (%) I 1T 1 v \% VI (kWh)
C, 8 12.33 3 5 1 - - - 28.58
C, 24 32.88 - - 4 2 11 7 41.42
Cs 41 54.79 - 1 6 11 22 - 32.35
Total 73 100 3 1 11 13 33 7 34.11
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Fig. 20.9 The silhouette plot
for K, = 3 o

2
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In the next step, the maximum number of clusters will be determined using
formula:

(Kpax = VN = 9) (20.9)

Further, the K-means algorithm will be applied successively for K varying in the
range between 2 and K,,,, in order to determine the optimal number of clusters
(Kopr)- For each result, an internal test based on the silhouette global index (SGI)
will verify the classification quality. The optimal solution will correspond to the
classification that will obtain the highest value for the silhouette global coefficient.
In our case, K, is 3 (SGI = 0.52).
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Fig. 20.10 Representative load profile for C
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Fig. 20.11 Representative load profile for C,
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Fig. 20.12 Representative load profile for C;

The representation of the silhouette coefficient in the optimal variant is given in
Fig. 20.9. The results of the first stage of the clustering procedure are presented in
Table 20.2.

The analysis of the results highlights that the clusters C, and C3 include a high
number of loading profiles (approximately 88%). This emphasizes that the majority
of the hydrophore stations have a similar operation mode. Concerning the technical
characteristics, the stations from cluster C; have a rated power lower than 8.8 kW,
and the stations from clusters C;, and C5 have a higher rated power, between 16 and
30 kW. In the final step of the clustering process, RLPs will be built using the
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Fig. 20.14 The real and forecasted electrical energy consumption

averaging method of the normalized loading profiles. The representative loading
profiles are plotted in Figs. 20.10, 20.11 and 20.12.

In the second stage of the study, the total load in the water distribution system at
each hour =1, ..., 24 will be computed considering the results from the clus-
tering process (Table 20.2) and the reasoning presented in Sect. 20.3.1.2. The
forecasted and real values are plotted in Fig. 20.13. The forecasting errors have the
following values: maximum error—4.79%, minimum error—1.37%, and mean
absolute percentage error—3.11%. Finally, the electrical energy consumption was
forecasted using Eq. 20.6 and the results are presented in Fig. 20.14. The fore-
casting error obtained with the proposed approach is 2.42%. This value can be
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Fig. 20.15 The flow-chart of
the proposed method
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considered small, if the arbitrary inherent behaviour of the consumers in a water
distribution system is taken into account.

20.3.2 Decision Trees-Based Approach

20.3.2.1 The Electrical Energy Consumption Forecasting Algorithm

In this section, a decision trees-based methodology for the daily electrical energy
consumption forecasting of a water distribution system is presented. The algorithm
consists of four steps, as presented in Fig. 20.15.

Firstly, a database of possible primary variables which characterize the beha-
viour of the water hydrophore stations from the analysed system is built. The choice
of primary variables is based on the decision maker’s experience. The chosen
variables are: the daily water flow, pressure growth and rated powers of the pumps
located in the stations. In this step, data preprocessing is also performed. This aspect
is very important because preprocessing detects/corrects/removes improper data. In
the following step, the water hydrophore stations will be classified based on their
daily water flow, pressure growth, and electrical energy consumption, using the
clustering techniques. The K-means algorithm will be used in the clustering process
to obtain a finite number of significant patterns with similar behaviour.

The third step refers to building the decision tree. This tree will explain the
behaviour of each station with regard to the variables chosen in the second
step. Thus, by entering the significant variables that explain the technical and
operational characteristics of the water hydrophore stations, based on the rules that
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characterize the structure of the decision tree, the daily electrical energy con-
sumption will be forecasted. The decision tree will be verified and validated using a
test set.

In the fourth step, the daily electrical energy consumption forecasting in the
water distribution system is made using a statistical approach which must satisfy the
assumptions made in Sect. 20.3.1.2. The used expression in the proposed approach
is:

K

WS Z n; WSL{]

i—1

(20.10)

where:

W*—the daily electrical energy consumption of the water distribution system,
(kWh);

n—the number of the hydrophore stations from cluster C;

W;w ,—the daily average energy consumption of the hydrophore stations belonging
a cluster C;, (kWh);

afvi—the standard deviation of daily energy consumption of the hydrophore stations
from the cluster C;, (kWh);
K—the total number of clusters.

20.3.2.2 Results

The proposed methodology was applied on same database with 85 water hydrophore
stations presented in Sect. 20.3.1.4. The daily electrical energy consumption is the
target variable and the technical characteristics are the input variables. Thus, the
technical variables (the daily water flow, pressure growth, and rated powers of force
pumps) were recorded for each hydrophore station. In the pre-processing step, 12
water hydrophore stations were removed due to some incorrect data corresponding
to the daily water flow or electrical energy consumption. Then, the data for each of
the remaining stations (73 stations) were stored in a database

For generating the decision tree, CART method is used. In the first CART stage,
the number of patterns must be known. The patterns can be obtained with the
clustering techniques. Using these techniques, a more precise model was obtained
that, has ability to adapt easily to any other input data set.

The hydrophore stations were classified in five significant clusters (patterns) by
their daily water flow (WF), pressure growth (PG) and daily electrical energy
consumption (W) on the basis of the K-means clustering algorithm. The represen-
tation of these clusters (patterns) is given in Fig. 20.16. Table 20.3 presents the
statistical parameters (average and standard deviation) for each input variable
corresponding to all clusters.



