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Abstract

Fast detection and localization of leaks is of great importance to reduce losses in water distribution
systems. Common leak detection and localization techniques (e.g. step-testing or acoustic logging)
are labor-intensive, time-demanding and require frequent implementation. Alternatively, model-based
approaches—coupling hydraulic measurement data with mathematical models of the systems—can
be used to detect and locate leaks automatically. This thesis aims to develop such model-based ap-
proaches with a special focus on small leaks (<1 L/s) and is subdivided in three distinct although
interconnected parts: (i) leak detection, (ii) sensor placement and (iii) leak localization.

In the first part, new leak detection methods are presented that combine time series analysis with
stochastic event detection algorithms. Using these methods, real-world flow and pressure signals are
deseasonalized and the remainder is modeled with low-order ARMA processes to extract trends from
noise. This approach shows excellent forecast performances. Subsequently, different event detection
techniques (e.g. CUSUM or Bayesian detectors) are applied on the ARMA model results. These novel
methods are successful in automatically detecting a small exemplary leak within two hours—also
whilst exclusively using pressure information—and are robust against false alarms. Other methods
that have been developed, effectively estimate the full probability distributions of the leak’s start time,
magnitude and induced pressure drops—necessary for successful leak localization.

The second part addresses optimal sensor placement. The efficiency of leak localization depends
on the pressure measurement positions in a system. Uncertainties such as unknown customer demand
may affect those measurement locations. A new sensor placement method is presented that incor-
porates uncertainties to retrieve more robust measurement points. Moreover, cost-benefit analysis is
performed to examine the ideal sensor numbers for specific systems. For the first time, the power-law
behavior is shown for the localization performance as a function of sensor numbers . This behavior
stays true under incorporation of uncertainties. Furthermore, different optimal sensor placement algo-
rithms are benchmarked with this novel algorithm in a real-world field study.

As a third part, a new model-based leak localization algorithm—formulated as an inverse optimi-
zation problem—is presented. The fitness landscape is examined for different metrics and parameter
space orderings and reveals a multi-modal nature. Yet, only meta-heuristic algorithms (e.g. Differen-
tial Evolution) reach the global optimum. The novel insights from fitness landscape analysis are used
to improve the algorithm’s convergence properties. Leak localization is tested in simulations as well
as in a real-world case study. Throughout the case study, artificial leaks of different sizes are intro-
duced at different locations. The developed methods effectively locate small leaks with pressure and
flow measurements in the real-world. Through a two stage optimization approach based on fitness
landscape insights, the algorithms additionally locate leaks using pressure information only.

In conclusion, through combining the three distinct parts presented within this thesis, an automated

real-time detection and localization of leaks proved to be attainable, prospectively contributing to
minimize water losses and their accompanying costs in water distribution systems.
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Kurzfassung

Eine schnelles Auffinden von Lecks in Trinkwassernetzen ist von enormer Bedeutung, um Was-
serverluste zu reduzieren. Weitverbreitete Techniken zur Leckdetektion und -lokalisierung (z.B. Stu-
fentest, Gerduschlogger) sind arbeitsintensiv, zeitaufwendig und erfordern eine regelméfige Anwen-
dung. Eine Alternative bieten modellbasierte Ansitze, in denen die Informationen aus hydraulische
Messungen mit mathematischen Modellen der Systeme kombiniert werden. Diese Techniken kénnen
ebenfalls verwendet werden, um Lecks automatisch zu finden. Die vorliegende Arbeit beabsichtigt,
solche modellbasierten Ansétze, mit speziellem Fokus auf kleine Lecks (<1 L/s), zu entwickeln. Die
Arbeit ist in drei eigenstindige, jedoch thematisch miteinander verbundenen Teile gegliedert: (i) die
Leckdetektion, (ii) die Sensorplatzierung und (iii) die Lecklokalisierung.

Im ersten Teil werden neu entwickelte Verfahren vorgestellt, die Zeitreihenanalyse mit stochas-
tischen Ereignisdetektionsalgorithmen kombinieren, um Lecks frithzeitig zu detektieren. Druck- und
Durchflussdaten werden zunichst von Saisonalititen befreit. Der Rest wird mit ARMA Prozessen nie-
driger Ordnung modelliert, um Trends aus dem Rauschen zu extrahieren. Dieser Ansatz zeigt hervo-
rragende Prognoseeigenschaften. Anschlieend werden verschiedene Ereignisdetektionsalgorithmen
(z. B. CUSUM- oder Bayes-Detektoren) auf die Ergebnisse des ARMA Modells angewendet. Die
neuen Verfahren erwiesen sich als erfolgreich in der automatischen Detektion eines kleinen Lecks:
Das Leck wurde in unter zwei Stunden entdeckt, einzig durch Informationen aus den Drucksensoren.
Dariiber hinaus erwies sich die Methode robust gegeniiber Fehlalarmen. Andere Methoden, die zu-
satzlich entwickelt wurden, schitzen effektiv die vollstindigen Wahrscheinlichkeitsverteilungen der
Startzeit, der Grofie des Lecks und der durch das Leck verursachten Druckabfille im System ab. Das
ist notwendig fiir eine erfolgreiche Lecklokalisierung.

Der zweite Teil befasst sich mit der optimalen Sensorplatzierung. Die Effizienz der Lecklokalisie-
rung hingt von den Druckmesspositionen in einem System ab. Unsicherheiten, wie unbekannte Ver-
brauche, konnen diese Messorte beeinflussen. Eine neue Sensorplatzierungsmethode wird vorgestellt,
die Unsicherheiten beriicksichtigt und so robustere Messpositionen liefert. Dariiber hinaus wird eine
Kosten-Nutzen-Analyse durchgefiihrt, um die ideale Sensoranzahl fiir spezifische Systeme zu ermit-
teln. Zum ersten Mal wird gezeigt, dass die Qualitét der Lokalisierung als Funktion der Sensoranzahl
einem Potenzgesetz folgt. Dieses Verhalten bleibt auch unter Beriicksichtigung von Unsicherheiten
erhalten. Zusétzlich werden in einer Feldstudie verschiedene Algorithmen zur optimalen Sensorplat-
zierung mit diesem neuartigen Algorithmus verglichen.

Im dritten Teil wird ein neuer, modellbasierter Lecklokalisierungsalgorithmus, der als inverses Opti-
mierungsproblem formuliert ist, vorgestellt. Die Fitnesslandschaft wird auf unterschiedliche Metriken
und Parameterraumordnungen untersucht und zeigt die Multimodalitit des Optimierungsproblems.
Daher konnen nur metaheuristische Algorithmen (z. B. Differential Evolution) das globale Optimum
erreichen. Die neuen Erkenntnisse aus der Analyse der Fitnesslandschaft werden verwendet, um die
Konvergenzeigenschaften des Algorithmus zu verbessern. Die Lecklokalisierung wird sowohl in Si-
mulationen als auch in einer realen Fallstudie getestet. Wihrend der gesamten Fallstudie werden Lecks




unterschiedlicher Grofle an verschiedenen Orten kiinstlich erzeugt. Die entwickelten Methoden loka-
lisieren selbst kleine Lecks effektiv mit Hilfe von Druck- und Durchflussmessungen. Durch einen
zweistufigen Optimierungsansatz, der auf Erkenntnissen aus der Fitnesslandschaft basiert, konnen die
Algorithmen Lecks auch unter der alleinigen Verwendung von Druckinformationen finden.

Zusammenfassend ermoglicht die Kombination der drei Teile, die in dieser Arbeit prisentiert wer-
den, eine automatisierte Echtzeiterkennung und -lokalisierung von Lecks. In Zukunft konnte diese
Methode daher zur Minimierung von Wasserverlusten und den damit verbundenen Kosten verwendet
werden.
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Chapter

Introduction

“Don’t panic!"

— Douglas Adams, The Hitchhiker’s Guide to the Galaxy

1.1. Why finding leaks is relevant all over the world

The world is steering into a freshwater crisis and the only way out is a sustainable management of our
precious water resources. Across the globe, Water Utilities (WUk) face exceptional challenges (Moe
and Rheingans [2006; Niemczynowicz [1999)) as communities are running out of water and new re-
sources are ill-equipped to meet rising water demands. Already today, more than two billion people
live in highly water-stressed areas while growing urbanization and climate change is expected to exac-
erbate this tragedy (Oki and Kanae2006). Once water is scarce, the true value of this precious good is
revealed and countermeasures are taken, but unfortunately often too late. Furthermore, shortsightedly
acting on water scarcity leads to unsustainable decisions, both, economically and environmentally.
However, there exists an underestimated comparably easy solution: Make our water systems more
efficient by reducing leakages through model-based approaches that emerged through the use of new
information and communication technology in the water related sector.

Three regions on three continents facing the same problem A well-known example of a drink-
ing water crisis is the Millennium drought in Southern Australia (Grant et al. 2013)), which started in
1997 and lasted more than a decade. Low (below-average) rainfall in combination with high (above-
average) temperatures dried out the city’s reservoirs resulting in extreme pressure on urban water
supply in Southern Australia’s major cities. In the city of Melbourne, for instance, the storage vol-
umes fell to a historic low capacity of 25.6% in 2009 during this drought (Low et al. 2015)—despite
retaliatory actions increasing water supply and decreasing demand as, e.g., demand-side water restric-
tion and voluntary conservation programs, massive introductions of greywater systems and distributed
rainwater harvesting or use of recycled waste water. Concerning bad decisions, Melbourne invested
approximately €4 billion in the largest desalination plant in the Southern Hemisphere—completed in
2012 which has been three years after the drought had ended (Grant et al. 2013). Because the cost and
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carbon footprint of water produced by desalination is significantly higher than producing water from
conventional sources and nowadays in the absence of an immanent shortage of water, not a single drop
of water left the brand-new plant until today. But not only in the Melbourne area, in total six major
desalination plants were build during this drought in Australia (IWA [2017)).

Another recent example of dry periods impacting urban water management was the drought in Cal-
ifornia from 2011 to 2017. During these years the state of California faced the driest period since
record keeping started in the late 1800s (Hanak et al.|2015). The situation is very similar to the South-
ern Australia drought, although this water scarcity was amplified in California by a more dramatic
population growth (Grant et al. [2013). Furthermore, the drought has been intensified by anthro-
pogenic warming (Williams et al. 2015). Since California experienced heavy droughts in the past,
heavy investments in water infrastructure were undertaken long before 2011—cushioning the impact
of this drought on the major cities. Since the early 1990s, WUk invested in new interconnections
that enabled sharing water supply with neighboring communities and water companies introduced
more-diversified water resource portfolios (Hanak et al. [2015)). "These innovations focused largely
on augmenting supply and only rarely on attenuating demand or encouraging more efficient water
use" (Grant et al. 2013). The drought lead to dropping reservoir levels and communities started to
exploit their groundwater resources massively and in an unsustainable way. Additionally, since May
2015 a statewide urban water conservation mandate has been launched—forcing all communities to
save 25 % of water compared to 2013 (Hanak et al. 2015). Although previous management decisions
prevented a serious water crisis in the big cities, rural areas were hit hard by the drought as wells
ran dry. Additionally, small rural poorly financed WUk—already facing water quality problems due
to contaminants such as nitrate—have been further compromised by water scarcity. New pipes and
deeper wells had to be constructed to limit the economic impacts of the drought (Hanak et al. [2015]).
But as a stopgap, bottled water had to be trucked to consumers or temporary holding tanks had to be
filled.

Certainly, the most vivid example at the moment—as writing this thesis—is the Cape Town water
crisis that began 2015. South Africa experienced between 2015 and 2017 the driest three years period
since comparable record data, statistically only occurring once every 300 years (Wolski [2018]). The
current crisis is preceded by a strong population growth of 79 % in the last 23 years, while the reservoir
capacity had been only increased by 15 % (Bohatch 2017). Currently, the government introduced
restrictions on the first of February—Ilimiting water usage per person per day to 50 liters (CNN|2018)).
If the conditions do not change, Cape Town will face "day zero" on August the 27 when drinking
water supply will be switched off (BBC 2018). From this time on residents will only be able to get
their daily ration of water of 25 liters at 200 water collection points distributed over the city. This
will be the first time that a major city will run out of water in the world, ever (Mulligan [2018). The
proposed solution—big desalination plants—have been delayed due to bureaucracy and inefficient
negotiations, leaving the City of Cape town under criticism by desalination companies (Morris [2017)).

All of the above examples have in common that water scarcity was planned to be solved through
a combination of (i) increasing the availability of water by exploiting new water resources which
resulted in high-cost investments and (ii) painfully restricting water consumption.

Another more sustainable and often overseen solution for the water scarcity problem is increasing
the water distribution efficiency by decreasing water losses. Whereas well maintained Water Distri-
bution System only loose 3 - 7 % of the inputed water, this number can go up to 50 % and
more (Colombo, Lee, et al. 2009) in developing countries. Most of the lost water originates from
leaks. That is why locating and repairing leaks in WDS is becoming highly important. Especially
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in South Africa, where on average 37 % of water is lost due to leaks in the distribution system (Vu-
uren 2014)), water restrictions could have been prevented by solely reducing the amount of lost water
through leaks.

A positive example of increasing efficiency—although driven by acute water scarcity and accompa-
nied by bad management decisions—can be found in the handling of the water crisis in South-East
Australia. In fact, Melbourne has shown that high pressure on water resources increases the urge for
more efficiency in distribution systems as the levels of Non-revenue water (NRW)) were reduced from
over 40 % at the beginning of the crisis in 1995 (Scolnicov 2013) to a level of 9 % in 2015 (Leeuwen
2017), in addition, to other innovative solutions. A vivid example of the famous saying: "No pressure,
no diamonds".

What about Europe? Europe is not an exception. In many European cities, years of stringent fi-
nancial constraints on [WUk, unoptimized operations and the unaffordability for WUk to maintain and
replace aging infrastructure have resulted in leakage levels growing dramatically, especially in re-
gions already under high water stress, e.g. south of Spain and Italy (Gonzéilez-Gémez et al. [2012).
Even today, regions in Europe exist where are not able to supply their customers twenty four
seven—switching from continuous supplied systems to intermittent supply. Contemporary, in Euro-
pean countries an average of 23 % of treated water is lost in before it reaches the customer
(EurEau [2017), which costs society around €80 billion per year. Certainly, this represents a big
potential to use water in a more efficient and sustainable way. This fact makes leak detection and
localization of high relevance even in Europe’s [WDSk.

It is not only about water savings Reducing leaks and, hence, water losses in have addi-
tional benefits besides savings on valuable water. Especially, in countries that possess vast quantities
of water (e.g. Austria), water is not the major economic driver for reducing losses. Besides sav-
ing on valuable water, lower distribution losses also result in savings on energy—used for treating
and pumping water—hence, decreasing the carbon footprint of urban water systems in total. Leaks
can also increase the risk of contaminant intrusion from surrounding groundwater or soil (Colombo
and Karney [2002). Last, leaks harm the surrounding infrastructure—either the escaping water causes
flooding of roads, houses and basements, or undermine roadways eroding the underlying soil or poten-
tially recharge underlying aquifers in cities which poses risks to foundations of buildings (Colombo
and Karney [2002)). The latter impacts can easily cause damages resulting in millions of € per leak.

1.2. The language used for describing water losses

Before discussing leak detection and localization, the standard terminology for the components of
the famous International Water Association (IWA]) water balance are defined here following Lambert
and Hirner 2000. This sets the leaks into context of other terms for describing water losses (e.g.
real losses, physical losses). The water balance can be found in Figure[I.I] The system input
volume is the starting point of the water balance and describes the volume of the water input to
the transmission or It is the most important part of the water balance and, hence, has to be
measured accurately. It splits up into authorized consumption and water losses. The authorized
consumption branches out in billed and unbilled, respectively, metered or unmetered consumption.
It includes—besides domestic, commercial and industrial use—the volume of water for fire fighting,
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Figure 1.1.: IWA Standard Water balance (adapted from Lambert and Hirner[2000). This thesis’ focus
is highlighted as red square.

frost protection, flushing of mains or sewers, gardening, water for street cleaning, building water,
etc.... Which part of the authorized consumption is metered or billed relies on local practices of the
The billed metered consumption together with the billed unmetered consumption form the
revenue water. Non-revenue water is calculated by subtracting the revenue water from the system
input volume and describes the amount of water where the actually loses money. The water
losses are obtained by subtracting the authorized consumption from the system input volume and
can be further distinguished into real and apparent losses. Apparent losses contain unauthorized
consumption (e.g. water theft or illegal use) and metering inaccuracies. How accurate water meters
are, depends on careful meter management of the [WU] by, e.g., choosing the right meters, calibration
of meters or the capability of the WU for detecting and changing inaccurate meters. The volume that
is physically lost in the pressurized system until the customer meters form the real losses. From the
customer meter to the end-use (e.g. water tap, toilet), the water is already billed and, therefore, losses
are the customer’s problem since the area of responsibility of the WU ends at the meter (at least in
Austria). The real losses can be further distinguished in leaks and overflows at tanks, leaks in the
transmission or distribution pipes and leaks at the service connections until the customer’s water
meter. This thesis focuses on methods to detect and locate leakages to minimize real losses on the
latter two ones—on distribution mains and service connections.

1.2.1. Leak or leakage?

Different publications use different terminologies while describing similar methodologies for finding
leaks. This is why the herein-used terminology is defined here at the beginning of the thesis to build
a common vocabulary for preventing misunderstandings.

In Water Distribution Networks (WDNk), water is lost through holes, cracks or breaks in pipes or water
escapes the pipe system through faulty joints and fittings between pipes. In many publications this
is either called leak or leakage. The term leak is the physical hole in a pipe throughout which water
is lost. While a leakage is the water escaping the system through leaks. Throughout this thesis, the
terms leak and leakage are used synonymously since this thesis describes how to find leaks by the
physical effects that the lost water causes (e.g. dropping pressure or increasing inflow). Furthermore,
no distinction is made between holes, cracks, faulty joints, etc., since it is not relevant how the water
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is lost! for the mathematical methods described in this thesis, only the location and the amount are of
interest. Consequently, only the terms leak and leakage are used.

Regularly, there exists some confusion about leak/leakage detection, location, localization, awareness
and pinpointing. Again, this terms are used in different ways in different publications. In this thesis,
leak detection refers the task of realizing that a leak occurred in the system without finding its location.
It describes methods for detecting leaks in inflow and/or pressure data by, for example, time series
analysis techniques as described in Chapter[2]

Leak awareness is the act of becoming conscious that there is one or more leaks in the system. This
can be triggered either through analyzing the water balance, Minimum Night Flow (MNE) analysis or
leak detection methods.

After a leak is detected, the location of the leak has to be found. Leak localization refers to the activity
of finding the approximate location of a leak in a certain area. Finding the exact location of a leak is
called leak pinpointing. Leak localization makes leak pinpointing easier since not the entire system
where a leak is detected has to be searched, only the part of the network that has been identified by
the localization technique.

Additionally, it has to be mentioned that, in general, there is a difference between [WDSl and WDNl The
term describes solely the pipe network itself. A together with pumps, tanks and reservoirs
builds the WDS]in its entirety.

1.2.2. Detectable leaks and their run-times

The real losses through leaks described in Section [I.2] can be further subdivided in three categories
(see Figure[I.2): (i) reported leaks, (ii) detectable unreported leaks and (iii) undetectable background
leaks (see Thornton et al. 2008, for a more detailed description).

(i) Reported leaks: High flow rates are characteristic for reported breaks and leakages due to a
large and fast disruptive event (Thornton et al. [2008). In general, they are reported after short
time by customers or[ WU employees, as they cause high pressure drops, supply interruptions or
a large amount of water suddenly being visible at the surface.

(ii) Detectable unreported leaks: These leaks can only be found if utilities actively search for
leaks, since they are hidden under the surface and, hence, result in long run times. In general,
they have moderate and smaller pressure drops and leakage outflows than reported leaks. In
addition, they do not lead to supply interruptions, otherwise they will be reported. They are
detected through their physical effects, either flow and/or pressure measurements or through
the noise they are causing with acoustic leak localization and pinpointing equipment.

(iii) Undetectable background leakages: Background losses are very small leakages smaller than
~ 0.07 (L/s) (Thornton et al. 2008) that occur at pipe fittings or joints. They are too small to
be detected, because they do not have measurable physical effects. For that reason, they run for
a long time. They grow over time by incrementally deteriorating the pipe and, thus, become
detectable at some future point. The loss through background leakages can only be minimized
by pressure management or replacing the affected infrastructure.

11t has to be noted that the shape and type of the leak actually influences the emitter exponent described in equation (Z.63)
introduced in Section @]~5ee for example Fuchs-Hanusch, Steffelbauer, Glinther, and Muschalla2015|
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The losses through reported leaks and bursts—although spectacular when a huge amount of water is
shooting out a big diameter pipe at high pressures—keep within limits. Due to their damage-causing
nature (Thornton et al. 2008), they are detected, located and repaired quickly®. In contrast to common
sense, most water in is lost due to unreported leaks and background leakages, because of their
long run-times. For example, a leak with an leakage outflow of a quarter liter per second leads to
water losses of more than 20 cubic meters a day.

Therefore, this thesis focuses on the detection and localization of unreported leakages, however, the
developed techniques are also applicable to detect and locate bigger pipe bursts more quickly. Back-
ground leakages remain not detectable with the methods described in this thesis since they have no or
too small physical effects to be measurable, according to their definition.

Surface

i ~ i Sub-Surface i
£
e RS ’ e
Reported Unreported Background

Figure 1.2.: Components of real losses (adapted from Thornton et al. 2008)).

The leakage run-time is the overall amount of time that water is lost through a leak, starting when the
leak occurs and ending when the damage in the system is fixed. The runtime of particular leak types
(reported, unreported, background) is different and depends on the size of the leak. Smaller leaks are
harder to detect and have usually longer leakage run-times. Big detectable leaks and pipe bursts tend
to be visible on the surface and can lead to supply disruptions, thus, are generally reported faster. Due
to the supply disruptions, additionally tend to repair this leaks faster than smaller leaks.

The run-time of a leak is composed of the (i) awareness time, the (ii) localization time and the (iii)
repair time (see for example Thornton et al. 2008)).

(i) Awareness time: This is the time it takes the WU to become aware of the leak in their
This strongly depends on the size of the leak. Smaller leaks are harder to become aware of.
Becoming aware of unreported leaks is only possible, if the WU conducts active leakage control
methods.

(i) Localization time: Once the WUl is aware of the leak, they have to localize it in their[WDSl The
localization time is the time it takes to find the leak. Besides the size of the leak, this time also
depends on the tools and skills of the W's personnel in finding leaks. Additionally, the time
for leak-pinpointing is contained within this time.

(iii) Repair time: The time it takes for the WUI's personnel to repair an already located leak. This
depends on a lot of factors which are not elaborated here in detail since this thesis emphasizes
on detecting and locating leaks. (For the interested reader chapter 17 of Thornton et al. 2008], is
recommended).

2Usually, they are reported to the WU by customers with the words: "No pressure, no water" in contrast to the famous
saying "No pressure, no diamonds" from before.
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This thesis aims to develop methods to reduce the overall run-time of leaks by (i) automatically detect-
ing leaks faster and (ii) automatically localizing these leaks?. The developed methods for detecting
leaks reduce the awareness time, the methods for localizing the leak reduce the localization time.

The total water loss through a leak is the leakage outflow multiplied by the leak’s run-time. Thus,
reducing the run-time of leaks reduces the water loss, as can be seen graphically in Figure[I.3]

Regarding leakages, another important time is crucial—the time of MNE In general, the [MNH is the
flow between 2:00 and 4:00 in the morning (according to Puust et al. 2010)*. This time is important for
most leakage localization techniques, either focusing on the inflow in the system (e.g. step-testing)
since customers are asleep and the noise in the inflow measurements are minimal, or for acoustic
measurement devices the interfering noise of traffic is minimal during the MNE time.
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Figure 1.3.: Components of leak run-times: awareness-, localization- and repair-time (based on
Thornton et al. 2008). Left: leak localization with conventional methods. Right: re-
duced awareness and localization times due to model-based approaches results in savings
of valuable water.

1.3. State of the art methods for finding leaks

1.3.1. Physical effects of leaks

Leaks cause several physical effects. For example, they result in (i) increasing inflow, (ii) dropping
5

pressure and (iii) acoustic noise”.
() are pressurized® and all the water that escapes the system through the leak, has to addi-
tionally flow into the system. This results in an increasing inflow in the part of the that

is affected by the leak as a consequence of the flow conservation law 7 (see Chapter [2| Section

22).

3...in the sense of getting the approximate area where the leak occurs, not the exact location.

“This time can vary in different countries, or in rural and urban areas according to inhabitant’s habits and should be
determined by measurements prior to leak localization.

SLeaks are also increasing the humidity of the surrounding soil, influence the grounds temperature, etc . . ., but these effects
are seldom used for locating leaks.

5Not in intermittent-supply-systems or during big failures.

7...and if the fluid is assumed to be incompressible
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(i1) The increase in flow through the leak leads to higher velocities of water in parts of the system
which are upstream to the leak. Higher velocities result in higher friction losses due to the
non-linear friction laws in pressurized pipe systems (see again Section [2.2). This friction losses
manifest themselves in pressure drops. Additionally, sudden breaks result in transient pressure
waves (transients) traveling through the system until they dissipate their kinetic energy and are
completely damped.

(iii) The water escaping the pressurized pipe system cause a whistling noise transferred on the pipe
wall respectively the medium itself. The distance over which this noise is measurable depends
on the pipe material.

All of these physical effects can be used to localize and pinpoint leaks.

1.3.2. Leakage control methods

Generally, water utilities deal with leakages through two contrary leakage control methods (according
to Puust et al. 2010): (i) passive and (ii) active leakage control:

(i) In the passive approach, utilities wait until customers report leaks due to supply problems or
leaks becoming visible at the surface. In most of the cases, as soon as leaks become visible,
serious damage has already occurred at the surrounding infrastructure. Yet, not all leakages
appear at the surface. This leads to unreported and consequently high total water losses.

(i1) In contrast, active leakage control is characterized by regularly examining the distribution sys-
tem for leakages with the purpose to drastically reduce the time between leak occurrence, aware-
ness and repair.

Consequently, active leakage control results in much lower water losses than passive leakage con-
trol (M. Farley and Trow 2003)). Accordingly, its application is strongly recommended by, for exam-
ple, the and the American Society of Civil Engineers (ASCE).

1.3.3. Leak localization methods

At this point, different state-of-the-art leak localization methods are compared based on the more
extensive review that can be found in Puust et al. 2010!

Most active leakage control methods have in common that they have to be applied on the whole
on a regular basis. One of the most widespread active methods is performing regular district
audits with manual listening sticks by utilizing the noise effect of leaks. Although these devices
seem simple, their handling requires a lot of skilled, trained and highly concentrated staff. More
advanced electronically amplified listening sticks exist which have the advantage of lowering the
demanded skills of their operators. This technique is very labor intensive, because of big cities
easily contain thousands kilometers of water distribution pipes. Furthermore, such audits can only be
performed during night time, when surrounding noises are minimal.

Another technique making use of leak noise is acoustic logging. Acoustic sensors are temporarily
or permanently attached (e.g. magnetically) every few hundred meters to pipe fittings. During the
nighttime, they continuously measure and store sound levels. Subsequently, the data is collected and
analyzed on a regular basis. If a leak occurs, sound levels rise. Drawbacks of this method are the high
number of sensors that have to be deployed and material dependency as noise is transmitted poorly
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through plastic pipes. Added to this, many acoustic techniques are insensitive to large leaks as they
do not generate vibrations in the expected high frequency domains (Colombo, Lee, et al.[2009).

Many WUk use step testing, a renowned, material independent and effective but also labor intensive
localization method which is not applicable to all networks. Step testing is also performed during
similar to the previous technique. During the night, valves are closed systematically, subdividing
a monitored zone in subareas. The inflow into the zone is observed. If the inflow decreases while
a certain sub-area is isolated, a leak might be situated in this part of the system. The drawbacks of
this methods are that parts of the are not pressurized, resulting in possible contamination (e.g.
back-siphonage, groundwater intrusion).

Ground penetrating radar is a novel method which allows a non-intrusive leak inspection. Leaks
are detected with radar by finding voids excavated by circulating water running out of the pipe or by
finding relocated pipes. This method is not material dependent, but penetration depths of only two
meters in the ground make it not suitable for finding leaks in Northern European countries with cold
climate where water pipes are laid in depths of 1.8 meters and more. Furthermore, it is also labor
intensive since all pipes in the network have to be checked individually. Additionally, anomalies like
under-ground metal objects may lead to false conclusions.

WOr's Supervisory Control and Data Acquisition (SCADA) systems can also be used for leakage
awareness and localization. The inflow in a subsystem of the is observed permanently and
analyzed on a regular basis. If the flow increases over a longer time frame—especially during
hours—a leak may have occurred in the observed area.

All the here mentioned techniques share® that they yield only an approximate area where a leak oc-
curred and not the exact position. Since excavating pipes and resurfacing streets after leak repairs are
expensive, mistakes in locating leaks potentially cause avoidable interruptions. That is why leakage
localization does only the groundwork for pinpointing techniques by narrowing down the search area.
The exact location of a leak is only found by leak pinpointing techniques.

1.3.4. Leak pinpointing methods

Again, this is a brief overview of possible leak pinpointing techniques based on the more extensive
review of Puust et al. [2010. Leak pinpointing techniques are the most accurate techniques to obtain
leak locations in a pipe system, but come with high financial costs and are very labor intensive. In
general, leak pinpointing methods are distinguished between invasive and non-invasive techniques.

First, the most common non-invasive technique to pinpoint leaks since the late 1970s is the applica-
tion of leak noise correlators. Two microphones are brought in contact with the pipe (or a valve)
surrounding the assumed leak spot. The noise signal from the leak is then correlated between the two
microphones and from the difference in the travel time of the sound waves of the noise, the leak’s
positions is computed with an accuracy of up to one meter. Again, leaks in PVC or PE pipes are
harder to locate than leaks in metallic pipes due to the noise damping properties of plastics.

Second, the exact position of a leak can be found by the invasive intrusion of tracer gas. This gas
must have certain properties, e.g., lighter-than-air, non-toxic, non-soluble in water. At a leak, the
gas escapes the pipe system and can be measured with special probes on the surface above the leak.
Additionally—contrary to leak noise correlators—multiple leaks can be found at a single pipe section
or branched pipes.

8Besides ground microphones and ground penetrating radar which can also be used for pinpointing.
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Third, so called pig-mounted sensing devices can be inserted under pressure into the pipe system.
These devices flow with the water stream, continuously measuring and transmitting physical quantities
as well as their current position. The devices can be equipped with ultrasonic sensors, hydrophones,
magnetic flux sensors, etc. ..., measuring quantities which enable to draw conclusions about the
pipe’s condition.

In general, leak pinpointing methods are labor intensive and/or expensive and should only be con-
ducted after previous application of leak localization—after the search area is already narrowed down.

1.4. Why model-based leak localization

In general, all available techniques for active leakage control share that they are (i) expensive, (ii) time
consuming, (iii) tedious resulting in long detection and localization times, (iv) only applicable in the
middle of the night, (v) material dependent and working poorly especially in systems consisting of
plastic pipes or arbitrary combinations of all mentioned drawbacks (Puust et al. 2010). Whereas the
main drawback for [WUs is certainly that these techniques are labor intensive and hence expensive.

Alternatively, one can take advantage of the hydraulic responses of pipe systems to leaks. A damaged
pipe in a network results in leakage outflow where water escapes the pipe system changing the flow
characteristics—increasing flow and decreasing pressure—in the network (Poulakis et al. 2003)). Not
surprisingly, it is possible to detect leaks and determine their positions in a by these hydraulic
phenomena which they are causing (Colombo, Lee, et al. 2009). Prerequisites for achieving this goal
are that (i) hydraulic measurements are available in the network and (ii) an accurate hydraulic model
exists of the system under observation.

The intensity of hydraulic system changes caused by a leak at specific measurement positions depends
on two entities—the location and the outflow magnitude (Poulakis et al. 2003)). If a leak causes a
clear and unique footprint in flow and pressure measurements, it is theoretically possible to locate it
(Colombo, Lee, et al.2009). Permanent monitoring of flow and pressure in a system enables detecting
the occurrences of leaks (Poulakis et al. 2003). Once a leak is detected, the hydraulic model can be
updated through fitting the new measurement data under the leak’s influence to draw conclusions
about the leak’s location. This is the basic principle of model-based leak localization.

Beneficial for a model-based leak localization approach is certainly the possibility to work in a com-
plete automated way, alarming staff when a leak occurs in the system and already giving them the
approximate location of the leak, enabling to directly start with leak pinpointing. This has the potential
to drastically shorten the leak awareness and the leak localization time compared to state-of-the-art
methods, reducing the leakage run-time and, hence, minimizing water losses.

Especially nowadays—as sensor and real-time data communication technologies are increasingly
more affordable—the latest developments in sensor technology will encourage to install more
sensors in their in near future. This will be additionally in favor of model-based approaches.
In more detail, it is envisaged that implementing an increased number of pressure sensors would be
the water companies’ preferred choice (Romano et al. [2013] according to). Reasons for that are that
pressure sensors have lower installation costs and less maintenance effort is needed compared to flow
sensors. Thus, technologies utilizing pressure sensors such as model-based leak localization with hy-
draulic sensors will play an important role in near real-time operational optimization of (WDS|in future
(Romano et al. [2013)).

10
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The biggest competitor to leak localization with hydraulic sensors is without doubt acoustic logging.
While the costs and data communication effort is similar to pressure sensors, the measurement grid
of these sensors has to be more dense since sensors have to be placed every few hundred meters.
This leads to high sensors numbers, especially, if one wants to detect all possible leaks in a system.
Additionally, more and more WOk—particularly in rural areas—favor plastic materials for their new
pipes. These materials are the Achilles heel for acoustic methods since the propagation of sonic waves
is strongly damped leading to even higher sensor numbers. That is why acoustic loggers will lose out
in favor of pressure and flow sensors in plastic pipe systems. Whereas no additional information
can be retrieved from acoustic sensors—since they only contain indirect system information which is
not relevant for operation besides finding leaks—hydraulic sensors have further advantages and
fields of application, e.g., optimization of network operations, hydraulic network calibration, detect
closed valves, retrieving important information for future expansion and rehabilitation plans.

All this mentioned benefits predict model-based leak localization a bright future even though they are
at the moment a subject of research and not yet ready for the market.

1.5. Obijectives and research questions

This is a short and condense summary of the motivation for the research questions. A broader moti-
vation of the questions can be found in the corresponding chapters.

Model-based approaches already exist in literature to detect and locate leaks, but, first, they are seldom
applied on real-world studies. Second, if they are tested in the real-world, they are studied most of
the time on huge pipe bursts of several liters per second. These bursts are easier to detect than small
leaks with outflows lower than one liter per second. Third, most of the time the approaches utilize
flow sensors only to localize leaks and it is stated as a great success if the method can identify the
right DMA where a leak has happened. Fourth, if pressure sensors are involved for leak localization,
then an uneconomically high number of sensors is used.

To bring model-based leak localization to everyday practice, these techniques have to be able to
find smaller leaks in the real-world. Additionally, to actually reduce water losses, these techniques
have to even detect and locate these small leaks faster, and, definitely cheaper than already used
common techniques. And that all, of course, with less overhead for W{s staff than today’s already
successful applied techniques. Only this will increase their acceptance and decrease the barriers in the
minds of the operators which always exist when applying new technologies.

This thesis will try to develop a methodology with such aims by dealing with three interconnected
parts important for model-based water loss reduction: (1) Leak Detection, (2) Optimal Sensor Place-
ment and the (3) Leak Localization problem itself.

(1) Leak Detection Seasonality effects and noise surmounting tiny pressure deviations resulting
from small leaks in the system make leak detection a challenging problem. Additionally, pressure
data is considered less reliable and often played the poor cousin to flow measurement data (B. Farley
et al. 2010). Of course, statistical methods have to be used to retrieve appropriate information from
small signals in the noisy environment of [WDS], a problem similar to search for a needle in the haystack.
All of that leads to the first research question:
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Q.1.1: Is it possible to early detect small leaks (<1 L/s) in the real world with pressure sensors in an
automatic way?

A question that has not been answered in the scientific literature till now.

(2) Optimal Sensor Placement The leak detection and localization performance depends on the
positions where sensors are located in a[WDSl In literature, there exist a few algorithms of how to place
sensors in an optimal way. Every single method claims to find the optimal positions. Nevertheless,
applying different algorithms on the same network leads to diverging sensor positions. The algorithms
have never been benchmarked neither in simulations nor in the real-world. Hence, the second research
questions is obvious

Q.2.1: Which optimal sensor placement algorithm finds the best pressure sensor positions for model-
based leak localization?

Furthermore, uncertainties, e.g. uncertain water demand, may affect pressure measurements. Since
customer demands affect the system in the same way as leaks, a leak might be overseen because of
fluctuations in demand. That is why sensor locations with a high demand noise might be less ideal
than other positions.

Q.2.2: How to incorporate different sources of uncertainties in sensor placement algorithms to obtain
more robust optimal measurement locations?

Finding the right positions is one thing, but another interesting question arises especially for WUk
which want to apply these techniques in their systems. (This question is also closely related to the
costs of applying model-based leakage localization)

’ Q.2.3: How many sensors are needed for model-based leak localization?

(3) Leak Localization Model-based leak localization formulated as inverse problems solved with
heuristic optimization algorithms has already been studied in scientific literature. Since heuristic al-
gorithms are less efficient than deterministic algorithms to solve unimodal optimization problems, but
fail in finding optimal solutions in multi-modal optimization problems, it is astonishing that the form
of the optimization problem itself has never been examined in any scientific study to my knowledge.

’ Q.3.1: What is the actual type (form,shape) of the optimization problem?

Are heuristic optimization algorithms even necessary for finding leaks? Also related to an exhaustive
study of the optimization problem is the question

’ Q.3.2: How to increase the performance of model-based leak localization?

Small leaks lead to small pressure signals which are already hard to detect. Are the differences in the
pressures big enough to distinguish between different leak positions for small leaks? Again it has to
be noted that former studies have applied localization on big leaks mostly simulations and seldom in
reality. It is the aspiration of this thesis to actually address real-world problems which leads to the
final research question

’ Q.3.3: Is model-based leak localization applicable for finding small leaks in the real-world?

Summarizing all the research questions in a single sentence, the objective of this thesis is best de-
scribed through:

Finding smaller leaks with less and cheaper sensors automatically within a real-world DMA.
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1.6. Overview of the thesis

A short overview of the thesis is given in this section consisting of short descriptions of the single
chapters and their content.

After the Introduction of the thesis in this chapter, Background information—mainly consisting of
the methods that are used throughout this thesis—is given. The Background chapter is divided in
four main parts: (i) Optimization, (ii) Hydraulic simulations, (iii) Stochastics and (iv) the used Case
Studies. (i) Optimization is a big part of this thesis used in almost every subsequent chapter. Termi-
nologies used in mathematical optimization will be clarified (e.g. the difference between local and
global optima). Since this thesis makes mainly use of meta-heuristic algorithms, like e.g Genetic
Algorithm (GA) or Differential Evolution (DE), the difference between stochastic and deterministic
algorithms will be highlighted. For that reason, different deterministic and stochastic optimization
algorithms will be introduced and their field of application will be explained by applying these algo-
rithms on examples from literature. (ii) The section on hydraulic simulations will give an overview of
different hydraulic simulation approaches followed by a motivation, why a specific approach in this
thesis is chosen for the purpose of model-based leak localization. (iii) The comprehensive although
short section on stochastics will introduce different algorithms for different purposes. For example,

Monte Carlo Simulations (MCS)) algorithms for computing uncertainty effects, Markov-Chain-Monte-
Carlo (MCMQ) for probabilistic sampling, outlier detection with Tukey’s test, Goodness-of-Fit (Gol)
statistics for deciding between different modeling functions. Since model-based leak localization will
be applied on real-world data, a big part will address time series analysis techniques, followed by an
introduction on different event detection algorithms. (iv) Finally, the chapter will conclude with an
overview of the three case study networks used throughout the thesis. Two networks are just used in
simulations, but one network additionally serves as a real-world field study. Hence, also the measure-
ments taken in this network are described and the network’s calibration will be explained.

Then the main three chapters of this thesis will be introduced: Leak Detection, Optimal Sensor Place-
ment and Model-based Leak Localization. Each chapter is more or less independent of each other,
although, they are all interconnected. However, each of these three chapters share the same skeleton.
It will start with a comprehensive literature review on the specific topic presenting the state-of-the-art,
followed by a methodology section presenting all the methods which have not already been described
in the Background chapter. Then the chapter’s results are presented and it ends with a conclusion.

Chapter [3]tinkers the topic of Leak Detection. The methodology of this chapter is mainly a back ref-
erence since most of the methods on time series analysis and detection algorithms have been already
introduced in the Background chapter. The results section starts with methods for extracting season-
alities from water related data. Additionally, a method for identifying days with abnormal water use
will be introduced which can be also used for leak detection. Flow and pressure data will be analyzed
to retrieve better models step-by-step by removing seasonalities and random fluctuations. The result-
ing models are then used to forecast unknown near-future states of the system. The purpose of this is
that the better the forecast is—the better unusual events can be detected. This is the principle of leak
detection. Subsequently, different event detection algorithms will be applied on the prior developed
time series models on flow as well as pressure measurement data. Methods will be introduced that
are able (i) to detect leaks very fast (also in pressure data) and subsequently raise a leak alarm, (ii) to
estimate the exact time when the leak has appeared in the system afterwards and (iii) to retrieve the
complete probability distributions and likelihoods of the leak events for all parameters. All presented
methods are designed to work in a complete automatic way.
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Chapter ] deals with the Optimal Sensor Placement problem, since the success of model-based leak
localization as well as leak detection depends on the measurement positions in a Different
optimal sensor placement approaches are introduced which are benchmarked afterwards. A novel
approach to place sensors that is also able to incorporate uncertainties will be introduced. Additionally,
a method to enable cost-benefit analysis in a specific network is presented.

Chapter[3]is a chapter on Model-Based Leak Localization. An optimization capable of finding leaks
will be introduced. Then the leak localization problem is studied in more detail, by examining the
optimization problem itself through fitness landscape analysis. Different influences will be studied
concerning the optimization problem, like the consequences of reducing the number of sensors, using
different metrics in the optimization problem or changing the problem itself by rearranging the search
space. All of this has influences on the convergence of the optimization which will be investigated
in detail. Subsequently, the introduced localization algorithms are applied on real leaks introduced
in a system during a field study. The influence of the sensor positions will be analyzed in the real-
world as well as the performance of leak localization on small leaks. Furthermore, a method will be
introduced that is capable of finding leaks by only using information from pressure sensors. Finally,
the leak localization right after leak detection will be undertaken for testing if the developed methods
are capable of actually saving water in the real-world by reducing leak detection and localization
times.

The thesis will conclude by summarizing all important methods and findings and discussing their
applicability in the real-world in a short Conclusion chapter. Moreover, possibly future research
directions will be pointed out.

1.7. List of scientific publications and presentations related to this
thesis

The author has published and contributed to research related to this thesis in multiple journals and
conference proceedings. Here is a list of published work that influenced this thesis or was derived
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Chapter

Background

“All you really need to know for the moment is that the universe is a lot more compli-
cated than you might think, even if you start from a position of thinking it’s pretty damn
complicated in the first place.”

— Douglas Adams, Mostly Harmless

2.1. Optimization

2.1.1. Mathematical definition of the problem

Mathematical optimization® has various real-world applications in economics, engineering, decision
making, to name just a few fields. Mathematically, an optimization problem can be defined by finding
the minimum of an objective function (also called fitness function) in following way

) c,-(x) =0, i€k
minf(x) > {ci(x) >0, i€l @

where x is a n dimensional parameter vector of real numbers (x € R"), called the trial or optimization
variables, f is the (scalar) objective function that one wants to minimize, ¢; are (non-)linear constraint
functions that the parameters x have to satisfy. 3 is a mathematical symbol with meaning "such that" or
"subject to". The constraints ¢; can be equality constraints, where £ is the set of indices belonging to
this equality constraints, or inequality constraints represented by the set I of all inequality constraints
for the specific optimization problem. Points in the parameter space x € R” fulfilling this constraints
are called feasible points. Note that maximization problems in equation (2.1)) can be formulated by
multiplying the objective function with -1, hence (2.1)) describes optimization in general. Since the
parameter consists of real numbers, the problem formulated in equation (2.1) is called a continuous
nonlinear optimization problem. The roughness calibration in Section belongs to this class of
problems.

Note that the mathematical definitions throughout this section follow the naming conventions from (Nocedal and Wright
2006)) for optimization problems.
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In some optimization problems, the elements of vector x are not real numbers, but rather have in-
tegrality constraints and thus consist of integer numbers x € Z". These problems are called integer
programming problems and the field of solving this problems is called discrete optimization. Com-
binatorial problems like the optimal sensor placement problem in Chapter 4 for example, are often
formulated as discrete optimization problems. Continuous optimization problems are easier to solve
since algorithms can retrieve information of the functions behavior close to a point through derivation,
e.g., slope and curvature (Nocedal and Wright 2006). For discrete problems, in contrast, the objec-
tive function can vary significantly between one feasible point and a point close or even adjacent to
it. If some parameters in the trial variable vector x are chosen from real numbers x; € R"” and some
parameters have integrality constraints x; € Z", this problem is named mixed-integer programming
problem. The problem of model-based leakage localization in Chapter [5is a mixed integer program-
ming problem, because integrality constraints for the location of the leak exist. However, this problem
is reformulated to a continuous problem by temporarily ignoring the integrality constraints to make
the problem solvable for [DE] algorithm which only works in continuous parameter spaces.

2.1.1.1. Local and global optima and convex functions
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Figure 2.1.: Local and global optima of a function

x* is called the solution of the problem defined in equation (2.1). The solution of the optimization
problem stated in equation (2.1) is a global minimizer x* of f or a global optimal solution if it is the
point where the objective function has its minimal value over the whole parameter space. Mathemati-
cally (Nocedal and Wright 2006, see for example), a point x* is a global minimizer if

f(x*) < f(x) VxeR" . (2.2)

In contrast, a point is a local minimizer or a local optimum if there exists only a neighborhood A of
x* such that

f(x") < flx) vxeN . (2.3)

Usually, one lacks the global perspective of a function since—especially if a simulator is involved—
one knows only the values of a function at certain points. Although, an interesting type of functions
exist where global assertions on global optima can be made. This functions are called convex functions
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(f : X — R) on arbitrary vector spaces (X). f is a convex function if
Vxi,x € X, Vt €10,1] : flxi+(1—=1)xp) <tf(x1)+(1—1)f(x2) (2.4)
and is strictly convex if
Vx; #xy€X, V€ (0,1): flxi+(1—=1)x) <tf(x)+(1—1)f(x2) . (2.5)

Every local minimum of a convex function is also a global minimum and a strictly convex func-
tion will have at most one global minimum. The property of a function being convex is strictly
related to the properties of its second derivative, since a continuous, twice differentiable function
(on a convex set) is convex if and only if its Hessian matrix H(x) (see equation (2.7))) is positive
(semi-)definite (xTH(x)x > 0) (see for example Strang 1986). For optimization, convex functions
have a lot of convenient properties which are efficiently used by diverse algorithms. The hydraulic
solver in EPANET (Rossman 2000) minimizes such a function, for example.

2.1.2. Optimization methods

All manner of different optimization methods exist—some make use of algebra, others mimic nature.
Each of them have in common that they are iterative methods, beginning with an initial guess of x and
iteratively improving it until a global optimum x* is reached or a termination criterion is met (Nocedal
and Wright [2006)). Yet, the methods differ in the strategy that is used to improve the trial vector by
moving through the parameter space from one iteration step to the next. While some optimization
methods make use of objective function f(x) values, the constraints ¢; of the optimization problem
and perhaps its first and second derivative at current iteration—other methods use information of the
optimization’s history itself by incorporating knowledge from previous iteration steps in the present
step. Others again, simultaneously solve the optimization problem not just with one trial vector x, but
with many possible solutions which exchange information of their current objective function values
in the parameters space.

The No-Free-Lunch (NFL) theorem states that there cannot be an ideal algorithm solving all kinds of
optimization problems (Wolpert and Macready [1997)). Some algorithms perform better for some type
of optimization problems, while other algorithms work better for other problems. Over the whole
range of all mathematically possible optimization problems, all algorithms perform equally good. For
example, classical methods (e.g. Newton’s method) are efficient for linear, quadratic, strongly convex,
unimodal objective functions, whereas evolutionary algorithms are better suited for discontinuous,
non-differentiable, multi-modal and noisy objective functions (Béick et al.[2000).

Nevertheless, one can define desired properties of good algorithms. According to Nocedal and Wright
2006, good optimization algorithms should be (i) robust, (ii) efficient and (iii) accurate. (i) Robust
means that algorithms should perform well on a wide range of problems and also at the same problem
with different starting points. (ii) Efficient means that the algorithms should not require exorbitant
computation time, power or storage. (iii) Accurate means that good algorithms should be able to find
a solution with any desired precision and not being sensitive to numerical or rounding errors. These
goals may conflict since, for example, a more robust algorithm might be less efficient.

Additionally, algorithms can be classified according to which order of derivative they are using. Zero
order methods use only the function f(x) itself for finding the new optimization step. First order
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methods make use of the function and additionally the gradient of the function V f(x)

9 9f (x)
aXl axl
Vix) = | + |- flxa, )= : (2.6)
9 9f (x)
ax, o,

Second order methods use the function, its gradient plus the second derivative, the Hessian matrix
H(x)

Pfxr)  Pf(x) f(x)
ax% Ox20x;  Oxuox
Af(x)  Af(x) ) :
H =V((V T @ \v4 - — | oxjox 2.
0=V (s By (... 28 o @)
P L 2w
dx10xy, ox2

Numerical calculations of the gradient in equation (2.6) are of order O(n) - C(f) (Naumann [2012),
calculations of the Hessian in equation (2.7) are of order O(n?) - C(f) (Naumann 2012). O(-) is the
Bachmann-Landau notation for classifying a computer algorithm’s run time on the input size n and
C(f) is the computational cost of an objective function evaluation. This corresponds to an EPANET
simulation in most of the problems throughout this thesis.

Furthermore, optimization algorithms can be distinguished between deterministic (see Section|2.1.2.1])
and stochastic (see Section [2.1.2.2)) methods.

2.1.2.1. Deterministic algorithms

Deterministic methods are greedy methods for which f(x) has to improve at each iteration step.
Hence, deterministic methods end up in the same solution if they start from the same point xg in
the parameter space. For that reason, they can get stuck in local optima.

There exist deterministic methods of different order. Zero order methods are, for example, the Simplex
method or the Pattern search method; Gradient methods and Quasi Newton methods are of first order.
Second order methods is the Nonlinear Conjugate Gradient (NCG)) algorithm , for example.

All these methods have in common that they start from a vector x; at iteration step k& and move in
the search direction p, to retrieve a better point x with a better objective function value f(xgy) <
f(x)

Xit1 = X+ Py = Jer) < flxe) - (2.8)

Yet, all these methods differ in how p, is found.

2.1.2.1.1. Newton-Raphson Algorithm EPANET uses the Newton-Raphson Algorithm for
solving the hydraulic network equation problem in Section [2.2.2.1] equation (2.65). Originally, this
method finds roots in functions. Therefore, if the global optimum of the function is zero and the
function is convex, this method can find the global optimum. The idea behind this method is to ap-
proximate the function by its tangent and intercepting this tangent with x = 0. Subsequently, this gives
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a better estimate for the root and the iteration is started again until this root is found. Mathematically,
this can be formulated in following way

y=Vf(xe) e —x6) + f(xe) =0 . (2.9)
Rearranging leads to following iteration formula
X =x— Vi) ) (2.10)

The search direction is hence p;, = —Vf(xx)~! f(xx). Furthermore, this method is also the basis for
the algorithm in Section[2.1.2.1.3]

2.1.2.1.2. Gradient Descent Algorithm The Gradient Descent Algorithm is also called
steepest descent. [GDAl updates the iteration step by going in the opposite direction of the gradient,
since in this direction the function decreases the fastest

Xip1 = Xk — oV f(xz) . (2.11)

Thus, the search direction is p, = —aV f(x;). The o parameter can be updated in each iteration by
line search methods in the current search direction or by using the inverse of the Hessian matrix H (x)
defined in equation (see Section leading to second order methods. Furthermore, there
exist first order methods approximating H (x) only by the gradient (Nocedal and Wright|20006)).

2.1.2.1.3. Nonlinear Conjugate Gradient Algorithm The[RCGlalgorithm (also known as nonlinear
newton method) finds the ideal search vector p; through a second order Taylor series approximation

1
Jxe+p) = f(x) + Vaf ()" P+ EPZH (XK )Py + -+ : (2.12)

D(py)

Higher order terms are neglected in the expansion. Minimizing the right hand side of the equation
with respect to p; results in an ideal search vector
|

min ®(p;) — V,O(p;)=0 (2.13)
pER”

with the V, operator defined in following way

9
api
V,=1: . (2.14)
9
9pn
Subsequently, throughout this derivation the indices p and x highlight the difference between the gra-
dient in the parameter space defined in equation (2.6) and the operator in equation (2.14)). Furthermore,
following three mathematical identities—equation (2.15)) to (2.17)—are needed

V,(u™)=(Vu")v+(V,vT)u (2.15)
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9 oL .. 9w 10 0

ap1 api api 01 --- 0
Vvopi=| i |-(prp)=1| . i |=|. . . .|=1 (@16

apﬂ apn apn O 0 ce 1

(2.15)
V,(cp) B (Ve pe+ (Vopl)e=T-c=c . 2.17)
N—— N—
0 219)

The first identity (equation (2.13)) is the derivative of the dot product of the vector values function
u and v, where the superscript T denotes the transpose of the vector. The second identity (equation
(2:16)) denotes the derivative of the transpose of the search vector p] resulting in an (n x n) identity
matrix 1. Finally, the third equation (2.17) shows that the derivative of the transpose of constant
vector ¢ with respect to p (note that this vector can still be dependent on, e.g., x) times the search
vector results in this constant vector c.

For equation (2.13)), this leads to

1
Vo ®(p) = Yy (Vaf )T -p) +5 Y, (PH P 218)

(4) (B)

For clarity, the equation is divided into two parts (A) and (B). Starting with (A) and making use of

identity (2.17) leads to
.17
A): VoV )T po) BV, f(x) 2.19)

since the gradient f(x;) at point x; is not dependent on the search vector p;.

For part (B) starting with identity (2.15)) and subsequently solving one resulting term after another
leads to

B): v, (plHx)p) B (V,p]) Hxo)pe+ (V,plH(x)T) py =
~—— ———

¢19 .19
=1-H(xx)pe+ (Vppi) Hx) TP+ VpH (xk) pipy = (2.20)
-

= (H(xx) +H(xx)") pp = 2 - H(xi) py

In the second row the Hessian matrix H (x;) is not dependent on the search vector p; and hence the
derivative becomes zero. In the last row the symmetry of the Hessian matrix in equation (2.7) was

used since Prx) f0
flx flx
= H = H(x)7 . 2.21
axiaxj anaxi - (Xk) (Xk) ( )
Thus, the result of equation (2.13)) is
!
Vp®(pi) = Vif () + Hxe)pp =0 . (2.22)
Rearranging this equation
H(x)p = —Vif () (2.23)
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leads to a formula for the ideal step direction

pi=—H'(x)Vef(x) . (2.24)
Consequently, the update formula for a single Newton iteration step is equal to

Xic+1 :xk—l—H_l(xk)fo(xk) . (2.25)

It has to be noted that the matrix inversion of the Hessian matrix in equation (2.23) comes at compu-
tational cost of O(n?). For that reason, [NCGlis computationally expensive for optimization problems
in high dimensional parameter spaces and thus can be surpassed by meta-heuristic methods.

2.1.2.1.4. Levenberg-Marquardt The Levenberg-Marquardt method acts more like a gradient-descent
method when the parameters are far from their optimal value, and acts more like the Gauss-Newton
method when the parameters are close to their optimal value.

2.1.2.2. Stochastic algorithms

Stochastic algorithms, also called meta-heuristic algorithms, include a random component which al-
lows escaping local optima. Reasonably, their convergence is due to their randomness usually slower,
hence the big drawback is their higher computational burden compared to deterministic methods.
Stochastic optimization algorithms are usually first order methods. Examples are Evolution Strategies
(Rechenberg (1973)), Genetic Algorithms (Goldberg [1989), Particle Swarm Optimization (Poli et al.
2007) or Simulated Annealing (Kirkpatrick et al.|1983).

t—=t+1

t=0 v

[Initialization ]—»[Recombination)—»[ Mutation J—» Selection

R(ORr) M(©un) S(©s)

Termination
Criterion

Figure 2.2.: Scheme of GA

2.1.2.2.1. Genetic Algorithms GAs are widely used to obtain optimal solutions to countless prob-
lems in the water related fields (Nicklow et al.2009). [GAk—first proposed by (Holland [1975)—mimic
the principles of evolution to solve optimization problems. In contrary to the former mentioned al-
gorithms, [GAk are population based. Hence, not just a single solution evolves over the iterations, but
rather they utilize the collective learning process of a population consisting of many single solutions
(Bick et al.[2000). Each solution—called individual—consists of parameters—called genes—which
represents a single search point in the parameter space. Descendants of individuals are produced by
random either (i) through reproduction by exchanging genes with other individuals or (ii) by mutation,
introducing randomly small changes in genes mimicking germ line mutation effects. Subsequently,
the fitness of each individual is determined and fitter individuals are more likely to survive and repro-
duce, thus, giving their good genes to potentially more descendants and hence increasing the fitness
of the whole population over the iterations.
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Mathematically, the population is defined as a time dependent (n x u)-matrix P(t)
P(t) = (x1(1),...,x,(t)) e R (2.26)

where a single column is a n-dimensional parameter vector x; € R", a possible solution of the opti-
mization problem as described in Section[2.1.1] u is the size of the population respectively the number
of individuals in it and # denotes the current time or iteration step since the population and its individ-
uals change over time. Recombination, mutation and selection can be described as operators (R, M, S)
effecting the population and are applied consecutively on the population (see Figure [2.2). Addition-
ally, an initialization procedure generates a population of individuals (Bick et al. 2000). Usually, the
single individuals are produced randomly over the whole parameter space. After the initialization,
the fitness of the individuals can be determined and the fittest individuals can be selected before the
evolution starts.

Recombination The first operator in the evolution is the recombination operator, also called crossover
operator. Recombination is responsible for large changes in the solution vectors. The operator pro-
duces K new solutions by combining genes of different individuals of the population of size u

R(®g): R 5 R< (2.27)

In addition to the population, the operator also depends on an additional set of parameters ®g, con-
trolling the reproduction of the individuals such as the probability p, that the genes of two individuals
are recombined. [GAk have in common that they favor recombination over mutation (Béck et al.[2000)),
hence, p, is chosen to be high (e.g. p, = 0.8).

Single-Point-Crossover (SPC) is a specific example of a recombination operator (see Figure[2.3). Two
individuals are taken and a crossover point is selected by random between ¢ € NN[1,...,n]. All genes
beyond that crossover point are swapped between the two individuals to produce two descendants.
Let 7, j be random integer numbers drawn from i, j € NN [1,...,u| choosing two individuals x; and x;
from the population P(z), then the operator works on the population P(¢) as follows

X1,i xljj X1,i X17j
Xe.i Xe.j Xc.i X, i
R(P(t)|®r) =R @’ = o =P'(t) (2.28)
Xe+1,i Xe41,j Xe+1,j Xe+1,i
Xn,i Xn,j xmj Xn,i

to produce and altered population P'(¢) containing two new individuals x; and x’.
Mutation The second operator in the[GAlis the mutation operator. This operator makes small changes
to the genes of an individual, hence, broadening the genetic variability of a population

M(®y): R™ — R (2.29)

The operator also depends on an additional set of parameters @, controlling the mutation of indi-
viduals. have in common that the mutation operator is applied with a low probability p,, so that
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Figure 2.3.: Scheme of SPC recombination operator

mutation works more as a "background operator” (Béck et al. 2000) (usually p,, < 0.2).

Uniform-Integer Mutation (UIM) is an example for a specific mutation operator, where a gene x;;
with j € NN [1,...,n| of an individual is chosen at random and, subsequently, this gene is replaced by
drawing randomly an integer x; ;€Ne [aj,...,b;] within the parameter space boundaries of parameter
J (see Figure . The effect of on a population P’'(z) can mathematically be described as

M(Pll(t)|®M) :M((x,-l e X .)C,'n)T) = (—xil .. .x;j. ..x,-n)T = Pl-//(l‘) . (2.30)

The mutation operator is applied to each individual x; of the population with probability p,,.
P'(@) M(Oy) P'(x)

1 o,..}@( .,--J

Figure 2.4.: Scheme of UIM operator

Selection The last operator in the [GAlis the selection operator. This operator chooses u individuals
from the through mutation and recombination altered population of A individuals based on their fitness

S(f,0s): R”* — RUH (2.31)

Once again, this operator can depend on additional parameters ®g, controlling the selection process.
Usually, for the selection is probabilistic so that unfit individuals have a chance to further partic-
ipate in the evolution by giving their genes to descendants (Bick et al. 2000). Before the selection
operator is applied on the population, the fitness of each individual has to be evaluated through the
objective function f(x)

fx): R" — R ) (2.32)

leading to A fitness values. The evaluation of the fitness corresponds normally to an EPANET simula-
tion throughout this thesis.

For example, tournament selection serves as a specific selection operator. This operator applies for
the survival of the fittest 4 tournaments between k at random chosen individuals, where the winner of
each tournament will survive. The probability of an individual to win depends on its fitness as well
as on the fitness of his opponents in the tournament. Mathematically, the fitness of the k individuals
is sorted in ascending order f(x;) < f(x2) < ... < f(x) and the probability P(i) of the i-th fittest
individual to win is

Pi)=pr(1-pr)"" . (2.33)
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pr € RN (0, 1] represents the probability of the fittest individual to win the tournament. For py =1
the best individual wins any tournament.

After selection, the convergence of the algorithm is examined by checking one or more termination
criteria. This criteria can be fulfilled, for example, (i) if a certain fitness value is reached, (ii) if the
fitness of the population did not decrease over a certain number of iterations or (iii) if a maximum
number of iterations Ny (z) is performed.

If the termination criterion is not fulfilled, the circle of recombination, mutation and selection is again
repeated with the current population. This circle is named a generation in[GAJterminology. In contrary,
if the termination criterion is fulfilled after 7 iterations, the individual of the current population with
the smallest fitness value is chosen as the best solution of the problem

x* > min P(t+I) . (2.34)
fx)

Due to the stochastic components of [GAF, it can not be guaranteed that x* is a global optimal nor a local
optimum solution. Coupling the [GAl with a subsequent deterministic method by using the [GATs result
as the starting point of the deterministic algorithm, can at least guarantee local optimality. However,
just meta-heuristic algorithms have the chance to find global optima for multi-modal, non-convex and
noisy fitness functions, where deterministic algorithms alone fail.

It has to be noted that the default case for population sizes throughout one iteration for is
K = A = u. Furthermore, the computational cost of the [GAldescribed in this section is approximately

u(1+(pr+pm)Ni)-C(f) (2.35)

where u is the population size, p, and p,, are the recombination (crossover) and mutation probability,
Ny is the number of iterations that are performed and C(f) is the computational cost of a fitness
function evaluation. Note that the dimensionality n of the problem does not occur in the computational
costs in contrary to the algorithm in Section[2.1.2.1.3]

2.1.2.2.2. Differential Evolution The[DEl algorithm was introduced by Ken Price and Rainer Storn
two decades ago (Storn and Price [1995] [1997)). Basically, works the same way as [GAk. The al-

t—t+1

t=0 4
[ Initialization H Mutation HRecombinatiorJ—» Selection
R(Or) 5(©s

M(©y) )

Figure 2.5.: Scheme of DE algorithm

Termination
Criterion

gorithm is again population based. Individuals—who are now called candidate solutions or agents—
build a population of solutions. The candidates move around the search space and are altered and
combined by simple algebraic formulas. The crucial idea behind [DE is that this algorithm generates
new candidate solutions by adding a weighted difference vector between two population agents to a
third agent (Storn and Price |1995)). This process can again be seen as a sequence of mutation, recom-
bination and selection operators. Mutation leads again to new solutions in the parameter space while
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recombination combines information contained in two agents, one from the original population and
one as the result from mutation, to obtain new candidate solutions. Confusingly, mutation in the[DE al-
gorithm is also similar to recombination in (according to Storn and Price|19935)). Furthermore, this
operators are used in different order compared to [GAk since mutation and recombination are switched
(see Figure[2.5). If a candidate solution leads to better fitness values, it is selected to replace the agent
with whom its fitness was compared and becomes part of the population in the following iteration.
Thus, this selection procedure is in general greedier than in [GAk.

Before the algorithm starts, a first population P(z = 0) of u solutions has to be generated randomly
within the boundaries of the parameter space. This is called the initialization phase.

Mutation The mutation operator generates new parameter vectors—called donors—by adding a
weighted difference vector with weights F; between (at least) two population members x,; and x,»
randomly drawn from the population to a third member, which (i) can also be randomly drawn x,3
from the population, or (ii) is the same vector as used for recombination x; or (iii) is the best solution
Xpes: Of the current population. Which of these three cases is applied depends on the mutation strat-
egy that is used. Table [2.1| shows different mutation strategies described in Storn 1996, Figure
shows the mutation on the example of the DE/best/1 strategy. Two random vectors are taken from the
population, their difference vector is build and this vector is subsequently multiplied by the mutation
factor F, which controls the amplification of the differential variation (Storn and Price |1995)), and
then added to the best solution X so far to generate the donor vector v. Once the donor vector v; is
produced, it is passed to the recombination operator.

Table 2.1.: Mutation strategies for [DElalgorithm (according to Storn (1996))

Strategy Donor Formula (v; = ...)
DE/rand/1 X1+ Fi (X2 —x3)
DE/best/1 Xpest + F1 (X2 — X,3)

DE/rand to best/1 X1+ F1 (X0 —%3) + F2 (Xpest — Xr1)
DE/current to best/l ~ x;+ Fy (X2 — X:3) + F> (Xpest — X;)
DE/rand/2 X1+ F (X0 — X3+ X4 — Xy5)
DE/best/2 Xpest + F1 (X2 — X3 + Xpa — Xy5)

Recombination The recombination operator increases the diversity of the parameter vectors by
combining the donor vector v; by forming a trial vector u; through following procedure (Storn and
Price [1997))

: (2.36)

- Vi,j ifrandl-_’j S CR V 1= jrand
" x;;j else

where rand; ; is a uniform random number drawn within the interval rand; ; € [0,1] and CR is the
crossover probability parameter chosen from CR € [0, 1] determined by the user. x; is called the target
vector and j,qnq is a randomly drawn integer from j,.,g € NN[1, 7], assuring that at least one parameter
differs between the trial vector u; and the target vector x;. Thus, if rand; ; is smaller than CR for the
i-th element of the vectors, the i-th element is transferred from the donor to the trial vector, otherwise
the i-th element is taken from the target vector. Figure shows a graphical representation of the
recombination procedure (based on Storn and Price (1997, Figure 2).
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Selection Before selection, the fitness of the trial vectors has to be evaluated. Subsequently, the
selection operator compares the fitnesses of x; and u; in iteration k and the fitter individuals will
proceed to the next iteration. This can be mathematically written as

x§+1:{“§ it f(u) < f(xf) 237

xk else

J

The iteration again stops, if a termination criterion is met. This criterion can be the same as for [GAk.
Furthermore, an additional criterion might be if the crowding radius ¢, is below a certain value. The
crowding radius of a population P(t) € R"** of u candidate solutions with parameter dimension 7 is
defined as follows

n 1 o
¢, = max (Z (xij —x,-)2> with ©=-Y x; . (2.38)
M3

i=1

Other possibilities are reseeding (initializing) the entire population by only keeping the best solution
so far x*. This can be done if the variability in the population described by ¢, is low to increase once
again the diversity of the population.

Finally, the computational cost of the algorithm is
puNi+1)-C(f) (2.39)

where u is the population size, Nj is the number of iterations and C(f) is the computational cost of a
fitness function evaluation. Again, the cost is not dependent on the parameter space dimension similar
to [GAk.

Moreover, it has to be mentioned that [DE works only in continuous parameter spaces. For parameter
spaces with integrality constraints this problem can be circumvented by mapping real values on integer
values just for the fitness evaluation through, e.g., floor or ceiling functions

floor(x;) = |x;] or  ceiling(x;) = [x;] with xeR , (2.40)

where [x;]| (|x;]) is the least (greatest) integer that is greater (less) than or equal to x;. This workaround
will reappear in the chapter on model-based leak localization (Chapter [5).

2.1.3. Optimization examples

To test the former introduced mathematical optimization algorithms—deterministic as well as stochas-
tic ones—two optimization test functions are taken from literature: (i) the Rosenbrock function in
Section[2.1.3.T]and (ii) the Rastrigin function in Section[2.1.3.2] These functions have different prop-
erties (e.g. unimodal, multi-modal) and their fitness landscapes will serve as excellent examples for
objective functions faced later on in this thesis. The objective functions will be from real-world op-
timization problems in (e.g. roughness calibration, model-based leakage localization, optimal
sensor placement). Furthermore, the strengths and drawbacks of different optimization algorithms
will be shown, providing the reader of this thesis with a deeper understanding which algorithm is use-
ful for what problem class. Additionally, fitness landscapes as well as convergence considerations will
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be examined that will also reappear throughout this thesis. The examples serve also as test examples
showing that the implemented optimization algorithms function properly.

2.1.3.1. Rosenbrock function

The Rosenbrock function is a non-convex function with one minimum (unimodal) and is widely used
as a performance test problem for optimization algorithms (Rosenbrock [1960). Its general form for n

dimensions is
n—1

f0) =Y ((@=x)+b (v —2)°) (241)

i=1

The two-dimensional form n = 2 results in
f(x)=(a—x1)*+b(x—x})?* . (2.42)

The optimum x* of the Rosenbrock function

X = <;‘2> with f(x*) =0 (2.43)

lies in a flat, narrow and curved channel, which gives the function its nickname Rosenbrock’s ba-
nana. For applying optimization algorithm, calculation of the gradient is needed. The gradient
according to equation [2.6] for the two-dimensional Rosenbrock function results in

9f (x) 2
oftx) —4b (xy — —2(a—
= (a?’f») (e ge) 49

oxy

Additionally, for the method, the Hessian matrix according to has to be calculated. The
Hessian H (x) results in

92 22
g;(%x) axfé,’ff <12bx% —4bxr +2 —4bx 1)

VIVIE) = 327 2w | = s, o (2.45)

0x10x) Bx%

N

Setting @ = 1 and b = 100 within the parameter space boundaries x; € [—2,2] and x, € [—1,3] results
in a specific example of the Rosenbrock function that is examined in this thesis. This function has
a global minimum at x* = (1,1)T. The gradient at this point is V f(x*) = 0 and the determinant of
the Hessian is positive |H (x*)| > 0, proofing that this is in fact a minimum. The fitness landscape of
the function over the parameter space is depicted in Figure 2.8 —on the left hand side as a 3-d plot
(see Figure [2.84) and on the right hand side as a contour plot (see Figure [2.8b), in which the global
minimum is depicted as a black cross. Note the log;, coloring scheme to enhance the visibility of the
function’s narrow banana-shaped valley.

2.1.3.1.1. Vs The convergence properties of (see Section and [RCG] (see
Section are compared on the two-dimensional Rosenbrock function (see Figure [2.8) de-
fined in equation (2.42). A special formulation of the [GDAl method is used—the Broyden-Fletcher-
Goldfarb-Shanno formulation (see for example Fletcher|1987; Nocedal and Wright 2006). In
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Figure 2.8.: Fitness landscape of Rosenbrock function

this algorithm, the Hessian matrix is approximated through evaluations of the gradient to find the o
parameter needed for the optimal search vector in equation (2.11). NCGlis used as defined in equation
(2:23). The implementations of the and [RCQ] algorithm are taken from Python’s SciPy pack-
age (Jones et al.[2001) throughout this thesis.

First, to compare the convergence of and[NCG| both algorithms are started from the same starting
point xyp = (1.25,0.2)T. Figure [2.9 shows the results of the optimization run. Figure presents
the trajectory of the solution over the iterations in the parameter space, while Figure [2.95 shows the
fitness values of the algorithms as a function of the iterations Ny in log,, scale. Figure [2.9a] clearly
shows that, despite starting from the same point, the algorithms perform differently. overshoots
the valley already in the first iteration step and takes time to recover from that while is more
reluctant in entering the valley. This is a result of utilizing information of the real Hessian matrix in
[NCGl compared to using approximations in the formulation of After overshooting,
starts in the wrong direction and is zig-zagging while entering the valley. Finally, once the trajectory
has entered the canyon, [GDAlconverges fast. NCGldoes not have this problems and converges straight to
the optimal solution marked as black cross in Figure[2.9a This can also be seen in a faster convergence
of the fitness values of compared to in Figure 2.9 Hence, if the Hessian of a problem is
known, NCGlis preferred over[GDAlfor unimodal differentiable functions. Additionally, the greediness
of the two methods can be seen in Figure 2.9b] since the fitness values monotonically decrease at each
iteration step (f(x|Nr+1) < f(x|Np)).

2.1.3.1.2. Different Starting Points Second, the effect of different starting points on the conver-
gence behavior of is examined again on the two-dimensional Rosenbrock function. The opti-
mization algorithm starts at three different starting points distributed over the parameter space, namely
x01 = (—1.8,2.0)T, xp2 = (—0.5,1.5)T and xp3 = (1.0,2.8)T. Logically, this results in different trajec-
tories in the parameter space (see Figure[2.10a). Furthermore, the starting points also result in different
convergence speeds. Whereas the [NCG] algorithm takes 25 iterations to find the global optimum start-
ing at xo3, the algorithm needs approximately ten times more iterations starting from xp; (see Figure
[2.10DB). Hence, gradient-based algorithms are sensitive to their starting points. Nevertheless, since the
Rosenbrock function is unimodal, all optimization runs at all starting points result finally in the global
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Figure 2.9.: Comparison of convergence of and NCGl algorithm on the Rosenbrock function
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Figure 2.10.: Comparison of convergence of with different starting points on the Rosenbrock
function

2.1.3.1.3. DE/lvsSINCG Finally, the performance of the [DE (Section and the NCG algorithm
are compared on the Rosenbrock function (see Figure[2.11). SinceDEis a population based algorithm,
the comparison differs compared to Section 2.1.3.1.1] and 2.1.3.T.2l The starting point for NCGl is
the same as in section The [DE has no single starting point since the population P(x) is
initialized randomly over the whole search space. The boundaries of the search space are limited to
x; € [0.15,1.3] in this example fitting the segment of the Rosenbrock function depicted in Figure
DE with DE/rand/1 mutation strategy is used with a population size of u = 20, a crossover probability
of ¢, = 0.5 and a mutation factor of F' = 0.8. The parameters are chosen according to the rule of
thumb described in (Storn [1996). The trajectory of the mean of all solutions (mean(P(x))) of the
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population P(x) in one generation and the best solution x* with the lowest fitness value (min(f(x))) of
the DElalgorithm is shown in Figure[2.11a] This is compared with the trajectory of the [NCG algorithm.
It can be seen that [DE needs crucially longer to find the optimal solution. At first the variability in
the solution is high shown in a high difference of the mean of the population and the best solution.
Over the generations this discrepancy gets lower indicating lower variability as the fittest candidate
solutions survive the selection. Since [DE evaluates the fitness function u times in each generation, the
number of fitness function evaluations N(f) is taken into account instead of the number of iterations
Ny in the previous examples (see Figure[2.1Tb). The computation of the Hessian as well as the gradient
is also taken into account in N(f) for the[NCG algorithm. The fitness value convergence is depicted in
a log;o —log,y-scale in Figure The algorithm converges nearly 100 times faster than
Consequently, deterministic algorithms like [NCGl should be favored to stochastic algorithms like
for unimodal problems due to their higher convergence speed. Stochastic algorithms are less efficient
than deterministic algorithms on unimodal problems.
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Figure 2.11.: Comparison of convergence of [DEl and [NCG| on the Rosenbrock function

2.1.3.2. Rastrigin function

The second test function is the famous Rastrigin function which was first formulated by Rastrigin
1974, It is a non-convex, multi-modal function with many local optima and is widespread used as a
test problem for optimization algorithms. It is defined in n dimensions as follows

= i x —a-cos(2m xl)) (2.46)

and has besides its many local minima a global minimum x* at

x*=0 with f(x*)=0 ) (2.47)

For applying and again, the calculation of the gradient and the Hessian is necessary. The
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gradient results in

9f (x)
axi

The function has an infinite number of local optima at

= 2x;+ 2masin (2mx;) . (2.48)

X = % with meZ Vi . (2.49)
The Hessian calculation leads to

0> f(x ifi=j: 2+4n’acos(2mx;
Q) _ =g 2dmacos (2 2.50)
axl-ax j if i 7é ] 0

The Hessian is a sparse, diagonal matrix. The determinant of the Hessian is positive if n; is even
leading to a local minimum, whereas if »; is odd, a negative determinant and a local maximum results.

The two-dimensional Rastrigin function with a = 10 within the parameter space boundaries x; € [—2,2]
is shown in Figure[2.12] Figure[2.12a]shows the 3-d plot of the function’s fitness landscape while Fig-
ure shows its contour. The global minimum at x* = (0,0)7 is depicted as a black cross. The
function’s many local optima can be seen in Figure 2.12]
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Figure 2.12.: Fitness landscape of Rastrigin function

2.1.3.2.1. Deterministic Algorithm with Different Starting Points First the effect of different
starting points is examined similar to Section Z.1.3.1.2] However, the [NCGl algorithm is now ap-
plied on a multi-modal function. Again, optimization is started at three different starting points
(x01 = (0.49,0.30)T, xp, = (0.51,0.30)T and xop3 = (—1.30,—0.51)T). The results can be seen in Fig-
ure 2.13] Figure 2.134 shows again the convergence in parameter space, while [2.13b] shows the con-
vergence of the fitness function f(x) as a function of iterations. In contrast to Section the
algorithm does not find the global optimum for every start point. Only xp; converges to the global
optimal solution, whereas xo, and xo3 get stuck in the local optimal solution x;_, = (1.0,0.0)T with
f(x),eq) = 1.0 respectively x;, ., = (—1.0,—1.0)T with f(xj,.,;) = 2.0—also visible in the conver-
gence of the fitness function in Figure 2.13b In fact, only starting points located in proximity of
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the global optimum in the subsection x; € (—0.5,0.5) of the parameter space converge to the global
optimum. Other starting points lead to solutions attracted by local optima. This is a result of the greed-
iness of deterministic search algorithms described in Section[2.1.2.1] Hence, deterministic algorithms
are not robust on multi-modal problems.
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Figure 2.13.: Comparison of convergence of with different starting points on the Rastrigin func-
tion

2.1.3.2.2. Vs The reason why multi-modal optimization problems have to be solved with
stochastic algorithms is the lack of robustness of deterministic algorithms resulting from their greed-
iness. This section compares the performance of two stochastic algorithms, e.g. and DEL on the
Rastrigin function. and DE are implemented with the help of Python’s DEAP toolbox (Fortin et al.
2012) in this thesis. The results can be found in Figure [2.14]

with DE/rand/1 mutation strategy is used with a population size of u = 20, a crossover probability
of ¢, = 0.5 and a mutation factor of F = 0.8. The parameters are chosen according to the rule of
thumb described in (Storn|{1996).

The settings for [GAl consist of a populations size of u = 20, a two-point crossover operator is applied
with the crossover probability of p. = 0.8 and a Gaussian mutation operator with ¢ = 1.0 is applied
with a mutation probability of p,, = 0.2. [DH is initialized in the lower left square of Figure
within the boundaries x; = [—2.0,—1.0] and x, = [—1.5,—0.5]. [GAl is initialized in the upper right
square of Figure within the boundaries x; = [1.0,2.0] and x, = [0.5,1.5]. Since the Rastrigin
function is symmetric, this results in the same starting conditions for the two algorithms. The mean
of the population P(x) is depicted in the parameter space in Figure while the convergence of the
mean fitness function values f(x) is shown in Figure is greedier than [GAlresulting in faster
convergence. However, [DE is not greedy enough to get stuck in a local optimum for this problem.
Furthermore, [GAl gets stuck in local optima, but due to stochastic processes in the algorithm especially
introduced through the mutation operator, pulling the population out of local optima. Finally, the
algorithm finds the surroundings of the global optimum, but it takes a long time until the optimum is
found with high precision. is more efficient than [GAlin converging to the global optimum. Note,
that both algorithms are initialized in an area far from the global optimum, which is surrounded by
maxima. Nevertheless, both algorithms managed to overcome this maxima to find the global optimal
solution.

37



Chapter 2. Background

15 8 .. Y
—— GA- me\an(P(x)) N N ' N | R -
. === DE-mean(P(x)) \ / 42 10

] 4
“B L/ y =
Nl % o -
0s ‘-\ﬁ
: o N 2 0 5
\ =
< oo = {E é-v-.o ‘ 2 X - L
0s /‘, 18 ‘
AL 107" ‘I}r
X 1N 1N 12
S ¥ s a o P b
v L/ W, W, M 5 107 —— GA-min(f(x)) L]
g I -=- DE - min(f(x)) s
14 -
15 0 10
-20 -15 -1.0 -0.5 0.0 05 1.0 15 20 102 103
x1 N(f)
(a) trajectory (b) convergence

Figure 2.14.: Comparison of convergence of [GAland [DEl on the Rastrigin function

2.2. Hydraulic water distribution network analysis

2.2.1. Short history of hydraulic network analysis

Basic hydraulic principles were already known by ancient civilizations (e.g., Egyptians, Greeks, Ro-
mans, ...) millennia ago (see Mala-Jetmarova et al. 2015). However, this knowledge has been based
more on experience rather than on scientific principles, hence, these civilizations were not able to
mathematically describe the complexity of with satisfactory models (Crouch [1993)). It took till
the 17th century until the first hydraulic principles were formulated and, additionally, this mathe-
matical description evolved slowly. According to Walski 2006, Castelli discovered the continuity
principle!?, his student Torricelli showed the relationship between velocity and head, in 18th hun-
dreds Newton and Bernoulli'! developed the principles of fluid flow and at the end of the 19th cen-
tury Reynolds investigated laminar and turbulent flow regimes (Reynolds [1883). Darcy-Weisbach
and Hazen-Williams head loss equations date back to 1845 respectively 1906 (Mala-Jetmarova et al.
2015)).

In the early 20th century, the increasing complexities of made precise estimations of flows and
pressures necessary. The quest for methods that analyze entire networks gave birth to the field of
analysis (Ramalingam et al. [2002)). The former described hydraulic principles built the foundation
for the analysis of whole WDS] To calculate flows, head losses and pressures for an entire a
large set of non-linear equations has to be solved. These equations are based on physical conserva-
tion laws, e.g., conservation of mass, flow and energy. Such calculations were impossible until recent
advantages in computer modeling were achieved (Walski 2006). Ormsbee [2008| divides the evolution
of modeling of pipe networks in three periods: (i) the pre-computer age (late 1800s to the 1960s), (ii)
the dawn of the computer age (in the 1960s around 1957) and (iii) the advent of advanced computer
methods (1960s to present).

(i) During the pre-computer age different methods were used to retrieve flows and pressure in pipe
networks ranging from graphical methods, methods using physical analogies, e.g., and finally mathe-

100riginally discovered from no less a figure than Leonardo da Vinci already in the 15th century, but unfortunately forgotten
by mankind (Mala-Jetmarova et al.|[2015))

"Bernoulli’s equation was actually developed by Euler around 1750.
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2.2. Hydraulic water distribution network analysis

matical methods (Ormsbee |[2008). Graphical methods involved preparation of curves of discharge vs.
head loss of pipes and complex arrangements of pipes on transparent thin celluloid and subsequently
combining this graphs to shifting and juggling this curves (Ramalingam et al. 2002). Freeman’s
graphical method (Freeman [1892) dominated this period. Physical methods made use of the simi-
larities between electrical networks and In 1934 at MIT, Camp and Hazen [1934, applied their
electric network analyzer consisting of a bunch of resistors (corresponding to water pipes) and elec-
trical "buses" with flexible-lead schemes (corresponding to network junctions) on [WDSk. The MIT
network analyzer has been flexible enough to represent any desired pipe network by arranging the
resistors in a specific way (Ramalingam et al. 2002). The only serious problem has been that voltage
drop in a resistor differs from the head loss in water pipes. Whereas the drop of voltage is directly
proportional to the current flow, the head loss in water pipes is an exponential function of discharge.
That is why years followed of developing resistor elements showing the desired characteristics of wa-
ter pipes. Finally, Mcllroy developed the direct-reading network analyzer using non-linear transistors
providing a method to visualize and analyze in 1950 (Mcllroy |1950). Mathematical methods
were already applied since the advent of Hazen-Wiliams equation in 1906, which provided engineers
with an easy way to decompose or aggregate composite systems of pipes into a hydraulically equiva-
lent single pipe (Ramalingam et al.2002)). In 1936, Hardy Cross developed a mathematically method
for solving pressure and flows in closed looped (Cross |1936). Interestingly, this method was
initially developed for performing moment distribution analysis for statically determinate structures.
Cross actually presented two methods: the node and the loop method—because the convergence of
the node method was not satisfactory, the loop method gained more popularity and is what is now
known as the "Hardy Cross Method" (Ramalingam et al. [2002).

(ii) The Hardy Cross Method, which was intentionally not developed for computer simulations, has
been the best candidate for such computer applications (Ormsbee 2008)) during the second period, the
dawn of the computer age. Hoag and Weinberg |1957| were the first solving hydraulic network equa-
tions with the Hardy Cross method on a digital computer. Already in the same year, first companies
started to sell pipe network analysis programs (Ramalingam et al. 2002). The first models were just
able to solve steady-state hydraulic problems on large mainframe computers with punch-card input
(Walski [2000).

(iii) Because of the bad convergence properties of the Hardy Cross method, more advanced computer
methods—benefiting from advantages of modern computers ability to efficiently solve matrix prob-
lems (Walski [2006)—were developed in the subsequent decades (Mala-Jetmarova et al. 2015)), e.g.,
the simultaneous node method by Martin and Peters 1970, the simultaneous loop method by Epp and
Fowler (1970, the linear method by Wood and Charles 1972 and the gradient method by Todini and
Pilati [1987. The last method had been adopted in the development of the most widespread hydraulic
simulation package EPANET (Rossman 2000). Nowadays, EPANET is used extensively in conjunc-
tion with various optimization techniques to solve numerous optimization problems resulting in the
field of analysis (Mala-Jetmarova et al.[2015)).

2.2.2. Different hydraulic models for different purposes

The purpose of a mathematical hydraulic model is to simulate the behavior of a given different
operating conditions (see Kapelan 2002, p. 73) in a pressurized pipe network. For that reason, a
hydraulic model computes flows and head losses at all n,, links and all unknown pressures at all n,
nodes in a[WDNl This is achieved by simultaneously solving a large set of non-linear equations that
describe different physically principles, e.g., conservation of mass and energy.
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Every mathematical model is an approximation of the real-world. The better a model should describe
reality, the more mathematically complex it becomes since the more physical effects have to be added
to the model. Hence, mathematical modeling of is always finding a compromise between sim-
plicity of use and accuracy of prediction (B. S. Jung and Karney 2016)). Additionally, the less simple
a model becomes, the more computational expensive it gets to solve the more complex mathematical
equations. Finally, the decision is up to the modeler if a higher computational price is worth a more
complex model (B. S. Jung and Karney 2016)), always keeping in mind that no matter how complex a
mathematical model becomes, it is still only an approximation of the real world (Kapelan |[2002).

Four types of different models exists for analysis according to Kapelan 2002, The following
four subsections will introduce these models, starting from the simplest one (steady flow models) and
increasing their complexity until reaching the unsteady incompressible flow models (see Figure [2.13).

The main focus of this thesis is optimization in[WDSk on the example of model-based leak localization.
The time scales for leak localization are much longer than the time frame of, for example, control valve
optimization. Thus, the focus will be on (quasi-)steady flow models, which will be presented in more
detail compared to unsteady models in the following sections.

Unsteady
Steady incompressible
flow flow
¢® ®
Model | — Model
Simplicity : Accuracy
'
Quasi-steady Unsteady
flow compressible

flow

Figure 2.15.: Simplicity versus accuracy of different hydraulic models (based on B. S. Jung and Kar-
ney 2016, Figure 1 (a))

2.2.2.1. Steady flow models

The steady flow model, also called steady-state simulation model, is the biggest simplification of a
Mathematically, it is the easiest to formulate and the least expensive one to solve in terms of
computational costs (see Kapelan[2002). EPANET (Rossman [2000) uses this type of hydraulic model
for performing steady-state simulations. In EPANET, a hydraulic model consists of links (pipes,
pumps and valves) and nodes (junctions, tanks and reservoirs). Junctions are nodes which connect
pipes and where water can leave network (customer, leaks). As mentioned already before, the aim of
hydraulic model is to compute all flows and head losses at links and pressures at nodes in a network.
The hydraulics of a are completely defined by the pipe parameters (e.g. roughness, diameter,
length), the demands at junctions, the hydraulic heads at fixed head nodes (tanks, reservoirs), and, of
course, the topology of the The network’s topology is mathematically defined by the incidence
matrix A € R"*™ (see for example Abraham and Stoianov 2016

—1 , if pipe i leaves node j
Aijj=4¢+1 , ifpipeienters node j . 2.51)
0 , otherwise

This incidence matrix relates the links to the nodes in the network.

40



2.2. Hydraulic water distribution network analysis

Note that there exists a second matrix relating links to nodes in a network—the adjacency matrix A/ ;
for a not weighted graph. The difference between the adjacency matrix and the incidence matrix is
that the adjacency matrix is not directed. The relation between those matrices is:

Al =1Ayl (2.52)

Physical principles behind the steady flow network calculations are two conservation laws, the con-
servation of energy respectively the conservation of mass. Due to the assumption that the fluid is
incompressible, the conservation of mass is equal to the conservation of flow (Abraham and Stoianov
2016).

The conservation of energy states that difference in energy between two points in a network is equal
to the friction loss along the path between them. Thus, the head loss Ahj; across a pipe i connecting
node j with node £ is represented in following way (Abraham and Stoianov 2016)

Ahj=h;—h =rilg" "¢, (2.53)

where 4 is the head at node j and Ay at node k, g; is the flow through the pipe, 7; is its resistance coef-
ficient and n is a number depending on the head loss equation that is used. The resistance coefficient
r; is defined as (Elhay and Simpson 2011))

oL;

Ti = 5
¢t

(2.54)

where L;,C; and D; are the length, roughness and diameter of pipe i. The coefficients o and m are
again depending on the head loss model.

In the Hazen-Williams (HW) head loss model, the coefficient are defined as oo = 10.67, n = 1.852 and
m = 4.871, which gives the HW resistance coefficient

10.67 - L;
pw _ 1067-Li (2.55)

i = CI 2 pEETI
For the Darcy-Weisbach (DW) head loss model, in addition, the flow regime has to be distinguished
(Simpson and Elhay 2011). The flow regime is given by the Reynolds number R which is defined as

follows
ViD;

A%
v is the kinematic viscosity of water, V; is the average velocity in pipe i and D; is again its diameter.
R <2000 represents laminar flows, whereas all flows with R > 4000 are turbulent. In between (2000 >
R >4000) lies the regime of transitional flow. It has to be noted that the flow in pressurized [WDSk is
always turbulent, except in the perimeter of the system, where due to low demands, laminar and or
even stagnant flows can occur (according to Walski et al. 2003}, p. 28)

R= (2.56)

The Darcy-Weisbach head loss formulas for the different regimes are (according to Simpson and Elhay
2011}, equation 1 and 2)

A = {rlD qi for laminar flow 2.57)
r

D g "1g; for turbulent flow
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Note that 7 = 1 (resulting in |¢;|'~! = |¢;|° = 1) for laminar and n = 2 for turbulent flow in this

equation. The DW resistance factor r?V is defined in the following way (Simpson and Elhay 2011)

=5 =i for laminar flow

o Do ) 2.58
i lLl—fl for turbulent flow ( :

Vv is again the kinematic viscosity of water, g is the gravitational acceleration constant, f; is the Darcy-
Weisbach friction factor, which is a function of the pipe’s relative roughness €;/D;, where €; is the
roughness of the pipe, and the Reynolds number R. It has to be noted that for laminar flows r; is
independent of the pipe’s flow g;, while for turbulent flows r; depends on g;.

Through bringing the term r;|¢;|" ! into matrix form by building a diagonal matrix G(q) € R"*"» (Abra-
ham and Stoianov 2016))
Gi(gi) =rilgil"™,  i=1,...mp (2.59)

together with the incidence matrix A from equation (2.51), the energy equation (2.53)) can be formu-
lated for the whole network by
G(q)g =Ah+Arer (2.60)

where g € R is vector of unknown flows, h € R™ represents the unknown heads. Additionally in
equation (2.60), fixed head nodes are defined through the fixed head node incidence matrix Ar and
the vector of fixed head elevations er, with ny being the number of the fixed head nodes (reservoirs
plus tanks) in the system.

A second type of losses exist in modeling—the minor head losses or local losses—caused by
turbulences at bends and fittings (Rossman [2000). The minor loss /4, is defined by the product

2
hy = k; <> , (2.61)
2g

where k; is the pipe’s minor loss coefficient, v; is the velocity in pipe i and g is again the gravitational
acceleration constant.

The conservation of flow states that the inflow at every node equals the outflow, in other words, the
net flow in a node is zero (Walski et al. 2003)). If there is a customer demand at this node, the sum of
all flows of all pipes that enter or leave node j must equal its demand d;

Y gi=d; . 2.62)

Vi j
Vi — j defines all links i that are connected to node ;.

EPANET performs demand-driven simulations, where the demand is assumed to be known. It has to
be noted that there also exist pressure-driven simulation approaches, where nodal demand is a function
of the pressure p; at the node (d;(p;)) (see for example Giustolisi and Laucelli 201 1; Giustolisi, Savic,
et al. 2008} Pathirana 2011}, among others). The pressure at node i is given by the head /; minus the
node’s elevation e; (p; = h; — ¢;). Additionally, there exist a possibility to add pressure dependent
emitters in EPANET, normally used for simulating the pressure dependency of leaks. The emitter
equation in EPANET is defined as follows

Qi=ce pi© (2.63)
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2.2. Hydraulic water distribution network analysis

where Q; is the emitter (leakage) outflow at node i, c, is the emitter coefficient, e, is the emitter
exponent and p; is the pressure at node i.

For the whole network, the flow conservation equation can be written in matrix form (Sanz Estapé
2016)
ATg=d . (2.64)

d € R™ is the vector of all nodal demands in the system and AT is the transpose of the incidence
matrix A (Al.Tj =Aj).

Equations (2.60) and (2.64) can be put together leading to following matrix equation (see Todini and

Pilati [[987)
fg.h) = (Gé?) g) (i) + (Af 7 ) -0 . (2.65)

This is the set of nonlinear equations that define the steady-state flow conditions (Abraham and
Stoianov 2016). The non-linearity of the equation is given by the implicit dependency of matrix
G(q) on g. Since all head losses are monotonically increasing functions for all pipes, it can be proved
that a unique solution of the system exists (see Todini and Pilati|1987). The nonlinear set of equations
f(g,h) = 0 can be iteratively solved using Newton’s method (see for example Strang 1986)

VI @ =) =—frxh) (2.66)

which results for equation in (see for example Abraham and Stoianov|2016)

(5 D@0 9@ C0) e

A solution for flows and heads is found by repeatedly solving this equation system.

2.2.2.2. Quasi-steady flow models

Quasi-steady flow models are the most extensively used models by and engineering firms for
planning the basic components of system operation, design and expansion (B. S. Jung and Karney
2016). In EPANET they are called Extended Period Simulations (EPSk). These models simulate
changing states of a over time, although, each time step in these models is a steady-state sim-
ulation as described in section [2.2.2.1] The variation of demand and heads at reservoirs is given in
EPANET in the form of time patterns (demand patterns for demands, respectively, head patterns for
reservoir heads). Subsequently, the water levels in tanks have to be updated at each time step accord-
ing to the water that enters or leaves the tank. The change of the water level over time (dh;(t)/dt) at
tank j defined through following equation (Kapelan 2002

dh;
T WO .68)

Vi j

where A is the cross section area of tank j, () is the head as a function of time 7, ¢;(r) is the flow
in pipe i connected to tank j (Vi — j). This is an extension of the flow conservation law in equation
(2.62) for tanks; the left side of equation (2.68) is the change in the water volume in the tank and
equals all the flows that enter or leave the tank at the right side of the equation.
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The ordinary differential equation (2.68) is solved using the forward Euler method (see Kapelan 2002,
p.77)
(hj(t+Ar) —
T+ M) — t = L ailt '

Vi j

(2.69)

where At is the increment in time to the next calculated time step ¢ + A¢. This results in following
update formula for the tank levels for the next time step

hi(t+A0) =hi(0)+— Y ait) . (2.70)
The tank level at the initial time step (¢ = 0) is assumed to be known.

2.2.2.3. Unsteady incompressible flow models

Unsteady incompressible flow models, the most rarely used in practice (B. S. Jung and Karney 2016),
are also known as slow transient models or rigid water column models. This class of models assume
that the fluid is incompressible, hence, neglecting convective acceleration (B. S. Jung and Karney
2016). Nevertheless, inertia effects of water are included in the model. This class of models are
important, when despite the incompressibility of the fluid, mass oscillations exist in the network over
time (Sanz Estapé [2016)). For example, this happens for slow valve closures (according to Fox|1977)).
To include inertia effects, the energy conservation principle in equation (2.53) has to be extended

4L; dg;

Ahy=h; —h = rilg;|" ' q; — ,
ik =hj—h =rilqi] q+gnDl_2 =

(2.71)

resulting in an Ordinary Differential Equation (ODE)), where the last term accounts for the acceleration
(dg;/dt) of the water column in pipe i. L; and D; are the pipe’s length and diameter and g is again the
gravitational acceleration constant. Since in this model fluids are assumed to be incompressible, the
flow continuity equation (equation (2.62)) stays the same as for the static model. A formulation of the
network equations resulting in unsteady incompressible flow models for whole can be found in
Kaltenbacher et al. 2017.

2.2.2.4. Unsteady compressible flow model

Rigid models do not realistically represent rapid flow changes. As the operational time of devices
decreases, pressure in these models increases without bounds (B. S. Jung and Karney [2016). Since
compressibility—the physical effect limiting infinite increasing pressures—is not modeled in slow
transient models, more complicated models are needed. These models are called water hammer or
(full) transient models.

The physical principles behind the water hammer model is the same as for the other already discussed
approaches. Therein, again two conservation laws have to be fulfilled—the conservation of mass as
wells as the conservation of energy. The conservation of energy is given in form of the dynamic
equation, which is also called the equation of motion, and is mathematically formulated as follows
(see Wylie and Streeter|1978|, p.19 eq. 2.8)

oh(x,t) N 1 9q(x,1)
0x 7\4 ot

+J=0 (2.72)
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with the constant A; for pipe i

A= %D? . 2.73)

The hydraulic head h(x,7) as well as the flow g(x,7) in pipe i are now functions of space x and time 7.
The friction slope J can be split into a steady (J;) and and an unsteady (J,,) term

J=Js+Jy . (2.74)

The steady friction slope J; is again represented through Hazen-Williams or Darcy-Weisbach formula
as already mentioned in equation (2.53)). The unsteady friction term J,, accounts for the change in the
velocity profile and is defined as follows

aq(x,1)

‘]Lt:g7\'z2 Q(x7t) ox

(2.75)
The second conservation law, the conservation of mass, is formulated in following way (see Wylie
and Streeter 1978, p.23 eq. 2.28)

oh(x,t) = c*dq(x,t)
Sy T =0 (2.76)

This is the continuity equation in the transient model formulation, where parameter c represents the
wave speed.