20 Electrical Energy Consumption Forecasting ... 623

M-

D
L
B
0

10

Daily electrical energy consumption [kWh]

15

2 \\/(/"’K; @
w
Reensemomialbee] " : b Daily water flow [mé/day]

LI

Fig. 20.16 The grouping of the the water hydrophore stations

Table 20.3 The results of the clustering process

Cluster Number of Daily water Pressure Daily electrical
stations flow (m*/day) growth (bar) energy
consumption (kWh)
m c m c m c
1 16 166.97 39.27 2.83 0.27 29.73 7.19
2 14 314.00 58.68 1.71 0.25 29.20 5.14
3 10 463.37 44.08 2.40 0.22 54.72 5.54
4 15 143.37 59.33 1.78 0.30 14.86 4.52
5 18 329.13 43.07 2.46 0.26 41.90 6.92
Fig. 2007 The Structure of
WF <231.45

the decision tree

PG <2.475 PG <1.975

YES

Cluster 4 | |Cluster 1 | | Custer 2

WF<319.125

YES NO
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Table 20.4 Rule set corresponding to decision tree

G. Grigoras

Rule 1 IF WF < 231.4 and PG < 2.47 THEN W—Cluster 4

Rule 2 IF WF < 231.4 and PG > 2.47 THEN W—Cluster 1

Rule 3 IF WF > 231.4 and PG < 1.97 THEN W—Cluster 2

Rule 4 IF WF > 231.4 and PG > 1.97 and WF < 391.12 THEN W—Cluster 5
Rule 5 IF WF > 231.4 and PG > 1.97 THEN W—Cluster 3
Table 20.5 The Confusion Matrix for the classification process (learning database)
Actual Classified Correctness rate

Cluster 1 | Cluster 2 | Cluster 3 | Cluster 4 | Cluster 5

Cluster 1 |10 |10 0 0 0 0 1.000
Cluster 2 |13 | 0 11 0 1 1 0.846
Cluster 3 | 2 | O 0 2 0 0 1.000
Cluster 4 |15 | O 0 0 15 0 1.000
Cluster 5 |10 | O 0 1 0 9 0.900

In the next stage, the algorithm uses 2/3 of the database for learning (50 water
hydrophore stations) and of the 1/3 of database (23 water hydrophore stations) for
testing. The structure of the decision tree corresponding to the learning database is
shown in Fig. 20.17. The internal nodes have test rules for one of the variables (PG
or WF) and the leaf nodes represent the final results of the decisions taken.

2600

Electrical energy consumption [kWh]

2500 |

2400 |

2300 —

2200

2100 |

2000

2546.25

Wreal

2528.48

Wforecasted

Fig. 20.18 The real and forecasted electrical energy consumption
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Table 20.6 The Confusion Matrix for the classification process (test database)

Actual Classified Correctness rate
Cluster 1 | Cluster 2 | Cluster 3 | Cluster 4 | Cluster 5

Cluster 1 |5 |5 0 0 0 1 1.000

Cluster 2 |2 |0 2 0 0 0.846

Cluster 3 |7 |0 0 7 0 0 1.000

Cluster 4 |1 |0 0 0 1 0 1.000

Cluster 5 |8 |0 0 0 0 8 1.000

The rule set that characterizes the decision tree obtained is presented in
Table 20.4. The confusion matrix corresponding to the classification process, for
the learning database, is presented in Table 20.5.

The analysis of data from Table 20.5 indicated that all stations from Clusters 1,
3, and 4 were classified correctly, and only 4 stations (3 stations from Cluster 2 and
1 station from Cluster 5) were misclassified. Thus, it can be seen that for the
learning database, the accuracy rate is 0.94.

This decision tree structure was verified on the test database. The results are
presented in Table 20.6, corresponding to the confusion matrix. Only one station
from Cluster 1 was misclassified, so that the accuracy rate is 0.96.

In the final stage, using information from the classification process (Table 20.3
and Eq. 20.10) the daily electrical energy consumption in the analysed water dis-
tribution system was obtained, as in Fig. 20.18. The forecasting error is 0.7% (17.77
kWh), which is better than the expected one by water companies (2-3%) [43].

20.4 Conclusions

A proper evaluation of the existing linkage between the two important components
from human life (water and energy) can lead to saving both money and resources by
water distribution companies. The investigation methods, which take in account the
aspects of the two components, can lead to increasing energy efficiency in order to
minimize electricity consumption in water distribution systems.

In this study, two approaches based on Al techniques (clustering and decision
trees) for forecasting the amount of energy consumed in water use are presented.
These approaches are tested on a real water distribution system from Romania.

The first approach is based on two stages in which the K-means clustering
algorithm and a load simulation technique are exploited the electrical energy
consumption forecasting. The K-means clustering algorithm was used in the pro-
filing process to obtain the representative loading profiles of the hydrophore sta-
tions. The electrical energy consumption was forecasted using statistical techniques.
The mean absolute percentage error in the forecasting process was 2.42%.
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The second approach is based on a set of input data processed through the K-
means clustering algorithm, and then on a decision tree through with which the
daily electrical energy consumption for one or more hydrophore stations, depending
on some input variables (the water flow and the pressure of the water in repression
and aspiration zones of the pumps) was estimated with a very good accuracy. The
forecasting error for electrical energy consumption was 0.7%.

Using these approaches, the forecasting errors of the electrical energy con-
sumption are very close or even better than the ones expected by water companies
(between 2 and 3%).

In both case studies, the results obtained demonstrate the utility of the Al
techniques in resolving problems in water distribution systems operation. The
solutions proposed can improve decision making, in order to ensure an efficient
management in the water distribution systems.
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