The equations representing the continuity of mass and energy (equations and (2.76))), are a pair
of quasi-linear hyperbolic differential equations, which have to be formulated for each pipe in a[WDSl
Unfortunately, this pair of equations cannot be solved analytically (Fox|1977). Hence, the price of the
most accurate hydraulic model comes in form of the most complicated mathematical formulation as
well as the highest computational burden.

2.2.3. What hydraulic model for model-based leak localization

Despite their complexity, the use of transient models for model-based leak detection and localization
(see Colombo, Lee, et al.[2009), for a short review on different methods) has gained massive popularity
in the last decades (Puust et al.|2010). The reason for that is that a large amount of data can be recorded
in short time, resulting in always over-determination of the inverse leak localization problem (Pudar
and Liggett|1992) and hence promising high leak localization accuracies. Additionally, the signals are
less sensitive to accurate estimation of pipe friction factors compared to steady-state models (Puust
et al. [2010). Nevertheless, the advantages does not come without drawbacks. First, other sources of
uncertainties besides pipe friction factor estimates heavily influence the goodness of the results (Puust
et al. 2010). For example, pressure waves get reflected by unknown components and bends in a pipe
system. In real-world underground systems, these informations can’t be known with the demanded
precision by the models. That is why transient methods mainly focus on leak localization in single
pipeline systems or very simple systems consisting of few pipes only (Puust et al.[2010). Second, ex-
pensive pressure sensors are necessary which are capable of obtaining accurate measurements in very
high time resolutions to resolve pressure waves accurately. The reason for that is the high propagation
velocities of perturbations in water resulting from high wave speeds of water in pipes. Additionally,
due to the high time resolution, the transmitted data packages are also huge. Third, the computational
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complexity and hence the computational cost of solving the transient model for a real-world is
very high compared to steady state models. That is another reason why they are not applicable in
real-world Potentially, with growing computer power and more affordable data communica-
tion as well as cheaper high-performance sensors, leak localization with transient models may render
possible in future.

Since nowadays the time resolution of common used pressure sensors is not high enough to perform
transient-based localization and the demanded computer power is not available, a step back in model
complexity to more simple models for leak localizations is made. In this thesis steady and quasi-
steady flow models will be used as described in Sections [2.2.2.1)and [2.2.2.2] This has been already
proposed nearly three decades ago by Pudar and Liggett|1992, but was found as not suitable for leak
localization by the authors stating that "in the case of leak detection by static methods, an inverse
program is unlikely to provide the definitive results that would supplant more conventional methods".
However, later on in this thesis, we will see that this simple approach can indeed be satisfactory for
finding leaks.

2.2.4. Graph theory and water distribution networks

12 The concept of a network is describing an object by its elements and connections between these
elements (Brandes and Erlebach 2005). The mathematical discipline of describing networks is called
graph theory. In view of this, a graph G = (V,E) is defined as an abstract object formed by a set of
vertices V(G) (or nodes) and a set of edges E(G) (or links) which connect pairs of vertices. Two
vertices are called neighbors (or adjacent) if they are connected by an edge. Directed and undirected
graphs exist. In directed graphs, two vertices are only connected in one direction. The graphs in this
thesis are always supposed to be undirected. It is possible to associate numerical values to edges as
weights ® (E(G) — ®). Depending on the context, these weights can describe different properties
(e.g. cost, distance, travel time, capacity, interaction strengths).

A can be described as such a graph. Vertices are the WDN['s nodes (junctions, tanks and reser-
voirs), edges are the WDN's links (pipes and valves). Graph theory has already many fields of appli-
cation in analysis as, for example, to improve the efficiency of hydraulic simulations (Elhay and
Simpson [2011)), optimization (Zheng et al. 2013), calibration (Sophocleous et al. 2016]),
resilience analysis (Herrera et al. |[2016) or sectorization (Tzatchkov et al.|2006)). In this thesis,
the graph theoretic description of a[WDNIwill be used for efficiently computing shortest paths between
nodes in the system with the shortest path algorithm of Dijkstra 1959, The length of the pipes / will
be used as edge weights o for these calculations.

2.3. Probability theory, statistics and time series analysis in a nutshell

This section presents a short and concise overview of the statistical techniques used in this thesis.

2.3.1. Monte Carlo simulation

Since all hydraulic modeling approaches which were introduced in Section[2.2]describe deterministic
forward models, hydraulic simulations rely heavily on model input parameters. Unfortunately, these

12Mathematical definitions in this section are taken from Brandes and Erlebach [2005]
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input parameters are usually fraught with uncertainties and these uncertainties in input parameters
will again produce uncertain model outputs. To estimate propagations of these uncertainties in the
model, different mathematical approaches exist, e.g. the First-order-second moment method!?,
or Latin hypercube sampling (D. S. Kang et al.|[2009), among others. In this thesis, [MCS] are chosen
to calculate the output uncertainties since this technique converges to the exact estimates as long as
a large number of parameter sets is simulated. Furthermore, the implementation of this technique
is easy and straight-forward and it enables parallel computations similar to described in Section
2.1.2.2

generate a large number of input parameter set realizations by randomly drawing samples from
probability distributions associated with the model input uncertainties. Subsequently, a hydraulic
model is used to evaluate all these realizations producing output parameter sets, which then represent
in their entirety the model output uncertainties. A large number of input parameter sets has to be
evaluated to get good estimates of the output uncertainties. Latin hypercube sampling can provide
remedy by more sophisticated sampling of the model input spaces.

MCS| will be used later on in this thesis in the Chapter 4] to incorporate uncertainties in optimal sensor
placement algorithms.

2.3.2. Markov-Chain-Monte-Carlo methods

[MCMd is a class of sampling methods specifically useful for Bayesian applications, because they can
be used to sample arbitrary probability density functions and to compute marginal densities, posterior
distributions and evidences (Ruanaidh and Fitzgerald [1996) (see for example Section [2.3.6.3). The
mathematical definitions and the description of the Metropolis Hastings algorithm follow Ruanaidh
and Fitzgerald|1996/in this section.

A Markov chain is the first generalization of an independent process where each step only depends on
the previous step
P(XN+1 |x1x2 .. .xN) = P()CN+1 |XN) . (277)

The random variables are defined in a certain range in a continuous or discrete space—known as the
state space. A Markov chain begins at a certain point in this state space and moves through it with a
defined transition probability 7" between those states

Pyii(x) =) Py(x)Ty(x,x) . (2.78)

If Ty is not dependent on N, the Markov chain is homogeneous. Two properties must be fulfilled for
(i) the existence of an invariant distribution 7(x) (which can be formulated more restrictive
for a Markov chain to be reversible) and (ii) the Markov chain has to be ergodic.

(i) The reversibility criterion is mathematically formulated as
() Ty (x,x') = (X )Ty (x',x) . (2.79)

Hence, the probability to travel in one direction is the same as the probability for the reverse
direction.

I3First-order-second-moment is a first order approximation method that propagates uncertainties in a system by matrix
multiplications of model input uncertainties with corresponding sensitivity matrices—which are linearized mappings of
network equations.
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(i1) Ergodicity means that regardless of the initial distribution the Markov chain has to converge to
the invariant distribution 7t(x) for N — oo

lim Py(x) =m(x) . (2.80)

N—ro0

Furthermore, a certain number of initial states in the so-called burn-in phase should be discarded.

Metropolis-Hastings The most famous is without doubt the Metropolis-Hastings formula-
tion. It is also the standard form of the simulated annealing algorithm—a stochastic optimization
algorithm (see Section . For this algorithm, a probability density function P(x) is assumed in
functional form y = P(x)—no normalization of the density function is needed. A next realization of
the probability function is produced by adding random perturbations to the current realization

yi=xi+E | @81)

where § is randomly drawn from the proposal density s(§). For the next step in the Markov chain, the
proposed step is either accepted x; | = y;, or rejected. If it is rejected, the next step is equal to the old
step x;+1 = x;. The acceptance probability is defined through

A(x;,yi) =min(1,0(x;, i) (2.82)
v 0T il
pPVYi Vil Xi

Vi) = — 7 2.83

Qi) = T Galyn) (2.83)

T (x|y) is usually the proposal density s(&). If this density is symmetric, then T (y;|x;) = T (x;]y;).

If u is a uniform random variable between 0 and 1, then the Metropolis-Hastings algorithm can be
written as

(2.84)

oy — i pO)T (yilxi) > u- p(xi) T (xilyi)
- x; else

The Markov chain usually moves through the state space like a random-walker, hence, each sample
drawn from the chain is highly correlated with previous samples. Additionally, the random walk
behavior has the drawback that the time to move a certain distance is proportional to the square of this
distance. For that reason, using random walks is very inefficient in exploring the parameter space—

starting points far from the probability mass might never converge in reasonable time. That is why
more sophisticated methods have been developed.

Hamiltonian-Monte-Carlo (HMC) For example, (also called hybrid Monte Carlo) avoids the
random walk behavior by taking a series of steps that is informed by the first derivatives information.
This results in much higher convergence speeds especially for high-dimensional target distributions
(Hoffman and Gelman 2014). However, this class of algorithms is sensitive to the step size and the
number of steps of the algorithm.
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No-U-Turn Sampler (NUTS) No-U-Turn Sampler (NUTS)—an extension to developed by Hoff-
man and Gelman 2014—promise remedy. This algorithm is at least as efficient as [HMC without the
necessity of any tuning or user intervention, thus, it functions in a complete automatic way. That is
why [NUTSlis used in this thesis when performing [MCMCl

2.3.3. Tukey’s fence test

This method represents a simple statistical test to recognize outliers in datasets. Tukey’s test identifies
outliers with help of the interquartile range Ag

Aq=qs—q1 . (2.85)
gi is the i-th quartile of the dataset. If a measurement is outside the range
l91 —kAq.q3 +kAq] (2.86)

then this data point is defined as an outlier. k£ = 1.5 defines the boundaries for (normal) outliers
and k = 3.0 defines the boundaries for far outliers. Most people are already familiar with Tukey’s
fence test without even knowing—the whiskers around the ends of box-plots represent Tukey’s outlier
boundaries.

Tukey’s outlier test will be used later on for determining unusual customer demand during [MNF hours
and serves as a simple approach for detecting leak in real-world WDS| data.

2.3.4. Goodness of fit statistics

statistics will be used to determine the best model order of ARMA models (described in Section
[2.3.5.5) as well as for identifying the ideal cost-benefit functions for the optimal sensor placement
algorithm described in Section f.2.2.4] statistics include Akaike’s Information Criterion (AIC)
and Bayes Information Criterion (BIC). Both criteria are based on x? statistics

2

=Y 0i—flx) (2.87)

M=

1

where y; is the data point on position x;, f(x;) is the value calculated by the fitting function and n is
the total number of data points. Additionally, the degrees of freedom v, respectively the number of
function parameters (n — V) must be considered. For example, the reduced 2 statistics derived from
equation aiming to take the number of parameters into consideration in following way

v="% (2.88)

The[AId takes the function parameters into account by punishing fitting functions with many parame-
ters. It is defined through following equation

AIC =nln (x*/n) +2(n—v) . (2.89)
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penalizes the number of parameters of the fitting function even more than
BIC =nln (y*/n) + (n—v)In(n) , (2.90)

and, hence, prefers even smaller parametrized models. The smaller the [AIC] or the value are, the
better a certain model will describe the data.

2.3.5. Time series analysis techniques

The following short section addresses some Time Series Analysis (TSA) techniques. The mathematical
definitions within this section are based on standard time series analysis methodologies and can be
found, for example, in (Shumway and Stoffer [2006).

2.3.5.1. Mathematical notation and definitions

In the field of a single data point of a time series is assumed to be the realization of an underlying
stochastic process. Adjacent observations are not independent and identically distributed, they are
correlated with previous observations (Shumway and Stoffer2006)). This effect distinguishes the field
of TSAl from conventional statistical analysis. Before these techniques are explained in more detail, a
standardized notation is defined to provide the reader with clarity throughout this thesis.

A series of data points {x;} ordered by time {xj,x2,...xy} is called a time series x, of length N. Note
that throughout this thesis there will be no distinction in the notation between the stochastic process
underlying a time series and its realization. Both will be defined through x;. The mean X; over the
whole time series x; is defined through

1 N
x,:N;xi . (2.91)

Consequently, the sample standard deviation o; of the time series is written as

1 N
o, = \/ P (xi—x) . (2.92)

1

Similarly to equation (2.91]), the median %, is defined in following way
% = median ({x;}) . (2.93)

The median is more robust to outliers than the mean. A measurement similar to the sample standard
deviation, but also more robust to outliers, is the median absolute deviation (mad,)

mad, = median ({x; — %, }) . (2.94)

Frequently, time series posses one or more repeating components with fixed period lengths P. Hence,
cyclic operators are defined. For example, the cyclic mean with period length of P is described in

following way
1 e

xtlpzm;xp(i_l)+j Vj=1,2.....P . (2.95)
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where Np = L%J is the number of full periods in the time series. Definitions of the cyclic sample
standard deviation G;p, the cyclic median ¥; p and the cyclic median absolute deviation mad,|p follow
the same procedure.

Moving averages are used to suppress random fluctuations in measurement data when illustrating them
in figures. The moving average MA,, operator with a window size w of a time series x; is defined in

following way
1 w—1

MA, (%) = — ) xii - (2.96)
i=0

2.3.5.2. Autocorrelation functions

The AutoCorrelation Function (ACE)—the correlation of a time series with a delayed copy of itself—is
defined in following way

Y(xs ) Xt )
’Y(xs ) xS)Y(xt Xt )
where x; and x; represent observations at time s and 7, and Y(xy,x;) is the auto-covariance function
defined as follows

p(xg,x;) = (2.97)

V(x5 %) = cov(xg,x;) = E [(xs — %) (x, — X)] - (2.98)

E defines the expectation value or the average and Y(x;,x;) is the variance of the time series (y(x;,x;) =
67), if the variance does not change with time.

If x; is a weakly stationary time series'4, then equation can be written as (according to Shumway
and Stoffer 2006)
Y(xt +hs Xt )

(2.99)
\/ VX X0 ) V(X 5 X )

p(h) =

The Partial AutoCorrelation Function (PACE) is defined as the autocorrelation with removed linear
dependencies.

2.3.5.3. Deseasonalization

In Section [3.3.3.1] seasonal effects in water related measurement data will be introduced (e.g. daily
and weekly seasonalities). This section deals with separating these seasonal effects from data to
smooth time series. In general, seasonal components can be extracted from the measurement data by
subtracting the cyclic mean (equation (2.93)) with P being the season’s period length. Two different
seasonalities exist in water related measurement data; (i) daily seasonality with a period length of
P =24H and (ii) weekly seasonal effects with P = 168H = 7D. The daily seasonality is defined in
following way

30 =Xyoan - (2.100)

14 A weakly stationary time series is a time series (i) with finite variance, (ii) without time dependency of its mean value and
(iii) an auto-covariance function that only depends on the difference |s — 7| between time steps s and ¢ (see for example
Shumway and Stofter|[2000).
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Additionally, this seasonal effect 5! (x ;) is normalized by subtracting the mean value over the whole
season to get rid of additive effects

1 P
1_ sl N|
S =8 —=) 8 . 2.101
t t P I:ZI 1 ( )
The seasonal component s! over a whole time series is given by repeating the seasonal component
1_ 1
S, =Si4p (2.102)
where % represents the modulo operator. Subtracting s; from x, results in time series x;
X =x—s (2.103)
that is free of daily seasonal effects. The same procedure is applied to extract the weekly seasonality

s,2 from X, with period P = 168H =7D

< 1 PT
fzmw—;xww . (2.104)
i=1

Subsequently, the time series consisting of summing up the two seasonal effects plus the mean value
of all measurements will serve as a first simple time series model'>

£ =%+s+s . (2.105)

2.3.5.4. Time series models, residuals and white noise

The aim of time series modeling is to reveal and extract all parts of a time series that obey some math-
ematical law until only a stochastic completely random component remains which can’t be described
by any deterministic model anymore. The residual r; is defined as the observations x; minus the time
series model %,

re=x—Xx . (2.106)

Ideally, if a time series X; describes all underlying parts that can be modeled, the residuals 7, possess
white noise properties.

White noise w; is defined as an independent and identically distributed, uncorrelated random variable
with zero mean w, = 0 and finite variance 62, < . A special form of white noise is Gaussian white
noise w; = A(0, Gtz@), but it has to be mentioned that white noise can have more general forms than
a Gaussian distribution (e.g. heavy tail distributions).

r; should be checked if they have white noise properties subsequently after time series modeling. This
can be done by analyzing the and of r; to check if r; is uncorrelated, among others. Only if
ry € wy, the time series model describes the measurement data sufficiently.

I5Note that time series models will always be formulated as £; throughout this thesis. It emerges from the context which
specific model is used.
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2.3.5.5. Autoregressive-moving-average models

An AutoRegressive (AR) model of order p is based on the idea that current values x; of a time series
can be explained by the past p observations x;_1,x;_2,...,X;—, plus white noise w; (Shumway and
Stoffer|[20006)

Oixp—i +wr (2.107)

)4
Xt =

i=1

where @;...@, are constants with @, # 0. The model in equation (2.107) is called an [AR(p)—an
autoregressive model of order p.

In contrary, the idea behind Moving Average (MA) models is that a linear combination of the last g
white noise processes forms the current observation (Shumway and Stoffer |[2006)

91' Wi_i+ Wy s (2108)

q
Xt =

i=1

where 0; ... 0, are constants with 8, # 0. The model in equation (2.108) is called a[MA|g)—a moving
average model of order q.

AutoRegressive-Moving Average (ARMA]) models represent a class of models that are not sufficiently
described either only by a [MAl processes nor solely by [AR] processes (Shumway and Stoffer 2006).
Hence an p,q) model is defined as a combination of both

P q
X=ctwi+ Y Qix_i+) 0w . (2.109)
~ &

i i=1

c is a constant, p is the order of the [ARl part, g is the order of the [MAl part, ¢; and 6; are coefficients
that have to be fitted, x,_; is the time series value and €,_; is the error term i time steps ago.

Fitting @; and ©; to the observations is an optimization problem which will be solved in this the-
sis by the [BFGS| algorithm—a famous deterministic optimization algorithm defined through a special

formulation of (see section [2.1.2.1.2)).

2.3.5.6. State space models and Kalman filter

This section is again based on the book of (Shumway and Stoffer 2006) on time series analysis.

State Space Form The state space form of a model is defined as a system of two sets of linear
equations. Suppose the model consists of a time series of vectors o, with m parameters—the state
vectors—describing the current state of a system. For example, 0, can describe meaningful but imper-
fectly measured physical variables, but not necessary. Typically, @, is not observed, thus, an observed
variable x; is introduced which corresponds to a data point x; in[TSAl

The first set of equations in the state space form is the transition equation—describing the evolution
of the system
(X.t - Ka,,1+v, . (2110)
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The second set of equations is the measurement equation—describing the relation between the sys-
tem and the observation
x = bloy,+u . (2.111)

K is a (m x m) matrix of constants, b is a (m x 1) dimensional vector, v; is a vector of white noise
processes of size (m x 1) and i, is a scalar white noise process.

Advantages All [ARMAl models described in Section [2.3.5.5] can be translated into the state space
form. The state space representation posses many advantages over the representation. Just to
name a few examples of benefits: (i) the possibility for handling non-stationary processes, (ii) easy
handling of missing observations and the possibility to impute them, (iii) computations with non-
regular time series—that are time series which have irregular spaced time stamps, (iv) using multiple
sensors of different types to estimate states (sensor fusion) and (v) highly efficient update and forecast
formulas'® using only information from the current observation without refitting the model to the
whole dataset by utilizing Kalman filters.

[ARMAl in State Space Every [ARMAIp,q) model—thus also any [MAl and [AR] model—can be repre-
sented in state space through following derivation. Let m be m = max(p,q+ 1), then by setting not
used orders of coefficients to zero and applying ¢ = 0 without loss of generality, one can rewrite

equation (2.109) into
X = wi+0w 1+ 0w 1 O O X (2.112)

Then any order of model can be represented through defining the relationship between equation
(2.112)) and the sets of state space equations (2.110) and (2.111)

=0 and v, =d-w, (2.113)
together with
1 ¢ 1
2 0
buy=| .| €omxn=| . |+ day=| . (2.114)
0 Pm—1 em—l
and the matrix i
c 1
K(m><m) = O 0:| ) (2.115)

where the identity matrix is of dimension 1,,_;,,—1) and the zero vector is of dimension O ,_1)-

The state space representation of an[ARMAI(1,1) results, for example, in the transition equation

o\ o1 1] (ol Wy
() = 15 o] (&) * (o a11o

16This is the most important aspect in this thesis why the state space formulation is used.
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and the measurement equation
1
x = (10)- <°‘f2> - 2.117)
a‘l‘

The truth of these equations can be checked through substituting the second line of equation (2.116))
in to equation (2.117). The first line results in

o = Qo ot dw . (2.118)
The second line is equal to
ol = Ow; . (2.119)
Substituting o2 in equation (2.118)) results in

o = wi+eol | +0w, g . (2.120)

Since Octl = x; (equation (2.117)) this is indeed the ARMAI1,1) model.

Kalman filter The Kalman Filter is an algorithm used to solve state space models in the linear case
and was first derived by Kalman [1960. It can be used for (i) filtering, (ii) forecasting as well as
(iii) smoothing of time series. The filter takes the state space formulation and defines prediction and
updating equations from it. The Kalman filter evolves by predicting and updating the predictions of
o,. The best guess for an observation x; at time ¢ based on all former available information at time
t — 1 will be further written as x;,_;. Furthermore, the conditional variance Py, of the prediction
error O — 0|, is defined as

Py = E[(0y = p)(0y — )] (2.121)

The prediction equations of the Kalman filter have following form

O = K(l,,l‘,,l (2.122)
X1 = bl oy (2.123)
Py = KP_y,1K" +do, d" . (2.124)
With the help of
Vi = X —Xp—1 (2.125)

the variance matrix can be defined as

Y = E(VV ) =E ((x—x-1) (0 —xy-1)") =d" Py 1d . (2.126)

The updating equations are defined as follows

o = at|t71+Pt|t71bZt_]Vt (2.127)
Py = Py _Pt\t—lbzz_lePz\z—l . (2.128)

The updating equations can be interpreted in the following way: any new information enters the
system of equations through the Kalman gain P,,_;b¥, lv,. Intuitively, the gain can be seen as a
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measure of how much to trust in the current measurement by taking all past observations into account.

2.3.5.7. Time series analysis forecast error metrics

Error metrics are used to judge the quality of forecasts of time series data. The metrics presented here
can be found in Hyndman and Athanasopoulos 2014, These metrics are used on the residuals r; of
a time series forecast. Note that it is important that the forecast is applied not on the same data on
which the time series mode has been fitted. Now follows a list of forecast metrics used to judge the
goodness of a time series model. The first metric is the Mean Absolute Error (MAE)

1 N
MAE = — . 2.129
N;:Zi|rt| ( )

N is the number of residual observations r;. Another often used metric is the Root Mean Squared

Error (RMSE)
1 N
RMSE = /- Y (2.130)
Nt:I

To compare the forecast performance between different data sets, the scale independent Mean Abso-
lute Percentage Error (MAPE) can be used

1 N
MAPE = 100-—
L

t=1

I

Xt

(2.131)

For comparing the performance of a certain model with a reference model, the Forecast Skill Score
(SS) can be used

=1- 2.132
SS MSE; (2.132)
with the Mean Squared Error (MSE) defined through
MSE = - f“ﬂ (2.133)
N =1 ' '

The subscript F' stands for the forecast time series and R stands for the reference time series. SSlis 1 if
the forecast is perfect, between 0 and 1 if the forecast is better than the reference, O if the forecast and
the reference are equally good and negative if the reference performs better.

2.3.6. Stochastic event detection

A stochastic event detection algorithm has to be able (i) to determine whether there is a statistical
evidence for claiming that an event has occurred in the system and (ii) to automatically detect the most
likely time when this event started. Since the measurement signal is overshadowed by uncertainties
and stochastic fluctuations, probability theory is necessary to extract signal from noise. All methods
presented in this section can be found, for example, in (Basseville and Nikiforov|1993).
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2.3.6.1. CUSUM method

The CUmulative SUM control chart (CUSUM)) method is a technique to identify changes in data. It is
based on computations of the cumulative sum of positive g;” and negative g, differences (Basseville
and Nikiforov [1993). An event is detected if these changes surpass a specific threshold t. If this
happens, an alarm is triggered and g;" and g; is set to zero. The algorithm can be applied on mod-
els containing a drift with an additional drift parameter d. Additionally, this drift parameter can be
used to clear the memory of the algorithm on small changes going only in one direction in the past.
Mathematically, the [CUSUMI method is formulated in following way

G =x—x-1 . (2.134)
The sum of positive changes is defined as
g = max{C +g" —d, 0} . (2.135)
Similarly, the sum of negative changes is defined as
g, = max{g_,—C—d,0} . (2.136)

The event detection time fp—the time when an anomaly is dected—is the time when the positive
and/or negative signal escapes the threshold defined by

tp = min(t|g" >1) . (2.137)

The algorithm depends heavily on the T value. The higher T—the stronger the signal changes
have to be to become detected timely. In contrary, small T will lead to a lot of false alarms. The ideal
T can be found by analyzing historical measurement data.

Later in this thesis, the [CUSUM] technique will be used for leakage detection. Equation [2.135] will be
used for flow measurements due to the inflow increase caused by the leak—Equation will be
used for detecting pressure drops. But also both criteria can be used simultaneously if one wants to
detect a signal escaping a certain band, which occurs during sensor failures, for example.

2.3.6.2. Likelihood-ratio test

This is a log-likelihood approach for detecting an event and can be found in Basseville and Nikiforov
1993| and Granjon 2013} for example. The event is supposed to change the parameters & of the
signal’s underlying stochastic process. For example, a realization of the stochastic process can be the
data points of a time series x; (Shumway and Stoffer 2000).

The task for event detection is (i) to identify if the parameters &, of the probability distributions
changes at all, and if that is true, (ii) to identify the point in time T when they change. Subsequently,
additional information can be retrieved of the magnitude of this change.

The null hypothesis #j is that the parameters do not change, # that & changes at a certain point in
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time T

Hy: §=8&=...=E_1=8C (2.138)
Hi: §i=8=...G#&u=...=v1=8& . (2.139)

The detection is based on the log-likelihood ratio. The likelihoods £L—a measure of the goodness of
a hypothesis—is defined through (Granjon|2013))

N

L(Hy) = p(x|Ho) = [ p(xil€) (2.140)
i=1
T N

L(#H) = p(x|#) =[] pxl&)- [] pxil&) - (2.141)
i=1 Jj=1+1

Subsequently, the log-likelihood ratio is (Basseville and Nikiforov |[1993))

_nL(}[l)_Tnx' Nnx- _Nn X;
=l (L(%)> _,;1 Pl "&I)Jrj:;ll p(xil&2) ;1 p(xilg) (2.142)

This is a function of T (R; = f(7)).

The generalized likelihood G is defined as (Basseville and Nikiforov [1993)

G=max R . (2.143)

i<t<N
The time instant T when a change is detected, is then defined through the optimization

T=argmax K . (2.144)

i<T<N
Hy is rejected if G is larger than a threshold value A*

2G=2R >\ . (2.145)
A* can be chosen, for example, as or[BIC] values (see Section .

For leakage detection, we will suppose that the measurement values are normal distributed'” and that
the mean of the distribution changes due to a leak—either the mean increases in the flow measure-
ments or the mean decreases in the pressures

{N(yl,cs) for t<t
X —

2.146
N(up,0) for r>1 ( )

The null hypothesis is that the mean does not change over time at all (x; € A(u, ) Vr). The probability
density function of the normal distribution A\’ is defined over its mean u and its standard deviation ¢

in following way
1 (=2

N(XLU, 6) = me 202 . (2147)

7In fact, the approach is flexible enough that any distribution can be used.
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Thus, the null hypothesis results in

1 \V Y w2
L(%):() [[e = . (2.148)

Consequently, the alternative hypothesis is

L(56) < 1 >N IEI _tew? ﬁ P 0.149)
1) = e 20 e 26 .
V2ne? ) - i=t+1
The log-likelihood ratio results then in
L(H) 1 (¢ 2, ) 2
= = P — — — P — . 2.150
%= (Z4)) = 52 (L0 w’+ ¥ P~ Ym 2150

If this value is greater than A* then a leak occurred. The start time of the leak © can be found by
applying equation (2.144)).

2.3.6.3. Bayesian step detector

The problem defined in equation (2.146)) can be formulated in terms of Bayes’ theorem

B|A)P(A)

P(A|IB) = il P(B) (2.151)

The short discussion of the derivation presented here in this section is based on Ruanaidh and Fitzger-
ald [1996.

The problem rewritten in the Bayes’ theorem context results in

P(x[p14207) P(1114,07)

o , (2.152)

P(ui07T)x) =

where P(u11207|x) is the posterior distribution, P(x|u;1:07) is the likelihood and P(u;u07) is called
the prior distribution. P(x) is the evidence—since it is analytically difficult to calculate and since it is
a constant factor, its calculation can be skipped. Then the posterior distribution is proportional to the
likelihood and the prior

P(u1up07|x) o< P(x|p11207T) P(u1 1p07T) (2.153)

Constant uninformative priors ¢; are assumed for the parameters: P(u;) = c¢1, P(u2) = ¢2, P(T) = ¢3
and P(G) = ¢4 = . P(t|x) is sought and it can be calculated through marginalization

0 0 0 P
P(tlx) o /O dc L du; [ d,uIW (2.154)
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The likelihood function is given through

T N
P(xup07) = [[P(xiluio) [ Plxiluo) = ... (2.155)
i=1 j=t+1
o\ —N/2 1 T 2 5 N ) )
.= (27'CG ) exp _27(52 Z(xi +ui —2,ulxi) + Z (xi + 5 — 2#2xi)
i=1 j=t+1

Following two identities can be used to solve the integrals for marginalization through integration

oo b?
/ exp (—axz—bx+c) dx = \/jexp <4a—c> (2.156)

and r
/ 2% exp(—Qx)dx = LY (2.157)
0 o“
After integration the distribution of T—depending on the measurements only—results in
N N 2\ 7
1 T ox)? i1 X
P(tlx) « —— | Y xi— (i)’ Ejen ) . (2.158)
VIN =1) \iZi T N-1

Together with the log-likelihood defined through the logarithm of the likelihood function in equation
(2.153), the single marginal distributions P(t|x), P(u;|x), P(uz|x) and P(G|x) can be also retrieved
numerically by MCMC| (see Section [2.3.2)). This will be examined in more detail for leakage detection
in Section

2.4. Case studies and field tests

In this thesis the developed methods and algorithms will be tested on three networks—a simple net-
work taken from literature and two real-world networks from Austria. These three networks, the
purpose why they have been chosen, for what task they will be used and field tests (if any) will be
presented in this section.

2.4.1. Poulakis

The first network is an artificial network taken from literature. It was first introduced by Poulakis
et al. 2003|who used it for testing a developed Bayesian probabilistic system identification framework
for leakage detection and localization. According to Poulakis et al.|[2003], this network represents a
simplified municipal that is typical for an industrial unit. It is small in terms of the numbers of
nodes, big in terms of total pipe length and very densely meshed.

Hydraulic model Figure [2.16] shows the hydraulic model of the Poulakis network simulated with
OOPNET (Steffelbauer and Fuchs-Hanusch|[2015). Nodes are shown as circles with colors depending
on their simulated pressure value in bar. Their names—respectively ids—start in this network with
a J. The network’s pipes are represented as lines between these nodes with colors corresponding to
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their actual flow value in L/s. Pipe names start in this network with P. The reservoir in the upper left
corner is represented in a diamond shape with id J-01.

1400
‘ P-01
P-07 P-18 P-29 P-40 1200
o2 13 24 35 46
‘ P-08 P-19 P-30 P-41 1000 3
03 14 25 36 47 Q 'g
P-09 P-20 P-31 P42 800 < Q
04 15 -26 37 48
P-10 pP-21 pP-32 pP-43 600 © 2 Q
05 16 27 38 49
P-11 P22 P-33 p-44 400
06 17 .28 39 50 1
P-12 P-23 P-34 p-45 200
0

Figure 2.16.: Network of Poulakis (Poulakis et al.[2003)) with simulated pressures p and flows Q

The network consists of 31 nodes—30 junctions plus one reservoir—connected through 50 pipes. This
network is highly meshed possessing 20 loops in total. The pipes have different diameters ranging
from 300 to 600 mm. The pipe length is 1000 m for vertical and 2000 m for horizontal pipes, resulting
in total length of the network of 71 km. All pipes possess the same roughness coefficient of C; = 0.26
mm. The junctions have zero elevation and each junction has a water demand of gp = 50 L/s. The
junctions are supplied by a tank (J-01) with an elevation of e = 52 m. The total water demand
respectively the inflow in the system equals Q = 1500 L/s.

Purpose The model is a theoretical network taken from literature and serves as a concise example.
It will be used for vividly illustrating leakage localization algorithms and fitness landscape analysis in
simulations (see Section[5.3.2).

2.4.1.1. Transformation of pressure units

The hydraulic simulation software EPANET (Rossman 2000) returns heads and pressures in meter
water column (mH,0)'3. Usually, pressure sensors provide measurements in (derived) SI units—
Pascal (Pa) respectively N/m? or bar (1 mbar=1 hPa = 100 Pa).

The conversion factor cr between pressure in meter (water column) and bar is calculated in the fol-
lowing way:
10°

B szo(T) "8
—_———

CF

p [m] p [bar] (2.159)

where pg,0 is the density of water (note that this quantity is temperature dependent) and g is the
gravitational acceleration on Earth (g = 9.80665 [m/s?]).

18 . or pounds per square inch (psi) in US Customary units.
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The temperature dependence of pg,o is approximated through following formula!®
Pm0(T) =999.972 — (7.0- 10_3) (T — 4.0)2 . (2.160)

T is given in degree Celsius. If not stated otherwise, 7" is assumed to be 7 = 4 [°C] resulting in a
conversion factor of py,0(4) = 999.972.

2.4.2. Linz-Pichling

The second network is a real-world It is located in a small rural part around the city of Linz—
Austria’s third biggest city. This network has been chosen as a case study network during a project
because of its District-Metered Area (DMA)) structure as it has a single inlet and a single outlet point.

50
4.3
40 4.2
= 41c
302 S
= 402
20 © 39 2
Lo 3.8
3.7
0

Figure 2.17.: Case study Linz network with simulated pressure p and flows Q

Hydraulic model The hydraulic network is gravitationally fed by a reservoir from the west side of
the system (diamond shape). It consists in total of this reservoir, 392 junction nodes and 452 pipes,
with a total length of approximately 37 km. The pipe diameters vary from 70 to 400 mm. The
nodal base demands were allocated from billing information of the particular customers. The area is
mainly a residential zone with a few small industries. A big industrial customer is in the north of the
measurement zone. The roughness values of the pipes result from a calibration campaign undertaken
by a company prior to the project. Calibration scenarios have been generated by opening hydrants
during the night to produce high velocities in the network.

Purpose First, field tests for leakage localization were planned in this network, but later on during
the project, they have been canceled. Nevertheless, sensor placement algorithms and leakage local-
ization were widely tested on this network. For the purpose of leak localization and hence for the
application of the introduced sensor placement approach, the nodal minimum night consumption has
been of interest. Nodal consumption was derived for each node from the nodal demand taken from
yearly billing information and a pattern generated from inflow measurements of the DMAL

I9This formula is taken from Formula 2.3 in http://www.iup.uni-heidelberg.de/institut/studium/lehre/
AquaPhys/docMVEnv3_11/MVEnv3_2011_pl_2_Dichte.pdf}
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2.4. Case studies and field tests

2.4.3. Graz-Ragnitz

The third studied system is a real-world network in an rural area located in the surroundings of the
city of Graz (Austria). The network has been chosen due to its structure and its proximity to our
institute. Long-time real-world field studies have been performed in this study area during 2015 and

2016.
I 7 1.0
\l 2 0.8
Q
063
o
0.4
0.2

Figure 2.18.: Case study Ragnitz-Simple network with simulated pressures p and flows O

N W » U O N 0 ©
p (bar)

Hydraulic model Three different hydraulic models exist for this[WDSlin different resolutions: (i) the
Ragnitz-Simple model, (ii) the Ragnitz-Complicated model and the (iii) Ragnitz-Detailed model.
All three models are supplied by a single tank in the southern part of the system (e.g. diamond in
Figure [2.18)) since they represent the same network. From this tank, water enters the system over
two pipes. The inflow in the system has been measured on the left pipe—the right pipe, where no
inflow was measured, has been closed during the whole field testing campaign. The demand data
was retrieved from billing information from the years 2012 to 2015 and a nodal demand equal to the
average consumption of the customers during this time-span has been allocated to the nodes in the
system. In total, 35 hydrants are situated in the where outflows are generated for calibration
and leakage localization purposes as well as pressures were measured. The system consists mainly of
PVC and PE pipes, but also some steel and cast iron parts can be found in the system. Noticeable is
the high pressure of over 9 bar in some parts of the system resulting from huge elevation differences
between the tank and the northern area of the network—North elevation is 404.5 m, South elevation
is 505.2 m. No pressure reducing valves are installed in the measurement zone.

(i) Ragnitz-Simple is the most elementary model consisting of 216 pipes and 212 junctions. Di-
ameters are ranging between 25.4 mm (1 inch) and up to 125 mm. The total pipe length of the
simple system is 9.6 km. The graphical representation of the model with simulated pressure
and flow values can be found in Figure [2.18]

(i) Ragnitz-Complicated is a less skeletonized model of the network than Ragnitz-Simple. It
consists of 650 nodes 658 pipes with a total pipe length of 10.2 km. The pipes have the same
diameter range as the simple model. A graphical representation of the model with simulated
pressure and flow values can be found in Figure[2.19

63



Chapter 2. Background

(iii) Ragnitz-Detailed is the model containing the most details. It has been generated from a GIS
export during the Aquademia project by a student worker. It consists of 1300 nodes and 1309
pipes and has a total pipe length of 16.2 km since all household connections are contained in
this model. A hydraulic simulation of this model is depicted in Figure [2.20}

N W » U1 O N 00O ©
p (bar)

Figure 2.19.: Case study Ragnitz-Complicated network with simulated pressures p and flows Q
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Figure 2.20.: Case study Ragnitz-Detailed network with simulated pressures p and flows Q

Purpose The purpose of these networks is to test algorithms for calibration, optimal sensor place-
ment, leakage detection and localization in simulations and with real-world data.

2.4.3.1. Measurements

For real-world case studies, (i) flow, (ii) pressure and the (iii) tank level were measured in the system.

(i) Flow Flow was measured at the tank with two measurement devices at the inlet of the
system: (a) a Woltmann water meter and an (b) Ultrasonic Flow Meter (UEM).
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(a) The data from the Woltmann water meter has been provided by the from their SCADA] sys-
tem. This measurement device has been used to check the measurements of the [TFML

(b) The at the inflow point is a clamp-on device of type FLUXUS ADM 6725 by FLEXIM.
Data was manually read out from the internal data storage of this device, usually once a week
(depending on the time resolution). The accuracy according to the data sheet for flow measure-
ments is 1 % to 3 % of the measurement value +0.01 m/s.

(ii) Pressure At peak times, up to twelve pressure loggers where installed at selected hydrants in
the system. The measurement positions and the hydrants are depicted in Figure 2.21] The hydrants
were selected according to optimal sensor placement algorithms described in Chapter 4} All high
precision pressure sensors were of the same type—SEWAD 30 with a measurement range of 0 - 30
bar and a resolution of up to 10 mbar (or ~ 0.01 [mH,0]) with an accuracy of +0.2% of the current
measurement value. Data was recorded and stored at the measurement device and manually collected
approximately once every ten days (also depending on the time resolution).

Figure 2.21.: Ragnitz-Simple network with hydrants (green squares) and pressure sensor locations
(blue circles)

(iii) Tank level The tank level data was retrieved from the WUI's system and serves as (a) a
boundary condition for the hydraulic model in the automatic calibration process and (b) for model-
based leak detection and localization the tank levels are subtracted from the pressure data to get rid of
the water level influences on the measurements.

All the measurement data has been collected and stored in the institutes Time Series Database (TSDB))—
an InfluxDB data base part of the Open-source Scientific Data Management System (Camhy
D. et al.[2014; Cambhy et al. 2012).
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2.4.3.2. Hydraulic model calibration

Calibration scenarios The calibration experiments were conducted in the night from 11 to the
12" of April 2016. The [MNE has been chosen in order that the influence of customer demand is mini-
mal on the calibration measurements. For successful roughness parameter assessment, high velocities
have to be produced in the system (Walski[2000) to guarantee that the effect of roughness on pressure
becomes larger than the measurement uncertainties. For that reason, hydrants were opened to produce
large water flows in the system. Pressure was measured at during the calibration night 12 locations.
The measurement locations are depicted in Figure The inflow has been measured at the tank.
Additionally, the outflow and pressure at the opened hydrants has been measured with additional
devices—Hydatlog 80mm with Storz B hose coupling—magnetic inductive flow meters capable of
measuring flows between Qi = 1.5 [L/s] and Q4 = 60.3 [L/s] with an accuracy of 0.5%. The most
time consuming part of the night measurements has been relocating and connecting the hydrant mea-
surement devices. Hence, a scheduled hydrant opening scheme was developed where hydrants were
opened in parallel to produce supplementary calibration scenarios without the necessity of relocating
the devices. This promised the most effective use of the short time frame during the

Figure 2.22.: Ragnitz-Simple network with hydrant opening positions for generating calibrations sce-
narios named from A to F

The locations of the hydrant openings can be found in Figure The measurement campaign was
originally planned with three measurement devices. The scenarios have been generated in two stages:
In the first round, hydrants were opened at positions A, B and C. The generated outflows and measure-
ment times are listed in Table 2.2} The measurements were taken between fyq; and teng. fyar is the
time when the hydrants are already fully opened and the pressures in the system steadied down. 7.4
is the time-step before the hydrants were closed again. Through parallel opening, seven scenarios—
named from S to S7—were generated within the first round. Sy, S4 and S¢ were generated by opening
a single hydrant. In scenarios S>, S3, S5 and S7 hydrants were opened in parallel. Subsequently, the
measurement devices were moved to positions D, E and F. Then the second measurement round was
performed by opening these hydrants. The corresponding outflows with start- and end-times are listed
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in Table 2.3]

Table 2.2.: Calibration scenarios S; for the first round with measured outflows for hydrant openings at
positions A, B and C (see Figure [2.22) from £y t0 tena.

A B* C Istart Tend
Scenario | [L/s] [L/s] [L/s] | [H:M:S] [H:M:S]
S 15.03 — — | 01:37:45 01:40:30
S 8.06 4.11 — | 01:47:30 01:49:45
S3 4.97 1.14  5.10 | 01:58:00 01:59:30
Sy — 11.54 — 1 02:04:00 02:06:00
S5 — 262 7.05] 02:09:15 02:11:45
Se — — 12.03 | 02:15:45 02:18:15
S7 6.93 — 7.06 | 02:22:15 02:25:15

Table 2.3.: Calibration scenarios S; for the second round with measured outflows for hydrant openings
at positions D, E and F (see Figure [2.22)) from #;4, t0 teng.

D* E F start Tend
Scenario | [L/s] [L/s] [L/s] | [H:M:S] [H:M:S]
S 7.60 — — | 03:23:45 03:26:30
Y 1.81 6.06 — | 03:31:30 03:33:30
S10 1.27  5.08 5.05 | 03:36:45 03:39:30
St — 1597 — | 03:44:00 03:45:45
S12 — 6.00 6.00 | 03:51:45 03:54:45
S13 2.20 — 6.02 | 03:58:30 04:01:00
S1a — — 9.07 | 04:04:30 04:07:45

Unfortunately, only two instead of three hydrant measurement devices were available in the calibra-
tion night. Therefore, outflows generated at locations B* and D* were not measured directly at the
hydrants. That is why they are marked with a star in Tables [2.2]and [2.3] The corresponding outflows
have been estimated by subtracting the MNF from the corresponding inflow measurements at the times
of the hydrant openings. The for the measurement night has been calculated by averaging the
inflow respectively the according pressures between 1:22 and 1:31 in the morning. The night flow
results in Qynr = 1.217 [L/s]. Differences in pressure and flow of the calibration scenarios and the
[MNE values are depicted in Tables 2.4 and[2.5] The system’s inflow Q(r) and the measured pressures
p(t) during the scenarios can be seen in Figure and Additionally, the times when the mea-
surements are used for calibration and for leak localization are highlighted for each scenario in the
time series.

Automatic calibration Model-based leak localization depends on measured flow and pressure dif-
ferences when a leak occurs. The pressure differences are generated by higher friction losses resulting
from the increased flow respectively velocities in the network. The roughness parameters of the pipes
are responsible for these head losses. Consequently, these roughnesses have to be estimated as accu-
rate as possible. For that reason, a computer program has been developed to calculate pipe roughness
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Table 2.4.: This table shows the differences to the [MNH and calibration scenario measurements for
the inflow (AQ) and the first six pressure measurements (Ap). See Figure for the
measurement device locations.

Inflow | HG3420 HG3445 HG3835 HG3933 HG4150 HG4162

AQ [L/s] | Ap[bar] Ap|[bar] Ap|[bar] Ap[bar] Ap [bar] Ap [bar]

Si 14.66 -0.92 -0.92 -1.53 -1.95 -0.92 -0.92
S 12.12 -0.68 -0.68 -1.01 -1.14 -0.68 -0.68
S3 11.16 -0.64 -0.64 -0.72 -0.77 -1.14 -0.88
Sy 11.49 -0.65 -0.65 -0.85 -0.84 -0.65 -0.65
Ss 9.63 -0.52 -0.52 -0.49 -0.49 -1.41 -0.95
Se 11.75 -0.76 -0.76 -0.67 -0.66 -3.10 -1.91
S7 13.69 -0.91 -0.91 -1.02 -1.12 -1.80 -1.35
Sg 7.69 -0.30 -0.30 -0.45 -0.54 -0.30 -0.30
So 7.83 -0.30 -0.30 -0.41 -0.41 -0.31 -0.31
S10 11.36 -0.64 -0.64 -0.68 -0.69 -0.68 -0.68
St 15.69 -1.03 -1.03 -1.31 -1.30 -1.03 -1.03
S12 11.62 -0.67 -0.67 -0.70 -0.70 -0.73 -0.73
S13 8.17 -0.38 -0.38 -0.39 -0.40 -0.44 -0.44
Si4 9.34 -0.50 -0.50 -0.45 -0.45 -0.62 -0.63

Table 2.5.: This table shows the differences to the [MNF and calibration scenario measurements for
the inflow (AQ) and the last six pressure measurements (Ap). See Figure @ for the
measurement device locations.

Inflow | HG4215 HG4339b HG4383 HG4540 HG4576 HG4744

AQ [L/s] | Ap [bar] Ap [bar] Ap [bar] Ap[bar] Ap [bar] Ap [bar]

S 14.66 -0.92 -2.97 -2.90 -2.84 -2.61 -1.16
Sh 12.12 -0.68 -1.43 -1.40 -1.38 -1.29 -0.77
S3 11.16 -0.88 -0.89 -0.88 -0.87 -0.83 -0.60
Sy 11.49 -0.65 -0.78 -0.78 -0.77 -0.75 -0.64
Ss 9.63 -0.95 -0.47 -0.47 -0.47 -0.47 -0.43
Se 11.75 -1.91 -0.65 -0.65 -0.65 -0.64 -0.61
S7 13.69 -1.34 -1.35 -1.33 -1.31 -1.24 -0.87
S 7.69 -0.30 -0.96 -1.00 -1.02 -1.10 -0.40
Sy 7.83 -0.31 -0.44 -0.45 -0.45 -0.48 -0.36
S0 11.36 -0.68 -0.71 -0.71 -0.71 -0.75 -0.63
S 15.69 -1.03 -1.28 -1.28 -1.28 -1.31 -1.22
Si2 11.62 -0.73 -0.68 -0.68 -0.68 -0.71 -0.64
S13 8.17 -0.44 -0.43 -0.43 -0.44 -0.48 -0.34
Si4 9.34 -0.62 -0.45 -0.45 -0.45 -0.49 -0.41

68



2.4. Case studies and field tests

Qinflow

v
-
N
<
]
T

HG4339b
—— HG4383

HGA4744

(bottom) measurements during the first round of the

Figure 2.23.: Flow Q(¢) (top) and pressure p(r)

calibration. The scenarios S to 7 are marked and the time-spans where the measure-

ments are used for automatic calibration are highlighted

HG3933
—— HG4150

Oinflow

— HG3420
HG3445

Vo

e~y

n o w

[s/11 (Mo

10
8

6 ~o~mvanre
1

HG4339b
—— HG4383

HGA4744

(bottom) measurements during the second round of

)

(t) (top) and pressure p(t
the calibration. The scenarios Sg to S14 are marked and the time-spans where the mea-

Figure 2.24.: Flow Q

surements are used for automatic calibration are highlighted

69



Chapter 2. Background

values from the calibration data.

An implicit calibration approach is chosen (Savic et al. [2009). Roughness parameter estimation is
formulated as an inverse problem and the roughness parameters are found that fit the measured values
the best with a heuristic optimization algorithm from Section [2.1} This approach is similar to the
model-based leak localization approach in Chapter [5| The fitness function of the calibration problem
is formulated as a sum of least squares

Ng Ny
O =YY (mij—mi;(x)* — minf(x) . (2.161)
1

j=li=

m; j is the i-th measurement value in scenario j, 7#7; j(X) is its corresponding value resulting from a
hydraulic simulation, N, is the number of measurements and Ny is the number of calibration scenarios.
x is the parameter vector containing the roughness values and depends on the parametrization of
the problem. In general, more roughness values have to be found than measurements exist in the
system. For that reason, finding all roughness values accurately is a highly under-determined problem.
Consequently, the roughness values have to be subsumed into groups. Criteria for selecting pipe
groupings are pipe material, pipe age, diameter, relative locations in the system or the identification of
critical pipes influencing pressure heads (Mallick et al.[2002). The developed algorithm is capable of
using all these criteria and furthermore also allows combining different groups to increase the number
of possible groups. Lippacher|2018|found that one of the best groupings for the Ragnitz network for
roughness calibration aiming model-based leak localization was to group the pipes into five groups
according to their relative position in the system. The locations of these five groups are depicted
in Figure [2.25| with different colors for the groups from G; to Gs. Additionally, while analyzing the
pressures in the calibration scenarios, a pipe belonging to G5 with high head loss has been identified in
the system prior to calibration. This pipe was expected to either be heavily encrusted?® or a valve has
been partially closed. The affected pipe is highlighted in Figure [2.26 with an arrow. Later on, after
the field testing campaign, the confirmed that a valve has been forgotten to be fully re-opened
after maintenance work in the system. Since this partially-closed valve affected the results of the
roughness calibration, it was modeled with a minor loss coefficient k; (see equation (2.61])) which was
also incorporated in the parameter vector X in the optimization problem defined in equation (2.161).

The optimization problem in equation was solved with the [DE] algorithm as described in Sec-
tion [2.1.2.2.7] Not all generated scenarios were used due to the missing measurement device at loca-
tion B* respectively D*, because the hydrant outflow could not be estimated accurately. Hence, only
scenarios without hydrant openings at these locations are chosen. This scenarios are Sy, Sg, S7, S11,
S12 and S14 (see Table @] and @ Additionally, a [MNF scenario Sy was taken into account using
measurement values between 1:21 and 1:31. The resulting roughness values c; for the groups are
taken from Lippacher [2018|and can be found in Table A minimal fitness value of f(x) =20.28
was found. The average absolute deviation D;

1Y
D, = — =y 2.162
i NSJ'; lm; j — i j(X)| ( )

at the measurement points are listed in Table m are the measured and 772 are the simulated values
for all pressure sensors p;, Ns is the number of scenarios. The difference between the measured and the
simulated values are also shown as a correlation plot in Figure[2.28] The minor loss and the roughness

20 . which is not very likely in a system consisting mainly of plastic pipes like the Ragnitz network.
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values are depicted in Figure[2.26] Due to the small differences of the values, the logarithm with base
10 of the roughnesses are additionally depicted in Figure[2.27] The minor loss of the partially-closed
valve resulted in a very high coefficient of k; = 1384.
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Figure 2.25.: Groups for roughness calibration

Table 2.6.: This table shows the roughness values ¢; for the pipe groups from Figure resulting
from the automatic calibration approach.

G
Group | [mm]
Gy 0.0148
G, 0.0061
G3 0.2594
Gy 0.9101
Gs 1.9980
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Table 2.7.: This table shows the average absolute deviation of measurements and simulations for the
optimal roughness parameter set in Table [2.6]

D;
Sensor [bar]

HG3420  0.059
HG3445 0.043
HG3835 0.021
HG3933  0.020
HG4150 0.038
HG4162 0.016
HG4215 0.016
HG4339b  0.029
HG4383  0.018
HG4540  0.027
HG4576  0.063
HG4744  0.041

Figure 2.26.: Roughness values after calibration
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Figure 2.27.: Roughness values in logarithmic scale after calibration
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Figure 2.28.: Correlation plot for pressures with calibrated roughness values between measured m and
simulated values m(x)
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2.4.3.3. Leak scenarios

In addition to the calibration scenarios where huge outflows were generated, smaller scenarios have
been produced serving as artificial leakages in the system. First, also in the calibration night by smaller
openings of the hydrants. Second, long-time leak outflow experiments were generated with a special
device allowing to measure small leakage outflows down to Qp = 0.25 L/s and even smaller. This
small leak datasets will act as real-world leak detection and localization benchmark scenarios in this
thesis.

2.4.3.3.1. Small artificial leaks during calibration night In the calibration night, the hydrant de-
vices measuring the outflow have been also used to generate smaller leakage outflows that are used
later for leak localization. The measurement devices had a low flow measurement threshold of 1.25
L/s. The hydrants were opened until the measurement devices registered a leakage outflow, then the
outflow was reduced a bit to generate scenarios with approximately Q ~ 1.0 [L/s]. The leakages were
produced at positions A, E and F (see Figure[2.22). The generated leak scenarios are named Sis to Sy7
carrying on the calibration scenario nomenclature. All scenarios, their start i, and end times ?,,4,
inflow AQ and pressure measurement differences Ap and their leak positions are summarized in Table
Additionally, the inflow and pressure measurement differences to the of each scenario are
depicted in the same manner as before in Figures[2.29]to[2.31] Again, the timespans, where averages
are taken, are highlighted in green color. The pressure response at all measurement locations is one to
two magnitudes smaller than for the calibration scenarios. This can be seen if Table [2.8]is compared
with Table [2.4]respectively Table [2.5] The pressure drops are even hard to see in Figures [2.29)to[2.31]

Furthermore, it can be seen that in Figure large flow and pressure fluctuations were produced
during Scenario S16 at around 03:04. This fluctuations resulted probably from readjusting the leakage
outflow manually during scenario generation. It has to be noted that producing a constant leakage
outflow out of a hydrant in a system with high pressures of up to 10 bar is obviously not as trivial as
expected, because this process has been dynamically than anticipated and the measurement devices
were not well suited for this purpose.
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Figure 2.29.: Leak generated in Scenario 15
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Table 2.8.: Leak table for smaller leak scenarios during the calibration night with start #y,,, and end
times ?.,4 and differences in pressure Ap and flow AQ to the[MNRfor different leak positions

p(t) [bar]

Figure 2.30

Scenario S5 S16 S17
Leak Pos. A E F
tgars | 02:30  02:57 04:12
tena | 02:45 03:10 04:23

Sensor
Inflow AQ[L/s] | 1.177 1.138 1.338
HG3420 Ap (bar) | -0.019 -0.018 -0.025
HG3445 Ap (bar) | -0.020 -0.020 -0.026
HG3835 Ap (bar) | -0.029 -0.025 -0.024
HG3933 Ap (bar) | -0.035 -0.024 -0.025
HG4150 Ap (bar) | -0.020 -0.020 -0.032
HG4162 Ap (bar) | -0.020 -0.021 -0.031
HG4215 Ap (bar) | -0.020 -0.020 -0.032
HG4339b  Ap (bar) | -0.047 -0.025 -0.024
HG4383 Ap (bar) | -0.046 -0.025 -0.023
HG4540 Ap (bar) | -0.045 -0.025 -0.023
HG4576 Ap (bar) | -0.041 -0.036 -0.060
HG4744 Ap (bar) | -0.023 -0.022 -0.022

g | -
s Sie

e\ featenss — HG3420

—=- HG3445
—— HG3835
=== HG3933
—— HG4150
=== HG4162
"TT —— HG4215
—=- HG4339%b
—— HG4383

HG4540

HG4576

HG4744

~~~~~

.. Leak generated in Scenario 16
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Figure 2.31.: Leak generated in Scenario 17

2.4.3.3.2. Small long-time artificial leaks Soon after the calibration night measurements, artificial
leaks with small leakage outflows were introduced in the system—aiming to produce measurement
data for small leak scenarios with long run-times. For that reason, a special measurement device has
been build to enable the production and measurements of such small leaks. The same pressure and
flow sensors as before were used in the of Ragnitz, although approximately after one and a half
month, the number of pressure measurements had to be reduced to six sensors, since the WU needed
the measurement devices for other daily business operations.

Figure 2.32.: Locations of artificial leaks in Ragnitz-Simple network labeled with Roman numbers
from [ to IV

The experimental setup for producing and measuring small leaks consisted of a fire hose of 15 meters
length attached to the hydrant at the planned leak positions. Further attached to this fire hose was
an approximately two meter long PVC pipe with a diameter of 32 mm. After a calming section, an
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was clamped on onto this PVC pipe for measuring accurately the leak outflow. The type of this
[UFM was a "Prosonic Flow 92" with a build in data logger charged by a car battery. It has to be noted
that this outflow was only measured for obtaining controlled experimental conditions and that this
information was not used for leak detection nor for localization.

The long-time leak experiments took place in a time-frame of three months between April and July
2016. Leaks at four different positions were produced in the Ragnitz network. The leak locations
are depicted in Figure [2.32] and labeled with Roman numbers from I to IV. Additionally, different
scenarios were produced at these locations with different leak magnitudes. The scenarios are named
from S, to S;. The magnitudes ranged between 0.25 and 1.0 L/s. Leak run-times were between two
days (49 hours) and more than a week (188 hours)—in the long-term scenario Sy at leak position I
with a magnitude of 0.7 L/s. All leak scenarios are summarized in Table In total, 1952 m? of water
were dissipated during the long-time leak scenarios. This is approximately six and a half complete
fillings of the measurement zone’s tank>!. In general, the leak scenarios were changed approximately
every third day. Between the mid of May and the beginning of July a longer period existed, where the
leak free system could be observed.

Unfortunately, problems occurred during the first scenario S,. The internal storage of the pressure
measurement devices had been overestimated, leading to a memory overflow in the internal ring mem-
ory which resulted in a measurement data loss almost during the whole first scenario. This is why this
scenario will not be used for leak localization. Anyway, experiments with the same leak magnitude at
the same positions have been repeated in scenario S; after the storage fault was recognized.

Furthermore, it has to be mentioned that the measurement campaign fell luckily in a period with few
National holidays. The leak scenario S, produced on the National holiday at the first of May has been
a Sunday and hence is supposed not to be different to a normal Sunday. Only scenario S; contains a
holiday day (the 16 of May) which has been on a Monday, hence, the customer behavior may differ
from a normal Monday.

Table 2.9.: Overview of the long-time artificial leak experiments in the Ragnitz network

Pos. Hydr. ~ QL tstart tend tp
Scenario [L/s] [hours]

A\ I HG3880 0.50 15.0411:15 17.0412:32 49
Sp I HG3880 0.70 17.04 12:33 20.04 09:49 69
Se I HG3880 0.30 20.04 09:51 22.04 09:47 47
Sy I HG3880 0.50 22.0410:35 25.04 10:51 72
Se I HG4504 0.25 25.0412:15 28.0415:16 75
Sy II  HG4504 0.50 28.0415:19 01.0516:12 72
Se I HG4504 0.70 01.0516:13 04.05 08:29 64
Sh III HG3164 0.50 09.0511:30 12.05 14:37 75
S; I HG3164 1.00 12.0514:38 15.0510:40 68
S III HG3164 0.25 15.0510:51 18.05 14:38 75
Sy I HG3880 0.70 04.07 12:20 12.07 09:15 188
S IV HG4118 090 12.0710:21 15.07 09:44 71

21 The tank volume in Ragnitz is 300 m3.
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Chapter

[Leak Detection

“Time is an illusion. Lunchtime doubly so."

— Douglas Adams, The Hitchhiker’s Guide to the Galaxy

3.1. Literature review

Modern sensors and data communication technologies enable—while at the same time tight financial
budgets urge—WUk to save on human resources. Whereas in the past, human operators were in charge
of small single supply areas, nowadays, modern supervisors are simultaneously responsible for multi-
ple locations (Bakker, Vreeburg, Roer, et al. 2014). The increasing distance between the human
operator and the physical leads to a growing risk of failures being unrecognized for long times.

Data analysis methods processing pressure and flow measurements in an automatic way are of par-
ticular interest for providing a rapid response to pipe burst and leaks (Romano et al. [2013)). These
techniques can efficiently handle huge amounts of data in a way that no single human is capable of.
The data is preprocessed by extracting only useful and relevant information for making operational
decisions.

Several different approaches exist in scientific water related literature addressing this topic—some of
these approaches are presented here in this section. Most of them make use of statistical methods, soft
computing algorithms like Artifical Neural Networks (ANN)) or time series models. For instance, S. R.
Mounce and Machell 2006/used ARIMA models to get rid of diurnal effects in the measurement data
and to impute missing values. Subsequently, static and time delay [ANNk—where the latter performed
better—were used. The data was artificially generated by flushing hydrants during the with leak
outflows of 1 to 5 L/s. This corresponded to 2 to 10 % of the average inflow in the system. Flow and
pressure measurements at the inflow and outflow of the were used with a time resolution of one
minute to detect these events. After all, the method was able to detect 75 % of the leaks correctly.

S. R. Mounce, R. B. Mounce, et al. 2011| used Support Vector Machiness (SYMk) to detect unusual
flow and pressure fluctuations. The method was able to detect bursts, sensor failures as well as hydrant
flushing events of known size (2 L/s) in the system. The outflow corresponded to 6 to 12% of the
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average inflow. Furthermore, S. R. Mounce, R. B. Mounce, et al. 2011| found that pressure is a less
reliable parameter than flow for event detection and that the response of a particular meter is strongly
connected to its location in the system.

Ye and Fenner |2011|used an adaptive Kalman filter on pressure and flow data to model normal water
usage. The seasonal effects were eliminated by subtracting the measurement values of the past week.
Residuals of the filter indicated abnormal water usage caused by a burst. The method was applied
on (i) engineered burst tests by opening hydrants between 2.5 and 6.2 L/s; and on (ii) data from 10
real verified by using customer complaint and repair logs of the WUl Most of the bursts were
detected within 15 minutes. The burst had large burst sizes of 10 % to 50 % of the average inflow. The
results showed that flow measurement data is more sensitive to a burst or a leak than pressure data.
Furthermore, combinations of pressure and flow data was not successful since it did not improve the
detection performance at all.

Eliades and Polycarpou [2012| used an adaptive forecasting methodology by updating Fourier coef-
ficients. Subsequently, a detection logic utilizing the method was used on the first Fourier
coefficient. This coefficient represents the offset of the data and is linked to a leak in the system. The
methodology was applied on simulations based on real flow data where leaks were simulated with
sizes of 1.5 % to 10 % of the average inflow. The algorithm was able to detect leaks of sizes down to
0.4 L/s. However, Eliades and Polycarpou [2012]stated that the detection of this small leak sizes might
not be possible in practice because of uncertainties in customer demand and measurement noise. Fur-
thermore, the detection time for leaks was slow taking 10 days in average, yet, 15 % of the small leaks
were detected after three weeks.

Romano et al. 2013| made use of with multivariate Gaussian mixture and Bayesian inference
models. Additionally, the approximate location of the leak is retrieved through application of geosta-
tistical techniques. The method was tested on burst data generated by hydrant openings in a real-world
(see Chapter [3)).

Bakker, Vreeburg, Roer, et al.|2014, developed a heuristic burst detection method utilizing an adaptive
water demand forecasting model for flow data together with a dynamic pressure drop-demand relation
estimator (Bakker, Vreeburg, Schagen, et al. 2013)). One point forecasts were made for the next time-
step 15 minutes into the future. Historical data of five years was used of three rather large areas
(larger than usual DMAk) with average zonal demands ranging from 9 L/s for the smallest zone up
to 640 L/s for the largest zone. The smallest detected burst in the smallest zone was 2 L/s and 42
L/s for the largest zone. Bakker, Vreeburg, Roer, et al. 2014] stated that the method is applicable
anywhere provided that one year of historical data is available to construct the adaptive forecast model.
Additionally, they found that pressure was not very valuable for burst detection, because the effect of
burst on pressure was much less profound than its effect on flow measurements. Nevertheless, the
model was able to detect critical bursts in the historical data at an earlier stage than customer reports
or the detection capabilities. Especially, small bursts and bursts occurring during the nighttimes
resulted in long run-times.

D. Jung, D. Kang, et al. 2015/ utilized different univariate and multivariate statistical process con-
trol methods, for example, western electric company rules, or exponentially weighted [MA]
Hotelling 7> methods and mutlivariate versions of and exponentially weighted MAk. The
methods were tested on artificial generated data sets and on the same historical data as Bakker, Vree-
burg, Roer, et al. 2014. It was shown that univariate exponentially weighted [MAl performed best.
Furthermore, D. Jung and Lansey 2015|used a non-linear Kalman filter with nodal group estimation
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on artificial generated data for burst detection and showed that this approach performed better than a
linear Kalman filter.

Y. Wu, Liu, et al. 2018| developed a clustering-method utilizing cosine distance to find dissimilarities
in data obtained from multiple flow sensors. Nevertheless, the method was only sensitive to relatively
large bursts.

Of course, other data driven and soft computing approaches can be found in literature, including
self-organizing maps coupled with [ANRk (Aksela et al. [2009), principal component analysis (Palau
et al. [2011)), fuzzy interference with [ANN| (S. R. Mounce, Boxall, et al. 2010) or Bayesian demand
forecasting systems (Hutton and Kapelan [2015), just to name a few. An excellent, recent and more
detailed review on this topic summarizing various data-driven approaches for pipe bursts detection
can be found in Y. Wu and Liu 2017,

3.2. Methodology

3.2.1. Overview of methods

All methods used in this chapter have already been introduced in Section This section sets the
methods into context for model-based leak detection and gives a short overview how the methods are
used in the results section. Model-based means in the connection to leak detection not that a hydraulic
model is involved, it means that the measurement data is modeled with [TSAltechniques. is used to
extract relevant information from the measurements by decoupling the leak signal from measurement
noise and random fluctuations. An overview of the used techniques and the corresponding sections
in the results can be found in Figure 3.1] The methods are depicted as squares, the corresponding
sections are depicted in the background with colors, round edges and numbered; the single parts of
the time series data that is used for—or results from—specific methods are depicted as circles.
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Figure 3.1.: Overview of the leak detection methodologies
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First, the original time series x; represented by the plain measurement values (flow or pressure) is
examined in detail—especially the seasonal effects are exposed in a seasonal analysis (see Section
3.3.1)—through applying the cyclic operators defined in Section [2.3.5.1]in equation (2.95).

Second, outliers are identified in the measurement data on the example of unusual demand during
[MNH hours (see Section for the results). The outlier detection is performed with Tukey’s range
test as defined in Section[2.3.3

Third, the measurement data is modeled with techniques. At first, the time series modeling
is performed through deseasonalizing x; as already discussed in Section [2.3.5.3] x; is split up in
components: its mean X;, two seasonal components s, and s>—forming together a simple time series
model x{—and the residual component r;. The residuals are further analyzed by looking at the
and defined in Section [2.3.5.2] As a result of this analysis, the residuals are further modeled
through models (see Section [2.3.5.5) to extract correlation effects between subsequent data
points. The best [ARMAI model is chosen by statistics (see Section [2.3.4)), namely, [AIC] and [BICI
This results in a division of the modeled time series in (i) m, which can be seen as a trend function,
and (ii) a random component r{. m, together with the seasonal model X} forms the complex model
X{—describing the behavior of x; in a more advanced way than £7.

Fourth, the simple and the complex model are evaluated in a forecast performance analysis. For that
reason, the models are used to forecast x; by utilizing data that has not been used priorly for fitting the
models. £ and £ are evaluated using the forecast metrics described in Section[2.3.5.7]

Finally, the different parts of the models are used for leak detection utilizing different algorithms. A
focus of this analysis is on the algorithms described in Section [2.3.6}—answering following relevant
questions: (i) how fast is the algorithm, (ii) how sensitive, (iii) do certain parameters have to be tuned
and how complicated is the parameter tuning and (iv) is the algorithm capable of finding small leaks
in flow and/or pressure measurements. These questions are relevant for the research question of this
chapter—if an automated detection of a small leak is possible.

3.2.2. Measurement data

The measurements start at the 30" of May 2016 and end at the 12" of July and is depicted in Figure
A long leak-free period is followed by a small leak—starting at the 4" of June within the data
recorded during the field-study. This leak serves as a test for the detection algorithms.

The data is partitioned in three phases: (i) the training, (ii) the test and (iii) the leak phase.

(i) The first phase between the 30" of May and the 26" of June is the training phase, which lasts
for four weeks in total. This phase is used for analyzing the measurements in detail, for finding
the optimal time series model with[TSAlalgorithms and for fitting this model to the measurement
data.

(ii) The second phase between the 27" of June and the 3'¢ of July is called the test phase. It lasts
for one week. Within this phase the models retrieved in the first phase are tested regarding their
forecast performance respectively their forecast error under normal conditions.

(iii) The third phase between the 4" of July and the 12" of July is the leak phase. An artificial leak
is introduced in the system. In this phase different leak detection algorithms are applied on the
data to test if and when they detect the leak—both on flow and pressure measurement data.
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Figure 3.2.: Overview of flow (top) and pressure (bottom) data used for [TSAl and leak detection. The
training, the test and the leak data sections are highlighted

All three phases—training, test and leak—are additionally highlighted in Figure 3.2l The inflow
measurements are on the top, the pressure measurements are at the bottom of the figure. Six pressure
sensors were installed in the system during this period. The sensor positions result from the optimal
sensor placement algorithm of Casillas in Section and the SPUDU algorithm in Section
@.2.2.4—for five sensors each. Only six sensors were necessary for both placements, since four sensor
positions of the Casillas and SPUDU algorithm coincide. The pressure data is of high time resolution
with a measurement each minute. The flow measurements have the same resolution of one minute as
the pressure measurements. The measurement values are accumulated by building the mean over a 15
minute time period—all leak detection algorithm experiments use this 15 minute data. Additionally,
results of experiments with higher (5 minutes) and lower (1 hour) time resolution are discussed.

The sensors were positioned at following hydrants: HG3420, HG3835, HG3933, HG4162, HG4215
and HG4384 (see Figure[2.21]in Section [2.4] for the locations corresponding to the hydrant numbers).
Unfortunately, the sensor at HG3420 malfunctioned during this period. Thus, HG3420 is not depicted
in Figure 3.2] Additionally, sensor HG4215 started to malfunction shortly after this measurement
period. Even before, the sensor delivered false measurements—it is the only sensor where the pressure
increases when the leak was introduced in the system. Consequently, this sensor is not used for
leak detection and localization. In total, four well-functioning pressure sensors remain for the leak
experiments.

The artificial leak is introduced in the system on the 4" of July at 12:20 at hydrant HG3880 with a
magnitude of approximately Q; =~ 0.7 (L/s)—see leak scenario Sy in Table [2.9]in Section 2.4 The
leak location at HG3880 corresponds to position / in Figure [2.32]
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3.2.3. Pressure tank level correction

The water level fluctuations of the tank are in a scale of 2.5 meter—or approximately a quarter bar.
This is in the magnitude (or even a magnitude higher) of the pressure drop caused by the leak. The
fluctuations have an additive effect on the pressure measurements in the system. Thus, the tank level
units are transformed from meter to bar and, subsequently, subtracted from the pressure measurements

to remove this additive effect.
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Figure 3.3.: The water level of the tank converted from meter to bar and approximated with a cubic

splines

Unfortunately, the temporal resolution of the tank level measurements is not as high as the resolu-
tion of the pressure measurements. Periods exist where a level measurement is available once an hour.
Thus, the water level data is approximated through cubic splines to estimate the data at timestamps be-
tween the measurements. An example can be seen in Figure [3.3|where the data is already transformed

to bar with the procedure described in Section[2.4.1.1]

3.3. Results and discussion

This subsections in the results section strictly follow the numbering scheme in Figure

3.3.1. Seasonal analysis

Figure 3.4) shows the inflow Q(¢) over time in the Ragnitz system in a time resolution of one minute
during the model training period of three weeks between the 30th of May 2016 and the 26th of June
2016. Additionally, the moving average MA gy over one hour and over one day MA,4y is depicted
to decrease random fluctuations in the data. The figure shows that wider moving average windows w

follow the measurements slower.

The inflow measurements summarize the collective water consumption of all customers in a measure-
ment zone plus an offset resulting from leakage outflows of not detected leaks. Figure [3.4]shows that
the variations of the demand over time possess different fluctuating time scales (Walski et al. 2003)).
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Figure 3.4.: Inflow in of the Ragnitz network

The first time scale is a daily variation of demand according to differences in water usage of customers
over the course of one day. By applying cyclic operators as defined in equation (2.95) with a period
length of P = 24 hours, this effect is revealed (see Figure[3.5). Figure[3.5a)shows the daily cyclic mean
X245 and the corresponding cyclic standard deviation G;j24y, while Figure @ depicts the cyclic
median %54y and the cyclic mad, 4. Additional moving averages with a window size of w = 1H
are shown. Figure [3.5] shows that the median and mad is more robust to fluctuations and outliers
than the mean and the standard deviation 6. The measurements reveal that water consumption is low
during nighttime. The MR is approximately Qunr =~ 1.0 (L/s). In the morning, after inhabitants in
the measurement area awake, the consumption reaches its maximum. The reasons for this morning
peak are people taking showers, using toilets or preparing breakfast. Subsequently, most people leave
the measurement zone and go to work. Note that the zone is a residential neighborhood and not a
commercial area. The inflow in the system decreases until the inhabitants return in the afternoon,
which results in a second peak. This customer behavior is nearly the same every day.

The second important periodical effect in the inflow time series can be seen on a weekly time scale.
The diversity arise from differences in consumption on weekdays and weekends. Consequently, this
effect is revealed by splitting the cyclic daily averages into the corresponding days of the week. Figure
[3.6] shows that the morning peak starts later at weekends. Already at Friday afternoon, the inflow in
the system shows a different behavior compared to other weekdays.

As a consequence, an accurate time series model has to account at least for these two time scales—
daily and weekly. Additional seasonal effects exist in water demand. For example, water consumption
during dry weather periods in summer (gardens, swimming pools) is substantially higher than water
consumption during winter. However, the field test took place during spring and summer 2016. Thus,
these seasonal effects can be neglected. However, the discussed [TSAl methods are capable of integrat-
ing additional seasonalities without additional effort.

To obtain accurate pressure measurements, the data was preprocessed in this chapter. This pre-
processing consisted of subtracting water level measurements (see Section [3.2.3). The subtraction
isolates the pressure measurements from tank water level influences. Figure [3.7]compares the inflow
Q(t) and the pressure p(t) averaged over all measurement station in the zones. The pressure shows an
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Figure 3.5.: Daily (cyclic) inflow pattern in Graz Ragnitz
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Figure 3.6.: Differences in the hourly moving average of cyclic daily pattern MA 4 (X;245) on differ-
ent weekdays
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inversely proportional behavior to the inflow. p(¢) is highest during MNF hours—during the morning
peak it possesses its minimum. A second minimum occurs in the afternoon. Additionally, the pressure
also possesses the same weekly periodical effects as the inflow, but these seasonalities are not shown
here.
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Figure 3.7.: Relationship between inflow Q(r) (left y-axis) and pressure p(t) (right y-axis) averaged
over all pressure measurement stations—depicted as MA H(X,‘MH)

3.3.2. Outlier detection

Water demand is not the same every day (see Figure [3.4). Besides daily and weekly variations, water
demand differs, for two consecutive Mondays, for example. Figure [3.8]emphasis this effect by depict-
ing the inflow in the system as boxplots for each day. The upper part of the figure shows the inflow
data as hourly mean Q(#), the middle part shows boxplots of the inflow during the whole day and the
boxplots at the bottom show the inflow during MNE The [MNF was found to be between 2:00 and 4:00
in the morning in the measurement zone.

There are days with unusual high water demand. For calibration and leakage localization it is im-
portant to separate days with normal water consumption from those days. This section presents an
automatic procedure to identify those days based on Tukey’s fence test (Section [2.3.3). This test is
applied on inflow measurements to automatically identify days with high demand.

Figure [3.9] presents the results of Tukey’s test on the inflow data. The data points are the mean
values over the MNE Q,,yr(t). The quartiles of the data result in g; = 1.011 (L/s) respectively g3 =
1.118 (L/s). This leads to the outlier boundaries of [0.852,1.278] (solid line), respectively, to the
far outlier boundaries of [0.692,1.437] (dashed line) in Figure Two data points surmount the
far outlier boundaries—three the normal outlier boundaries. All remaining data points are within the
boundaries. The dates of these data points and their corresponding Qv are listed in Table
Interestingly, the outliers are all on different days of the week. Consequently, it does not result from
weekly seasonality.
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Figure 3.8.: Boxplots showing outliers

The effect when those outliers are deleted from the data can be seen in Figure 3.10] The minutely
measured inflow with outliers is depicted in Figure @ as daily mean X;p45. Additionally, the
sample standard deviation G545 and a moving average MA H(?cth) with a one hour window size
are shown. Figure [3.10b] shows the data without outlier days. As a result, the standard deviation
becomes smaller without outliers. Figure [3.11] shows the data during the MNE Again, the standard
deviation during the [MNH is smaller. Additionally, Q(z) slightly decreases in the outlier free data

(Compare Figure [3.1Tajand [3.T1D).
For pressure data (measured at hydrant HG3933), the effect of high inflow data is negligible, as can

be seen by comparing Figure [3.10c] and [3.10d] respectively Figure [3.11c| and [3.11dl Consequently,
outlier have to be removed when inflow data is used (e.g. for generating inflow pattern for hydraulic

Table 3.1.: Outliers identified by Tukey’s test in the daily mean values of the MNRinflow data
date ‘ Ounr (L/s) ‘ Weekday

2016-06-04 1.927 Sat
2016-06-22 1.644 Wed
2016-06-24 1.405 Fri
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Figure 3.9.: Tukey test on the mean of the MNF data Qyyx(?)

simulations) and not for pressure data. The pressure seems more robust to high demands.

3.3.3. Time series modeling

Time series analysis techniques are most commonly used for water demand forecasting (Donkor et al.
2014} Saludes et al. [2017).

In this section, a model is developed that describes the flow and pressure time series in the measure-
ment zone Graz Ragnitz in an optimal way. This model is capable of dividing the measurement time
series in trend, seasonal and random components. Finding the optimal model and fitting the parame-
ters is an optimization task, solved with methods described in Section First, the section will start
by dividing the measured time series in seasonal components, followed by reducing autocorrelations
in the remainder. With the proposed method, the deterministic effects will be separated from random
fluctuations.

3.3.3.1. Deseasonalization

The deseasonalization method—as described in Section [2.3.5.3}—is applied on the inflow data x; to
split the time series in its mean X, its seasonal components—the daily seasonality s} respectively
the weekly seasonality s>—and the remainder or residual component 7. The days with unusual de-
mand found in Section (the 4", 22" and 24" of June) are not considered for computing the
seasonalities.

The three former parts can be combined to obtain a simple seasonal model £} of the measurement data
B=%+s +sF . (3.1)

Consequently, the residuals of the simple model result from the mismatch of the data and the model
r=x—% . (3.2)

Figure m shows the components resulting from the deseasionalization procedure (x;, s/, s, £ and
ry) of the inflow time series Q(¢) in the measurement during the training period. Despite just being the
summation of the two seasonalities, £; shows a similar behavior than the original time series x;. X can

be applied for producing weekly demand patterns used for [EPS| simulations. These simulations can be
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Figure 3.10.: Comparison of inflow and pressure measured at hydrant HG3933 with and without out-
liers
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Figure 3.11.: Comparison of flow and pressure measured at hydrant HG3933 with and without outliers
during MNFH (2:00 - 4:00)
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Figure 3.12.: Components of the deseasonalized time series of Ragnitz inflow measurement Q(t). The
units in all graphs are L/s

used, for instance, for evaluating the performance of a[WDSl during normal demand loads—especially
for analyzing the impact of future system adaptations or optimization of pump schedules to improve
the WUT's energy savings and carbon footprint.

Higher water consumption trends can be seen in the residual component r/, although the signal is
additionally perturbed by high noise. Section [3.3.3.3|shows how to separate this noise from the trend
which will lead to the better but more complex time series models £7. But first, 7} is analyzed in more
detail.

3.3.3.2. Residual analysis—simple model

A closer look at the residual component r/ reveals further insights in the observations x;. For this
closer look, the and the [PACH from Section [2.3.5.2] are used. But first, the distribution of the
residuals is examined (see Figure [3.13).

The distribution of the residuals P(rf) can be found in Figure Additionally, a Q-Q plot of
residuals of the simple model is depicted in Figure[3.13b] Further statistics of the r; are in Table[3.4]

Clearly, the residuals do not show white noise behavior (see in Section[2.3.5.4), because the non-zero
mean (7, = 0.053). A t-Test for zero mean resulted in > 9 and a p-value of p =3 1071, The
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Figure 3.13.: Residual analysis plots of r}

skewness v, of 1] is

s =\3
n=E [(”G r‘) ] =114 (3.3)

hence, the mass of the distribution is concentrated on the left—the distribution is right-skewed. This
results from the days with higher demand. Additionally, 1] possesses heavy tails. This can be calcu-
lated through the kurtosis 7, in Fisher’s definition

_\ 4
<’“fg;”>]—3.o . (3.4)

Positive values indicate heavy tails. For r; the kurtosis results in y» = 2.23. The distribution of ] is
right-skewed and possesses heavy tails (see Figure [3.13b).

Y2=E

Dependencies exist between current x; and former observations x;_;, resulting in a non-white noise
behavior. This can be seen in the depicted in Figure Additionally, the is shown in
Figure[3.13d] The[ACH and [PACH clearly show that autocorrelations exist in the time series. In the next
section a method is applied removing these correlations.
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3.3.3.3. ARMA modeling and GoF

The Box-Jenkins method is applied as described in (Box et al. 2015) to model the residual’s depen-
dency r} on previous values m;. The goal is to ensure that the remaining part r; is a white noise process
and, thus, a real random variable without any dependencies to be further modeled

ri=r—m . (3.5)

m; is chosen to be an[ARMAI model (see Section[2.3.5.5)) since it can be concluded from [ACHand
in Figure [3.13|that the residuals are not fully describable by a single [ARI nor a single [MAl process (ac-
cording to Box et al. 2015). The model is implemented in the state space form described in
Section [2.3.5.6| using Python’s statsmodels package for enabling the computational highly efficient
Kalman filter formulation later on to forecast future time series values.

Subsequently, the total deterministic behavior of the time series—the resulting complex time series
model £¢ is described by
B =m & =m A%+ 57 (3.6)

Table [3.2] presents the statistics for [ARMA] models fitted on r{. It has to be noted that models
with p = 0 represent pure models whereas models with ¢ = 0 are plain [ARI models. Hence, the
[GoR statistics in the table also assist in deciding if a mixed model is necessary for describing the
autocorrelations in the residuals. Both, the statistics in Table [3.3al as well as the statistics in
Table[3.3b] show minimal values for the ARMAI2,1) model

X =Cc+ Q1 +0x 2+w +01w, 1 . 3.7

Hence, this model is chosen to describe the behavior of r;.

Table 3.2.: GOF results for ARMA(p,q) model fits of r}

(a) AIT (b) BICY
p/q 0 1 2 3| 0 1 2 3
0 - -17495 -603.69  -756.54 - -163.16  -586.00 -732.96
1 | -1108.13 -1474.69 -1545.73 -1548.12 | -1096.34 -1457.00 -1522.15 -1518.63
2 | -1287.18 -1549.78 -1547.90 -1546.19 | -1269.49 -1526.19 -1518.41 -1510.81
3 | -1384.09 -1547.91 -1546.74 -1544.24 | -1360.50 -1518.42 -1511.36 -1502.97

The fitting coefficients in equation (3.7) result in ¢ = (0.00+£0.05), ¢; = (1.23+0.02),
¢2 = (—0.25+0.02) and 6; = (—0.814+0.02) and the w, values have a standard deviation of
6 = (0.0330.001).

The constant ¢ is zero due to the fact that the mean value X; of the time series is already part of
the model since equation (2.105)). The high ¢, coefficient indicates a strong dependency of the time
series on previous values, which can be already seen in the high in Figure [3.13] The negative 6,
coefficient indicates that the series is smoother than a pure white noise process. Figure[3.14]shows the
results of the ARMAI2,1) fit. Consequently, 7, is smoother than r; since the random component r{ is
extracted from it. Furthermore, r{ shows the desired white noise behavior.
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mg

Figure 3.14.: Results of the ARMA(2,1) fiton r}

Assembling the complete model together—as described in equation (3.6)—leads to £¢, which is shown
in Figure [3.15] The comparison of x; with £ and £; for the last week of the training phase shows that
the model x{ fits the observations x; and certainly follows the measurements better than X7.

3.3.3.4. Residual analysis—complex model

In fact, the autocorrelations in r{ of the complex model are now completely removed, as can be seen

in Figure 3.16] The in Figure as well as the in Figure of r; do not show any
significant lags besides & = 0, thus, the residuals 7] are independent of former function values.

The residuals follow now a white noise distribution with a mean of 77 = 0.004, small skewness of
71 = 0.18, although, it still possesses heavy tails with a kurtosis of y, = 2.48 (see Figures [3.16a and
[3.16D). At least there is a probability of 30 % retrieved from t-Test statistics that the true mean of
P(rf) is zero. For forecasting purposes later on this will be sufficient. Comparing the residual analysis
plots of r; in Figure[3.13| with r{ in Figure[3.16|shows that the time series is modeled better than using
the simple model. Additionally, some statistical properties of both residual distributions can be found
in Table 341

3.3.3.5. Comment on higher time resolution and pressure sensors

Higher time resolutions of the measurement data result in higher ARMAl model orders. This is rea-
sonable, because if the distance between subsequent time stamps decreases, the temporal influence is
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Figure 3.15.: Comparison of x; versus the model fits £ and X7

Table 3.4.: Statistics of the residuals r; of the simple s and complex ¢ time series model

nox
N 2688 2688
X 0.053 0.004

o; 0.305 0.188
min | -0.862 -0.978
25% | -0.120 -0.102
X 0.002  0.003
75% | 0.162 0.106
max | 1.576 1.120

noticeable over more lags. For example, applying the same procedure as in Section [3.3.3.3] on mea-
surements with higher time granularity of five minutes, the best[ARMAl model with the lowest [AIC] and
BIC values is ARMAI2,2). This effect works also in the opposite direction. Lower time resolutions of
one hour result in an[ARMAI(1,1) model to be optimal.

The modeling of the pressure measurements seem to be less influenced by past measurement
values. The optimal [ARMAI models in dependency of the time for the different installed sensors can
be found in Table [3.3] For the 15 minute time period, the ideal model is identified as an ARMAK1,1)
model for three out of five sensors. Only HG3933 with ARMAI2,1) and HG4162 with [ARMA[1,3)
differ. However, the [ATC] and [BIC] values of the corresponding [ARMAJ 1,1) models are very close to the
ideal one. Anyway, for a time resolution of one hour, the ARMAL1,1) model is optimal for all sensors.
Furthermore, for the highest time resolution of five minutes, the ARMAL 1,1) model is identified to be
the best for two sensors. Again, the[AIC] and [BIC] values are very close between the other model orders
and the [ARMA[(1,1) model. Consequently, for all following simulations, an [ARMA|1,1) is chosen for
simplicity to describe the pressure measurements independent of the time resolution. For the inflow
measurements, the [ARMA] order as stated in Table [3.3] is used, because the flow seems to be more
sensitive to the modeling order. Nevertheless, the forecast performance for the different models do
not significantly depend on the ARMA] order.
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Figure 3.16.: Residual analysis plots of r{

Table 3.5.: Optimal ARMAI model orders p/q for different pressure sensors and different time resolu-
tions

Sensor ‘ [1H] [15Min] [5 Min]

Inflow 171 2/1 2/2
HG3835 | 1/1 171 172
HG3933 | 1/1 2/1 2/2
HG4162 | 1/1 1/3 171
HG4215 | 1/1 1/1 1/1
HG4383 | 1/1 171 172

3.3.4. Forecast performance analysis

Fitting models on measurement data is one task, but the interesting question is if the model can
estimate future measurement values—and if, how accurate these predictions are. This section deals
with this by testing the two models—the simple seasonal £{ and the complex model X{—on
their ability to predict the near future. If future states of the are predicted with a high accuracy, it
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Figure 3.17.: Forecast analysis plot for the inflow

is also possible to tell, if the future diverges from the past and to find reasons for that. This will make
the detection of faults in the system possible.

The training phase in Figure [3.2]is already used for analyzing the measurements and building respec-
tively fitting time series models on top of this data. That is why the second phase—the test phase—is
used now for the forecast performance evaluations. The forecast of X and £; is evaluated with the cri-
teria discussed in Section [2.3.5.7-MAE] [RMSE} MAPE and finally the forecasting skill §Slto compare
the models directly.

X} is fitted on new data once every week. Then this data will be used to forecast the values for the next
week. When the next week ends, the data is again used to fit the model. Then the whole procedure is
repeated.

X{ is assumed to use the weekly forecast data from &; and build an ARMAImodel on top of the residuals
r{ to extract correlation effects (Section [3.3.3.3). The ARMAl model is fitted on the training data,
not on the data in the testing phase. Subsequently, the [ARMAI model is used to generate one-point
forecasts. In other words, the model produces—at each timestep—a 15 minutes future prediction
and compares this to new values. The values used in the forecast performance evaluation are these
values. Subsequently, the ARMA] model takes the current measurement and incorporates it into the
model parameters through the Kalman filter approach discussed in Section[2.3.5.6] Then it produces
the next one-point forecast based on this new data. Thus, it is capable of handling and incorporating
the data in real-time. Numerically, it is highly efficient. The fitting of the model on the training data
(=~ 3000 data points) takes less than 1.5 seconds. This has to be done once. Subsequently, the forecast
for the next data point takes just a tiny fraction of a second.

The forecast of the time series is tested on both—flow and pressure data. Figure [3.17] shows the
forecast for the flow measurement data compared to the original time series x;. It can be seen that
both models are capable of representing the unknown data very well. However, the complex model
is superior to the simple model. This can also be seen in the statistical parameters in Table [3.6]
Interestingly—Ilooking at the value—the simple model is already capable of describing nearly
89 % of the time series correctly (100 - MAPE). This value is furthermore increased by the [ARMAI
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Figure 3.18.: Forecast analysis plot for pressure sensor HG3835

model of up to 92 %. Especially, the last day in the forecast shows a different behavior to the previous
four weeks. However, the ARMAl model is capable of detecting this different behavior and adapts to it.

Concerning the forecast performance, the pressure measurements show similar behavior to the flow
measurements. Again, the complex model performs better than the simple one (Figure [3.18] and
Table [3.6). The forecast skill measure reveals the same picture—SSk= 0.57 for flow and §Sk= 0.15 for
pressure.

The pressure measurements are very well described by both models, because demand fluctuations are
not affecting them as strong compared to flow measurements.

Table 3.6.: Forecast metrics evaluated for £} and £ on the data of the test phase

Flow Pressure
o8 °oc o8 oc
Xt Xy Xy Xt

MAE 0.25 0.14 | 0.012 0.012
RMSE | 036 0.24 | 0.018 0.017
MAPH | 11.33 7.84 | 0.016 0.015

3.3.5. Leak detection

Leak detection algorithms have the advantage that the procedure of finding abnormalities in the mea-
surement data can be automatized. Thus, expensive human surveillance is not needed anymore. Nowa-
days, this is of special importance since the amount of data in grows exponentially.

If algorithms assume a leak in the system, notifications containing relevant information can be send
to decision makers. Subsequently, the decision maker can decide on strategies to handle the extra-
ordinary situation in the system. Additionally, automatic reports can be generated for decision makers
on a regular basis.
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One of the biggest challenges in automatic leak detection is to distinguish leaks from big customers.
Both extract water from the system and thus influence the mass balance in the system. They only
differ in the fact that the customer follows a certain pattern and usually stops its consumption after
a while. A leak, in contrary, will extract water until it is repaired*?. It is recommended to measure
large customers and customers with different water usage behaviors—water consuming industries in
a primary residential zone or hospitals, for instance—in a system with extra demand measurement
devices. That devices are ideally smart water meters—able to send the demand data automatically to
the at near real-time.

Leak detection with hydraulic sensors has the big advantage that it is cheap—because a low number of
sensors is needed compared to, for example, acoustic noise logging or transient leak detection—and
enables fast responses to leaks compared to other leak detection methods. The physical principles
behind hydraulic leak detection are the mass and energy conservation laws. When a leak occurs, flow
upstream of the leak increases due to the conservation of mass. This enlarged upstream flow leads
to a pressure drop downstream of the leak due to the higher friction losses (energy conservation).
Downstream of the leak, the flow stays the same according to mass balance equation. Additionally, the
pressure gradient downstream of the leak also stays the same as in the leak free scenario. Comparing
the flows and pressures to measured values of the leak free system (values recorded in the past before
the leak occurred) enables conclusions to be drawn?? if a leak developed in the system.

In this section, we make use of plain statistical models describing past measurements as described in
the previous sections. These models are compared to new measurements to detect leaks as discrepan-
cies between the forecasted values of the time series model and the current measurements. For that
reason, only data-driven time series models and not complicated hydraulic simulations are necessary.

For testing leak detection algorithms, an artificial leak was introduced in the system through opening a
hydrant. The leak was opened on 4/ of June at 12:20 at hydrant HG3880. The leak outflow was set to
meet approximately Oy ~ 0.7 (L/s), which is roughly a third of the system’s mean inflow (see Figure
[3.19). Although, the occurrence of leak can clearly be seen by human eyes in this case, this section
deals with developing mathematical methods to provide computers with the same skill. Furthermore,
it has to be noted that this is a very small leak compared to leakage outflows in literature—usually
a magnitude higher (> 5 L/s). Especially, detecting leaks with pressure sensors is harder for small
leak sizes since friction losses are a function of the power of the velocity, e.g. velocity squared (see

equation (2.53)).

3.3.5.1. Minimum night flow Tukey

Tukey’s test (described for outliers in Section [2.3.3)) can be used for detecting leaks as well. Applying
Tukey’s test on the data represented in Figure[3.19|during the MNHresults in Figure[3.20] The leak can
be detected in the measured inflow in the system with this simple test. Although, the response time to
the leak is in the order of several days. If the test detects an outlier on one night, it might just be due
to higher consumption in the system. If the test instead leads to outliers on several subsequent nights,
a leak can be assumed in the system and counter measures can be taken.

It has to be noted that every new measurement containing an outlier for the Tukey test also elevates the
outlier threshold barriers. Comparison of Figure[3.9) with Figures [3.20[shows that the upper boundary

22__or the system is not pressurized anymore.

23Conclusions can also be drawn on the leaks position in the system. See Chapter for a detailed description.
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Figure 3.19.: Leak occurring at 2016-07-04 at 12:20 with a magnitude of Oy ~ 0.7L/s

for the outlier test grew—outliers that were found in Figure [3.9] are not outliers anymore in Figure
[3:20] (See the 24th of June for example). Longer leak run-times result in higher probabilities that
outliers will be overshadowed by the leak. Especially, leaks that start small and grow over time are
very difficult to detect with Tukey’a outlier test.

Pressure measurements provide a cheap alternative to flow measurements for fault detection in
Hence, Tukey’s outlier test has been applied to pressure measurement data measured at the hydrants
in the system as well. The results for Tukey’s test on pressure data can be found in Figure
[3:21] Obviously, the pressure differences between the leak data and the leak free system are not
big enough to trigger alarms in the outlier test. Hence, this method fails in predicting leakages on
pressure measurements. It has to be noted that the result is the same for all pressure sensors in the
system. Other methods have to be used to reveal faulty states in the system in pressure measurement
data, as described in the next sections.
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Figure 3.20.: Tukey test for leak detection
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Figure 3.21.: Tukey test for leak detection with pressure sensor HG3835

3.3.5.2. CUSUM

The[CUSUM algorithm (described in Section[2.3.6.1)) is applied on m; of the flow and pressure measure-
ments. The implementation is an extension to the code of Duarte |2015, For the flow measurements,
only the positive values g, are used, since a leak leads to an increase in the inflow. For the pressure
measurements, g, is used to detect anomalies. The threshold values T and the drift values d have to
be chosen once for the algorithm based on historic measurements. They do not change over
time. The training data serves as these historic measurements. Since the scales of flow and pressure
measurements are different, particular values are used for flow and pressure data. The values are cho-
sen in such a way, that no false alarm is triggered in the historic data. The flow threshold is T = 0.55
with a drift value of d = 0.02. The pressure threshold is T = 0.0358 with a drift value of d = 10~*.

The results of the[CUSUM test applied on the flow measurements can be found in Figure[3.22] The blue
line at the top of the figure shows the m;, time series resulting from a one-point forecast—a prediction
for the next 15 minutes updated each time when a new measurement value arrives. In that way, the
[CUSUMI algorithm works as a real-time and online test, since only the past measurements are involved
in computing g~ and no future data is needed to evaluate the current value. It has to be noted that
the computation of g7 is instantaneously, since it solely consists of a summation of two values and
an if clause. Obtaining the forecasted value of m;, is computationally highly efficient through the state
space implementation of the model and takes only few milliseconds for all flow and pressure
measurements. This is why this test enables an online leak detection. The black points in Figure
represent the time instance when an alarm is triggered. Once an alarm is triggered, the algorithm
additionally allows to compute, when the event started. This is depicted as a green triangle with the
tip showing to the right. Also, the estimated event end is computed as a green triangle pointing to
the left. The bottom of the figure shows the computed g;~ values of the time series and the threshold
depicted as black line.

Figure [3.22] shows that high demands at the 4.6 and around the 22.6 do not trigger an alarm. Only an
event occurring in the morning before the artificial leak—caused possibly by a hydrant flushing due to
repair work on a leaking hydrant—Ieads to a false alarm on the 3.7. at 08:00. The algorithm estimated
this event to start on the 3.7. at 06:45 and to end on the 3.7. at 09:00. The first correct leak alarm is
triggered at the 4.7 at 14:15, approximately two hours after the leak is produced in the system. The
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Figure 3.22.: test on m; of the inflow data. A leak alarm is triggered on the 3.7. 08:00 (false
alarm) and on the 4.7. 14:15—1 hour and 55 minutes after the leak occurred

algorithm estimates that the event started at 12:00, which is very close to the actual leak start at 12:20.
After this first event, a lot of alarms are triggered subsequently, because of the change caused by the
leak, further indicating that something has happened in the system.

An example of the application of the test on the pressure measurements can be found in
Figure[3.23] A leak alarm is initiated at 15:00—also very close to the introduction of the real leak. A
summary of the application of the method on all sensors can be found in Table[3.7] No false
positives occurred in the pressure measurements and four out of five sensors were able to detect the
leak at the same day it happened. Only HG4162—which is the farthermost sensor—was not able to
detect the leak with the [CUSUM method in time—causing a detection time delay of almost three days.

Table 3.7.: test results applied on m; for all sensors showing the time when a leak alarm is
triggered first with estimated event start and end times and preliminary false positive (FP)
alarms and the detection delay in hours.

Sensor Alarm Start End FP Delay

Inflow | 4.7. 14:15 4.7.12:00 4.7. 14:15 1 1.9
HG3835 | 4.7. 15:00 3.7.07:00 6.7.20:00 O 2.7
HG3933 | 4.7.20:30 3.7.11:00 7.7.08:45 O 8.2
HG4162 | 7.7. 08:30 3.7.07:30 7.7.08:30 O 68.2
HG4383 | 4.7.15:00 3.7.07:00 7.7.09:15 O 2.7

The [CUSUM algorithm was also applied on r] of the simple model £;. However, better results with less
false alarms were obtained using m; of the complex time series model %7.

Obviously, the advantage of the method is a very fast and timely detection of leaks—also
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Figure 3.23.: test on m, of pressure sensor HG3835. A leak alarm is triggered on the 4.7.
15:00—2 hours and 40 minutes after the leak was introduced in the system

possible with pressure sensors. Furthermore, the algorithm estimates approximate times of leak. The
disadvantages are the parameters settings T and d. These parameters have to be found for the mea-
surements based on historic data and are very sensitive—even to small changes. Additionally, the
estimated beginning of the leak event somewhere between the proposed start time and the triggered
alarm are imprecise. For instance, an accurate estimation of the leak time is very important for water
balance calculations.

3.3.5.3. Likelihood-ratio

Another method of detecting leaks—not as sensitive on threshold values as the algorithm—is
the likelihood ratio G as described in Section [2.3.6.2] To make the computation more efficient, the
likelihood-ratio equation (2.150) is not computed over the whole time series, but over the past week of
the actual measurement value. The computation takes 0.03 seconds for an actual measurement, thus,
this test can also be applied online. Additionally, this method allows to estimate the size of the leak
respectively the pressure drop caused by the leak. This information is very important for computing
the location of the leak later on in Chapter [5} The size of the change is estimated through computing
the differences of the means after and before the estimated change-point ©

1 N 1 &

AR) = — — VY5 . 3.8
u(?) (N_%_l)j:;i-lxj T;x (3.8)
N——

2 H

The Likelihood-ratio method is applied on all sensors, the inflow and the four pressure sensors, using
the simple &7 as well as the complex model X;. For the simple model, the method is applied on the
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residuals r—for the complex model, the method is applied on m;,. Different threshold values g+ are
defined for the different models and sensors. The results and the corresponding threshold values can
be found in Table 3.8l

Table 3.8.: Results for the likelihood-ratio leak detection method applied on the simple and the com-
plex model, the corresponding threshold values, the time when an alarm is triggered, the
estimated change in the measured variables and the detection delay in hours.

Sensor | Model Threshold Alarm Au Delay

Inflow x5 gv > 50 4.7.15:15 0.7178 29

X7 gv > 40 5.7.18:00 0.6305  29.7

HG3835 b g >0.04 4.7.14:00 -0.0222 1.7
v g >0.02 57.13:00 -0.0173  24.7

Xy

HG3933 | &  g»>0.10 5.7.21:00 -0.0240 32.6
£ ge>002  67.20:00 -00111 557

HG4162 x5 gv >0.035 4.7.23:15 -0.0161 10.9
X7 gw>0.017 5.7.23:15 -0.0116 349

HG4384 b gv >0.070 4.7.23:00 -0.0260 10.7
X7 gv >0.045 6.7.07:00 -0.0201 42.7

It can be seen that the simple model is faster in detecting the leak. This is due to the smoothing effect
of the [ARMA] model caused by the incorporated dependency on the past values in the complex model.
Additionally, the complex model seems to underestimate the flow and pressure changes—also caused
by the smoothing effect. A comparison between the simple model and the complex model on the
inflow data can be found in Figure Every plot shows the likelihood-ratio on top—a measure that
a change is likely in the data. The threshold value g+ is also depicted in these plots. The estimated
changes are depicted at the bottom together with the estimated Au values. Note that the flow change
is also depicted negative so it corresponds to the pressure measurements in Figure [3.25] In addition,
to detect the leak, this method also shows periods of higher demand in the flow as well as the pressure
measurements. The water extraction around the 22" of June is equal to the size of the leak. However,
the water withdrawal did not take as long as the leak. Consequently, no alarm is triggered. The leak
can be clearly seen as a high probability in all figures. The peak even gets higher and more distinct
from the other peaks, if a longer time period is taken into account.

The results of the loglikelihood-ratio test applied on pressure measurements of the simple model are
shown in Figure[3.25] The pressure sensor responding quickest to the leak is depicted in Figure[3.25a]
A distinct leak peak can be seen in the pressure. The farthermost hydrant HG4162 from the leak is
depicted in Figure [3.25b] Using the [CUSUM method it was not possible to timely detect a leak with
a sensor at this positions. Now, with the likelihood-ratio method, a detection is possible within 12
hours. The latest leak alarm is triggered by sensor HG3933 within 36 hours.

In general, this method is slower in detecting leaks than the [CUSUM|method, but it is assumed to result
in less false alarms. It has to be noted that higher leakage outflows will result in faster leak response
times for this method as well as for the method.
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Figure 3.24.: Log-likelihood-ratio test for the inflow measurements
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Figure 3.25.: Log-likelihood-ratio test for different pressure sensors using the simple model
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3.3.5.4. Bayes analytical

Bayes method (Section [2.3.6.3)) can be used to detect leaks, as well. It provides similar results as the
likelihood-ratio method from the former section. An additional benefit of this method is that the time
when the leak occurred can be isolated with relatively high precision. This is especially important for
computing water losses for the water balance, but also for retrieving more accurate pressure estimates
before and after the leak occurred by reducing the uncertainty in the leak start. This is useful, for
example, for leakage localization after the detection. The time frame for computing the occurrence of
the leak is taken from the results of the method. The event start T; and the event end-time 7T,
are used for the better estimation of 1. In Figure the computed leak time probabilities P(t|x)—
resulting from equation (2.158)—are depicted. The maximum value of the probability is taken as leak
time estimate © within the time frame

T = argmax P(t|x) . (3.9)

T,<T<T,

Figure shows the P(t|x) for the inflow data using the simple model, whereas Figure
shows P(t|x) using the complex model. The maximum is more distinct using the complex model
than the simple model, hence, this model is also used for the pressure leak time estimation. P(T|x)
computed with the complex model can be seen in Figures to [3.26f] for all pressure sensors.
All figures show that the leak is estimated around the same time. This is fascinating since every
sensor is treated completely independently. Hence, good leak start time estimates are found with
every sensor independently of the hydraulic variable that is measured. The leak start time estimates
are summarized in Table [3.9] For getting a combined measurement, the mean over all estimates is
build on the bottom of the table. Furthermore, it has to be noted that the Bayesian method described
in Section[2.3.6.3]leads to a time-shift of the estimates to be actually located between two consecutive
time stamps. For that reason, half of the measurement interval has to be subtracted from the estimate,
which is 7.5 minutes for a 15 minute interval. Thus, the leak is estimated to have occurred at 12:35—
only 15 minutes after the leak actually was introduced. In terms of leak outflow error due to the
deviation of leak time estimates, this equals a AQ; ~ 600L for a leak of 0.7 L/s in the water balance
calculation, compared to 5670 L resulting for the uncertainties in the inflow measurement introduced
by the method.

Table 3.9.: Estimated leak start times 1 using the Bayesian method

Sensor T

Inflow 13:00
HG3835 | 13:00
HG3933 | 12:15
HG4162 | 12:30
HG4383 | 13:15

T 12:42:30
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Figure 3.26.: Leakage times estimated by Bayes’ theorem
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3.3.5.5. Bayes NUTS

This method uses Bayesian statistics as described in Section together with the
algorithm described in Section[2.3.2] The algorithm is implemented with the help of Python’s PyMC3
package (Salvatier et al. 2016). The huge advantage of this method—and all methods making use of
Bayes’ theorem in general—is that the algorithms don’t need any further information than the mea-
surement data itself. The only assumptions are that a change might have happened in the system
and that the measurement data obeys a certain probability function. The method in Section [3.3.5.4]
assumes that the data is Gaussian distributed, but other distributions can be used. It has to be noted
that for certain probability distributions, finding an analytical solution may be hard or even impossi-
ble. Using MCMC methods promise remedy, since any distribution of the measurement values can be
used—integration over the state space follows straight numerics. Furthermore, this method is capable
of sampling the whole probability function of the problem from the measurement data additionally
to P(t|x), for example, P(u;|x), P(uz|x) and P(c|x). From these distributions, the necessary flow
changes and pressure drops for leak localization can be calculated.

To reduce the possible state space and to make the simulations comparable to each other, it is as-
sumed that a leak has happened between T, =9:15 and T, =15:15 for all simulations. The upper
boundary is chosen to be the moment when the second sensor in Table [3.8] discovers a leak using the
likelihood-ratio—also a Bayesian method. The cooperation of multiple sensor triggering a leak alarm
also reduces the probability of producing false alarms. The lower boundary is set to the last six hours
before the alarm.

For first experiments, only the data until 15:15 is used. Thus, only 13 new measurements are taken
since the leak occurred (concerning a sample time of 15 minutes). Later, additional experiments with
a longer period are made using data until the 8" of June till 12:00. The average flow and pressure
values need some time to converge to their real mean values. This can be seen in Figure where
the difference of the mean value until the current timestamp is subtracted from the mean value after
the 10" of June. Huge fluctuations exist in the approximated mean—around the 8" these fluctuations
smooth out. The fluctuations are correlated to fluctuations in the other pressure measurements, hence,
correlations between the data caused by demand fluctuations in the whole system might be the rea-
son for that. More advanced time series modeling—using correlated time series models over the all
measurements—might lead to faster responses and may result in faster and better mean estimates with
less fluctuations.

The computation time for the marginalized distributions for Markov chains with 2000 steps is approx-
imately one minute for each sensor. ), u» and ¢ are sampled with NUTSl Because T is a discrete
variable and thus has not a meaningful gradient, it is sampled from a random uniform integer distri-
bution between T, and T,, using an adaptive Metropolis step method. The results for the inflow can
be found for the simple model in Figure and in Figure for the complex model. The me-
dian (solid black line) and the mean absolute deviation (dashed black line) are additionally depicted
in the figures. The simple as well as the complex model for the short and the long period estimate
the leakage occurrence time between 11:45 (simple short and long) respectively 12:00 (complex short
and long) with a standard deviation of four to maximum nine minutes. This are very good estimations
concerning the short measurement period.

The measurements depicted in Figure[3.28|and [3.29]are generated by simulating 2000 samples, where
the first 500 samples are assumed to be the burn in phase and, thus, are neglected. In general, the
computed marginal probability distributions are smoother when taking the longer measurement period
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Table 3.10.: Flow and pressure difference estimates resulting from Bayes simulations for the
simple and the complex model for the short period till the 4.7. 15:15 and the long period
till the 8.7. 12:00

Short Period Long Period
Sensor x5 x; X bt

Inflow (L/s)  0.86077  0.68647 0.73929  0.66287
HG3835 (bar) -0.02019 -0.01314 -0.01850 -0.01476
HG3933 (bar) -0.02926 -0.00974 -0.02108 -0.00961
HG4162 (bar) -0.01903 -0.01053 -0.01280 -0.00977
HG4383 (bar) -0.02563 -0.01268 -0.02207 -0.01724

into account. This can be seen by comparing Figure[3.28a]and Figure[3.28¢] respectively, Figure[3.28D|
and [3.28d] Furthermore, the complex model tends to underestimate the differences in pressure and

flow before and after the leak as already discussed in Section [3.3.5.3] The median values of the
simulation results are summarized in Table [3.10] This results will be used later on for localizing the
leak. The results for all pressure sensors using the long period and the simple model can be found in

Figure[3.29
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Figure 3.27.: Convergence of the mean values over time

3.4. Conclusion

The overall goal of this chapter was to answer following research question:

Q.1.1 Is it possible to early detect small leaks (<1 L/s) in the real world with pressure sensors in an
automatic way?
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Figure 3.29.: Marginalized pressure distributions for the simple model on the long period
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This is of high relevance, since pressure sensors cost a fraction of flow sensors, are easier to install,
more energy efficient and are capable to measure changes very fast. However, most scientific literature
till now stated that flow sensors are superior to pressure sensors and that even pressure information
in addition to flow measurements does not lead to any improvements for leak detection at all. This is
exaggerated by the fact that most literature deals with the detection of huge pipe bursts. The physical
effect, that makes burst detection possible in is the introduced pressure drop by higher fluid
velocities and hence higher friction losses. While this effect can be large for high velocities introduced
by large bursts, this effect exponentially decreases with smaller leaks causing lower velocities. Only
with advanced statistical techniques, those tiny pressure changes can be detected in the expected noisy
environment—which is fraught with measurement noise and uncertainties and hidden under
different consumption patterns evolving on at least two time scales.

Furthermore—while removing days with unusual high demand from flow measurement data reduced
the fluctuations in the flow measurements—this technique revealed no improvements for pressure
measurements. It seemed unimportant to remove these days at all, since the improved time series
model was capable to model demand variations very well.

Times series modeling of hydraulic measurement data was introduced in this chapter, starting with a
simple model. This model was generated by extracting the two seasonal components from the signal—
daily and weekly seasonalities. Surprisingly, this simple model showed already good forecasting per-
formances, capable of describing future data with almost 88 % accuracy. A better model—capable
of describing correlations between subsequent data points—was developed using modeling.
Intentionally, no ARIMA model is used (as proposed by Hutton and Kapelan 2015)), since the dif-
ferentiating term in the time series model would extinguish the trend component. For that reason,
simple ARMAl modeling was chosen. The best[ARMAlmodel order was found to be[ARMAI?2,1) for flow
and[ARMA(1,1) for pressure data measured with a time granularity of 15 minutes. Increasing the time
resolution enlarges also the model order, while decreasing had the opposite effect. By using the more
advanced model, the forecast performance increased additional five percent compared to the simple
model. The complex model was also able to follow days with extraordinary high demand. Concerning
pressure data, the forecast performance of both models was even better than for flow, since pressure
does not possess such a high variability. Of course, the low variability is a constraint for leak detection
with pressure sensors.

As expected, simple statistical tests like Tukey’s fence test applied on [MNH data were not able to
detect leaks in pressure data. Furthermore, for flow measurements the leak response times were very
slow. Hence, more advanced statistical methods were applied in combination with [TSAl techniques.
The algorithm was able to detect leaks shortly after they appeared with pressure sensors. The
time series model already filtered the seasonal effects and random noise from the measurement data,
making timely detection in pressure signals possible. Compared to the work of Eliades and Polycarpou
2012—that make use of the method applied on Fourier transformations of the time series—
the approach within this thesis combining seasonal and [ARMAl models with the method seems
superior resulting in much lower detection time delays. Furthermore, the algorithm showed the fastest
response time to the leak of less than two hours. Certainly, the drawbacks of this method are that
parameters have to be tuned on historical data and that the algorithm response in an indirect and not
intuitively way to these parameters.

The likelihood-ratio test promised a method with less parameters to tune, although, this improvement
is at the expense of a slightly slower detection time. However, the likelihood-ratio test is more robust
to false alarms than A further advantage of the likelihood-ratio test is, that estimates of the
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leakage outflow—respectively the pressure drop—can be retrieved at run-time of the algorithm. Fur-
thermore, these estimates also seemed quite stable over time, hence, early and good approximations
are expected for subsequent leak localization.

In principle, Bayesian statistics can also be used to detect leaks. In fact, they equally perform as the
likelihood-ratio test, which is fundamentally also utilizing Bayes’ theorem. Another big advantage
of the Bayesian method is that the start-time of the leak event can be estimated with high accuracy.
Furthermore, this is possible without setting any parameter. Good estimates of the start of a leak are
especially important for computing the total leak outflow used for (i) water balance calculations or (ii)
retrieving good estimates for leak localization. The estimate of the leak was within 15 minutes—using
all sensors for a leak with an outflow of Oy = 0.7 (L/s). It has to be noted that for the computation of
the total leak outflow, the leak end-time is also necessary. Logically, this is the time when the leak is
finally repaired and thus known by the WTT's staff.

Maybe the strongest point of the Bayesian formulation of the problem is the utilization of MCMC meth-
ods to retrieve probability distributions of the problem without using basically any input parameters.
Additionally, any prior information can be incorporated in these algorithms. It is also imaginable, that
the outcomes of a Bayesian leak detector can be used for feeding a probabilistic state estimators, e.g.
a non-linear Kalman filter (D. Jung and Kim 2018)), with whole probability functions for subsequent
leak localization.

A drawback of the leak detection methods through time series modeling, in general, is that pressure
measurements—at least in the example presented in this chapter—take some time to converge to their
long time behavior. Hence, an early detection of leaks might be possible, unfortunately, the subse-
quent model-based leak localization might take some time until enough measurements are taken to
stochastically retrieve proper estimates of the pressure values so that the leak can finally be local-
ized. In the example presented in the chapter, the pressure fluctuations seemed more like a collective
behavior caused by higher random demand coincidently at the same time the leak was introduced.
More advanced methods—using not only correlations in the measurement data of a sensor itself, but
using correlation between all measurement devices—might lead to faster and better estimates of the
pressure-drop. This will be done in future work based on this thesis.

Simulations have shown that the detection time is also dependent on the model that is used. In general,
the complex time series model is more robust to false alarms, but is also slower, because the [ARMA]
model terms lead to a delay in the signal following changes in the time series. Furthermore, the
model also seems to underestimate the changes in the signal. For that reason, the simple seasonal
model is expected to lead to better leak localization. This problem is similar to the threshold setting
problem. If one wants to detect a leak very early, then low thresholds are set, which leads to a lot of
false alarms. If one wants to reduce the false alarms, higher thresholds must be set leading to longer
detection times. Similarly, the simple seasonal model leads to earlier detection, but the complex [ARMA]
model is more robust concerning false alarms.

All algorithms in this chapter work in real-time—if real-time means that arbitrary computations are
faster than the time it takes to retrieve new measurements. That was achieved on the one hand through
the efficient state space formulation of the models using a Kalman filter approach. The fore-
casting step and the updating step, which is made by only incorporating the current measurement, can
be computed almost instantaneously. Additionally, the computational burden of Tukey’s test,
method and the likelihood-ratio method as well as the analytical Bayes method was lower than the
fraction of a second. Only the more sophisticated state estimation using [MCMCk methods resulted in
computation times in the order of a minute per sensor, which is still real-time given the definition at
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the beginning of this paragraph. Furthermore, the computations per sensor are independent of each
other. Hence, they can be computed in parallel which will drastically reduce the computation time of
all methods discussed in this section of less than a minute.

To finally conclude, the research question (see Q.1.1. in Section[I.5) if a small leak can be detected
with pressure sensors only in the real-world—can be certainly answered in the affirmative. This is a
promising result for WUk, that want to save money, but also do not want to give up early detection of
leaks. Additionally, this argues in favor of installing pressure sensors in since they can indeed
be useful for detecting abnormalities. Furthermore, they can support algorithms working with flow
measurements to reduce false detection alarms.
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Chapter

Optimal Sensor Placement

“Ford!" he said, “there’s an infinite number of monkey’s outside who want to talk to
us about this script for Hamlet they've worked out.”

— Douglas Adams, The Hitchhiker’s Guide to the Galaxy

This chapter is based on following three publications: Steffelbauer, Neumayer, et al. 2014, Steffel-
bauer and Fuchs-Hanusch 2016al and Fuchs-Hanusch and Steffelbauer 2017, The main focus of this
thesis lies on Chapter [S}—developing a model-based approach for locating small leaks and applying it
on a real-world example. Certainly, the success of this technique goes hand in hand with the chosen
(pressure) measurement positions in a system (D. Kang and Lansey [2010). Without doubt, the best
possible locations of pressure sensors will significantly improve the localization performance. There-
fore, this chapter focuses on how to find these optimal measurement positions for leak localization
within a The problem itself is called an Optimal Sensor Placement or sampling design
problem (Savic et al. 2009).

An additional focus of this chapter is to examine effects of uncertainties on the A novel method
is introduced which enables incorporation of uncertainties of all kind in an algorithm by ex-
tending the projection based approach of Casillas, Puig, et al. 2013| The methodology is tested on
simulations of a real-network (Linz-Pichling introduced in Section [2.4.2)). Especially, the effect of
demand uncertainties on pressure measurements and how this influences the ideal measurement po-
sitions is analyzed. For that reason, the problem is solved (i) for different numbers of sensors and
(ii) for different magnitudes of uncertainties. Furthermore, a relation between the number of sensors
and the leak localization performance is introduced defining a cost-benefit curves for the prob-
lem. Furthermore, this chapter will compare six different algorithms in a real-world network
(the Graz-Ragnitz network introduced in Section [2.4.3)—two using structural information only, four
utilizing leak sensitivity matrices, one algorithm is the proposed one capable of incorporating uncer-
tainties. Seven different criteria are used to analyze the different placements resulting from the six
algorithms. Subsequently, sensors are installed at the resulting positions in the real-world. The
leak localization performance of the different placements will be tested on real-leaks introduced in
this network in Chapter [3
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4.1. Literature review

A large and growing body of literature has investigated the [0SPl problem for WDSk. Much of the exist-
ing literature on[OSPlin [WDNk payed particular attention (i) on[0SPfor contaminant detection (Hart and
Murray 2010; Rathi and Gupta [2014)—especially since the terrorist attacks in New York in 2001—
and (ii) on WDS| model calibration (see for example Savic et al.[2009). Surprisingly, only few studies
are investigating the problem for leak localization.

Only recently in the past 10 years, studies have directly addressed the[OSPIproblem for leak localization—
starting in 2008 with the work of (B. Farley et al. 2008}, 2010, [2013) in England; and in Spain with
the work of (Pérez, Puig, Pascual, Peralta, et al.[2009) nearly at the same time in 2009. Both concepts
have in common that they use a so-called leak sensitivity matrix (see Section [4.2.2.1] for a detailed
description) generated by hydraulic simulations. Furthermore, both approaches binarized this matrix
leading to a loss of valuable information (Quevedo et al. 2011). An approach preventing this infor-
mation loss was introduced by the work of Casillas, Puig, et al. 2013, where the problem was
based on the computations of projections with a non-binarized leak sensitivity matrix. Subsequently,

a semi-exhaustive search strategy and a[GA] were used to solve the so formulated integer optimization
problem.

Pérez, Cuguerd, et al. 2014, on the other hand, formulated the problem as a minimization between
the maximum distance to pre-calculated leak scenarios and a gravity center of nodes with projec-
tions larger than 99% of the maximum projection value. The optimization problem was solved with
a greedy-search algorithm producing more robust sensor placements than the former binarization ap-
proaches. The approach of Casillas, Puig, et al. 2013| was enhanced by Cuguerd-Escofet et al. 2017
by using a relaxed isolation index which enabled more practical considerations like an acceptable
isolation distance in the problem formulation.

Sarrate, Nejjari, et al. 2012 focused on pure structural analysis of A leak isolability index was
defined and maximized with a Depth-First Search (DFS) algorithm. Unfortunately, this approach only
worked for medium sized networks. That is why Sarrate Estruch et al. 2013| respectively Sarrate,
Blesa, Nejjari, and Quevedo [2014 utilized graph clustering techniques to reduce the problem com-
plexity and made it applicable in real-world WDRk. Of course, focusing only on the structure of
without considering hydraulic principles stated a radically simplification of the problem. Thus,
this approach can not alone ensure good leak localization performances in real networks due to the
simple description. That is why Sarrate, Blesa, and Nejjari 2014 developed a method to combine the
approaches with the leak sensitivity matrix by using projections again.

The recent approach of Casillas, Garza-Castafién, et al. [2015| proposed as performance mea-
sure overlapping signatures in a leak signature space. Minimizing these overlaps lead to ideal sensor
positions. Similarly, Nejjari et al. [2015| suggested as a sensor placement performance measure the
minimization of the average worst leak expansion distances calculated from sensitivity matrices. Sub-
sequently, the problem was solved through exhaustive search.

Dissimilar to the above mentioned approaches, Christodoulou et al. [2013| offered a different way of
placing sensors by maximizing the total entropy—the information retrieved from a certain placement
of sensors—in the network. Already in 2000, Schaetzen et al. 2000, made use of the Shannon entropy
for[OSP, although, the problem was formulated for model calibration.

Besides the problem of placing sensors in an optimal way itself, the problem gains additional com-
plexity by taking uncertainties into account. Unfortunately, hydraulic models and measurements are
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fraught with several sources of uncertainty (Hutton, Kapelan, et al. 2014). Not surprisingly, these
uncertainties may affect the optimality of sensor positions. Therefore, these effects should be taken
into account in the problem to obtain more robust placements under uncertainties. Unfortunately,
this topic was even less examined in past studies than the problem for leak localization.

Blesa et al.[2014]studied the robustness of the work of Sarrate, Blesa, and Nejjari 2014 against sensi-

tivity matrix uncertainties. They found that sensor positions were not sensitive on the leak magnitude,
but they heavily depend on the working point (boundary conditions) of the Furthermore, Blesa
et al. 2015|formulated a multi-objective problem for[OSP—minimizing the average and the worst leak
isolability index. Recently, Soldevila et al. 2018 used hybrid feature selection for a classifier-based
sensor placement algorithm that was robust to demand uncertainties and measurement noise. The
different approaches for model-based leak localization are summarized in Table[4.1]

Table 4.1.: This table gives a short overview on the literature of for model-based leak localization
and methodologies are listed in alphabetical order.

Literature

Description

Blesa et al.[2015 Multi-objective minimization of (i) average and (ii)
worst leak isolability index

Casillas, Puig, et al. 2013

Projection-based non-binarized sensitivity matrix

Casillas, Garza-Castafion, et al. 2015 Reduction of leak sensitivity space overlaps in leak
signature space

Christodoulou et al. 2013 ‘ Maximum entropy

Cugueré-Escofet et al. 2017 ‘ Relaxed leak isolation index

B. Farley et al. 2008}, 2010} 2013 ‘ Binarized sensitivity matrix

Nejjari et al. [2015 Minimization of average worst leak expansion dis-
tance

Pérez, Puig, Pascual, Peralta, et al. | Binarized sensitivity matrix

2009

Pérez, Cuguerd, et al. 2014 Minimization of maximum distance to gravity center
with projections > 90%

Sarrate, Nejjari, et al. 2012 ‘ Structural analysis with [DES]

Sarrate Estruch et al.|[2013 ‘ Graph clustering of structural analysis

Sarrate, Blesa, and Nejjari 2014 Combination of graph clustering and sensitivity ma-
trix

Soldevila et al. 2018 ‘ Classifier-based hybrid feature selection
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4.2. Methodology

4.2.1. The optimal sensor placement problem, parameter space size and solution
strategies

It is important for leak detection that sensors are able to observe signals of all possible leaks in a
system. Additionally, to localize the leak, these signals have to be distinguishable by the sensors
corresponding to the leak’s location in a system. This is called leak isolability. Thus, an optimal
sensor placement should fulfill both criteria, the (i) leak detectability and (ii) the leak isolability. All
former mentioned sensor placement approaches contain both criteria directly or indirectly in their
formulation. Furthermore, all different[OSPalgorithms are expressed in terms of an objective function
f(x) which has to be minimized (or maximized), either by exhaustive search methods (for small and
medium sized systems) or by the optimization methods already described in Section[2.1] Most of the
time the problem is solved with heuristics like e.g. [GAk. The parametrization of the problem
is based on a vector x

x=(ng,...,ny)" . 4.1)

The length N of this vector corresponds to the number of sensors that are intended to be placed. The
elements x; of x contain the sensor positions encoded as integer values n; in the range of n; € [1,...,M]
where M is the number of possible measurement locations. Each number is unequivocally assignable
to a potential measurement node in the system.

In general, the problem is a combinatorial optimization respectively an integer programming
problem (see Section[2.1.T)). This property results through the combination of discrete sensor positions
which build the parameter space. The search spaces for[0SP problems are huge. Solving f(x) for every
possible combination of sensors in a results in an almost countless®* parameter respectively
solution space. For example, if there are M different possible measurement positions for pressure
sensors in a network, there are C possible sensor combinations for placing N sensors

M M!
€= <N) TNM-N) @2

Hence, C independent computations of the objective function f(x) have to be evaluated. Furthermore,
this number grows exponentially with M: using the Stirling approximation n! o< \/27tn(n/e)" for
n — oo reduces equation (4.2) to

M MN
C:<N>zN! for N<<M . 4.3)

The constrained N << M is always the case for[0SPlin real Placing M = 5 sensors, for instance,
in a medium sized network with N = 200 nodes results in C =~ 2.5 billion possible sensor combi-
nations, respectively, 2.5 billion possible solutions for the problem. This is why exhaustive search
methods are unrewarding.

If the optimal solution can be retrieved by placing one sensors after another—called from now on a

24Countless as in the sense of the human perception of a gigantic entity, not in the sense of the strict mathematical definition
of not being countable, e.g. uncountably infinite.
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greedy sensor placement algorithm—the search would be drastically reduced to

MM—1)....M—N+1)= ML (4.4)
.. —_ (M — N) ! ~ . .
Additionally, all possible solutions for all sensor numbers from 1 to M would be retrieved on the way
to find the optimal solution for M sensors. Unfortunately, already Kapelan et al. 2005|showed that the
[OSP problem is not solvable by a greedy algorithm for hydraulic calibration problems.

For model-based leak localization, the malfunctioning of greedy-algorithms has not been shown, yet.
But if that is the case, meta-heuristics like are the only alternative for finding optimal solutions
respectively near-optimal solutions in reasonable time for problems with this enormous search space
sizes. Fortunately enough, they are very effective for finding sub-optimal solutions in high dimen-
sional and large parameter spaces.

4.2.2. Sensor placement algorithms for comparison

To compare different sensor placement algorithms, two fundamentally different approaches are stud-
ied within this thesis: (i) topology-based optimal sensor placement algorithms (see Section 4.2.2.2))
and (ii) sensitivity-based methods (see Section[d.2.2.3).

The first methods utilize algorithms from the broad field of graph theory. As already mentioned
in Section 2.2.4] a can be seen as a mathematical graph. The second class of methods takes
advantage of the leak sensitivity matrix to find optimal sensor positions. That is why the sensitivity
matrix and how to obtain it is explained in more detail in Section4.2.2.1]

4.2.2.1. The leak sensitivity matrix

The sensitivity matrix S is the key in deciding where to install pressure measurement devices in a
(Pudar and Liggett|{1992) and used in a lot of algorithms. The reason for that is that S repre-
sents the effect of leaks on pressure measurement points. The leak sensitivity matrix S is computed in
following way
S11 -+ Sin
S=|: : 4.5)
Smlt -+ Smn

where m is the number of leak scenarios and 7 is the number of possible measurement positions.

The individual elements s;; of S represent the change of pressure at point j due to a leak at location i
in the network

p;
dofi
Real modeling is a large scale problem involving lots of non-linear equations that depend on nu-
merous parameters (see Section [2.2)). That is why computing S analytically is not practicable (Pérez,
Puig, Pascual, Quevedo, et al. 2011). Hence, a first order Taylor series approximation of the analyt-
ical non-linear leak-pressure behavior is performed. These first order derivatives can numerically be

(4.6)

Sij =
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resembled by using the forward-difference (FD) approximation (Naumann 2012

of(x) _ flx+hei)— f(x)
N = . +o(h) . 4.7)

n+ 1 function evaluations are necessary to build the derivative, because one function evaluation results
from the working point evaluation f(x). Alternatively, the central-difference (CD) approximation
(Naumann |2012) can be used

af(x)  f(x+he;i)— f(x—he;)

_ 2
P - +o(n?) . (4.8)

This approximation needs 2n function evaluations to differentiate f(x). In this thesis, the first deriva-
tives are numerically approximated by using the forward-difference method from equation (4.7). Link-
ing this to simulation, the single elements of the sensitivity matrix s;; are calculated by subtract-
ing p j/—the leak free pressure—from the pressures which are calculated at the same position p j" under
leak scenario i with a leak of magnitude f; and normalizing the resulting value by the leak size
5ij = apj _ PJ/CI _ﬁj
dfi fi

(4.9)

The computational burden for computing S using equation (4.7) is given by solving the hydraulic
model m + 1 times in the system. The pressures at all measurement positions m are retrieved from
a single EPANET evaluation for a specific leak scenario. The additional simulation emerges from a
hydraulic simulation of the leak free case to obtain p;. Using the more accurate approximation in
equation (#.8)) will double the computational cost, but would also decrease the approximation error.
Nevertheless, for small leaks in the system, the analytical and this approximated sensitivity con-
verge (according to Pérez, Quevedo, et al. [2011)).

It has to be mentioned that S—respectively the sensor placements making use of S—heavily depend
on the working point of the system defined by the demand loading and boundary conditions in the
hydraulic simulation (Pérez, Puig, Pascual, Quevedo, et al.[2011). The influence of the leak magnitude
is negligible (Blesa et al. 2014)).

The above presented method is also called influence coefficient method or parameter perturbation
method (Sanz Estapé [2016)). Obviously, the method is computationally slow. More advance methods
exist to retrieve S through a single?® hydraulic simulation (see for example the equation perturbation
method by Cheng and He [2011).

However, the parameter perturbation approach is chosen, because of its simplicity to implement. Fur-
thermore, the computation time can be reduced on modern multi-core computer environments by
parallel computation of the single elements of S. For the sensor placement problem, most compu-
tational effort arises due to the incredible huge size of the search space (see Section [4.2.1)) and the
computation of S plays only a minor part. Thus, more sophisticated approaches to calculate S are
neglected in this thesis. Further methods how to compute S can be found in (Kapelan et al. 2003)) or
(Sanz Estapé [2016)), for the interested reader.

In order to estimate the general sensitivity of a potential measurement point with respect to all possible

Zrespectively two, again one simulation is needed for the leak free case.
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leak scenarios, the mean over the column of § is calculated in the following way
)
S;j=—) Sij . (4.10)
miz

This calculation serves for the graphically representation of the sensitivity of a certain measurement
locations to leaks in general (see for example Figure and is closely related to the leak detectabil-

ity.

Residual matrix Some leak localization algorithms and approaches also rely on the computa-
tion of residuals, hence they are described here. The residuals express the difference between real-
world measurements and the expected hydraulic system behavior. Consequently, the residuals r;; are
computed similarly to the sensitivity matrix, but in general with different leak sizes f; and by omitting
the normalization

rp=pi—-p; . @10

In total, the R matrix represents the measurements in a system. Later on in this thesis, the i-th column
of R will be called i-th residual vector r;j.

4.2.2.2. Graph-based optimal sensor placement

The first two algorithms—Shortest Path 1 and 2—have been proposed by Schaetzen et al. [2000)] orig-
inally for hydraulic model calibration. Both algorithms make use of the network graph only without
utilizing any hydraulics. Consequently, both algorithms employ shortest path algorithms to retrieve
the ideal sensor positions. Thus, "these rankings are not optimal in a hydraulic sense but are practi-
cable and correlate well with the information required in the measurements for estimating parameters
of a hydraulic network model" (according to Schaetzen et al.[2000). Basically, both algorithms prefer
measurement points that are (i) dispersed over the whole network, (ii) having a high coverage in a
shortest path sense per definition, (iii) as wide as possible away from sources (e.g. tank) and there-
fore are possibly highly sensitive to pressure changes. That is the reason why they are used for leak
localization as well in this thesis.

4.2.2.2.1. Shortest Path 1 The first algorithm proposed by (Schaetzen et al.|2000) chooses pres-
sure measurement points by utilizing the shortest path algorithm by Dijkstra [1959 on the network
graph, where the weight o associated to a pipe is its corresponding length / (see Section [2.2.4). The
shortest path from the water source (tank, reservoir or[DMA]inlet) to each node in the network is calcu-
lated. The node with the longest shortest path length— a min-max optimization problem—is chosen
as measurement location. Afterwards, a pipe with length zero is added between the source and the
measurement node, consequently changing the shortest path lengths in the network. Then this proce-
dure is repeated until the demanded number of sensors is placed. As a consequence, this method
prefers sensor locations near the interior of the network (according to Schaetzen et al. 2000),

4.2.2.2.2. Shortest Path 2 The second algorithm operates in a similar manner, but instead adding
a pipe of zero length, all lengths of the pipes belonging to the longest shortest path are set to zero.
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According to Schaetzen et al. 2000} this method prefers sensor locations in the outer edges of the
network.

If a[WDS] possesses several sources, then this sources are connected with pipes of length zero prior to
estimating the optimal sensor positions. Logically, the first optimal sensor position is always the same
for both algorithms. The differences between the algorithms start as recently as the first measurement
point is identified and different pipe lengths are added to the network. Especially in branched pipe
networks, the ideal positions between the two algorithms differ.

Finally, it has to be mentioned that both algorithms—Shortest Path 1 as well as Shortest Path 2—
are in fact greedy sensor placement algorithms per definition as described in Section equation
(4.4). Because of their greediness as well as their utilization of highly efficient graph theoretic algo-
rithms, they are very economical in terms of computational power. Thus, they are applicable even
on huge networks consisting of thousands of nodes without any problems—even on ordinary desktop
computers.

4.2.2.3. Sensitivity-based optimal sensor placement

This section covers the later-used sensitivity-based approaches. All concepts have in common that
they make more or less use of the leak sensitivity matrix presented in Section [4.2.2.1] Whereas all
approaches utilize the sensitivity matrix, they all differ in how they use it to find optimal pressure
measurement locations. Hence, all algorithms lead to different "optimal" measurement positions.
The optimality of the sensor positions resulting from the different algorithms will be examined later
on in this thesis by testing them in the real-world.

4.2.2.3.1. Shannon-Entropy This approach is also presented in Schaetzen et al. [2000] together
with the shortest path algorithms already described in Section[d.2.2.2.T|and[4.2.2.2.2] Although, this
approach is originally formulated for roughness calibration based on pressure measurements in the
paper of Schaetzen et al. 2000. It is reformulated to fit the methodology for model-based leak
localization. As the name already indicates, this[0SPlmethod makes use of the Shannon entropy. Shan-
non introduced this term as a probabilistic measure of uncertainty tightly connected to the information
about system. In mathematical terms, the Shannon entropy is formulated in following way

m m

S(p) = — ijlnpj with
i=1

pi=1 and 0<p; <1 Vjel[l,m], (4.12)
J 1

J=

where p; is a probability distribution function. Finding the distribution that will result in the maximum
entropy will result in the most unbiased information. Thus, a sensor placement with maximum entropy
would lead to an even spread of measurement locations in a system (according to Schaetzen et al.
2000).

Schaetzen et al. 2000|formulates two objectives to be maximized. They are later combined in a single
objective. Both objectives are based on the sensitivity matrix and the Shannon entropy function de-
rived from it. The sensor positions of a placement are given by the parameter vector x = (n1,...,ny)"
containing the N measurement locations decoded as integers n; € [1,n] with n the number of possible
measurement locations.

124



4.2. Methodology

The first objective maximizes the sensitivity

m
Fi(x) = j;sj, where s; = nlflez.lxx(s,-j) : (4.13)
m is again the number of leak scenarios and s;; is the sensitivity matrix in equation (4.5). Maximizing
Fi(x) leads to high detectability of leaks by placement x.

The second objective maximizes the entropy function

5j

— 4.14
ZT:IS]' ( )

m
F(x)=S(p)=— ijlnpj with pj=
=1

Subsequently, the two objectives are combined in following way

2 (x) —max(F; 2 .
F(x):\/;Z<mnﬁg<)x>>—nfig<)x»> - el (19

i=1

This optimization problem introduced by minimizing equation (@.13) is solved using a[GAl

4.2.2.3.2. Perez Binarization approach This[0SPimethodology—in fact one of the firstOSPmethod
for model-based leak localization—is based on the standard theory of model-based diagnosis. Leak-
age localization is based on consistency checks using the residual vectors r; defined in Section[#.2.2.1]
The itself again originates from the leak sensitivity matrix S defined in Section d.2.2.1] Since
some potential sensor positions are more sensitive to leaks than others, S is normalized to assure
comparability between the different columns

g
sy=—— (4.16)
max (s, . - ., Sin)
Consequently, the maximum normalized sensitivity should lie on the diagonal. The normalization is
followed by a binarization process to obtain the binary leak signature matrix ¢;;

0if |s;i| <=
0ij =1 . . i : (4.17)
11f|S,'j| >T

T is a threshold that has to be defined. It has to mentioned that the binarization of S goes hand in hand
with an information loss of the investigated system (Quevedo et al. 2011).

Finding the optimal T is important, since small T lead to all elements becoming 1 and large T ~ 1 lead
to all elements becoming zero except for the diagonal. The ideal T is found through exhaustive analysis
of the behavior of ¢;; on T in the following way: A leak signature is a unique column in S. The number
of all signatures is compared to the maximum number of nodes having the same signature. The ideal
T is found where these two numbers are equal. Additionally, the maximum number of signatures
corresponds to the isolability of a certain placement and can be used for a cost-benefit analysis similar
to Section [4.2.3| (Pérez, Puig, Pascual, Quevedo, et al. 2011).

Subsequently to binarization, the objective of the algorithm is to find a sensor distribution x that
minimizes the number of nodes for the largest set of leaks with the same signature. This is again an
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optimization task and can either be solved through exhaustive search, semi-exhaustive search like e.g.
branch and bound search methods, or as always in this thesis with a heuristic optimization method, a
[GAl as described in Section[2.1.2.2.1

4.2.2.3.3. Casillas Projection approach The sensor placement algorithm described in Casillas,
Puig, et al. 2013| manages the without the information loss through binarization of S as the ap-
proach described in Section4.2.2.3.2] This[OSPlapproach makes full use of S by calculating projections
V;; between the residual vecors r; and s;

_ 1 0w)s;
r7 0(q)7]|Q(q)s,|

0(q) is a diagonal matrix constructed from a binary vector q with the length of the possible sensor
positions, where g; is 1 if a sensor is placed at node i respectively O for no sensor.

vii(q) (4.18)

Mathematically, g and x (see the definition in equation (4.1))) are connected through following relation

1ifi
g =4 DPeT (4.19)
Oifi¢x

A translation operator 7" is defined following the relationship between g and x in equation @E.19) to
keep consistent with the notations of the objective functions for the other placements which are
all dependent on x

x=T(q) resp. q=T""'(x) . (4.20)

The largest projection value represents the found leak spot. The correct leak spot is found by a sensor

configuration x if the maximum value is part of the matrix’s diagonal. Subsequently, €;(x)—an error

index corresponding to a certain sensor placement for a specific leak scenario—is defined as following
. 0...ify;(q) = j A7

El‘(X) — SI(T((])) — { 1 lIIll(q) maX(lIIl](q)7 ,W;m(q)) (421)

1 ... otherwise

The objective function of the[0SPlalgorithm f(x) is defined as the mean over €;(x) for all leak scenarios
taking every possible leak into account

f(x):fg"(x) - minf(x) 4.22)

Minimization results in the optimal sensor configuration x*. The lower bound of f(x) is 0, denoting
that every leak in the system is located correctly by the sensor configuration x. The upper bound is
f(x) = 1. That is the case if no leak scenario is identified correctly. The optimization problem can be
solved again with the optimization strategies defined in Section[2.1] In this thesis, [GAk will be used to

solve this problem (see Section [2.1.2.2.1]).
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4.2.2.4. SPUDU - Sensor placement under demand uncertainties

The optimality of measurement locations in[WDS]do not only depend on the detectibility and isolability
of leaks, it also depends on uncertainties arising from (i) model inaccuracies or (ii) random fluctuations
in measurements over time (as, for example, originating from uncertainties of customer demand over
time”®). Therefore, a sensor placement methodology has been developed allowing to incorporate
uncertainties in the (Steffelbauer and Fuchs-Hanusch 2016a)).

The idea behind this methodology is that uncertainties ¢; depend on the measurement locations. These
uncertainties can be model output uncertainties retrieved, for example, from[MCSl Some measurement
locations are more sensitive to uncertainties than other points. Hence, points that are highly sensitive
to uncertainties are less ideal to place sensors at, since the measured quantities can be concealed by
these uncertainties. This is why points with high uncertainties should be omitted by an[OSP| algorithm.

Incorporating uncertainties using optimization algorithms, this can be done in two ways: (i) explicitly
or (i1) implicitly in the optimization problem.

(i) The first approach can be formulated as punishing the fitness values of measurement locations
by adding a penalty function g proportional to the uncertainties at these points

fx) = f(x)+glo(x) (4.23)

(i) The second approach incorporates the uncertainties ¢ implicitly in the problem itself

f(x) = f(x,0) (4.24)

In this thesis, the latter approach has been chosen by extending the method developed by Casillas,
Puig, et al.[2013| which was already discussed in Section[d.2.2.3.3] This has the advantage that instead
of two functions—f(x) and g(o(x))—only one function has to be evaluated.

The projections in the method of (Casillas, Puig, et al. 2013) can be seen as a scalar product
between the residual vectors and the corresponding column of S. The residuals are intended to be
perturbed by subtracting weighted uncertainty vectors G, corresponding to the measurement points.
This results in small deviations of the direction of the residual vector. The variation is proportional
to the strength of the uncertainty?’. The so caused mismatch between the unperturbed sensitivities
and the perturbed residuals leads to a penalization of measurement locations associated with high
uncertainties. Mathematically, this implicit approach is formulated in following way

(rf —00y,) O(@)s)
rl —0o),) 0(a)"[|Q(a)s;|
 is a weighting factor controlling the strength of the influence of ¢ and will be investigated in more

detail later. High distortion of the residual vectors r; result in smaller ;;(q). Therefore, points with
sensors at these positions will be less optimal.

vii(q) = I (4.25)

Subsequently, the[0SPlapproach will follow strictly the procedure already described in Section{4.2.2.3.3
continuing from equation (@.21) to build f(x) which is again optimized by [GA.

26Measurement uncertainties originating from the sensors itself are depending on the device and not on the location.
2Note, that the approach is applicable for any kind of uncertainties.
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Chapter 4. Optimal Sensor Placement

4.2.3. Sensor placement cost-benefit analysis considering uncertainties

Up to now, most previous studies have investigated problems were the number of measurement
devices to be deployed was assumed to be known in advance. Thus, the number of sensors that
are going to be placed was treated as a fixed parameter in algorithms. However, for WU, it is
very interesting to know how many sensors are needed in a[WDNI to achieve a certain quality of leak
localization. Furthermore, they are interested in the expected benefit of installing further k sensors
in their system. A few studies exist that have investigated the behavior of the sensor number on the
sensor placement quality parameter defined in the respective methodology. See, for example, Pérez,
Puig, Pascual, Peralta, et al. 2009, Casillas, Puig, et al.2013|and Sarrate, Nejjari, et al. 2012, However,
all of the former mentioned studies have in common that they plainly state the pure simulation results
without aiming to find a mathematical law behind the quality as a function of the sensor number, nor
did any of this studies consider uncertainties.

Sensitivities and Residuals Sensor Placement GA Cost-Benefit
Function
Hydraulic Model 038 o2 .
sT] ¢ 81',1 7’11 ¢ r{n \\
: L oo .
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Figure 4.1.: Flowchart of the methodology (taken from Steffelbauer and Fuchs-Hanusch
20164)

The following questions—(i) how many sensors are needed and (ii) how do uncertainties influence
the number of sensors—are tried to be answered with the proposed methodology in this section. It
consists of a closer look on fitness function outcomes of the computations in dependency of the
sensor number and in the presence of uncertainties of certain strength.

An overview of the followed approach is depicted in Figure [.T] (taken from Steffelbauer and Fuchs-
Hanusch[2016a)). First, the sensitivity matrices S and the residuals r (see section[d.2.2.T)) are computed
through hydraulic simulations. S and r are later used as inputs for the[0SPlalgorithm described in Sec-
tion[4.2.2.4] The hydraulic model is also used to calculate the effect of uncertain input parameters on
the outputs of the hydraulic model (6) through [MCS (see Section [2.3.1)). Subsequently, the computed
C is integrated into the algorithm described in Section[d.2.2.4] The number N of sensors,
a weighting factor ® to adjust the strength of the uncertain demands, S, r and ¢ are used for finding
optimal measurement locations. These locations possess a leak localization with a certain minimal
fitness value f(x*).
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4.3. Results and discussion

Running an[GAl for a fixed o and different number of sensors N results in different f(x*|N,®) values.
The fitness values can additionally serve as a sensor placement quality parameter, since they are
connected to the number of leak scenarios which have not been located accurately (see equations
(@.21) and @.22)). The percentage Lg, of theoretically accurate located leaks can be defined through
following equation

Lo (x*IN, @) = 100- (1 — f(x*|N,®)) . (4.26)

The calculation of f(x*|N,®) for different N and ® allows the derivation of sensor placement cost-
benefit functions. For reasons of simplicity, the cost is simplified by the sensor number and the
benefit is given as the quality of a certain placement in terms of leak scenarios located correctly or
f(x). In this thesis, different functions are tried to describe the behavior of f(x*) as a function of N.
Certainly, f(x*) should decrease with increasing N. Logically, more sensors should lead to better leak
localization quality.

The cost-benefit analysis is expensive regarding computational costs. For every N and ® pair a time
consuming optimization problem has to be solved. That is why a general cost-benefit functions de-
scribing the behavior of f(x) on N potentially promises computational shortcuts and might lead to
better insights into problem itself.

Concerning the cost-benefit evaluation, two questions arise: (i) how to fit a function optimally to f(x)
and (ii) how to decide which function is best?

(i) States and optimization problem which is solved with the Levenberg-Marquardt algorithm as
described in Section 2Z.1.2.1.4

(i) The statistics described in Section are used to ascertain which is the true cost-benefit
behavior of the problem.

4.3. Results and discussion

This section summarizes the results of the analysis. First, the developed methodology of how to
incorporate uncertainties in a algorithm—the method (see Section {.2.2.4)—is presented
in detail and evaluated on the Linz-network (see Section[2.4.2) for different sensor numbers as well as
different strengths of uncertainties. A special focus will be laid on the effect of demand uncertainties
on optimal sensor locations. Subsequently, the results are used to conduct a cost-benefit analysis of
the problem additionally with different sizes of uncertainties using the methodology described in
Section[2.3.4] The results are already published in the related journal paper to this thesis (Steffelbauer
and Fuchs-Hanusch 2016a)).

Second, the different[0SPlalgorithms described in Sectiond.2.2will be applied on the Ragnitz-Detailed
network (see Section [2.4.3)) for placing N = 5 sensors. The dissimilar "ideal" [OSP results will be dis-
cussed in detail. The resulting positions of all algorithms will be used to install pressure mea-
surement devices at hydrants in the real-world conducting a field-study to evaluate the performance
of the algorithms under real-world conditions. The results of this study will be presented in the next
chapter on model-based leak localization. Some results of this study are also already published in a
conference publication (Fuchs-Hanusch and Steffelbauer 2017).
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Chapter 4. Optimal Sensor Placement

4.3.1. Sensor placement under demand uncertainties

Following the methodology described in Section[4.2.3] first the uncertainties are computed, followed
by sensitivity matrix calculations which are both then used for retrieving locations from
algorithm for different numbers of sensors N and different strengths of uncertainty 6. Subsequently,
the results will be used to conduct a cost-benefit analysis which will compare sensor number against
leak localization quality.

4.3.1.1. Model output uncertainty computation

The[SPUDUl approach will be shown on the example of incorporating demand uncertainties on pressure
measurement points in the[OSPlalgorithm. In general, every combination of model input-model output
uncertainty can be applied in this methodology.

mcsteps parameter sets are realized for[MCS] thus, each demand in the (WDSlis randomly drawn from a
normal distribution. The mean y, is chosen to be the actual nodal demand during at the junction,
standard deviation G, is chosen to be 10% of the actual demand. Hydraulic simulations are performed
with EPANET using the OOPNET interface (Steffelbauer and Fuchs-Hanusch 2015) to evaluate each
parameter set. Simulations are conducted in parallel. The resulting pressures p; at every node j in
the network are consolidated to form the probability distribution functions P(p;) of the model output
uncertainties for every possible measurement position. The standard deviation G, is taken from
this distribution serving as a measure of the pressure uncertainties at the corresponding measurement
location j. High 6,,,—hence high noise in pressure signals at these point—indicate less ideal pressure
measurements points. Simulations with a sample size of mcepts = 10000 are conducted and the
resulting 6, are depicted in Figure [4.2b|

It can clearly be seen that a region in the upper part of the network exists with very high demand
uncertainties. This big uncertainties originate from a big customer in this part of the network. Conse-
quently, these points should be punished by the algorithm, if the method works properly.

4.3.1.2. Sensitivity matrix computation

After the computation of demand uncertainties, the sensitivity matrix S is calculated (see Section
M.2.2.1). Every node in the serves as both, a possible leak location as well as a possible mea-
surement point. For generating the leak scenarios, the same emitter coefficient of ¢, = 0.5 (e, = 0.5)
was used at every node in the system. Only one leak size was chosen to build the sensitivity matrices,
because according to the work of Blesa et al.|[2014|the sensor positions should not be sensitive to leak
magnitudes, they are more sensitive to the working point of the The overall sensitivity for every
node according to equation (4.10)) is depicted in Figure[4.2a] The system appears to be sensitive
to pressures at the right hand side. That are the points that are as far as possible away from the
inflow point at the left side (diamond symbol). The residuals R—which are also needed for the
algorithm—are calculated with the same emitter coefficients as S.

4.3.1.3. Optimal sensor placement results

Consequently, the previous calculated sensitivities S, residuals R (both in Section 4.3.1.2)) and model
output uncertainties G, (see Section4.3.1.1) are used for computing the optimal measurement loca-
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Figure 4.2.: Overall sensitivity of nodal pressures to leaks (left) and effects of the demand uncertain-
ties on nodal pressure measurements in the Linz network (right) (taken from Steffelbauer
and Fuchs-Hanusch 2016a)

tions using the developed algorithm described in Section [d.2.2.4] The [OSPl problem is solved
for a different N € NN [2,...,10] and different ® € {0.0,0.125,0.25,0.5,1.0}.

o was chosen between the case with no uncertainties (o = 0.0) and the case considering uncertainties
with full strength (@ = 1.0). Simulations using ® = 1.0 result in a clustering of sensors in low-
uncertainty regions. Thus, the sensors are not evenly spread over WDS] (see for example Figure [4.4d).
For that reason, ® was divided by two until sensors emerged again at regions with high uncertainties.

The N values were chosen within the range N € NN [2,..., 10}, because sensor numbers greater than
10 were presumed as uneconomical for the studied WDNl Furthermore, placing one sensor is a trivial
task—the point with the highest overall sensitivity would be the ideal measurement point>®. Thus, no
optimization algorithm would be necessary.

During all simulations, the network was expected to be a with additional sensors at the inflow
point L; respectively at the outflow L. These positions were considered in f(x) evaluations by joining
the parameter vector x of length N with this additional sensor positions

X<+ xN[L;,Lo] . 4.27)

The resulting optimization problem is solved with the described in Section [2.1.2.2.1] with fol-
lowing settings: u = 100, N; = 100, single point crossover operator with p, = 0.8, uniform integer
mutation with p,, = 0.2, tournament selection of size k = 3. For each possible N-m combination, the
optimization problem is solved 10 times to additionally analyze the stochastic behavior of the [GATs
solutions. As already discussed in Section 2.1.2.2] heuristic algorithms cannot guarantee a global
optimal solution and may result in different f(x*) for same N and ® parameters.

The results for all optimization runs are summarized in Table 4.2] containing the average (mean),
minimum (min) and standard deviation (std) of f(x*). As expected, f(x*) decreases with higher
N—f(x*) increases with higher .

28 . unless uncertainty effects are too high there.
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Table 4.2.: Results for [SPUDUlfor different numbers of sensors N and different  parameters. The statistics (minimum (min), mean and standard
deviation (std)) of the f(x) values are obtained from 10 GA optimization runs for each N-® combination (taken from Steffelbauer and
Fuchs-Hanusch 2016a).

0=0.0 o=0.125 o =0.25 0=0.5 0=1.0

mean min std | mean min std | mean min std | mean min std | mean min std

0.327 0.316 0.007 | 0.345 0.334 0.007 | 0.399 0.378 0.009 | 0467 0.459 0.005 | 0.559 0.546 0.008

0.265 0.247 0.010 | 0.284 0.270 0.009 | 0.312 0.301 0.009 | 0.372 0.355 0.010 | 0.444 0423 0.014

0.227 0.207 0.011 | 0.233 0.222 0.008 | 0.271 0.260 0.009 | 0.316 0.304 0.008 | 0.385 0.367 0.016

0.203 0.189 0.011 | 0.211 0.196 0.008 | 0.237 0.219 0.011 | 0.275 0.263 0.011 | 0.338 0.314 0.012

0.185 0.171 0.006 | 0.191 0.173 0.011 | 0.212 0.202 0.008 | 0.249 0.230 0.010 | 0.312 0.291 0.012

0.175 0.158 0.008 | 0.172 0.156 0.013 | 0.188 0.176 0.009 | 0.228 0.202 0.014 | 0.291 0.268 0.013

0.162 0.145 0.008 | 0.160 0.151 0.009 | 0.173 0.161 0.009 | 0.207 0.191 0.011 | 0.261 0.230 0.019

0.144 0.130 0.007 | 0.150 0.140 0.005 | 0.161 0.133 0.011 | 0.189 0.179 0.007 | 0.249 0.222 0.016

0.143 0.135 0.006 | 0.140 0.128 0.010 | 0.156 0.140 0.012 | 0.181 0.156 0.015 | 0.241 0.207 0.025
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4.3. Results and discussion

Figures and show the ideal measurement locations with minimum found f(x) values for se-
lected N and ®. Results of all optimal placements of the N-® pairs can be found in the supplementary
material of Steffelbauer and Fuchs-Hanusch 2016al Figure 4.3| shows results for N=2to N =5
without uncertainty (® = 0.0). Results for N = 5 under incorporation of uncertainties with varying ®
(between 0.125 and 1.0) can be found in Figure 4.4

C©ON=4,0=0.0 @WN=5,0=0.0

Figure 4.3.: Sensor positions (green triangles) resulting from the enhanced sensor placement algo-
rithm described in section 4.2.2.4] for different number of sensors N and without uncer-
tainties ® = 0.0. Already installed sensors at the inflow and outflow point of the DMA
are depicted as purple triangles. (taken from Steffelbauer and Fuchs-Hanusch [2016a))

Discussion It can be seen in Figures [4.3a] to [4.3d] that without uncertainties the algorithm
places sensors in regions with high uncertainties. The high uncertainty region can clearly be seen
in Figure Incorporating uncertainties with @ # 0 leads to different positions. More sensors
are moved to low-uncertainty regions (see Figures 4.3d|to [4.4d) with increasing ®. Thus, the SPUDUI
method results in the desired behavior—it punishes measurement locations with high uncertainties.
Although, this goes hand in hand at the costs of the spreading of the sensors over the whole [ WDSl That
is why sensors tend to cluster in low uncertainty regions.

Another interesting point is revealed in Figures[4.3ato The optimal positions P(N — 1) for N — 1
sensors is not a subset of the optimal locations P(N) for N sensors (P(N — 1) € P(N)). Consequently,
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©ON=50=05 N=5w=10

Figure 4.4.: Sensor positions (green triangles) resulting from the enhanced sensor placement algo-
rithm described in section f.2.2.4] for different five sensors N = 5 and different weighting
factors ®. Already installed sensors at the inflow and outflow point of the DMA are
depicted as purple triangles. (taken from Steffelbauer and Fuchs-Hanusch [2016a))
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greedy sensor placement algorithm will fail. Similar results have been found by Kapelan et al. [2005
for model calibration sampling design.

A small note on the size of the problem and on the computation time: Placing 10 sensors in the Linz
network consisting of 392 nodes results in C ~ 2 - 10'? possible sensor combinations—in words 20
quintillion possible solutions to the problem. Solving this problem with brute force by total enumer-
ation and assuming that 50 objective function evaluations are possible each second—a reasonable
assumption—the computations take exactly as long as the current age of the known universe. If the
computation started right after the Big Bang 13.7 billion years ago, the city of Linz can be sure by
now that they have the best possible sensor placement for ten sensors in their small subsystem in
Linz-Pichling. Provided that the hydraulic model is accurate and the method results in the truly
optimal solutions, of course. Thus, it has to be noted that for a large NV, the results in table @] must
be treated with caution, because of the incredible large search space. In one optimization run, f(x) is
approximately evaluated 8000 times which is certainly just a tiny fraction of the total solution space.

4.3.2. Cost-benefit analysis

This section uses the methodology described in Section .2.3]to find the cost-benefit behavior behind
the [OSP| problem. The methodology is tested again in the Linz network analyzing the results obtained
in Section

The mean values of the 10 optimization runs were chosen for finding the behavior of f(x) on N for
different . Subsequently, the values were fitted utilizing different functions. The model fits are then
tested with statistics to obtain the best mathematical law describing the cost-benefit behavior.

Seven different fit-functions f;(N) describing the decreasing dependency of the sensor placement
quality on N can be found in Table [4.3]in the first column. Further columns are described as follows:
N, is the number of parameters, v the number of degrees of freedom. x? is the value resulting from >
statistics calculated by equation %2 is the value from the reduced ?-statistic (equation , A1
is calculated using equation [2.89] and [BIC by equation [2.90] All values are means over the different
. According to table the extended power law function fs(N) leads to the best x> and x2. In
contrary, the simple power law equation f7(N) leads to the best [AIC] and [BIC] values. Additionally,

Table 4.3.: Goodness-of-Fit table for different fit-functions f;(N) containing the number of parameters
Np for every function, the degrees of freedom Vv, the resulting values for 2 and reduced 2
statistics, and (taken from Steffelbauer and Fuchs-Hanusch|2016al)

fit-functions Np v x> x> aic bic
filN)=ae®V 2 7 0.00272 0.00039 -67.68 -67.28
H(N)=ae N +c 3 6 001346 0.00224 -67.80 -67.21
HN)=e*N+b 2 7 0.00355 0.00051 -64.37 -63.98
fai(Ny=aN*+bN+c | 3 6 0.00082 0.00014 -7496 -74.37
fs(N)=e *N4+bN+c| 3 6 0.00031 0.00005 -83.12 -82.53
fo(N)=(a+bN)"€ 3 6 0.00006 0.00001 -97.65 -97.05
fi(N)y=aN~" 2 7 0.00009 0.00001 -97.93 -97.53

Table shows the fit parameters and the errors for functions fs(N) and f7(N). Due to the high
standard errors of parameters a and b resulting for fs(N) , f7(N)—with smaller parameter errors—is
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chosen as a cost-benefit function for the values in Figure 4.5] Hence, the placement for the
[OSP| problem is found to follow a power law.

Furthermore, this behavior has practical consequences for explained now in more detail—for
® = 0.0 with the values taken from Table : Three instead of two sensors improves f(x) by

0=9(x) — fO=9(x) = 0.327 —0.265 ~ 0.06 . (4.28)

The same improvement for starting from three sensors doubles the number of additional sensors.
Additional two sensors have to be placed—resulting in five total sensors—to obtain the same benefit

F220(x) — £2=9(x) = 0.265 —0.203 ~ 0.06 . (4.29)

Starting from five sensors, four additional sensors, again double as many as before, have to be placed
additionally for the same improvement

F220(x) — £O=9(x) = 0.203 —0.144 ~ 0.06 . (4.30)

Therefore, the additional sensor number has to be doubled each time for linearly improving sensor
placement’s quality .

Remarkably, the power-law behavior stays true when incorporating uncertainties. The difference to
simulations @ = 0.0 is that the f(x) for a specific N gets worse if ® increases. This is logically, since
leaks are harder to find in real-world systems fraught with high uncertainties compared to theoretically
perfect knowledge in simulated WDSI For achieving the same f(x) as in simulations with @ = 0.0 for
N = 2 sensors, double as many sensors (N = 4) are needed for ® = 0.5. Even N = 6 is needed if
considering the full amount of uncertainties (0 = 1.0). All of that can be seen in Figure 4.5

Table 4.4.: Resulting fit parameters and error limits for fit-function fg(N) and f7(N) from table
@ (taken from Steffelbauer and Fuchs-Hanusch 2016al)
fsN) = (a+b-N) © HN) —a N
0 a b c a b

0.000 | 0.0+1.0 40+1.0 0.52+0.05]| 0.467 £0.006 0.517 + 0.009

0.125 | 1.0£05 22+0.6 0.62+0.05 | 0.5124+0.007 0.557 +0.010

0250 | 0.7+04 1.7+£04 0.66+0.05| 0.603 £ 0.008 0.591 + 0.009

0.500 | 0.6 £0.2 13£02 0.66=+0.03 | 0.705+0.007 0.586 &= 0.007

1.000 | -05£05 19£03 0.49+0.03 | 0.804 £0.009 0.531 £ 0.007

4.3.3. Comparison of different sensor placement algorithms

For computing the [OSPk, the hydraulic model Ragnitz-Detailed was used (see Section 2.4.3). At
the moment when the computations were performed, two hydraulic models existed of the Ragnitz
network: (i) the Ragnitz-Simple and (ii) the Ragnitz-Detailed network. The Ragnitz-Complicated
network was generated later on when sensors were already installed in the during the real-world
case study. The Ragnitz-Simple model was adjudged to be too basic for comparing approaches,
thus, the Ragnitz-Detailed model was chosen for obtaining the ideal positions for the different
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Figure 4.5.: Cost-benefit functions of OSP for different ® (taken from Steffelbauer and Fuchs-
Hanusch 2016a))

algorithms. The roughness values of the Ragnitz-Detailed model were calibrated manually a year
before the field study, hence realistic hydraulic simulation values were expected by the model.

Since the pressure sensors were planned to be installed at hydrants, only the 35 hydrants in the
Ragnitz-Detailed network (M = 35) were chosen as possible measurement positions (see Figure [2.21).
Five sensors were planned to be installed for each method (N = 5). This decreased the combina-
tions in the solution space significantly to

M 35
C= (N) = (5) =324632 . (4.31)

Computations with the graph-based sensor placement algorithms can be found in Figure 4.6] Figure
shows the results computed with the Shortest Path 1 algorithm, while Figure f.6b| shows results
for Shortest Path 2. Note that the Ragnitz-Detailed network was used for calculating the ideal mea-
surement locations —the Ragnitz-Simple network is only used for a simpler representation of the
sensor positions in the figures. Additionally, the rankings introduced by the shortest path algorithms
can be found in Table .5 Both algorithms identify HG4339b as the most important node since both
algorithms start with the same shortest path calculations. Then the ranks of the measurement positions
differ according to the procedures described in Section[4.2.2.2. T and [4.2.2.2.2] Noticeably, although
the rankings of the measurement locations are quite different, the total measurement positions between
the two algorithms just differ in one location. Shortest Path 1 chooses HG3933, whereas Shortest Path
2 selects hydrant HG4576.

The sensitivity matrices S for the sensitivity-based [0SPl methods (see Section [#.2.2.3) were computed
with a leak introduced with an emitter coefficient of ¢, = 0.1 and an emitter exponent e, = 0.5 using
the leak power law (in equation (2.63)). All nodes in the system served as possible leak positions
resulting in m = 1300 leak scenarios. The leak magnitudes varied between Q; = 0.55 and Q) =
1.0 L/s depending on the leak node’s pressure. The residual matrix R used in the Casillas (Section
and the (Section algorithm has been calculated with the same ¢, values.
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Table 4.5.: This table shows the rankings of the measurement positions introduced by both shortest
path algorithms—Shortest Path 1 (SP1) respectively Shortest Path 2 (SP2)

Rank | SP1 SP2
1 | HG4339b HG4339b

2 HG4150 HG4744
3 HG4744  HG4150
4 HG3445 HG4576
5 HG3933  HG3445
(a) Shortest Path 1 (b) Shortest Path 2

Figure 4.6.: Results for graph-based forN =35
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The uncertainties for the method are again simulated with The demands are perturbed
with a Gaussian-distribution function with the mean base demand and a standard deviation ¢ = 10%
of its value A(uy,64 = 0.1y,). Due to the small nodal demands in the system resulting from the
very detailed model, an uncertainty weight of ® = 1.0 is chosen taking the full strength of the small
uncertainties into account. All results for the sensitivity-based methodologies are depicted in

Figure

The results for Shannon entropy based [0SPlmethod as described in Section |4.2.2.3.1| can be found in
Figure Interestingly, this method also places a sensor in the low-pressure part of the in
the South, where the network is not very sensitivity to pressure changes due to leaks. Obviously, this
sensor position is favored because it maximizes the entropy in the system—the second objective F; in
the algorithm—forcing a spreading of the sensors over the whole network.

For the Pérez approach, S has to be binarized. An ideal binarization threshold of T = 0.279 is
found with the method described in Section[4.2.2.3.2] This algorithm defines the optimal measurement
positions as depicted in Figure [4.7b] The sensors tend to cluster in a region to the South-West that is
also one of the most sensitive regions of the system.

Casillas method—described in Section f.2.2.3.3}—results in the positions shown in Figure
and differs from the placement shown in Figure just in one measurement location—
HG3835 instead of HG4162. Noticeably, both locations are only chosen by these two algorithms.

Table {6 summarizes the sensor positions for the different methods. Additionally, the member-
ship of each of the twelve sensor positions to the algorithms is depicted in the last column. This
membership is also shown in Figure 48] It seems that the most important hydrants in the system are
HG3933 followed by HG4215 and HG4339b since they were chosen by most of the algorithms
to be ideal—five respectively four out of six.

Comparing all results in Figure [4.6| and Figure graph-based tend to put sensors all over
the network favoring a spreading of the sensors, whereas sensitivity-based approaches tend to place
sensors in regions where high pressure responses due to leaks are expected—at the high pressure re-
gions in the North of the network (for example, see Figure[2.20). Only the Shannon entropy approach
placed a sensor at the South, probably for maximizing the entropy of the placement.

Additionally, the different approaches are compared using different analysis criteria—most of
them can be found in Schaetzen et al. 2000, The first three criteria are linked to the coverage in terms
of total covered water paths of the network’s pipes. This path is assumed to be the unification of all
shortest paths from the source to the sensors. The first criterion—pipe-coverage (PC)—is the number
of pipes covered by a certain[@SPINpc. The second criterion is the sum of the length of these pipes Lpc
in meter. The third criterion is the relative percentage of this length to the total length of the network
Rpc. These three criteria can be found in Schaetzen et al.[2000. The higher the coverage, the better a
sensor placement is spread over a whole network. The later four criteria are based on the sensitivity
of the The fourth criterion measures the average

1

Smo =~ j;(i) i (4.32)

over all sensors of the overall sensitivity of the measurement point (see equation (.10) for the defini-
tion of 5;). A high Sy0 is preferred. The last three criteria are the objective functions of the Shannon
entropy Fy states the maximal sensitivity again to be preferred high (see equation (4.13)). F>
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Figure 4.7.: Results for sensitivity-based [0SPlfor N =5
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4.3. Results and discussion

Table 4.6.: This table summarizes the sensor positions at the hydrants in the Ragnitz network for the
different methods placing five sensors for each algorithm (see the sum in the last
row): Shortest Path 1 (SP1), Shortest Path 2 (SP2), Shannon entropy (SHE), binarization
method of Pérez (PER), projection-based method of Casillas (CAS) and the (SPU)
method. Additionally, the membership of each of the twelve measurement position to the
algorithms is depicted in the last column.

Loc. /[OSP| || SP1 | SP2 | SHE | PER | CAS | SPU | ¥
HG3420 X X | x |3
HG3445 | X | X 2
HG3835 X 1
HG3933 | X X | X | X | X |5
HG4150 | X | X 2
HG4162 X |1
HG4215 X | X | X | X |4
HG433% | X | X | X | X 4
HG4383 X | X | x |3
HG4540 X 1
HG4576 X 1
HG4744 | X | X | X 3

L [ sIs[s 5[5 ]S |3

I.

1 0SP
® 205pP
® 305spP

4 OSP
5 OSP

Figure 4.8.: This figure shows the sensor positions calculated for the Graz-Ragnitz network together
with the membership—the number of how many algorithms have chosen the mea-
surement positions
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Table 4.7.: This table shows different analysis criteria for the different[0SPlalgorithms. The criteria are
described in the text. The best performing[OSPIfor each criterion are marked with boldface.
Shortest Path 1 (SP1), Shortest Path 2 (SP2), Shannon entropy (SHE), binarization method
of Pérez (PER), projection-based method of Casillas (CAS) and the (SPU) method

‘NPC Lpc [m]  Rpc [%]  Smo F 12 F

SP1 | 240 4323 26.7 0.18 362.07 7.079 0.6007
SP2 | 253 4553 28.1 0.17 329.12 17.107 0.6104
SHE | 234 4159 25.7 0.18 361.06 7.080 0.6010
PER | 280 4761 294 0.20 354.03 7.061 0.6031
CAS | 247 4206 259 0.18 353.25 7.078 0.6033
SPU | 234 4044 249 0.18 347.65 7.078 0.6049

is the maximum entropy criterion (see equation (4.14)). And the final criterion is the trade-off be-
tween F; and F> which has to be minimized (see equation (.15))). All resulting values for the before
mentioned criteria can be found in Table d.7]

The highest coverage of the network—~Np, Lpc as well as Rpc—is accomplished by the algorithm of
Pérez. Additionally, this algorithm resulted in the most sensitive measurement points in the system.
This maybe arises from the normalization prior to binarization while using S. Although, the coverage
is the highest, the entropy is the lowest—possibly resulting from the clustering in the North-West
part of the network. Additionally, the high mean sensitivity value cannot hide that the maximum leak
sensitivity given by Fj is mediocre. The worst F; value is given by Shortest Path 2 algorithm, although
the coverage is the second highest.

Obviously, the optimization algorithm has fallen into a local optimum at finding the ideal positions
for the Shannon entropy algorithm, because there exist a solution with a better fitness value F—
namely Shortest Path 1. Although, the objective function values f(x) are very close to each other
(Fsp1 = 0.6007 compared to Fsgg = 0.6010). In fact, the Shannon entropy never scored best in
any categories, besides the fact that optimizing F;, F, and F are objectives of the algorithms opti-
mization problem. Shortest Path 1 lead to better F; values, while Shortest Path 2 resulted in better F;.
Nevertheless, both objective values are very imbalanced for these two [0SPs. High Fj lead to low F>
and vice versa. The result of the Shannon entropy function—scoring second in both criteria—is more
balanced, favoring a sensitive as well as a widespread placement.

[SPUDU favors places with low uncertainties. Therefore, this algorithm led to the worst coverage. This
can be already expected while looking at Figure since the placement resulted in two sensors very
close to each other in the North-East region.

Looking at all values in Table the differences of the different [OSP| approaches are not significant
and if a[0SP performs worse in one criterion, it makes up for it in other criteria. Hence, for real-world
tests of the algorithms in the next chapter, no essential performance distinctions are expected
between them. This may result from the constraint on placing sensors only at hydrants permitting
all other possible measurement positions in the system. Another reason might be that the network is
highly branched—only four loops exist. It is possible that the lead to more differing analysis
criteria values and measurement locations in networks containing more loops.

After the theoretical computation of the sensor positions, pressure sensors were installed in the real-
world networks at the resulting twelve hydrants to test the effect of on model-based leak localiza-
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tion performance. This is described in the next chapter.

4.4. Conclusion

This chapter tried to cover[OSPl techniques for model-based leak localization in a scientific topic
which is not yet researched exhaustively. Three research questions also stated in the introduction of
this thesis were tried to be answered throughout this chapter:

Q.2.1 Which optimal sensor placement algorithm finds the best pressure sensor positions for model-
based leakage localization?

Q.2.2 How to incorporate different sources of uncertainties in sensor placement algorithms to obtain
more robust optimal measurement locations?

Q.2.3 How many sensors are needed for model-based leak localization?

This questions and belonging findings are now tried to be answered in reverse order in this conclusion
section.

How many sensors are needed for model-based leak localization? This question is answered
by an elaborate cost benefit analysis of the problem. A methodology for finding the cost-benefit
behavior of algorithms was shown in Section[4.2.3]on a specific[OSPlalgorithm. In principal, every
algorithm can be analyzed with this methodology. The chosen in this thesis—besides being
developed intentionally during the work for this thesis—it is practical since the objective function
is directly related to the number of leaks located directly. But it is also assumed that other
algorithms and their objective function values—or analysis criteria as defined in Section 4.3.3}—will
show qualitatively the same behavior. Logically, every objective function has to improve when
adding more sensors. Otherwise it won’t be a good representation of the real-world.

It was shown in Section [4.2.3| that the sensor quality on finding leaks follows a power law behavior
on the sensor number—at least in the examined network and for the suggested method. Studies
from other research groups applying other methodologies on different networks and depicting
the fitness function in dependency of N showed similar behavior (see for example Casillas, Puig,
et al. [2013; Pérez, Puig, Pascual, Peralta, et al. 2009). Nevertheless, the work in this thesis is the
first time that a mathematical law behind this behavior is tried to be revealed. Furthermore, applying
the methodology on two slightly bigger networks in the city of Linz during projects showed that the
sensor placement also followed a power law, but is not shown in this thesis for the sake of brevity and
confidentiality. The power also comes with practical considerations for as doubling the number
of additional sensors for a linear improvement on the quality.

The question of how many sensors are needed is answered by applying the proposed cost-benefit
methodology. The number of sensors can be calculated with the help of the inverse function f~!(N)
if a[WU knows the desired localization quality they want to reach. For the power law equation, the
sensor number is given through the inverse function f~!(N)

N=f"lof(N) — N:(f(N)>b , (4.33)

a

where f(N) is the desired sensor placement quality.
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The cost-benefit analysis provides also shortcuts on the computational burden of the problem.
For large systems, for example, the [0SP problem can be solved for N =1 to N =3 or N = 4, where
the problem is still resolvable in reasonable time. Then the resulting f(x) values can be used to
fit the cost-benefit function parameters and the performance of a on the sensor number can be
extrapolated to give a a basis for decision how many sensors lead to what performance. If the
decided on a certain sensor number, the problem has solely be optimized for that N without the need
to simulate every solution in between and subsequently giving the the whole cost-benefit curve.

On the way to find the cost-benefit behavior of the [OSPl problem, another interesting finding emerged.
The simulations confirmed that the optimal sensor positions for N — 1 sensors is not a subset of the
optimal locations of N sensors. This was already shown for hydraulic calibration by Kapelan et al.
2003}, but to the best of my knowledge, it is the first time that this behavior was actively observed
in a study on model-based leak localization. As a consequence, with greedy sensor placement
algorithms it is not possible to find optimal measurement locations. Furthermore, solving the sampling
design problem with [GAk showed good results due to the high efficiency of these algorithms in high
dimensional search spaces.

How to incorporate uncertainties in[@SPlalgorithms? A novel[0SPimethod—the algorithm—
was developed, capable of incorporating uncertainties of any kind. The method is generally applicable
for all kind uncertainties (roughness, diameter) and all kind of sensors (flow, quality)—by using the
right sensitivity matrix and choosing for diverse model input model output pairs. In this thesis,
the methodology was shown on the example of uncertain demands influencing pressure measurement
locations for leak localization. Indeed, simulations in this chapter have shown that pressure measure-
ment points which are sensitive on leaks are also points which may be sensitive to uncertain demands.
Thus, they are less ideal positions for a robust[0SPl The SPUDUlalgorithm showed that it avoids regions
of high uncertainty if they are regarded in the optimization problem, as desired. Without uncertainties,
these now omitted points were always chosen by the algorithm.

Incorporating uncertainties in does not change the form of the cost-benefit curve, but lead to
higher costs in terms of sensor number for reaching a certain quality. The power law behavior stays
still true under incorporation of uncertainties. Hence, the form of the function is robust against uncer-
tainties speaking for its general validity.

However, it is still an open question of what value has to be chosen for ® in the SPUDU] algorithm
and this thesis lacks in answering it. Potentially, this problem can be solved with on pressure
measurement data in the system and by carefully analyzing the statistics of the residuals (see Chapter

3).

Which algorithm finds the best measurement positions for leak localization? Six different [OSP
algorithms have been applied to the same hydraulic network. Despite every algorithms stating to find
the optimal measurement locations, the locations differed for all methods. Logically, the different
algorithms result in positions which are favored by their objective. All algorithms have to
make compromises between (i) detectability and (ii) isolability. (i) favors sensor placements at leak
sensitive points clustered in sensitive areas, (ii) ideally favors placements spread over the system. Fur-
thermore, this two objectives are not clearly defined as there is no unique definition for both criteria,
only surrogate measures (similar to e.g. resilience). This can be seen in the application of the analysis
criteria at the end of Section The criteria do not favor a certain in particular. If a method
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leads to extraordinary results in one criterion, it is potentially bad in another. Hence, the answer to
this question has to be postponed to the next chapter when the different[OSP algorithms are compared
on real-world leak localization scenarios.

Nevertheless, some remarks on the applicability of the algorithms can be given here already.

The limitations of sensitivity-based algorithms are certaintly that they can only be applied to
where a hydraulic model already exists since it is necessary to compute the sensitivity matrix.
Additionally, the OSP algorithm is only as good as the model. For example, an unknown closed valve
can have strong influence on the hydraulics and therefore the[OSPiresult might not be optimal in reality.
Thus, additional effort has to be put into hydraulic model calibration. Additionally, also later on if
a leak localization method is applied in reality, effort has to be put in bookkeeping of the boundary
conditions of the system (which have a high influence on the [0SP) to not loose the optimality of the
placement if the method is not robust enough.

Furthermore, for bigger systems the computation time increases for calculating S as well as solving
the problem itself—making the method not directly applicable for big real world systems with
thousands of nodes. For the method additional computational costs arise for computing the
uncertainties.

Graph-based [0SPimethods do not have these disadvantages—at least not in this magnitude considering
the computational burden. However, the goodness of a without considering the hydraulics is
questionable.

Another limitation of the [0SPlproblem in general is the high computational complexity considering the
huge search space size even for small WWDRk. Skeletonization or simplification algorithms, surrogate
modeling or graph clustering as in Sarrate, Blesa, and Nejjari 2014]are promising remedy by reducing
the problem’s complexity. Certainly, this is an interesting and rewarding research direction in future.
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Chapter

Model-Based Leak Localization

“It is a mistake to think you can solve any major problems just with potatoes."

— Douglas Adams, Life, the Universe and Everything

5.1. Literature review

Methods for finding the approximate location of a leak by utilizing information obtained from hy-
draulic measurement devices (flow meters and pressure sensors) alongside hydraulic models of
model-based leak localization methods—have been around for more than a quarter-century. Despite
their age, these methods are exclusively found in academic discourse and have not arrived in practice
until today.

Generally, two different approaches are used that are distinguished by the hydraulic model complexity—
(i) steady-state and (ii) transient techniques (see Section [2.2). Since the focus of this thesis is on
steady-state models for model-based leak localization, the literature listed below only covers scien-
tific work related to this technique. For the interested reader, a selective literature review on transient-
based techniques can be found in Colombo, Lee, et al. [2009. Furthermore, literature dealing with
real-network problems—although covering both simulation and real-world field test— is listed below.
For the sake of brevity, publications are not listed that propose methods which are exclusively applied
on toy examples which consist of few nodes only.

Model-based leak localization with steady-state hydraulic models was first introduced by Pudar and
Liggett|1992. This scientific article was a milestone for leak detection and localization research mainly
for two reasons (Colombo, Lee, et al.[2009)): First, it was the earliest paper proposing leak detection
and localization with pressure sensors. Second, for the very first time, the problem was explicitly
formulated as an inverse problem. The objective of Pudar and Liggett|1992| was to minimize the sum
of squared differences between simulated and measured pressures with the Levenberg-Marquardt al-
gorithm (see Section [2.1.2.1.4). Additionally, Pudar and Liggett [1992] distinguished between over-,
even- and under-determined problems. While the solutions were exact for over- and even-determined
problems, exact answers were not possible for the under-determined case, even though useful infor-
mation could be retrieved. Since the pioneering work of Pudar and Liggett|1992, leak localization by
solving inverse model-based approaches has been extensively investigated.
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Pérez, Puig, Pascual, Quevedo, et al. 2011, for example, solved the problem of finding leaks by
analyzing pressure (and flow) sensitivities. The approach consisted of binarizing the leak sensitivity
matrix with a certain threshold resulting in a signature matrix for leaks. Subsequently, the leak’s
position is found by comparing the binarized residuals—differences between measurements of leak
and leak-free scenarios—with the columns of this matrix. The column most similar to the residuals
implicates the leak’s location in the The method has been applied to in simulation and
on a real-world case study. The simulations were applied to the Place del Diamant in Barcelona
(Spain). The network consisted of 1600 nodes and approximately 41 km of total pipe length. Leaks
were simulated as additional demands of 1 L/s, which correspondent to approximately 3 % of the MNE
In total, eight pressure sensor were used to find the leak. Additional simulations have been performed
with uncertainties in demand to test the robustness of the method. Good results were obtained without
consideration of uncertainties. Increasing the uncertainty lead to poorer results. Furthermore, the
results showed that sensors of high accuracy are necessary to locate leaks properly. The real-world
experiments have been applied on a real-network with 260 nodes. Three pressure sensors were used
and leaks were forced between 1.7 and 5 L/s for 15 minutes in the system. With the proposed method,
31 out of 42 leaks were detected in the right zone, although this zone contained approximately one
third of all nodes. The results were astonishing, despite the fact that the few sensors were not accurate
nor optimally placed. Further improvements were expected by advancing demand estimations.

The method was improved by Pérez, Quevedo, et al. 2011, Two methodologies were compared—
the binarised residuals (from Pérez, Puig, Pascual, Quevedo, et al. 2011) and a correlation method
making use of the full information contained in the sensitivity matrix. The methods were tested under
different boundary conditions and under uncertainties in the Nova Icaria in Barcelona (Spain)
consisting of more than 3000 nodes. Simulations with noise of 0.25 % in the measurements and
without noise were compared. The correlation method proved to be more robust under uncertainties.
For smaller leak sizes of 1.7 L/s, both methods had great difficulties finding leaks under uncertainties.
For different boundary conditions (e.g. demand loads in the network), again, the correlation method
was more robust.

Casillas, Garza-Castanon, et al. [2013| extended the proposed method of Pérez, Quevedo, et al. 2011
by making use of [EPSl Three different methods where tested, the (i) angle method, (ii) least squares
optimization and (iii) correlation method. Simulations where performed using the Nova Icaria
in Barcelona (Spain) equipped with six pressure sensors. Leaks were simulated using the pressure
dependent emitter equation (see equation (2.63)), the emitter coefficient was chosen to produce an
average leak outflow of 1.67 L/s with values ranging from 0.7 to 3 L/s. Additional noise on measure-
ments and demand between 1 % and 5 % was introduced. Simulations showed that the angle method
performed best in the presence of noise reaching a localization precision of under 200 m.

Furthermore, Casillas, Garza Castafion, et al. |2014] studied the [EPS] leak localization in more detail
by comparing five different ways of using the leak sensitivity matrix: (i) the binarization approach
of Pérez, Puig, Pascual, Quevedo, et al. 2011}, (ii) the angle method, (iii) the correlation method, (iv)
the Euclidean method and through (v) least square optimization. The methods were tested on two
academic networks (Hanoi and Quebra) and on a real-world (Nova Icaria in Barcelona) using
real leak data. In the academic network simulations, the leaks were introduced as extra demand with
unitary patterns along the time horizon. For the real-world case study, leaks were generated through
the leak equation (2.63). The efficiency of the methods was tested with different leak magnitudes,
uncertainties in measurements (Gaussian white noise of 2 %) and uncertainties in nodal demands (2 -
4 %). The sensitivity matrix in the Hanoi network was simulated with a large burst of 50 L/s, leak tests
were performed with leak sizes ranging between 10 and 80 L/s. The Quebra network simulations were
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performed with leak size of 0.01 L/s ranging between 0.01 and 0.2 L/s. The simulations in Barcelona
were performed with leak size of 3 L/s (range of 0.7 to 6.3 L/s), with 6 and 15 pressure sensors.
Data for a real leak—5.6 L/s running for 30 hours—was also used and the real leak was located with
five pressure sensors—one was not working—within 100 meter. Overall, the study showed that the
optimization method (v) and the angle method (ii) performed best through all tests.

Calibration approaches can also be used to find leaks (e.g. Sanz et al. 2015, Z. Wu et al. 2009). Z.
Wau et al. 2009|developed a model-based optimization method using a competent genetic algorithm to
calibrate roughness and leakages. Leakages were simulated as pressure-dependent demand utilizing
the emitter equation. The study investigated an example from literature (Pudar and Liggett|1992) (5.5
L/S at three nodes) and a real-world system of 15 square kilometers consisting of 122 pipes and 841
nodes with 3000 properties. In the real-world example, 28 pressure loggers were used and leaks were
calibrated for a fixed number of 25 locations. The solutions of the optimization problem found leaks
close to historical leak data of 22 reported leaks. Remarkably, using this method the authors could
find that a leak of 10 L/s—a leak size hardly resolvable with previous methods.

Sanz et al. 2015| developed a novel method utilizing online demand component calibration of geo-
graphically distributed demands. Sudden changes in demand components during calibration can be
detected by comparing new with previous calibrated parameters. Due to geographic information, a
leak can be localized associating an unusual high demand to a certain pattern. The method was tested
with real-world data on the Nova Icaria network in Barcelona. The [MNH of the measurement zone
is 20 L/s with a peak hour demand of 50 L/s. Five pressure sensors were used and three leaks with
three different leak sizes (1, 3 and 5 L/s) were artificially generated in the system. The developed leak
membership method lead to a localization accuracy of 180 m in all scenarios except one. Due to the
small leak size of 1 L/s in a zone with a predominant demand for the system, the algorithm failed to
locate this leak, although, it was detected by the algorithm.

A different method was introduced by Poulakis et al.[2003| using a Bayesian identification methodol-
ogy coupled with exhaustive search algorithm to provide estimates of leak magnitudes and locations.
This method was also able to handle unavoidable uncertainties in measurement as well as modeling
errors. The method was applied on the[WDSldescribed in Section[2.4.T|with leak sizes ranging between
22.8 and 57 L/s and pressure sensors either at all nodes or with seven sensors only. Additionally, the
study investigated uncertainties as well as a multiple leak case with two leaks of sizes 114 respectively
44.7 L/s. Without uncertainties, the method was able to exactly find the leak magnitudes and locations.
Though, with noise the method was ineffective. If errors were under a certain threshold, the leak’s
location and the outflow was defined correctly. The threshold values depended on the characteristics
of the inverstigated [WDS] the leak’s location and magnitude, as well as the number, location and type
(flow, pressure) of the sensors.

Shinozuka et al. 2005 experimented with the same network as Poulakis et al. 2003, Yet, they used
pressure sensors combined with [ANN] to locate large bursts after earthquakes in pipe systems. Bursts
were defined through the affected cross section area of the pipe ranging from 1 to 100 %. The
was trained through EPANET simulations (Rossman [2000) on just one burst location. Three pressure
sensors were used and the simulations were validated by using data sets that had never been used
before.

Model falsification diagnosis for leak localization with[JFMs is used by Goulet et al.|2013| Simulations
were performed in a case study area in a in Lausanne with approximately 300 pipes and a
[MNE of 14 L/s. Leaks were monitored during the [MNF, because the customer demand uncertainties
were minimal this time. Uncertainties in pipe elevation, diameter, minor loss, roughness, demand
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and sensors resolution of the 14 flow meters were investigated. Leak scenarios were generated with
EPANET (Rossman 2000) with outflows between 0.4 and 1.7 L/s. Identification of the right leak
scenarios with high certainty levels was only possible for leaks greater than 1.25 L/s; the largest leaks
were localized within a radius of 500 meters.

Izquierdo et al. 2007| used a combination of (i) deterministic and (ii) machine learning model com-
ponents. (i) Hydraulic EPANET models were used to retrieve fuzzy state estimates together with a
description of the anomalies responsible for the network faults. (ii) The machine learning component
consisted of neuro-fuzzy [ANNk. The study used small-scale simulations on a small system with 20
nodes and 32 pipes. The [ANN| approach correctly assigned leaks greater than 10 L/s within two nodes
and leaks greater than 6 L/s within three nodes. Leaks under one liter per second were not classified
correctly.

In the study of Mashford et al. 2012} information on the leak’s size and location was obtained with the
help of by analyzing data from pressure and flow measurement devices. The study consisted of
simulations exclusively using EPANET. Leaks between 0 and 3 L/s were produced and an accuracy
of locating leaks within 100 meters of 77 % was achieved with six pressure sensors in a system of a
total pipe length of approximately three kilometers.

All studies above—also the methods using data driven approaches—utilized hydraulic models, be it
only for the generation of training scenarios. Romano et al. 2013| was the first to the best of my
knowledge who introduced a localization technique that operates without using any hydraulic models
at all. Herein, the approximate location of pipe burst events is retrieved by making use of a multivari-
ate Gaussian mixture-based graphical model and geostatistical techniques. It was found that ordinary
co-kriging technique was best for this task. The main advantage of this method over model-based
methods is that the introduced artificial intelligence techniques require much less frequent measure-
ments of flow and pressure than transient methods. They also rely on the empirical observations only
without demanding precise knowledge on network parameters. The methodology was tested by open-
ing hydrants in a real-life with 17.8 km of pipes and 925 customer connections. Only pressure
sensors (altogether 13 measurement devices) were used to locate leaks. The bursts were generated at
five different locations with outflows ranging between 5 and 18.3 L/s corresponding to 51 % to 186
% of the average inflow. The novel data-driven methodology was able to successfully locate the
simulated pipe burst events at the different locations within the studied Localization accuracy
depended on the number of pressure sensors—the more the better—as well as their spatial layout
within the studied [DMAL

As outlined in this section and in Table [5.1} many distinct model-based leak localization methods
exist in literature based on various different mathematical techniques and principles. However, none
crystallizes to be ideal in finding leaks over others. Furthermore, their practical application on real-
world systems by water companies is still questionable (Romano et al.|[2013). Either, the techniques
demand a high number of sensors (>20) at doubtful locations for quite small DMAE, or the leaks, that
are potentially located, are in fact huge pipe bursts (80 L/s!). Such incidents would immediately flood
huge areas in cities and, hence, would obviously not have to be located anymore.
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Table 5.1.: Literature review on model-based leak localization methods. Abbreviations for methods: Binarized Residuals (BIN), angle method
(ANG), corrlation method (CORR), Euclidean method (EUC), least squares optimization (LSO), Genetic Algorithm (GA), Extended
Period Simulation (EPS), Artifical Neural Networks (ANN), Support Vector Machines (SYM). In the networks columns, S stands for
simulation, R stands for real-world field test and #»,, is the node number. Leak column: ¢, are leak outflow simulated with emitter
equation, gp stands for additional demand. In the sensor column the number of sensors is listed, (p) stands for pressure and (Q) stands

for flow sensor.

Literature | Method | Networks | Leak (L/s) | Sensors
Pudar and Liggett|1992 sum of squared differences S: Small Network n, =7 ce 1 >50 (1 to 3 leaks) 3&7 x (p)

S: Larger Network n,, = 20 ce :>7 (1109 leaks) 10 & 19 x (p)
Pérez, Puig, Pascual, Quevedo, et al.[2011| | BIN S: Placa del Diamant n,, = 1600 gp: 1.0 8 x (p)

R: n, =260 ce: 1.7-5.0 3 x (p)
Pérez, Quevedo, et al. 2011 | () BIN, (ii) CORR | S: Nova Icaria n, = 3320 | gp: 1.7-6.3 | 15 x (p)
Casillas, Garza-Castanon, et al.[2013 ‘ [EPSIwith (i) ANG, (ii) LSO, (iii) CORR ‘ S: Nova Icaria n, = 3320 ‘ c.: 1.67[0.7-3.0] ‘ 6 x (p)
Casillas, Garza Castaiion, et al. 2014 [EPSIwith (i) BIN, (ii) ANG, (iii) CORR, | S: Hanoi n, = 31 gp: 50 [10.80] 31 x (p)

(iv) EUC, (v) LSO S: Quebra n,, =55 gp: 0.01[0.01-0.2] 55 x (p)

S: Nova Icaria n, = 3320 ce : 3.0[0.7-6.3] 6 & 15 x (p)

R: Nove Icaria n,, = 3320 Ce: 5.6 5 x (p)
Z. Wu et al.|2009 Competent [GA] S: Small Network n, =7 ce . 5.5 (3 leaks) 2&3 x(p)

R: n, = 841 ce : 10 (25 leaks) 28 x (p)
Sanz Estapé|2016 ‘ demand component calibration ‘ R: Nova Icaria ‘ gp: 1,3,5 (3 positions) ‘ 5 x (p)
Poulakis et al.[2003 | Bayesian identification | S: Poulakis | gp: 22.8-114 (1-2leaks) | 7 & 31 x (p)
Shinozuka et al.[2005 ‘ [ANN] ‘ S: Poulakis ‘ ce : very large bursts ‘ 3 x (p)
Goulet et al.[2013 ‘ model falsification diagnosis ‘ S: Lausanne ‘ gp: 0.4-1.7 ‘ 14 x (Q)
Izquierdo et al.[2007 neuro-fuzzy [ANN] S: small system n,, = 20 gp: 1-10 8 X (p) & 7 x

Q

Mashford et al. 2012 \ | S:~3km | ce:0-3 | 3% (p)
Romano et al.|2013 Gaussian mixture-based graphical mod- | R: 17.8 km and 925 customer ‘ 5.0-18.3 (5 positions) ‘ 6 & 13 x (p)

els with geospatial techniques
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The aim of this chapter is to develop an inverse method which is both: based on static hydraulic
simulations and able to locate small leaks compared to the examples above with fewer pressure sen-
sors. Of course, in the case of leak localization by static methods concerning all the uncertainties in
hydraulic network models, an inverse program is unlikely to provide exact solutions to find the leak
location supplanting more conventional leak pinpointing methods. However, it may contribute to leak
surveys (Colombo, Lee, et al. [2009) possibly providing important new insights in water management
itself.

5.2. Methodology

The methodology described here summarizes the methods in the related scientific publications (Stef-
felbauer and Fuchs-Hanusch 2016bj; Steffelbauer, Giinther, and Fuchs-Hanusch 2017; Steffelbauer
et al.|2014alb; Steffelbauer, Neumayer, et al. 2014) derived during the development of this thesis.

5.2.1. Leak localization as an inverse problem

In general, analysis deals with forward problems (Colombo, Lee, et al. 2009). All hydraulic
models described in Section [2.2] solve forward problems in which system parameters (e.g. demands,
pipe roughnesses) are known and the network equations are solved to obtain hydraulic variables like
flow and pressure. For the inverse problem as described by Pudar and Liggett|1992], the system states
are known through measurements (demands, pressures, flows), for example, but some parameters are
considered to be unknown (e.g. other demands, leaks, roughnesses). For the leak localization problem
we presume that the network characteristics are known (e.g. demands and roughnesses) and, addition-
ally, some flows and pressures are measured. The only unknown is the leak in the system which one
aims to find. Subsequently, the model parameters—for the leak localization problem formulated as
parameters describing the leak (e.g. leak position and magnitude)—are adjusted until the simulated
values obtained from the hydraulic simulations match as perfectly as possible the measured pressure
and flow values. This is an optimization problem and can be solved by the methods described in
Section [2.1] The solution of this optimization problem, in terms of the parameter set describing the
measurements best, provides the leak’s position and magnitude. Of course, numerous ways may de-
fine the problem (Pudar and Liggett|1992) as can be seen in the various different techniques described
in Section[3.11

In this thesis model-based leak localization is mathematically formulated through minimizing the
disagreement between a vector containing measured values m and a corresponding vector contain-
ing values from hydraulic simulations f(x) with respect to the parameter vector x. The difference
d (m,m(x)) between the two vectors can be described using an arbitrary metric. In mathematical
terms, the problem is formulated in following way

f(x)=d(mm(x)) — mxinf(x) . 5.1

f(x) represents a scalar (one-dimensional) function—the fitness or objective function as already de-
scribed in Section [2.1] This function also spans the fitness landscape in the objective space over the
parameter space (see Section[5.2.3).

The parameter vector x consists of the (i) leak magnitude and (ii) the leak’s position in the
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(i) Leaks are simulated using the power leak law (Ferrante et al. 2014) outflow equation as defined
in Section [2.2]in equation (2.63). While making use of steady state simulations, emitter expo-
nent e, can be set to a fixed value of e, = 0.5. Then the leak outflow Q is just dependent on the
emitter coefficient ¢, and the pressure p at the leak’s position. p is calculated by the hydraulic
solver, but ¢, can be chosen to obtain the desired Q. Therefore, the single parameter c, can be
chosen to describe leak’s magnitude.

(i) The leak’s position is given by the node ID in the WDSl In this thesis it is assumed—if not
stated otherwise—that leaks occur at nodes.This is a small imprecision since real leaks occur
at pipes or pipe fittings, but the imperfection of the localization methodology finding just the
approximate area of a leak that contains many pipes and nodes makes this approach sufficient
for this problem (similar to Pérez, Puig, Pascual, Quevedo, et al. 2011).

Thus, the parameter space is two-dimensional and adequately represented through a vector x of fol-

lowing form
Ce
X = ( Lp) . (5.2)

Since the leak magnitude ¢, is a continuous variable and the leaks position Lp is discrete, the problem
(as formulated in equation (5.1))) is a mixed-integer programming problem (see Section[2.1.T].

Finding the right location and size of a leak equals finding the location of the minimum in the fitness
landscape in the ¢, — Lp parameter space that is spanned through an arbitrary distance metric d.

In general, model-based leak localization is formulated as an optimization problem like in equation
(5.1) which can be solved using any method presented in Section 2.1

5.2.2. Model-based leak localization algorithm

Finding the right location and size of a leak corresponds finding the location of the minimum in the
fitness landscape in the ¢, — Lp space in an arbitrary distance metric. The assumption that the problem
as defined in equation (5.1 is multi-modal will be approved in the results section of this chapter
(see Section [5.3). Hence, all deterministic algorithms (see Section [2.1.2.T)) will generally fail to find
the global optima respectively the most likely location of the leak. Thus, stochastic algorithms (see
Section will be used to localize leaks. Specifically, [DE algorithm (see Section [2.1.2.2.2)) will
be used due to its good convergence properties already discussed in Section[2.1]

Note that the problem defined in equation (5.1 is a mixed-integer problem, but the DE algorithm is
only capable of handling continuous problems. For that reason, the discrete Lp parameter has to be
transformed. This problem is circumvented as described at the end of Section [2.1.2.2.2]

A schematic overview of the algorithm can be found in Figure 5.1 The inputs are organized in
three distinct parts. First, the input parameters for the [DE algorithm itself (see Section [2.1.2.2.2),
including, for example, the parameters for the mutation operator ®,;, the recombination operator O
and selection operator Og, settings of stopping criteria, population size or [DE strategy. Second, the
hydraulic network model that is used for the simulations loaded, for example, from a GIT repository
serving as a input file database. Third, the measurement data m that is obtained by querying a [TSDBI
(e.g. InfluxDB).

The [DH algorithm is started suggesting a bunch of candidate solutions x. This candidate solutions
together with the hydraulic network model are simulated using OOPNET (Steffelbauer and Fuchs-
Hanusch 2015) to obtain the simulation vectors m(x).
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Figure 5.1.: Schematic representation of model-based leak localization algorithm

Subsequently, the fitness f(x) is evaluated by calculating the distance function d between the mea-
surements and the simulated values according to a specific chosen metric (see Section[5.2.3.1).

Finally, it is checked if the algorithm converged by validating the previously defined stopping criteria.
If the algorithm converged, the best solution x* of the population of candidate solutions yields the
leak’s position Lp and it’s magnitude c,. If the stopping criteria are not fulfilled, the number of the
current generation g is increased and the candidate solutions are altered as well as evaluated once
more according to the [DF algorithm.

Nevertheless, the results may vary from leak localization run to run because of the stochastic nature
of the [DE algorithm. As mentioned in Section [2.1.2.2] heuristic algorithms cannot guarantee a global
optimal solution, but at least have the possibility to converge into the global optimum in contrast
to deterministic algorithms. That is the reason why, in general throughout this thesis, a couple of
localization runs is repeatedly performed (e.g. 100 repetitions) using the same input parameters to
increase the confidence in a specific found leak position and magnitude.

5.2.3. Fitness landscape analysis

Advances in understanding characteristic properties of an optimization problem and their effects on
algorithm performance are critical (H. R. Maier et al. [2014). These characteristics are represented
by the fitness landscape which was first introduced by Wright|1932, A multidimensional fitness land-
scape describes the search space of an optimisation problem spanned by evaluating the fitness function
for all possible solutions. Optimization algorithms have to move through this landscape to find the
optimal solution. Moreover, the fitness landscape is not only dependent upon the problem itself, but
also on the choice of the algorithm and its parameters. (H. R. Maier et al.[2014) Completely different
types of fitness landscapes are likely obtained for the same class of problems (e.g. demand calibration,
leak localization). Likewise, completely different problems may possess similar landscapes. That is
why specific algorithms might be ideal for finding optimal solutions to a whole problem class. Con-
sequently, the applicability of different algorithms needs to be related to the properties of the fitness
landscape of a particular problem (H. R. Maier et al. 2014)). Hence, the most important motivation for
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fitness landscape analysis is retrieving the problem’s characteristics enabling a better understanding
of optimization algorithm performance (H. R. Maier et al.[2014)

Especially for real-world problems, computational efficiency is a crucial issue. Long evaluation times
of simulation models combined with complex fitness landscapes can lead to high computational bur-
den, which prevents finding global optimal solutions within reasonable time (H. R. Maier et al.|2014).
Herein, fitness landscape analysis provides remedy by supporting in choosing the right algorithm. Its
parametrization increases computational efficiency/convergence and decreases the timeframe to find
global optima. Indeed, fitness landscape analysis might seem as the holy grail of optimization (Pitzer,
Affenzeller, et al. 2011)), however, fitness landscape analysis is usually much more resource inten-
sive than just solving a given problem. It is therefore not the most economical option to solve single
applied studies. Nevertheless, the resulting insights can be valuable for increasing problem under-
standing (Pitzer and Affenzeller 2012)). That is why a closer look on the fitness landscape of, e.g., the
leak localization problem may provide new insights on which class of optimization algorithms has to
be preferred over others. For example, stochastic algorithms clearly outperform deterministic ones for
multi-modal problems (as already discussed in Section [2.I)). As the No-Free-Lunch theorem states,
all optimization algorithms averaged over all possible problems perform equally well (Wolpert and
Macready |1997). Nevertheless, Pitzer and Affenzeller [2012| concluded that fitness landscape analysis
might provide at least some free appetizers (Droste et al.|[1999).

The parameter space for model-based leak localization is a two-dimensional space consisting of the
location Lp of the leak and its magnitude defined by the emitter coefficient c,. The fitness function is
clearly defined as the distance between the measurement vector and the vector obtained by hydraulic
simulations with a specific ¢, — Lp parameter set. Consequently, the fitness landscape is obtained
by calculating the fitness of all possible ¢, — Lp combinations. Lp is defined through every node in
the system, the leak magnitudes have to be discretized to obtain numerical solutions. Every possible
combination of ¢, and Lp is evaluated, stored in a matrix

Su o fin
Fe| s (5:3)
fml e fmn
where the single elements are built in the following way
fij=d(mm(x)) . 5.4

x is the parameter vector defined in equation (5.2). The values of matrix F represent the fitness
landscape for model-based leak localization. The matrix can be visualized as contour plot or heat map
by allocating the fitness values to individual colors. Already first visualizations of the fitness landscape
will provide deep insights on the leak localization problem itself on a basis never experienced before.

5.2.3.1. Metrics for objective functions

The fitness landscape depends heavily on the metric that is used to calculate the objective function.
Crucial improvements are expected by finding the best metric for model-based leak localization, in-
creasing the precision of the solutions as well as decreasing the computation time. There are different
ways to formulate the objective function for leak localization since various metrics can be applied
to the problem. All describe the discrepancy between measurements m and simulation results f(x).
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One family of metrics is the family of Minkowski distance metrics. Its general form is

n 1/p
d(m,m(x)) = (Z |mi—ﬁ1i(x)]p> ) (5.5)

Popular forms of this distance metric are Manhattan distance or Taxi metric (Minkowski with p = 1)
n
d(m,m(x)) =Y [m;— m;(x)] : (5.6)

i=1

the Euclidean distance (Minkowski with p = 2)

= \/i (m; — 1:(x) ) (.7

i=1

or Chebyshev (or maximum) distance for the limit p — oo of the Minkowski metric
d(m, 1 (x)) = max |m; — i;(x)| . (5.8)
l

The distance can also be expressed as an angle between the measurement vector and the vector result-
ing from the hydraulic simulations. This is called the cosine distance

m - m(x)

d(m,m(x)) = 1 = T

(5.9

It has to be noted that the cosine distance is not a proper distance metric since it violates the triangle
inequality property. Subtracting the mean m or 72 of the respective vectors leads to the correlation

distance o
(m —m) - (i (x) - (x))
| (m — ) |, || (i (x) — 7in(x) ) ||

Correlation and cosine distance are subtracted from 1 to guarantee that the distance stays positive.
Other distance metrics that are used in this thesis are the Sgrensen distance

d(m,m(x))=1— (5.10)

i1 [mi — i (%)

d(m,m(x)) = =} - (5.11)
( () Yy |mi+ii(x)|
and the Canberra distance | )|
ml l
, (5.12)
=L e

very sensitive to small changes near zero.

5.2.3.2. Reordering of the parameter space

The fitness landscape depends not only on the distance metric, but also on the parameter space order
which further governs its shape. For that reason, rearranging the coordinates of the fitness landscape
can have an influence on the performance of the leak localization algorithm. The parameter space is
two-dimensional with one dimension representing the leak size and the other dimension is represent-
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ing the leak’s location in the system.

The magnitude of the leak c, is a metric variable, thus, it has a natural ordering from the smallest to the
biggest value. This work focuses therefore on sorting the Lp parameter which misses a natural order.
The underlying idea is that leak locations in close proximity will lead to similar pressure measure-
ments. As a consequence, these alike measurements lead to analogous results by means of distance
metrics. Thus, bringing nearby leak locations together in parameter space through rearranging will
have a smoothing effect on the fitness landscape since local optima may unify (see Figure [5.2] for a
schematic representation). This makes finding the minimum easier for optimization algorithms.

(x)

Figure 5.2.: Schematic representation of reordering the Lp-axis and its effect on the fitness landscape

Since WDN] can be represented as graphs (see Section [2.2.4) and these graphs contain one or more
cycles, ideal sorting does not exist for the nodes and hence the Lp axis. Thus, four different sort-
ing algorithms are presented and applied on a small toy example with ten nodes and ten links (see
Figure[5.3). These different sorting algorithms will be benchmarked later on in this thesis.

The results of the different sortings will be graphically represented as described next (see Figure[5.3).
The naming convention of the nodes in the toy network is following: The ten nodes are named with
capital letters from A to J, starting at the top with the letter A. Then the nodes are named from
top to bottom and from left to right—TBLR-sorting (as can be seen in Figure [5.3). Note that this
relates to the node names only. The order is represented in colors—going from dark to lighter colors
which represent numbers. Imagine a sorting similar to the naming convention from top to bottom,
but instead of left to right, the sorting is reversed going from right to left—TBRL (instead of TBLR).
The ordering will still start at node A, but the second node in the TBRL ordering scheme is node
D, since it is more to the right than the other nodes in this row, followed by C and B. Instead of the
naming convention TBLR (ABCDEFGHJ) the order TBRL will be ADCBFEJIHG. For a real network
consisting of hundreds of nodes, a numbering of the nodes is not reasonable, hence, the ordering of
the nodes will be represented in a coloring scheme going from dark to light colors. This can be
seen in Figure[5.3] where the network with colored nodes in the TBRL-order is represented as colors.
Additionally, on the right side, the ordering of the Lp axis is represented in which the fitness landscape
will be shown as well as the optimization algorithm will operate.

The four different orderings of the Lp parameter in the parameter space are represented in the follow-
ing paragraphs:
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Figure 5.3.: Naming convention of toy problem (letters A to J) and color representation of sorting
scheme TBRL—First Top before Bottom then Right before Left—of the Lp-axis

Table 5.2.: Results of sorting algorithms for the example network in Figure

Sorting A B C D E F G HI ]
Alphabetical 1 2 3 4 5 6 7 8 9 10
Cuthill-McKee 7 5 9 8 2 10 1 3 4 6
Depth-FirstSearch | 1 2 9 8 3 10 4 5 6 7
Random Sorting 310 5 4 2 7 6 9 8 1

5.2.3.2.1. (i) Alphabetical The first ordering is an alphabetical sorting of the names of the junc-
tions. Hydraulic models are either directly constructed by humans or exported from GIS files which
again are generated by humans. The naming of nodes in these files complies with naming conventions
made by the WU, for example. OOPNET (Steffelbauer and Fuchs-Hanusch 2015)) sorts the nodes
routinely alphabetically. Hence, network models appear automatically in this alphabetical order in
compliance with their naming conventions. In general, this represents a good sorting as naming con-
ventions usually comply with, for instance, street names, property numbers, parts of the network or
start from top to bottom and left before right (see Figure [5.4a)). For that reason, alphabetical sorting is
not random, but may not be the best order of nodes for leak localization. For instance, if trunk mains
start with the letter m and household connections start with h, household connections—although geo-
graphically at the same location as a leaky trunk main, may be in the Lp space at complete different po-
sitions. Since the nodes are in alphabetical order, the sorting of the Lp axis is Lp = {ABCDEFGHIJ}.

5.2.3.2.2. (ii) Cuthill-McKee The second ordering—the Cuthill-McKee algorithm (Cuthill and Mc-
Kee [1969)—defines a nodal numbering scheme. It reduces the bandwidth of the incidence/adjacency
matrix of the network graph respectively (see Section equation (2.52))). The bandwidth k of
a matrix A is the maximum number such that

Aj=0 if |i—jl>k Vi,j . (5.13)

Reducing the bandwidth of the adjacency matrix results in an order where connected nodes and node
clusters tend to have minimal discriminate node labels. The adjacency matrices of the toy example
before and after applying the Cuthill-McKee algorithm can be found in Figure [5.5] The adjacency

158



5.2. Methodology

(a) Alphabetical (b) Cuthill-McKee

(c) Depth-First Search (DFS) (d) Random Sorting

Figure 5.4.: Comparison of different sorting algorithms on a small toy example

matrix for the alphabetical order is found in Figure [5.5a] the adjacency matrix for the Cuthill-McKee
labeling scheme is found in Figure [5.5b] Obviously, the bandwidth for the Cuthill-McKee algorithm
is smaller. The ordering of the Lp-axis after applying the algorithm results in Lp = {GEHIBJADCF }.
The bandwidth before applying the algorithm is k =7 and k = 3 after application of the Cuthill-McKee
ordering scheme. Additionally, the Cuthill-McKee sorting of the toy network with corresponding
coloring scheme as described before is depicted in Figure [5.4b]

“1.0 -1.0

-0.8 -0.8

I

I

0.6 0.6

0.0 0.0

(a) Alphabetical, k =7 (b) Cuthill-McKee, k = 3

Figure 5.5.: Graphical representation of the adjacency matrix of the toy example before and after
applying the Cuthill-McKee algorithm

5.2.3.2.3. (iii) Depth-First Search (BFS) Third, a algorithm is used (Diestel 2017). Starting
at a root node, the algorithm explores every node once by reaching as deep into branches of the
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graph as possible. An exemplary rule might be that if the algorithms is at a fork in the path, the
algorithm always chooses the most right node to continue its search. If the algorithm aborts, either
because there are no more nodes in the branch to visit (dead-end) or all nodes connected to the current
node have been visited (circle), the algorithm returns to the last visited fork and searches all possible
not previous visited paths from there. This guarantees that the nodes at a branch are connected in the
parameter space. Figure shows for the toy example starting at root node A. Following the
described search rules the algorithm results in sorting Lp = {ABEGHIJDCF }.

5.2.3.2.4. (iv) Random Sort Finally, the nodes are sorted in a completely random way for bench-
marking purposes to test, if the ordering of the parameter space has an influence on the convergence
for leak localization at all. A random sorting of the nodes is generated with a random number gener-
ator, resulting in the node sequence Lp = {JEADCGFIHB} and depicted in Figure m

All resulting sorting for the toy example as described in the previous paragraphs and depicted in
Figure [5.4] are summarized in Table[5.2]

5.2.4. Extension to extended period simulations

The approach described in Section is extended with a similar method as described in Casillas,
Garza-Castanon, et al. 2013, since the measurement points can be virtually increased by additional
consideration of the time domain. This increases the available measurements leading to increased
robustness of the algorithm and increased sensitivity according to the arguments brought up by Pudar
and Liggett 1992| on their study on over- and under-determined systems for model-based leak local-
ization. In general, the pressure and flow measurements for leak localization are available not only
for single time-steps, but also over a certain time-span in the time domain. Hence, a time-dependent?’
measurement vector m, can be formed. Additional simulations can be made dependent on time by
introducing patterns describing the demand. This leads as well to a time-dependency of the modeling
results ;. Note that this are just or in other words, a series of steady-state simulations over
time-dependent demand loads and changing tank water levels. In general, leak parameters are not
time dependent®® x # f(¢) since the leaks position found by the algorithm stays constant over time
as, logically, leaks do not travel through the system. The time dependency by the means of pressure
dependent demand is accounted for through the emitter coefficient c,. A possible expansion of the
approach improving the pressure-dependency conditions of leaks is by including the emitter exponent
e. in the genome of the leak localization problem.

Since m; and 1y (x) are time-dependent, the fitness function depends on 7 as well
fi(x) =d (m;,my(x)) . (5.14)

To keep the optimization problem still single-objective, the fitness function is averaged over time.

1Y

) =g LAx) = minfx) (5.15)
I =1

29Time dependency is expressed by a subscript 7.
300f course, leaks can increase their size over time, but this effect is not taken into account in this approach in the interest
of simplification.

160



5.2. Methodology

where N, is the number of time steps respectively measurements over time that are taken into account.
This approach is similar to (Casillas, Garza-Castanon, et al. 2013). The algorithm detects if the
measurement vector is time dependent and reacts to it by performing simulations over the same
time period as contained in the measurement vector in a complete automated way.

5.2.5. Extensions to time series analysis forecast models

For pairing the leak localization with forecast models as described extensively in Chapter [3] and to
additionally make the model-based leak localization more robust by minimizing the effect of modeling
uncertainties, the localization problem as defined in equation is slightly reformulated. Instead
of taking the direct measurements, the changes or residuals are used. These residuals are differently
produced, depending on if they are generated through (i) measurements (replacing x in equation (3.1]))
or through (ii) simulations (replacing m(x) in equation (3.1))).

(i) On the measurement side of the equation, the residuals are constructed as the difference between
a forecast with a time series model %; supposing leak-free conditions in the network and the
actual measurements x; of the system. Mathematically, this is formulated in following way

Aﬂl - ﬁ,—Xt . (516)

On this side of the equation the flow and pressure differences computed with the methods de-
scribed, for example, in Section [3.3.5.3|and [3.3.5.5] can be used.

(i) On the simulation side of the equation, the residuals are generated through subtracting simula-
tions with a leak 1y (x) defined by the parameter vector x (see equation (5.2))) from leak-free
simulations with x = 0, or in mathematical terms

Aty (x) = 10, (0) —riny(x) . (5.17)

Consequently, this results in following objective function
fi(x) = d(A@,, Ay (X)) . (5.18)

The mean over the time can either be computed as in equation (5.13)), or the time average is build over
the residual estimates beforehand of the simulation.

Furthermore, if good estimates for the leak outflow exist, these estimates can be directly incorporated
into the optimization problem itself. This has the advantage of simplifying the parameter vector and
hence reduces the search space to a single parameter. For this reason the leak is generated as an
additional demand Ag of the size of the leak outflow estimate at a specific node.

X = <lclp> — X= (LPIAq) . (519)

e

Consequently, the leak localization task consists only of finding the leak position through utilizing
the remaining pressure measurements without additionally finding its size. This can be done trough
total enumeration of the parameter space resulting in as many hydraulic simulations as possible leak
positions in the system.
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5.2.6. Quality parameters for leak localization performance evaluation

In general, four different measures are adduced for evaluating the quality of the leak localization
performance. These four parameters are following

(i) The topological distance dr between the real leak x5 and the leak found by the algorithm x;—
This distance is calculated through Dijkstra’s shortest path algorithm (Dijkstra 1959) using the
Graph theoretic representation of a[WDS] (see Section [2.2.4).

(i) The false positives F'P—This is the percentage of nodes with a fitness function value smaller
than the fitness function value of the real leak. Mathematically this can be written by

Nep=|{i € {1,2,..., N} : f(x:) < f(xg)}| (5.20)
Nrp

n

FP=

100 (5.21)

where N, is the number of all nodes in the network and Ngp is the number of all false positive
nodes. This measure is equal to the false positive measure defined by Moors et al. 2018

(iii) The maximum span (MS) of the false positives—This measure is defined as the maximum
value of the topological distances between all false positive nodes

MS = max (dr(i,j)) Vi,jEFP . (5.22)
l7j

(iv) The leak-size convergence—The difference between the real and the estimated leak size, either
expressed in ¢, values or leak outflow Q.

5.2.7. Differences to similar approaches in scientific literature

The technique described in this methodology section is a model-based leak localization approach solv-
ing an inverse optimization problem using steady-state hydraulic models as introduced by Pudar and
Liggett|1992] This approach is capable of using both types of hydraulic sensors—pressure as well as
flow measurements. The optimization problem is solved with evolutionary algorithms and formulated
using parameters describing the leak, for example, the leak’s location and the leak’s magnitude. This
approach, at first glance, is very similar to two formulations found in literature, namely the approaches
described in (i) Z. Wu et al. 2009|and (ii) Casillas, Garza Castafion, et al. 2014, Here is a description
of the differences between the approaches:

(i) Distinction to Z. Wu et al. 2009: At first glance, solving the optimization problem with genetic
algorithms by calibrating leak parameters sounds very similar to the work of Z. Wu et al. 2009,
Looking at more detail, these two approaches are far apart. Four main distinctions can be made:
First, Wu’s approach couples finding leakages with other calibration tasks as calibrating rough-
ness values. These two calibration tasks are decoupled in the approach in this thesis. Second,
the genome of Wu describing leakages looks nearly the same as the approach in this thesis. A
closer look at Wu’s work shows that it focuses on multiple leaks to find background leakages
solving the optimization problem for 25 and more leaks together. This is a complete conceptual
different scope than in this thesis, where the aim is to detect a leak as it occurs and locate it
as fast as possible. Third, the high number of sensors with the comparably large leaks greater
than 10 L/s in Wu’s work differs from the scope of this thesis. This work focuses on smaller
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leaks with less sensors. And finally, Wu uses a competent genetic algorithm without testing if
the algorithm is sufficient for solving the problem. This thesis tries to improve the performance
by finding the best algorithm and additionally increasing the performance of this algorithm by
analyzing the optimization problem itself.

(ii) Distinction to Casillas, Garza Castaiién, et al. 2014: Although different fitness functions are
benchmarked which are similar to certain metrics described in Section [5.2.3.1] the approach is
very different. Casillas, Garza Castaion, et al. 2014, uses direct methods for the metrics. The
simulation results are compared with pre-computed columns of the sensitivity matrix. This
means that for each leak size and for all time-steps, leak scenarios have to be computed before
leak localization runs can be conducted. To the best of my understanding, only the least-square
optimization method uses an approach somehow similar to this thesis’ approach. The methods
introduced in this thesis perform leak localization with only indirect methods on the fly with-
out the necessity of pre-computed sensitivities and, therefore, is more economical in terms of
computation time. Casillas, Garza Castafidn, et al. 2014|for themselves state in their work that
indirect methods are allowing more information about the leak (e.g. they additionally provide
correct leak sizes better fitting the pressure data). Furthermore, the work of Casillas, Garza
Castafion, et al.|[2014| deals with huge "leaks", e.g. of 50 L/s and more in the Hanoi network.
It is questionable if the sensitivity matrix—a linear approximation of the system response to
leaks—still describes the non-linear WDS] behavior realistically for such enormous faults. Addi-
tionally, it is doubtful that inexplicable small leak sizes of 0.01 L/s in the Quebra network lead
to measurable pressure drops. Of course, ideas like increasing the robustness of the algorithm
by extending the problem in time utilizing are without any doubt influenced by the work
of Casillas, Garza-Castanon, et al. 2013\

The overall aim and scope of this thesis is very distinct from literature examples in Section [5.1]
Comparison with Table [5.1] shows that leak localization has been applied to mostly simulations and
not real-world field studies with mainly large leaks or bursts and numerous pressure sensors. This
thesis aims to develop and apply leak localization algorithms on small leaks smaller than 1 L/s on
real-world examples with a comparable small number of pressure sensors. Certainly, this is a great
challenge.

5.3. Results and discussion

5.3.1. Simulations in a real-world network

First, model-based leak localization is performed through simulations in a real-world network. The
network is the Ragnitz-Simple network already presented in Section[2.4.3] This simulations serve as
a benchmark, whether the algorithm is capable of finding leaks in a perfect environment consisting of
sensors with no measurement uncertainties and a flawless hydraulic model. However, the accuracy of
the field-study sensors (see Section [2.4.3.T) is taken into account by taking only significant decimal
digits of the simulation results.

A small leak—compared to the literature in Section [5.I}—is generated in the system. The leak is
simulated through the leak emitter equation (2.63)) with an emitter coefficient of ¢, = 0.12 and an
e, = 0.5 resulting in a leak outflow of Q; ~ 1.0 L/s. The leak position in the system is depicted in
Figure [5.6] as a gray cross. The position is equal to position III in Figure where a real artificial
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leak was generated during the case study. The sensor positions for the five pressure sensors correspond
to the positions that resulted from the sensor placement method after Casillas (Figure in Section
4.3.3) and are depicted in Figure[5.6|as green squares. Additionally, the inflow is measured at the tank
depicted as green hexagon in Figure [5.6]

The objective function (equation[5.T)) is defined via the cosine metric in equation (5.9) and the param-
eter space defined as in equation[5.2)is in Cuthill-McKee order (see Section[5.2.3.2)). The optimization
problem is solved using [DE (see Section with the DE/rand/1 formulation. The parameters
for the algorithm are CR = 0.7 and F; = 0.5 with a population size of 4 = 30 and N; = 100 iterations
per optimization run. Since stochastic algorithms can get stuck in a local optima, each optimization
run is 200 times repeated to retrieve a statistic over the likelihood that the algorithm finds the leak.
A single optimization run performs 3000 hydraulic simulations and single hydraulic simulations are
evaluated in parallel to accelerate the computation. Consequently, an optimization run takes 21 sec-
onds on a four core processor. The whole 200 optimization runs take 70 minutes for a total of 600.000
EPANET simulations. The results are presented in Figure [5.6/and in Table [5.3]

Figure 5.6.: Results of 200 leak localization runs for the Ragnitz-Simple network

In Figure [5.6] the found locations by the algorithm are depicted as purple translucent circles. The
opacity of the locations corresponds to the frequency of how often the algorithm has found a leak
in the vicinity. 89 % of the simulation results were within 40 meter of the simulated leak and only
4.5 % of the found solutions were located outside of a distance of 200 meter. It has to be noted that
distance means always the topological distance dr along the pipes computed with Dijkstra’s shortest
path algorithm. This computation is very efficient in the Graph theoretic representation of a[WDSI (see
Section [2.2.4]).

Table [5.3] shows a statistical summary of the simulations in terms of the found emitter coefficient c,,
the dr and the final fitness value after an optimization run f(x). The mean values and the standard
deviations are high, but this resulted from simulations which final solutions are very distant to the
leak. The quantiles show that most of the solutions are in fact in close proximity to the true leak
resulting also in a similar leak outflow.

5.3.2. Fitness landscape analysis

The importance of the fitness landscape analysis was already introduced in Section[5.2.3] This section
presents results and deeper insights from this approach on model-based leak localization. First, the
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Table 5.3.: Statistics of 200 leak localization runs
Ce dT f(X)

mean | 0.36 47.1 3.7e-07
std 2.02 1457 2.2e-06
min 0.00 0.0 -2.2e-16
25% 0.12 3.8 -2.2e-16
50% 0.12 7.0 -2.2e-16
75% 0.12 323 -2.2e-16
max | 20.00 1029.4 1.4e-05

effect of the number of sensors on the fitness landscape is discussed. Second, different metrics are
tested to see their influence on the optimization problem. Both tasks are applied on a toy example from
literature, because the results are demonstrative. Subsequently, the fitness landscape of the real-world
Ragnitz network is examined in detail, including an investigation of different sorting algorithms as de-
scribed in Section[5.2.3.2]and also different fitness metrics. Model-based leak localization will be ap-
plied on both networks for different metrics as well as different parameter space orderings—assessing
the influence of landscape’s shape on the optimizer. It has to be noted that the work presented here
in this section is a summary of the work presented in two conference papers, namely, (i) Steffelbauer
and Fuchs-Hanusch 2016b|and in (ii) Steffelbauer, Giinther, and Fuchs-Hanusch 2017,

5.3.2.1. Reducing the number of sensors

For the first vivid examples, the network of Poulakis (see Section [2.4.1)) is taken. A leak is generated
in the system at node J-16 through the emitter equation (2.63) with ¢, = 0.2 and ¢, = 0.5, resulting in
a leak outflow of Q; = 1.0 L/s. In Figure[5.7]the leak position is marked with a gray cross.

&‘ny 08 14 20 126

203 209 215 21 -27

.04 .10 *ﬁ .22 .28
.nq 211 -1 =23 .—29

06 212 .18 24 -30

) 13 19 25 31

Figure 5.7.: Network of Poulakis (Poulakis et al. 2003) with flow meters (green squares) and used
pressure sensors (blue circles) and leak position (black cross) for generating fitness maps

Subsequently, the fitness landscape is generated as described in Section [5.2.3] In this section, the
Euclidean metric is used to compute the objective function for the fitness landscape. First, a flow
sensor at every pipe and a pressure sensor at every junction is assumed. The corresponding fitness
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landscape can be found in Figure[5.8a] A short note on the fitness landscapes: every fitness landscape
plot in this thesis is depicted in log;(-scale to emphasize small differences around the local and global
optima. Additionally, at the top, the fitness values F in log,,-scale varying over c, are depicted
containing the minimum, mean and maximum over all leak positions Lp and the results corresponding
to the actual leak position (named "at leak"). Similar curves are depicted at the right hand side of the
fitness landscape with the F values varying over Lp, again with minimum, mean, maximum and at
leak (values corresponding to ¢, = 0.2) curves generated now over all possible c, instead of the Lp
values.

The fitness landscape for every known flow and pressure in the system shows a clear and distinct
global optimum at the right leak point Lp =J-16 and at the right emitter coefficient value location
with ¢, = 0.2 in the parameter space. Nevertheless, already for a system where every information is
known, small and shallow local optima occur at Lp = J-10 and Lp =J-22. Since it is uneconomically
and unrealistic to install measurement devices at every pipe and every node in a the sensor
number is reduced. Clearly, this has an influence on the shape of the fitness landscape.

Figure [5.8b] shows the fitness landscape, if pressure is measured at every node, but the flow is only
measured at the inflow point. Indeed, the landscape shows a different structure than before. More
local optima occur, however, the global optimum is still at Lp =J-16 and ¢, = 0.2.

Reducing the sensor number even more exaggerates this effect (see Figure[5.8)). For that reason, only
the inflow is measured and only three pressure sensors are placed in Poulakis net, although, the pres-
sure sensor location for position J-05 and J-29 are computed through the optimal sensor placement
algorithm of Casillas. The position at J-02 represents a pressure measurement at the inflow point of
the Additionally, the inflow is supposed to be measured in the system. The exact locations of
the sensors are depicted in Figure It can be clearly seen that more and more peaks arise in the
landscape. Furthermore, the global optimum moved from the real leak location to its neighboring
node J-15 and to a slightly smaller ¢, value. Thus, even with a perfect optimization algorithm capa-
ble of finding the global optimum with absolute certainty—although no such algorithm exists—will
not be able to find the exact leak location in the even in a perfect environment possessing no
measurement uncertainties nor model inaccuracies. Already by simply reducing the number of pres-
sure measurements, only approximate locations of the leak can be retrieved by a model-based leak
localization anymore.

Abandoning additionally the inflow measurements in Figure[5.8d] changes the situation for the worse.
The global optimal solution spreads now over the leak locations J-15 and J-14. Furthermore, the
whole fitness landscape blurs and washes out and does not remotely resemble the ideal case in Figure

5.84

The relative large number of local optima3! that was observed in the first attempts to depict the fitness
landscape, suggests that the model-based leakage localization problem can only be solved with meta-
heuristic algorithms like

5.3.2.2. Different metrics—different landscapes

Not only the number and position of sensors affects the form of the fitness landscape, also the metric in
which the objective function is formulated influences the shape. For that reason, the different metrics

31Even the ideal case with the maximum number of sensors shows shallow local optima where deterministic algorithms can
get stuck.
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Figure 5.8.: Fitness landscapes for different sensor numbers

described in Section[5.2.3.T]are applied on the Poulakis network with the three pressure and an inflow
sensors and a leak at the same node as depicted in Figure[5.7] Only the leak size is set to ¢, = 0.25 to
place the leak in exactly the middle of the subsequent figures. This corresponds to a leak outflow of
Qr =1.27LJs.

The Euclidean metric (Minkowski order p = 2) defined for this problem in equation (3.7) was already
depicted in Figure The fitness landscape resulting from the Minkowski metric with lower order
(p = 1)—the Manhattan metric as defined in equation (5.6)—is depicted in Figure[5.9a] The problem
using the maximum metric—the Minkowski metric with highest order of p = co—is illustrated in
Figure [5.95 Further distance metrics are the cosine metric (see equation (5.9)) in Figure the
correlation metric (equation (5.10)) in Figure [5.9d} the Sgrensen metric (equation (5.11))) in Figure
[5.10a] and the Canberra metric (equation (5.12))) in Figure [5.10b]

The Minkowski metrics as well as the Sgrensen show the same behavior—a very peaky fitness land-
scape consisting of many narrow local optima with nearly the same fitness value and a global optimum
which is not exactly at the same position but approximating the real leak. Due to the shape of the fit-
ness landscape, model-based leak localization can only be solved with meta-heuristic algorithms.
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On the other hand, the landscape resulting for the cosine metric (Figure possesses only one dis-
tinct minimum, which is at the correct Lp and ¢, value as the real leak. Looking at the function closely
reveals that additional local optima exist. However, they are shallower and not as distinct as the global
optimum. For that reason, meta-heuristic algorithms are still necessary for finding leaks, although,
convergence to the global optimum is expected to be easier for algorithms concerning model-based
leak localization formulated in cosine metric.

The fitness landscape calculated with the correlation metric is shown in Figure [5.9d] Three distinct
minima are generated through this metric. Again, the global minimum is not at the correct Lp nor the
correct ¢, value.

The fitness landscape computed with the Canberra metric in Figure [5.10b| shows a behavior between
the Minkowski metrics with many local optima and a global optimum similar to the simulations with
no inflow sensors in Figure[5.8d] Additionally, the global optimum is not at the right leak position and
does not have the right c, value.

In the next section, the influence of the distance metric on the convergence of the [DE algorithm is
investigated in detail.

5.3.2.3. Influence of the metric on the leak localization performance

The model-based leak localization problem is solved with the [DE algorithm for the different distance
metrics (equations (5.5) to (5.12)). For each metric, 1000 optimization runs are undertaken. The c,
value is always the same (c, = 0.25), but the leak’s location is chosen at random for each optimization
run. Leaks are generated in the middle of the pipe. DE/rand/1 algorithm is chosen and its parameters
are F; = 0.5, CR =0.7, population size u = 20 and the optimization takes place for N; = 100 iterations
(see Section [2.1.2.2.2)). In total, this results in 2000 hydraulic simulations for each optimization run,
or 2 million hydraulic simulations for each metric.

The efficiency is tested by comparing the metrics through two different performance measures. The
first performance measure—connected with the Lp parameter—is the average topological distance dr
of the leak found by the algorithm to the real leak as a function of the objective function evaluations.
dr is build over all optimization runs, but for each distance metric separately. The results for dr can
be found in Figure [5.1Ta

Similarly, the second performance measure is computed—the convergence of the emitter coefficient
c. in dependency of objective function evaluations averaged over all optimization runs. This curve
represents the algorithms ability in estimating the real leak magnitude. Results are presented in Figure
5.11b]

In Figure it can clearly be seen that the distance metrics of the Minkowski family (manhattan,
euclidean and max) convergence the slowest. Specifically, higher Minkowski metric orders p result in
slower convergence of d7. Furthermore, the Minkowski metric results in poorer solutions at the end
of the optimization compared to cosine, correlation or Sgrensen metric. That is a consequence of the
many local optima in the fitness landscape resulting for Minkowski metrics. Overall, cosine metric
performs best in converging to the right leak spot. Of course, this is due to the existence of an out-
sticking global optimum in the fitness landscape at the right leak location. Canberra and correlation
distance perform similar to cosine metric. Canberra metric has the property to be highly sensitive
to small changes of values near zero, consequently, its good results are caused by this sensitivity.
Se¢rensen metric performs somewhere in between Minkowski and cosine metric—starting slowly but
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Figure 5.9.: Comparison of different metrics on fitness landscape (Part 1)

finishes with the same performance as the cosine metric after a few hundred function evaluations.
Furthermore, solutions do not improve after approximately 500 function evaluations anymore for any
metric.

The convergence speed in the ¢, parameter is complementary to the distance convergence. Concern-
ing c, values, the Minkowski metrics perform best whereas cosine, Canberra and correlation metric
behave poorly. Nevertheless, the clear winner is the Sgrensen metric. It has to be noted that [DEl tends
to overestimate c, values for all distance metrics. The convergence of ¢, is less important than the
convergence speed of Lp. Model-based leak localization is more focused on finding the right position
of the leak instead of its magnitude, because the leak outflow can be estimated through, e.g., inflow
measurements.

Nevertheless, a method will be presented further on (see Section [5.3.5) that utilizes the differences in
the convergence of the two parameters for finding leaks when no flow measurement is available.

Analysis of the final leak position estimates showed that after 2000 function evaluations, Canberra and
cosine metric resulted in the best leak position estimates, whereas the Minkowski family performed
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WOrse.

5.3.2.4. Fitness landscapes of a real-world network

The fitness landscapes of the real-world Ragnitz network, as described in Section [5.3.1] and depicted
in Figure [5.6] are computed in this section. The leak is at the same position as stated in the former
section and the sensor positions are also the same. The fitness landscape for the Euclidean metric can
be found in Figure[5.124] the results for the cosine metric are depicted in Figure[5.12b] Landscapes are
interspersed with a huge amount of local minima. Switching to another metric influences the fitness
landscapes as already discussed before, but does not reduce the problem’s complexity arising from the
many minima. For that reason, search space order is improved as already described in Section[5.2.3.2]
which will potentially smooth the fitness landscape.

170



5.3. Results and discussion

~
=
©
=)
®

K1_719 0.0 K1_719

K1 677 K1_677

K1 61 K1_61

K1_543 K1_543

K1_469 —0.5 K1_469 -6

K1_436 K1_436 _

K1_384 % K1_384 B
. K1_307 E  a k1307 =
~ k1283 5 — k12283 g

HGA504 -
HGA4118 1
-2.0 HG3661 -

HG2573 - HG2573 +
0.0 0.03 0.05 0.08 0.1 0.13 0.15 0.18 0.2 0.23 0.0 0.03 0.05 0.08 0.1 0.13 0.15 0.18 0.2 0.23

Ce Ce

(a) Euclidean metric (b) Cosine metric

Figure 5.12.: Fitness landscape resulting for real-network (alphabetical sorting). The leak’s position
in the fitness landscape is marked with a red circle.

5.3.2.5. Rearranging the search space

The different sortings of the network nodes—Alphabetical, Cuthill-McKee, DFS and Random (see
Section[5.2.3.2)—are depicted in Figure[5.13] The colors correspond to the rank of the nodes accord-
ing to the specific order. The colors are related to the closeness of points to each other in the parameter
space. Subsequently, the fitness maps for each possible combination of ordering and distance metric
are calculated for the leak with leak outflow of 1 I/s with ¢, = 0.12 at the position which is marked in
Figure[5.6] The position of the leak in landscape plots is marked with a red circle in Figure[5.14]

Figure [5.14] shows that the different search space sortings illustrated in Figure [5.13] have a strong in-
fluence on fitness landscape’s shape. Obviously, more random sortings of the axis result in more local
minima. This occurs for alphabetical sorting in Figure [5.14a] or random sort in Figure [5.14b] Opti-
mization algorithms are expected to perform worse using this sorting algorithms by converging slower
to the global optimum and have a higher likelihood to restrain in a local minimum. Sortings intro-
duced by the Cuthill-McKee algorithm in Figure or the algorithm depicted in Figure[5.14d]
clearly have a smoothening effect on the fitness landscape of the model-based leak localization prob-
lem. The more distinct the global optimum in the fitness landscape, the better is the leak localization
algorithm supposed to work. Hence, better convergence properties are expected for Cuthill-McKee
and DFSlalgorithms, overruling alphabetical and random search space orders.

5.3.2.6. Performance evaluation of sorting algorithms

The performance of the algorithm is evaluated similarly as in Section[5.3.2.3] Again,DEis used in the
DE/rand/1 formulation with F; = 0.5, CR = 0.7, a population size of u = 30 and N; = 100 iterations
(see Section[2.1.2.2.7). SinceDHis stochastic, 200 optimization runs are performed and the results are
statistically evaluated over all runs. Again, d7 and c, convergence over fitness function evaluations
are taken as performance measure. Contrary to Section[5.3.2.3] the leak is always at the same position
and not randomly distributed over the whole network this time. 3000 hydraulic function evaluations
are performed in each optimization run. In total, 16.8 million EPANET simulations were performed
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(a) Alphabetical (b) Cuthill-McKee

150
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Figure 5.13.: Different sortings in the Ragnitz network

for the results presented in this section. Only selected combinations and not all results for distance
metrics-orderings pairs are depicted for the sake of brevity.

Figure [5.15] shows the convergence plots for the topological distance dr as a function of the number
of f(x) evaluations. The results are averaged over 200 optimization runs for different search space
sortings and distance metrics. The corresponding leak localization problem is depicted in Figure[5.6]
Specifically, Figure [5.15a] shows the simulation results for Euclidean metric and the different sorting
algorithms and Figure [5.15b] shows results for Cuthill-McKee ordering and different metrics. This
ordering was chosen, because it showed the best results for the Euclidean metric in Figure[5.15a

Figure [5.154) clearly shows that Cuthill-McKee and performs better than alphabetical ordering.
Notably, random ordering converges very fast, too. Probably, the local optima in the random parameter
space order are close enough to each other that the [DE algorithm jumps from one optimum to another.
In the alphabetical order, the optima are farer apart from each other. Note that this was found for
Euclidean and Sorensen metric only—other metrics did not show the same behavior for the random
parameter sorting. Cuthill-McKee performed the best over all metrics. This explains why Figure[5.15b|
shows the performance of different metrics in this ordering. Again, as already found in Section[5.3.2.3]
lower p parameters of the Minkowski metric showed better convergence also in the real-network. The
Canberra metric performed the worst and Sgrensen and cosine metric performed as well as small p
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Figure 5.14.: Fitness landscape resulting for real-network with correlation distance metric. The leak’s
position in the fitness landscape is marked with a red circle.

Minkowski. However, the correlation metric performed best.

Furthermore, after approximately 500 function evaluations, 70 % of the found leak locations by the
correlation distance metric are in the proximity of the real leak with almost 90 % in an area with a
dr <400 meter . This result is closer than all results obtained by the other metrics. Finally, after 3000
function evaluations all distance metrics converged to almost equally good results. Only the Canberra
metric performed worse.

5.3.3. Performance of sensor placements in the real-world

In Chapter {4} the question of which sensor placement algorithm delivers the best results was post-
poned to this chapter. Now, a potential answer to this question is proposed based on evaluation of
different sensor placement algorithms in the real-world. Pressure sensors were installed at the optimal
sensor positions at hydrants in the Ragnitz network (see Figure [2.21)) as computed with the six dif-
ferent optimal sensor placement algorithms described in Section This is the list of the different
algorithms and their abbreviations used in this section
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Figure 5.15.: dy convergence plots for different metrics and different search space orderings

= SP1: Shortest Path 1 algorithm as described in Section4.2.2.2.1|and Schaetzen et al. 2000
= SP2: Shortest Path 2 algorithm as described in Section4.2.2.2.2|and Schaetzen et al. 2000
= SHA: Shannon Entropy algorithm as described in Section4.2.2.3.1|and Schaetzen et al. 2000

= PER: Pérez binarized-sensitivity matrix algorithm as described in Section |4.2.2.3.2]and Pérez,
Puig, Pascual, Peralta, et al.|2009

= CAS: Casillas sensitivity projection algorithm as described in Section 4.2.2.3.3| and Casillas,
Puig, et al. 2013

= SPU: Sensor placement algorithm considering demand uncertainties as described in Section
224 and Steffelbauer and Fuchs-Hanusch 2016a

The present data from the calibration night is used for benchmarking the sensor placement algorithms.
On the one hand the small artificial leak scenarios—scenarios Sis, Si¢ and S1;—are used. The posi-
tions of these artificial leaks are positions A, E and F in Figure [2.22] for scenarios Sis, Si6 and ;7.
The measurement values for the inflow and pressure measurements for scenario S;s are illustrated in
Figure[2.29] Similarly, scenario Sj¢ is depicted in Figure[2.30] respectively, S7 can be found in Figure
[2.31] The leak localization problem is formulated in the same way as described in Section[5.2.3] also
with the simplification as described in equation (5.19), since the leak outflow is estimated as differ-
ence between the MNR and the inflow measurements at the corresponding hydrant opening times. The
corresponding differences Afl,—the measurement residual as stated in equation (5.16)—can be found
in Table 2.8]

On the other hand, scenario S is used. Because no third flow measurement device for measuring
the outflow from the hydrants was available in the calibration night, the data of this scenario was not
used for calibrating the hydraulic network. Therefore, it can be used at this point as artificial leak
data simulating a big pipe burst with an outflow of more than 11 L/s. An algorithm that is capable of
finding the position of a small leak should also be applicable on bigger pipe bursts. The measurement
curves for the inflow and the twelve pressure measurement devices for scenario S; can be found in
Figure [2.23] The scenario was generated by opening the hydrant at position B in Figure 2.22] The
corresponding opening times can be found in Table 2.2] The corresponding differences Af,—the
measurement residual as stated in equation (5.16)—are presented in Table[2.4]and Table Scenario
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S4 is not used for evaluating the different placements and metrics, it is only used for proving the
method’s applicability for big pipe bursts.

To evaluate the localization efficiency of the different metrics and placements, the first three per-
formance measures defined in Section [5.2.6| are considered—the false positves FP, the topological
distance between the found and the real leak d7 and maximum span of the false positives MS. The
fourth measure is not taken into account since the estimate of the leak magnitude is used to reduce the
complexity of the problem.

The results for all metrics and all placements averaged over scenarios S;s, S1¢ and S;7 can be found in
Table[5.4] The abbreviations for the metrics are following

= CAN - Canberra metric in equation (5.12))

= COR - Correlation metric in equation (5.10)
» COS - Cosine metric in equation (5.9)

» EUC - Euclidean metric in equation (5.7)

» MAN - Manhattan metric in equation (3.6)
» MAX - Maximum metric in equation (5.8))
= SOR - Sgrensen metric in equation (5.11)

The best values for FP, dr and MS are marked with boldface. Additionally, the results are sorted
according to the F'P parameter, thus, the best combinations of placement and metric can be found on
the top of Table[5.4]
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Figure 5.16.: Performance evaluation plots using the maximum span of different metrics and different
placements for real-leak scenarios.

The cosine metric performed best in the FP and the MS criterion, maximum metric best in d;. The
best sensor positions resulted for the Shortest Path 1 placement followed closely by Shannon entropy.
Hence, the results for this metric and this placement are investigated in more detail. Box-plots for the
cosine metric’s performance measure MS over all three scenarios distinguished by the placements
can be found in Figure [5.16a A similar plot for Shortest Path 1 placement over all metrics can be
found in Figure [5.16b] Yet, the box plots have to be considered with some reservation, since only
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three scenarios are used for the plots. Hence, the upper edge of the box plots represents the worst
scenario performance, the lower part the best, and the median value depicted by the big black line
in the middle of each box plot are the median performing scenario. The whiskers—representing the
interquartile range—are basically meaningless. Despite the poor statistics, box plots were chosen for
this qualititave analysis due to their visual ease in comparison with line or scatter plots.

The results do not indicate, however, that Shortest Path 1 algorithm delivers the best sensor posi-
tions compared to other algortihms. This is due to the following reasons: First of all, only three leak
scenarios are evaluated. Second, at the moment when the sensor positions were computed, nobody
was aware of the partially closed valve in the system. The real nature of the problem was only iden-
tified after extensive analysis of the calibration data. As Blesa et al. [2014| already mentioned, this
has a high influence on sensitivity-based sensor placement algorithms, hence, the computed positions
for algorithms SHA, PER, CAS, SPU might be far from optimal. Third, the differences between the
placements are not very distinct, as can be seen in Figure Examining other leak scenarios might
find other algorithms to perform better (Fuchs-Hanusch and Steffelbauer 2017). As a conservative in-
terpretation, at least for these three leak scenarios and for this the Shortest Path 1 algorithm
combined with cosine (or maximum) metric performed the best. This supports the picture from Ta-
ble where Shortest Path 1 algorithm also performed best considering F| and the overall F value.
Additionally, the leak size was estimated from the measurement data. If the leak size becomes an opti-
mization parameter, other metrics may lead to better results. Especially metrics with known potential
in converging fast to the right leak outflow levels like, for example, the maximum metric (see Figure
[5.11D)) that performed already well in this example in finding the right leak spot. Hence, no decision
can be made which metric performs best, but cosine and maximum metric are favored. However, one
conclusion can be drawn: Shortest Path 2 algorithm, despite being quite similar in finding the optimal
positions as Shortest Path 1, clearly performs worst.

The localization results for the cosine metric and Shortest Path 1 sensor placement algorithm are also
depicted in Figure The X marks the location of the real leak and the O marks the position that
the algorithm has found. Additionally, the objective function values for all nodes are depicted through
the coloring of the nodes at a logarithmic scale.

Figure shows the results for the simulated big pipe burst in Scenario S4. The dr resulted in
a distance of 109 meter. The leak is at a unmeasured dead-end branch. Additionally, the roughness
values at this area of the network are very low (see Figure [2.26|respectively Figure or Figure[2.25)
and Table [2.6). Hence, the algorithm can not distinguish between the turnoff branch and the main
pipe. The small roughness values additionally affecting the result to increase distance to the turnoff
point. Interestingly, in spite of having the biggest leak outflow, this scenario leads to the worst false
positive rate of F'P = 3.24% and widest maximum span of MS = 412 meter of all examined scenarios,
although, the results are still very satisfying.

The results for scenario S5 are shown in Figure This scenario has the smallest leak outflow of
Qr = 1.18 L/s, but results in the best false positive value of FP = 0.77% and the smallest maximum
span of MS = 140 meter. The distance between the estimated and the real leak is dr = 85 meter.

Scenario Sy is depicted in Figure and results in the smallest distance of dr = 41 meter with
FP=1.39% and MS = 216 meter.

Finally, the last scenario Si7 is depicted in Figure [5.19d] This scenario led to the least precise—but
still acceptable leak localization performance compared for example to literature—of FP = 1.54%,
dr =241 and MS = 241 meter for all small leak scenarios. The found leak position is again situated at
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Table 5.4.: Evaluation of the performance of different metrics and sensor placement algorithms aver-
aged over leak scenarios S5 to S17

| Placement  Metric FP dr MS
1 SP1 COS 1.23 122.43 198.56
2 SHA COS 1.23 120.47 212.23
3 CAS COS 3.39 85.15 265.66
4 SP1 MAX 2.31 46.99 280.31
5 PER COS 3.24 125.47 312.03
6 SPU COS 3.80 130.53 332.17
7 SHA MAX 3.29 97.36 343.22
8 SP1 COR 6.63 123.48 351.03
9 SHA COR 6.57 134.63 362.01
10 CAS SOR 6.37 243.88 384.35
11 CAS MAX 5.19 206.72 392.87
12 CAS CAN 6.11 243.88 393.67
13 CAS MAN 6.42 241.80 400.71
14 CAS EUC 5.24 249.80 400.71
15 SPU MAX 6.21 246.43 403.49
16 SPU EUC 6.78 254.34 426.10
17 SP1 EUC 7.19 177.86 433.88
18 SPU MAN 7.76 212.84 433.88
19 SPU SOR 8.99 177.98 446.96
20 SPU CAN 9.04 243.58 455.55
21 CAS COR 7.70 114.77 463.38
22 SHA EUC 5.39 181.49 471.94
23 PER COR 6.16 100.88 519.85
24 SP2 SOR 6.21 221.93 525.49
25 PER CAN 7.86 168.61 529.33
26 SHA MAN 7.45 200.76 529.33
27 SP1 SOR 7.55 203.59 529.33
28 SHA SOR 7.19 221.82 529.33
29 SP1 MAN 7.65 197.59 529.33
30 PER MAN 7.60 168.61 529.33
31 PER SOR 7.60 168.61 529.33
32 SP1 CAN 7.50 241.65 529.33
33 SHA CAN 7.19 221.82 529.33
34 PER EUC 7.50 170.09 529.33
35 SP2 MAN 9.76 254.19 602.88
36 PER MAX 9.09 209.50 606.36
37 SP2 CAN 1248 221.93 650.54
38 SPU COR 11.35 177.95 804.89
39 SP2 EUC 15.87 425.42 891.69
40 SP2 MAX 22.03 43334 1072.56
41 SP2 COS 18.03 570.59 1098.17
42 SP2 COR  34.77 1288.73 2169.54
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Figure 5.17.: Leakage localization results for cosine metric and shortest path 1 sensor placement for
different scenarios

an unmeasured dead-end branch with small roughness coefficients, hence, the same arguments as for
S4 apply: the sensors are not able to distinguish between the main pipe and the dead-end branch and
this effect is exaggerated through small roughness values. This leads to the finding that the localization
of this leak is more acceptable than the plain numbers suggest,

The results for all scenarios are summarized in Table 5.3

5.3.4. Measuring the cost-benefit sensor placement curve

The Shortest Path 1 algorithm has an additional advantage. Since it is a "greedy" sensor placement
algorithm by construction, it allows for examining the sensor placement performance for all place-
ment consisting N — i sensors if N is the number of the actually placed sensors. Subsequently, the
performance as a function of the sensor number N allows to measure a cost-benefit function in the
real-world. This is done on the example of the maximum metric and the FP performance averaged
over leak scenarios Si5 to S17. The results for the different numbers of sensors can be found in Table
[5.6l The FP values as a function of N are depicted in Figure [5.18] Again, the cost-benefit function
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Table 5.5.: Performance evaluation of cosine metric and Shortest Path 1 placement for different leak

scenarios

FP MS dr
Ss | 32 4122 109.0
Si5 108 1395 853
Sie | 1.4 2156 414
S17 | 1.5 240.6 240.6
has a power-law behavior
fN)=a-N""

(5.23)

The fitting parameters result in = (0.005811 £ 0.000003) and b = (0.4393 £0.0009).

Of course, the sample size with three leak scenarios is again very small.

Table 5.6.: Performance evaluation of maximum metric and Shortest Path 1 placement for different

numbers of sensors

N |FP dr MS
20 7.1 2146 4425
30 [ 60 237 4964
40|51 1098 496.4
50|48 488 4274
8
6
g
&4
2
01 2 3 4 5
N

— fit

® data

Figure 5.18.: Real-world sensor cost-benefit curve

5.3.5. Leak localization with pressure sensors only

For the previous leak localization real-world experiments, no optimization algorithm was required.
The leak outflow was estimated using the differences in the inflow before and after the leak occurred.
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Figure 5.19.: Leak Localization with pressure sensors only for various scenarios

Thus, the problem was one-dimensional since the leak position had to be found. This was achieved
through total enumeration by simulating a leak at all nodes with the estimated leak size Q;. The node
with the minimum objective function value was considered as the leak node.

For the simulations, it is assumed that no inflow measurements is used. The question is if the leak can
be found using pressure sensors only?

For that reason, a two stage optimization approach is used. First, [DE is used once with a metric that
has the property to converge fast to the right leak size, e.g. the maximum metric—utilizing only the
pressure measurements. Through this single optimization run the probable leak size QIL)E is estimated.
Additionally, a first estimate for the leak location is also retrieved with a corresponding distance to
the real leak d2F. QIL)E is then used for simulating a leak at every point in the system to obtain its
location, similar to the approach in the previous section. For this simulations, a metric with good leak
localization performance is used, e.g. cosine metric. For the results of the second optimization round,
again, dr, FP and MS is computed.

This leak localization approach using exclusively pressure information is simulated for the scenarios
in the previous section (S4,S1s,S516,517). Only sensors at the Shortest Path 1 sensor placement are
used. Maximum metric and Cuthill-McKee parameter space sorting is used for simulations with [DElin
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the DE/rand/1 formulation with a population size of u = 50, Ny = 50 iterations, CR = 0.5 and F; =0.8.
The leak is simulated as additional demand at the leak node with search space boundaries from zero
to 20 L/s. The total two stage optimization takes around three minutes, hence, the leak localization
works in real-time supposing that every 15 minutes a new measurement value is retrieved.

The results can be found in Table and Figure [5.19] The real leak location is marked with an X,
the location found by the first stage of the optimization is marked with an O. The colors resemble the
objective function values at the nodes using the cosine metric. Remarkably, the measured leak size
QOr and the leak size estimated by the optimization algorithm using only the pressure sensors QfE
coincide very well. Additionally, the estimated leak location of the DE algorithm d2F is equally good
as using the cosine metric for scenario S4 and S5 and even better for S; and S;7. This can also be
seen in Figure [5.19]comparing the X and the O’s position and the node colors.

Consequently, the results show that model-based leak localization can be accomplished with pressure
sensors only for leaks around 1 L/s and for larger pipe bursts. In Chapter [3] we have already seen
that leak detection can be achieved with pressure sensors. Thus, pursuing research in this direction
potentially saves a lot of money, because flow sensors are more expensive and possess higher
installation costs and maintenance expenses than pressure sensors.

Table 5.7.: Results for leak localization for diverse scenarios considering the pressure measurements

only
Scenario ‘ o, OPF dr d?E  FP MS
S4 1149 12.08 108.97 10897 5.08 428.31
S1s 1.17 1.18 85.29 8529 1.08 139.53
S16 1.14 1.27 143.00 443 0.62 143.00
S17 1.34 1.35 27.37 13.32 1.08 65.49

5.3.6. Localization of small leaks

The model-based leak localization methods are also tested on smaller leaks with leak outflows of less
than one liter per second Q; < 1 L/s. For that reason, small leak outflow scenarios were generated
in the case study area Graz Ragnitz. The artificial generated scenarios had long run-times of several
days (see Table [2.9). In total, twelve different scenarios were generated with different leak outflows
at four different positions—depicted in Figure[2.32}—and leak run-times varying between 47 and 188
hours. The targeted leak outflows were between O = 0.25 L/s and Oy = 1.0 L/s. During the first
ten scenarios, twelve pressure sensors were installed at different locations in the system (scenarios S,
to §;). During the last two scenarios, six pressure sensors were still installed in the system, after a
period, where the leak free system was investigated with those six sensors.

Unfortunately, for the first scenario, a storage buffer overflow in the pressure sensors deleted the
measurement data, hence, S, could not be used for the leak localizations. That is why scenario S; was
generated with the same outflow and position.

Additionally, two sensors of the remaining six sensors showed malfunctions. It could not be recon-
structed, when these sensors started to deliver faulty measurement signals, hence, the sensors HG3420
and HG4215 are neglected for localizing small leaks.
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Even more unluckily, the measurements of the unperturbed system proved to be very valuable for
detection and localization. Without these measurements, no reliable reference pressure signals can be
constructed—used for computing the residuals between the leak-free and the leaky system (see equa-
tion (5.16)). That is why only four sensors—six installed sensors during the longer leak free period
minus the two malfunctioning sensors—could be taken for this leak experiments. Unfortunately, this
sensor positions did not coincide with any optimal sensor placement algorithm.

The residuals are computed as the differences between the simple time series model ¥ (see Section
[2.3.5.3) and the actual measurements x;. Subsequently, the mean of the residuals Af, is taken over
the whole time of the leak scenario . The results can be found in Table[5.8] The more complicated
time series model—constructed by additionally extracting the correlations from the residuals with an
[ARMAl model—can not be used since no leak free period exists before the leaks, which is necessary to
fit the model to the measurements.

Table 5.8.: Residuals Afi, between the measurements during the leak scenarios x; and the forecasted
values from the simple time series model £

Inflow  HG3835 HG3933 HG4162 HG4383
AQ [L/s] Ap[bar] Ap|[bar] Ap [bar] Ap [bar]

Sp 0.827 -0.023 -0.025 -0.015 -0.030
Se 0.491 -0.004 -0.005 -0.002 -0.004
Sqs | 0544 -0.022 -0.026 -0.015 -0.025
Se 0.129 -0.005 -0.003 -0.007 -0.005
Sr | 0.281 -0.003 -0.001 -0.001 -0.006
Sq 0.828 -0.019 -0.020 -0.013 -0.024
Sh 0.772 -0.018 -0.016 -0.019 -0.017
Si 0.946 -0.031 -0.028 -0.031 -0.031
S 0.280 0.001 0.002 -0.002 0.002
Sk 0.897 -0.023 -0.026 -0.018 -0.027
S 0.812 -0.028 -0.018 -0.035 -0.018

The pressure differences in scenarios S, S, Sy and S are decided to be too small for leak localization.
Maybe better time series models are able in the future to extract the differences in the pressure sig-
nals in a more reliable way. Anyway, these scenarios are neglected during the further investigations.
Simulations with these scenarios have shown that they result in F'P rates between 25 % and 75 %.
Possibly, more sensors at more sensitive positions are able to detect leaks of this magnitudes, but for
now, leaks under 0.5 L/s are not locatable in this network with sensors at these positions.

The remaining scenarios—scenario S, S4, Sq, Sp, Si, Sk and S;—are further investigated. First, it is
tested which metric performs best on small leaks. The results can be found in Table [5.9] Clearly,
the maximum metric shows the best localization results for small leaks—followed by the correlation
metric regarding the F P rate. Thus, these two metrics are examined in more detail on each leak sce-
nario separately. The results can be found in Table[5.10] Interestingly, scenarios where the maximum
metric performs worse are good scenarios for the correlation metric—and vice versa. The mean FP
value is around 6 % for the best scenarios considering both metrics. In other words—only a 1/16 of
the system has to be searched for leaks in average after applying this method for pre-localizing the
leak. These are very promising results—considering the use of the simple time series model as well
as the small number of working sensors at non-optimal positions.
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Table 5.9.: Performance of all metrics averaged over scenarios Sy, Sy, Sq, S, S, Sk and S;
Metric FP dr MS

MAX 12.68 45343 768.64
EUC  25.07 471.60 1118.60
COS 20.10 477.11 1195.09
COR 1827 578.65 1302.02
MAN 3372 649.61 1526.29
SOR 3454 646.33 1555.09
CAN  35.09 64932 1557.52

NN N Bk W~

Table 5.10.: Performance of maximum and correlation metric for different leak scenarios S,

Metric ‘ Maximum ‘ Correlation ‘ Leak
Scen. | dr MS  FP | dr MS  FP| AQ Pos.

Sp 139.53  206.20  1.23 | 1271.09 1527.77 10.02 | 0.83 I
Sa 578.00 69335 12.79 | 34149 1652.62 3590 | 0.54 1
Se 1035.52 1105.79 693 | 550.43 1528.73 29.28 | 0.83 1I
Sh 741.56 1200.08 2542 | 313.65 441.00 2.62 | 0.77 1III

Si 125.61 1200.76 32.05 | 372.58 1235779 847|095 1l
Sk 480.11  480.11 7.09 | 275.46 1527.77 16.80 | 090 I
S 73.69  494.17 3.24 | 925.85 120048 24.81 | 0.81 IV

Additionally, results using the maximum metric are depicted in Figure [5.20|for all scenarios. The re-
gions of low maximum metric values correspond well with the true leak locations. It can be concluded
that model-based leak localization is possible for leak sizes down to 0.5 L/s with satisfactory results.

5.3.7. Fast localization of a small leak

In Chapter [3| the importance of a fast detection of leaks is highlighted. Certainly, it is also important
to locate a leak fast, once it is detected. In the previous section we have seen that leak localization
is possible considering the whole available time series data of the leak scenarios. Now it will be
investigated, if localization is also possible for a shorter time period and a limited amount of data.

Hence, the short leak period that was already employed in Section[3.3.5.5]is used once more. The leak
is the same as in scenario S;. The leak was opened on the 4 of July at 12:20. It has been detected at
15:15. Consequently, the data until the detection is used for the localization. This will be called from
now on the short period Ps. The data obtained from the simple time series model x; is used, since the
complex model x{ underestimates the leak outflows and the pressures—having a negative effect on the
leak localization. The inflow and pressure data resulting from the Bayes approach described in
Section and[2.3.6.3] can be found in Table

Additionally, leak localization simulations are performed for the long time period P until noon at
the 8" of July. This data can be also found in Table Furthermore, estimates obtained from the
Likelihood-ratio detection method Pg are also used for model-based leak localization. The purpose of
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investigating the likelihood-ratio is to test, if the estimated values deliver good results for subsequent
leak localization.

The simulation results for the maximum metric for all studied periods can be found in Table It
can be seen that a fast localization of the leak is possible with a FP rate of 7 %. Furthermore, the
distance dr to the real leak decreases by taking longer measurement times into account. Additionally,
the likelihood-ratio method leads to very good results with a final distance to the leak—in maximum
metric—that is comparable to the distance found by the correlation metric in Table [5.10] Although,
it leads to better MS and F P values. The results for the fast model-based leak localization using the
maximum metric can be found in Figure[5.21]

Table 5.11.: Performance evaluation for fast localization of the leak in scenario S right after its de-
tection

dr FP MS

Pg 43835 7.09 480.11
Pp 31776 7.09 1250.48
Pr 27546 770 52240
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Figure 5.21.: Maximum metric results for fast localization of the leak in scenario Sy for the short Ps
and the long P, period as well as the likelihood-ratio estimates Pg
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5.4. Conclusion

This chapter tried to answer following three research questions linked to model-based leak localiza-
tion:

Q.3.1 What is the actual type (form,shape) of the optimization problem?

Q.3.2 How to increase the performance of model-based leak localization?

Q.3.3 Is model-based leak localization applicable for finding small leaks in the real-world?
Additionally, a research question from Chapter 4] was postponed to be answered within this chapter:

Q.2.1 Which optimal sensor placement algorithm finds the best pressure sensor positions for model-
based leak localization?

Till now, most scientific work exclusively focused on model-based leak localization in simulations.
Only few studies applied leak localization on real-world examples trying to locate artificially gener-
ated or real leaks—that happened accidentally in a[WDS| while pressure and flow measurements were
recorded. Usually, the leak sizes were large and the number of hydraulic sensors was high (see Table
[5.1). No work till now tried to localize real-leaks with magnitudes smaller than Q; = 1.5 L/s. This
thesis is the first that tried to tackle the problem for leak sizes around 1 L/s and lower in a real-world
system by utilizing hydraulic sensors (pressure and flow). This is not trivially since smaller leak sizes
lead to exponentially smaller pressure responses and, thus, are consequently harder to locate.

Model-based leak localization is formulated in this thesis as an inverse optimization problem where,
in general, two parameters have to be found: (i) the leak location and (ii) the leak magnitude—if
not known in advanced through, for example, estimations of the change in the inflow measurements
caused by the leak.

What is the actual type of the optimization problem? This question is answered through exhaus-
tive analysis of the fitness landscape of the problem. Due to the parametrization—with continuous
leak sizes and discrete leak locations>>—it is a mixed-integer optimization problem. Furthermore, the
fitness landscape analysis has revealed—for the first time ever in water related scientific literature—
that the problem is in fact multi-modal. The less sensors are used—the more local optima evolve in
the optimization problem. Consequently, deciding on using meta-heuristic algorithms (like DE) to find
the leak is the right choice.

Furthermore, it was found that the leak’s exact location is not traceable anymore. The leak can only
be found in its proximity. Nevertheless, in practice, this is not a big problem since leak localization
should always be followed by pinpointing methods. Of course, the better the approximated location
of the leak coincide with the real leak, the faster the pinpointing of the leak gets—and consequently
less labor and cost intensive it is.

How to increase the performance of model-based leak localization? The fitness landscape anal-
ysis revealed some potential to enhance the performance of the optimization algorithms significantly.
First, different metrics can be used to express the objective function. Second, the search space can
be rearranged prior to optimization. Both approaches make the optimization problem smoother in the

32 . connected to the possible leak nodes in the hydraulic model of the D3l
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solution space, hence, easier to find the global optimal solution for algorithms. This results in qualita-
tively better solutions found in less time. Although, the biggest improvement comes from combining
the methods introduced in Chapter [3| with the optimizer as described in Section Estimat-
ing the leak magnitude prior to optimization reduces leak localization to a one-dimensional problem.
Consequently, only as many hydraulic simulations as possible leak locations in a[WDS] are necessary
to find the leak—no expensive optimization problem has to be solved anymore. This reduces the
computation time to less than a minute for real-world systems and enables real-time localization of
leaks.

Which sensor placement algorithm finds the best measurement locations for leak localization?
The answer to this question has been postponed from the previous to this chapter. Interestingly, no
scientific publication exists that already compared different sensor placement algorithms—neither in
simulations nor in real case studies. This is the first time to the best of my knowledge that dif-
ferent sensor placement algorithms are compared, and that all in a real-world study. The different
placements were tested on artificially generated leak scenarios through hydrant openings with leak
outflows less than 1.3 L/s. Additionally, different distance metrics were tested on their leak local-
ization performance. It was found that the Shortest Path 1 algorithm revealed the best results—the
best metrics were found to be cosine and maximum metric. However, the results have to be taken
with great caution: A partially closed valve certainly influenced the performance of sensitivity-based
sensor placement methods, because their optimal positions have been calculated without this valve.
Furthermore, every sensor placement algorithm and every fitness metric resulted in good localization
performances—except for the Shortest Path 2 placement which clearly performed the worst. Obvi-
ously, the sensor at hydrant HG3933—shared by all placement despite Shortest Path 2—has a great
influence on the performance for locating leaks. Additionally, the Shortest Path 1 placement enabled
to actually measure a cost-benefit curve in the real-world, experimentally approving the theoretical
considerations in Section4.2.3

Is the method applicable for finding small leaks in the real-world? The model-based leak local-
ization method worked very well in the real-world case study. For leaks with a magnitude that was a
little bit higher than 1 L/s, very promising results where obtained in the calibration night. Moreover,
the false positive rates for the small leaks were still very good despite all experienced drawbacks, e.g.
faulty sensors and partially closed valves. Note that a false positive rate of 10 % directly translates
to a narrowed down possible leak area covering 10 % of the original system size. Thus, the leak is
located ten times faster in average than by using conventional methods. Furthermore, the algorithm
was able to locate leaks with a magnitude of down to Oy = 0.5 L/s in the experiments, which is the
smallest absolute leak size ever found by model-based algorithms till now. Improvements in the mod-
eling approaches for both, time series models as well as hydraulic models, and more accurate pressure
sensors might lower this barrier further in the near future.

Finally, the most surprising result in this chapter is that leak localization showed to be possible—and
actually very accurate—utilizing only pressure measurements. Previously, it is shown in Chapter [3]
that leak detection is also possible with pressure sensors. This has the potential to drastically reduce
the installation costs of the proposed methods if WUk can withdraw the expensive permanent real-
time inflow measurements—with sensor costs of up to 30 times more than a single pressure sensor.
Definitely, this has to be investigated in future studies before final conclusions on this topic can be
drawn.
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Conclusion

“To summarize the summary of the summary: people are a problem."

— Douglas Adams, Life, the Universe and Everything

Answers to the research questions and key findings This thesis tackled three distinct, but inter-
connected topics related to water losses in[WDSk: (i) Leak Detection—techniques to become aware of
a leak in a system shortly after it occurred, (ii) Optimal Sensor Placement—approaches to find optimal
measurement positions which are sensitive to leaks whilst simultaneously being robust against uncer-
tainties and (iii) Leak Localization—methods to obtain a first approximation of the leak’s location
right after it’s detection to increase time efficiency for finding it’s exact position. For each of these
topics specific research question arose (see Section [I.5). Here is a concise summary of the respective
questions and the proposed answers

(i) Leak Detection—Chapter 3]

Q.1.1: Is it possible to early detect small leaks (<1 L/s) in the real world with only pressure
sensors in an automatic way?
In this thesis different methods were introduced to detect leaks within data obtained from
pressure and flow sensors. Most of these methods were based on probability theory, e.g.,
likelihood-ratio or techniques utilizing Bayesian statistics. Through applying [TSAltech-
niques prior to detection—splitting the measurement time series into seasonal, random and
trend components—all methods proofed to be reliable and robust in early detecting leaks, also
when relying on pressure sensors only. Additionally, methods have been introduced to estimate
the start of the leak with high precision. This can be used for automatic accurate water bal-
ance computations and to compute the whole state space probabilities of the problem. More
advanced parameter estimation techniques can then be coupled with the leak localization tech-
niques. All methods work in a complete automatic way. Through an efficient formulation the
computational burden is small enough to allow the algorithms to work in real-time even on nor-
mal desktop computers.

(i) Optimal Sensor Placement—Chapter 4]
Q.2.1: Which optimal sensor placement algorithm finds the best pressure sensor positions for
model-based leak localization?
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This question is answered by benchmarking six different optimal sensor placement algorithms
in a real-world field study. Unfortunately, a closed-valve was found in the system after in-
stalling the sensors. Hence, the positions were no longer optimal for sensitivity-based sen-
sor placement approaches. Nevertheless, the Shortest Path 1 algorithm (see Section
was found to result in the best leak localization performance. However, the sample size of
the real-world leak scenarios was not big enough to make final decisions on this question.
Q.2.2: How to incorporate different sources of uncertainties in sensor placement algorithms
to obtain more robust optimal measurement locations?

A novel method—called the algorithm in Section [4.2.2.4—was developed capable
of incorporating any kind of uncertainties and was studied through the example of incorporating
the effect of demand uncertainties on optimal measurement positions. The algorithm showed
that it avoids to place sensors in regions of a network where high uncertainties are expected—
leading to more robust sensor positions.

’ Q.2.3: How many sensors are needed for model-based leak localization?

This depends on the particular system, but methods have been developed to answer this ques-
tions through applying cost-benefit analysis. It was found that the the quality of an optimal
sensor placement on the number of sensors follows a power-law behavior. Furthermore, this
has been also observed in real-world experiments in this thesis which confirmed the theoretical
considerations.

(iii) Leak Localization—Chapter [
’ Q.3.1: What is the actual type of the optimization problem?
Fitness landscape analysis revealed that the problem is in fact multi-modal mixed-integer opti-
mization problem. Consequently, it has to be solved with meta-heuristic algorithms. Addition-
ally, the shape of the fitness function depends on the metric in which it is formulated as well as
the order of the discrete dimension in the parameter space that is linked to the leak’s position.
’ Q.3.2: How to increase the performance of model-based leak localization?
The former mentioned dependencies of the fitness landscape can be used to manipulate the
problem’s shape, enabling faster convergence as well as more robust findings of the optimal
solution. Furthermore, through [TSA] techniques, the leak size can be estimated which reduces
the search space of the problem to be one-dimensional. Both performance enhancements make
the problem solvable in real-time with the proposed algorithms, allowing a fast and efficient
localization of the leak in the system.
’ Q.3.3: Is model-based leak localization applicable for finding small leaks in the real-world?
Real-world experiments—and not just simulations—have shown that this is possible for leaks
down to Qr ~ 0.5 L/s. Leaks with a leak outflow of around Q; ~ 1.0 L/s were located using
pressure sensors only without any information from the inflow measurements. This has the po-
tential to drastically reduce the costs of the proposed method and increase its acceptability in
practice. Yet, further investigations are still necessary to reveal the method’s limitations.

For a more detailed description of the findings and conclusions corresponding to the leak detection
methodology see Section[3.4] further results of the optimal sensor placement approach are summarized
in Section[4.4l A more detailed conclusion on leak localization can be found in Section

How much water can be saved? This question cannot be answered in general. Yet, an answer
is proposed based on the artificial leak that has been detected and localized in Sections [3.3 and [5.3]
with an outflow of QO ~ 0.7 L/s at position HG3880 (position I in Figure [2.32), which started on the

190



4.7.2016 at 12:20 (see Figure[3.19). For that reason, the leak run-time (a) resulting from applying the
fast detection and localization procedure developed in this thesis is compared with (b) estimates for
leak run-times taken from literature. First, (i) the leak awareness time is addressed, second, (ii) the
leak localization time is examined in more detail. The estimated run-times of leaks are taken from
Knobloch 2014l

(i) Leak awareness time reduction:

According to Knobloch 2014| leak run-times are for visible leaks between 3 and 8 days, and
for not visible unreported leaks these run-times go up to a range between 50 and 100 days.
For visible leaks, a conservative estimate of the awareness time are thus 5 days compared to 3
hours by the methods introduced in Chapter[3] Consequently, the reduced leak awareness time
is 117 hours for visible leaks, resulting in nearly 300 m? of water being saved through a faster
awareness of the leak of size O, = 0.7 L/s. For an invisible leak, this savings are conservatively
calculated for the lower boundary of 50 days. Without any leak detection methods being ap-
plied, the savings are approximately 3000 m>. Noise loggers reduce the leak awareness times
according to Clark 2012/ down to 28 days for a readout interval of 14 days—and 3 days for a
daily readout interval. For the first case, the novel methods in this thesis lead to savings of 1800
m? respectively 300 m? in the latter case.

(i1) Leak localization time reduction:

A team of two workers equipped with noise correlators is capable of searching an area of 3
kilometers pipe length per working day in a network consisting of PVC pipes (according to
Hunaidi 2012). PVC is the actual main pipe material in the measurement zone in Graz Ragnitz
with a total pipe length of 10 kilometers (not counting household connections). Thus, it will
take the team on average 1.65 working days to locate the leak. For the pre-located leak through
the model-based leak localization, the search area is reduced to seven percent. Consequently,
the leak can be localized in one hour in average, leading to savings of additional 30 m? of water
during the localization. The savings on water are minimal, but the savings on working time and
hence costs of the personal are relevant.

In total, at least 300-3000 m® of water could have been saved with the methods described in this
thesis compared to conventional methods for this single leak. Supposing a water price of €1.3/m? in
Austria, the monetary savings are between €400 and €4000 for this single leak. Additionally, €300
labor costs can be saved assuming that the working time of the staff and costs of €15 per hour (again,
this presents a conservative estimate, since the labor costs per hour are assumed very low for a high
income country like Austria). Although four additional sensors, worth approximately €200 each, are
required, the leak detection and localization clearly compensates these expenses by faster detection of
the first leak.

Problems evolved during the actual field test The poor performance—or call it a not so good
performance since the methods proved actually to be working—has been attributed to the following
factors:

= A partially-closed valve in the system was detected after the installation of the sensors at the
"ideal" sensor positions. The valve influences the sensitivity of the system leading to non-ideal
sensor positions. Therefore, the optimal sensor placement comparisons in Section[5.3.3|have to
be taken with great caution.
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No measurements for leak free observations of the system prior to installing the artificial leaks
were available and the more advanced time series models were not be able to be tested on
different leak scenarios. Thus, the leak detection algorithms were only applied on Sj since it
was the only scenario with a priorly longer leak-free period.

The choice of the sensor placement that was used for the six remaining sensors was not ideal
one according to the sensor placement performance tests in Chapter [5.3] Additionally, sen-
sor failures of pressure measurement devices at important locations (HG3420 and HG4215 in
Figure [2.21)) were certainly not helpful.

Despite all these drawbacks, the results for the leak detection and the model-based leak localization in
real-world are astonishing. Real-time detection and localization of leaks of small sizes were possible
and enabled a fast and timely response to leaks in the system.

Future studies should also focus on the applicability of these methods on larger as well as multiple
inlet and/or pumped systems with changing boundary conditions. Certainly, this will increase
the complexity of the proposed approaches and will have an influence on the performance of leak (i)
detection and (ii) localization through

@

(ii)

increasing the complexity of the generation of time series models and, thus, decreasing the
forecast accuracy due to changing system conditions. Additionally, throughout bookkeeping of
all possible changes in the system is necessary since these changes will have to be incorporated
into the methods. This is also the case in future smart water systems with automated control
approaches utilizing control valves (Cattani et al. 2017).

the change of boundary conditions (Blesa et al. 2015)), influencing the sensitivity of the system
and hence decreasing the optimality of ideal measurement positions. Additionally, the hydraulic
model requires updates according to the changes in the system.

Recommendations for real-world application of the methods To not repeat the failures made
during our case study, some recommendations are given now to avoid them in real-world applications

1.

At first, compute the possible measurement positions in the field testing area with the Shortest
Path 1 algorithm, since it is highly efficient even for big systems, at locations where sensors are
easily deployable.

Prior to installing the sensors, check if all boundary valves are closed in the measurement zone.
Close all valves in the zone that are supposed to be closed.

. Install temporary pressure measurement devices at these positions for calibrating the network

later on. Additionally, install flow measurement devices with high time resolutions (e.g. 1 min)
at all inflow and outflow points of the zone. Collecting this data at later time points is sufficient;
there is no need to deliver it in real-time.

Observe the system for, e.g., a few weeks to get enough data to build demand patterns and to
estimate the flow and pressure conditions in the measurement zone. This data can also be used
for adjusting the heights of the pressure measurements. Are there any mysterious unexplainable
effects? Keep in mind that this phase is the phase with the most work for the staff, because
sensors have to be installed, data has to be collected maybe manually, batteries have to be
changed.

Open hydrants during the [MNH to produce high flows in the system at multiple locations for
roughness calibration.
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6. Apply the automatic calibration procedure as described in Section[2.4.3.2] Are there any pipes
with very high roughnesses? Maybe the diameter of the pipe is wrong in the hydraulic model
or a valve is closed. Check that.

7. Once the system’s state is clear and the parameters are estimated with sufficient accuracy, a long
term sensor deployment can be designed.

8. Use the now calibrated hydraulic model to find sensor positions and the right sensor number for
model-based leak localization with the methods proposed in Chapter @ Think about possible
power supply at measurement locations, since that will tremendously decrease the maintenance
effort if no batteries have to be changed. Measurement locations at households at water meters,
for example, can be considered. Also consider the data transfer at these positions. Underground
locations under big layers of concrete and steel might be bad for guaranteeing a robust data
communication.

9. Install the system (pressure and flow sensors with data communication) and test it by generating
leaks through small hydrant openings. If this works sufficiently, wait for the first real leak to be
caught by the algorithms.

10. Sensor fault detection algorithms might prove useful, since they should detect any malfunctional
sensor that can subsequently be changed as fast as possible. This to guarantees good leak
localization performances.

Possible future research directions to improve the methods Future work—aiming to apply the
proposed methods—should focus on reducing uncertainties in the system to enable the localization
of even smaller leaks. The uncertainties can have multiple causes for model-based approaches. Since
these approaches work through minimizing discrepancies between real-world measurements and sim-
ulated values obtained from a hydraulic model to find the approximate location of a leak, the uncer-
tainties can be classified into two big parts: (i) model uncertainties and (ii) measurement inaccuracies.
Enhancements are expected by improving the knowledge on both parts.

(i) The success of model-based leak localization is strongly connected to the quality of the hy-
draulic model itself. In general, models are fraught with uncertainties (Chatfield [1995)), like
structural uncertainties of the model, estimation uncertainties of its parameters as well as un-
explained random variations in it. The aim of model calibration is to find good estimates for
model parameters, reducing its uncertainty and leading to better consistency between measured
and simulated values. In general, (a) pipe roughness and (b) nodal demands are the most uncer-
tain input variables in a simulation, because usually they are not directly measurable (D. Kang
and Lansey 2011).

(a) Roughness calibration was performed in Section [2.4.3.2] but the generation of pipe groups
was only done through a zoning approach. More elaborate groupings using more realistic
pipe parameters from an engineer perspective (e.g. by consideration of installations like
valves, bends, household connections, pipe materials and ages) might lead to better leak
localization performances.

(b) Demand calibration was not performed in this thesis. With better demand models, better
leak localization can be expected (as already investigated Moors et al. |2018). The ap-
proach through demand component calibration by Sanz Estapé [2016|is very promising .
This approach utilizes time series of pressure measurements for retrieving better locally
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demand pattern estimates. Thus, it perfectly fits the already necessary sensor deploy-
ments prerequisites for model-based leak localization. Another approach might be putting
the cart before the horse—by using stochastic end-use models (Blokker et al.|2010) and
linking them with hydraulic simulation software to enable a more realistic simulation ap-
proach of Additionally, smart water meter data—measuring customer demand at
high time rates at household level—can be incorporated in the models to reduce the de-
mand uncertainty.

(i) Obviously, measurement inaccuracies can be decreased by using better and more accurate sen-
sors. But also, better time series models that utilize the correlations between sensors at dif-
ferent positions might improve the accuracy of the estimated pressures and demands without
additional costs. Promising results are also expected by combining the information on the prob-
ability distributions with modeling and techniques for state estimation, e.g. non-linear
Kalman or particle filters. Moreover, further investigations of the sensor placement problem
(see Chapter [)), especially on incorporating uncertainties, might lead to better and more accu-
rate measurement positions without the need (and the costs) of improving the equipment itself.
A still open question is the realistic size of the ® parameter in equation (4.23). Estimates for
the magnitude of this parameter can be retrieved through analyzing the information contained
in the residuals of the complex time series model in Section [3.3.3.3] for example.

Additionally, experiments that extended the approach described in Section [5.2.2]to multiple leaks and
applying it on the calibration scenarios in Section [2.4.3.1] for the multiple hydrant opening scenarios
showed promising results. Usually, the probability of multiple leaks evolving in different parts of the
system at the same time is very low. However, a method for a quick localization of multiple pipe
burst can be very important in regards to a fast responses to disasters, e.g. after earthquakes. This will
facilitate fast repairs to enable again a working water infrastructure right after it collapsed.

Finally, growing computer power, novel measurement devices and enhanced data communication
technologies might enable in the near future the use of more sophisticated modeling approaches for
whole networks as presented in Section[2.2] The improvements caused by these emerging prospective
technologies on management is not imaginable yet.

Final statement The methods for reducing water losses presented within this thesis showed promis-
ing results for future applications in various ways: (i) supporting WUk in the decision where and how
many sensors should be used, (ii) giving early warnings of unexpected incidents within the and
(iii) providing the staff with the most probable locations of a failure.

It has to be noted that not the algorithm discover leaks, people at the WU are the ones who actually
find and repair them. The possible advantages of the herein proposed methods can only be utilized
by guaranteeing the acceptability of the methods by the people who are actually using them. A tool
is only as good as the people using it and their motivation to use it—no matter how valuable, useful,
sophisticated or shiny it might be. Thus, the algorithms are designed to serve WUk by providing
automated services to their staff: becoming precociously aware of a leak and supporting them by
giving them hints where this leak is located. If these methods prove advantageous enough, convenient
to use and, last but not least, successful in the long-term, this thesis may present a small but crucial step
towards a more sustainable future in which our precious water resources are protected by minimizing
unnecessary losses.

194



Acknowledgement

“So long, and thanks for all the fish."

— Douglas Adams, So Long, and Thanks for All the Fish

Everybody who has written a thesis knows the long and tedious process, the battle against an army
of white pages, dry itching eyes while finding mistakes in endless lines of code in the middle of the
darkest nights or the frustrating times, when hydraulic network equations seem to have conspired
against you, while your body is aking, because he is badly nourished by frozen pizza and gallons
of coffee for months. Certainly, it is impossible to go through all of this alone—it is unimaginable
without the help of other people—even if sometimes they are just distracting you. Some of these
people I want to mention here.

Firstly, I would like to express my sincere gratitude to my PhD supervisor, Assoc-Prof. Daniela Fuchs-
Hanusch, for the continuous support of my PhD study and related research, motivation, guidance, fun
and for providing me with her immense knowledge on water distribution—which was especially of
importance to me as a complete newcomer to the field of civil engineering who hadn’t got the faintest
idea of urban water management at all—as well as giving me the opportunity to join her working
group on Sustainable Optimization of Urban Water Infrastructures as a researcher four years ago.
Without her, there would not have been a thesis at all.

Besides my advisor, I want to thank the head of the institute of Urban Water Management, Prof. Dirk
Muschalla, with whom I especially enjoyed chatting about optimization algorithms, and who provided
me with a glimpse on the dark side of the force—wastewater.

I would also like to express my deepest appreciation to the external reviewer of this thesis—Ramon
Pérez Magrané. I really appreciate the feedback and the valuable comments offered by him, which
extremely improved the quality of this thesis. Indeed, I am aware of the fact that the review process
certainly took a lot of his precious time and that is why I want to thank him.

I am also very grateful to my working group colleagues: My successor Michael Karli "Laser" Pointl,
my hard-working master student Jakim "O’Neal" Lippacher I had the honor to co-supervise on his
master thesis on roughness calibration, the highly talented "junior" programmer Georg Arbesser-
Rastburg, former student assistant and programmer Lorenz "Dubster" Kaufmann, certainly one of
the best DJs in the world, my colleague Stefan Krakow, a very good practitioner who risked to go to
jail for the field study (just kidding, he knows what I mean), my former office roommate Shaher Zy-
oud, who gave me different points of view on other parts of the world. But especially, I want to thank
my fellow sufferer Markus Giinther. Through hilarious conferences living the "scientific rockstar life"

195



Chapter 6. Conclusion

to late night weary-eyed writing sessions at the institute, certainly, a life-long friendship evolved right
from the start.

Of course, I also want to thank the people from the "dark-side-of-the-force" working group. First,
Ass. Prof. Giinter Gruber, who employed me at the institute as a student worker nearly a decade
ago. In hindsight, this has been the early starting point of this long travel from physics to water
management. Second, my colleagues and Reggaeton band members: Johnny Fuego (Johannes Leim-
gruber), Hermano Bromano (Roman Maier), Daddy Aldi (Thomas Hofer) and El Guerillo (Gerald
Krebs). Papa Caliente enjoyed every minute making music with you guys! And last but not least the
"other" David—David B. Camhy. One spring day in 2009, he brought me to the institute and I had the
pleasure to sit next to him locked in a dark chamber for the next couple of years, where he patiently
teached me programming and bombarded me continuously with new, abstract and genius ideas and
concepts. I think I have never learned more from a single person in my entire life and nearly all of
my computer, programming, conception and abstraction skills I owe to him. He truly is my mister
Miyagi.

A university does not consist of scientists only—behind closed doors work people that are often
overseen, but secretly contribute to science’s noble goals. I received generous support of Roland
Fuchs—the institute’s AC/DC loving MacGyver—who contributed to the success of this thesis with
his detailed knowledge on electrical circuits and through his fine craftsmanship forcing every piece
of technique to work as it should, but also I am very thankful to Bernd Stojanovic, Harald Gerhold
and Arthur Fischer-Colbrie. They never hesitated to support me with their help, be it in the lab or in
the field. And, of course, I want to thank the institute’s secretary and good soul Roswitha Pauritsch.
As everybody knows, the most powerful persons in universities are secretaries. She always used her
powers for good not evil—to clear big piles of bureaucracy out of my way, and doing so every time
with a smile.

I want to thank all my friends in Graz, Vienna, Weiz, Gleisdorf or abroad. They were always ready to
distract me with endless late night discussions in woozy bars, when I needed it. Also they have been
a strong moral support during rough times.

My deepest heartfelt appreciation goes to my beloved girlfriend Brigitte. I met her nearly at the
beginning of this thesis—and as this project grew, at the same time my love to her did—everyday a
little more, even if you think it can’t possibly grow any larger. I really admire her—not just as my
girlfriend, but also for her sharp mind and intelligence. And I also want to thank her family making
me feel that I am warm welcomed right away from the first day.

Finally, I want to thank my family—my father, my mother and my older but smaller brother—for
their support in all that years and letting me know, that they are proud of me. And I am especially
thankful for my beloved grandmother, who unfortunately passed away few hours after I finished the
first complete draft of this thesis. She taught me to work hard and always give your best, support
others and enjoy the little things in life that make it worth living. And to always face life’s difficult
situations with a smile, humor and a cigarette. This thesis is dedicated to her—I miss you!

David B. Steffelbauer
Vienna 2018

196



Acronyms

ACF AutoCorrelation FUNCHON . . ... ..ottt et 1]
Alc Akaike’s Information Criterion . . ..........oeun ittt e e aie s 49
ANN Artifical Neural Networks . . ... ... e e /9
AR AULOREEIESSIVE . . . oottt ettt ettt e e e e e e e e e e 53]
ARMA AutoRegressive-MOVING AVETaZe. . ... .vu ettt ettt et e
ASCE American Society of Civil Engineers............ . . i
BFGS Broyden-Fletcher-Goldfarb-Shanno........... ... .. . i 32
BIC Bayes Information Criterion ............... .. .. oot 49|
cusum CUmulative SUM control Chart .. .........oouiuinete e 7
DE Differential EVOIULION. . ... ...ttt e ettt IK]
DFS Depth-First Search . ... ... [I18]
DMA District-Metered ATCa . .. ... ..ottt ettt et e e 62]
EPS Extended Period SImulation . ........... ..ot
GA Genetic AIZOTItRM . ... ... . [13]
GDA Gradient Descent Algorithm ........... ... ... ... ... ... 23]

197



Chapter 6. Conclusion

GOF GOoOANESS-OF-Fit. . ...ttt e e et e e
HMC Hamiltonian-Monte-Carlo . ........ ..ottt e 48]
IWA International Water ASSOCIAtION . ... ... .ottt et et e k]
MA MOVING AVETAZE . . . e ot e ettt et et e et e e et e e e et e e et et e e et et e 53]
MAE Mean Absolute Error. .. ... o e 56)
MAPE Mean Absolute Percentage Error ... ... [56]
MCMC Markov-Chain-Monte-Carlo . .. .........oui it IK]
MCS Monte Carlo SIMUlations . ... .......ouiin ittt IK]
MNF Minimum Night Flow ..... ... . Bl
MSE Mean Squared EIror. ... .. ... .. . [56]
NCG Nonlinear Conjugate Gradient. ... ..........uuuttttt ittt 2]
NFL NO-Free-LUnCh. ... ...t et 21]
NRA Newton-Raphson Algorithm ....... ... ... ... i 2]
NRW NON-TEVEIUE WALET . .+ .+ .ttt ettt ettt et et e et e et et et et et e e e ettt e e e e e e e Bl
NUTS No-U-Turn Sampler. .. ........oouiuii e (A8
ODE Ordinary Differential EQUation . ........... ...ttt 44
OpenSDM Open-source Scientific Data Management System..............ooiirieeenninnnnn.... [65]
0sP Optimal Sensor Placement ............. ... ... .
PACF Partial AutoCorrelation FUNCHON. . ... ...\ttt e 211
RMSE Root Mean Squared Error........... ... ... . . 6]
SCADA Supervisory Control and Data ACqUiSition. . ........c..uveriiiire e, O]

198



SPC SiNGle-PoiNt-CrOSSOVET . . . ..o .ttt ettt ettt e e e et e e e e e 26

sPUDU Sensor Placement Under Demand Uncertainties

SS Forecast SKill SCOTE . .. ...t e e 56)
SVM Support Vector MaChines . ... ......o.iuint ittt 79
TSA Time Series Analysis ... [50]
TSDB Time Series Database. . ... ... e 63]
UFM Ultrasonic FIow Meter. . . ... ...t e 64]
UIM Uniform-Integer MUtation . . ... ...ttt ettt et e et e et eeeiee ey
WDN Water Distribution NetWOTK . . .. ...ttt et e e et “l
WDS Water Distribution SYStem .. ..... ... 2
WU Water UtIILY . ..o e e e e e e e e 1]

199



200



Bibliography

“Ahenny (adj.) - The way people stand when examining other people’s bookshelves."

— Douglas Adams, The Deeper Meaning of Liff

Abraham, E. and I. Stoianov (2016). «Sparse Null Space Algorithms for Hydraulic Analysis of Large-
Scale Water Supply Networks». In: Journal of Hydraulic Engineering 142.3, p. 04015058. DOI:
10.1061/ (ASCE)HY.1943-7900.0001089 (cit. on pp.40H43).

Aksela, K., M. Aksela, and R. Vahala (2009). «Leakage detection in a real distribution network using
a SOM». In: Urban Water Journal 6.4, pp. 279-289. DOI1:110.1080/15730620802673079 (cit. on

p-BI).
Bick, T., D. B. Fogel, and Z. Michalewicz, eds. (2000). Evolutionary computation. OCLC: ocm44807816.
Bristol ; Philadelphia: Institute of Physics Publishing. 2 pp. (cit. on pp. 21} 25sqq.).

Bakker, M., J. H. G. Vreeburg, M. Van De Roer, and L. C. Rietveld (2014). «Heuristic burst detection
method using flow and pressure measurements». In: Journal of Hydroinformatics 16.5, pp. 1194—
1209. DOI:/10.2166/hydro.2014.120 (cit. on pp. [79sq.).

Bakker, M., J. H. G. Vreeburg, K. M. van Schagen, and L. C. Rietveld (2013). «A fully adaptive
forecasting model for short-term drinking water demand». In: Environmental Modelling & Software
48, pp. 141-151. DOI:[10.1016/j.envsoft.2013.06.012 (cit. on p.[80).

Basseville, M. and I. V. Nikiforov (1993). Detection of abrupt changes: theory and application.
Vol. 104. Prentice Hall Englewood Cliffs (cit. on pp.[56|sqq.).

BBC (2018). «Cape Town ’averts’” water shut-off». In: BBC News (cit. on p. .

Blesa, J., F. Nejjari, and R. Sarrate (2014). «Robustness Analysis of Sensor Placement for Leak
Detection and Location under Uncertain Operating Conditions». In: Procedia Engineering. 16th
Water Distribution System Analysis Conference, WDSA2014Urban Water Hydroinformatics and
Strategic Planning 89, pp. 1553-1560. DOI:|10.1016/7j.proeng.2014.11.453| (cit. on pp.

[122} [130} [T76).

— (2015). «Robust sensor placement for leak location: analysis and design». In: Journal of Hydroin-
formatics, jh2015021. DOI:[10.2166/hydro.2015.021| (cit. on pp.[TT9} [192).

Blokker, E. J. M., J. H. G. Vreeburg, and J. C. van Dijk (2010). «Simulating Residential Water Demand
with a Stochastic End-Use Model». In: Journal of Water Resources Planning and Management
136.1, pp. 19-26. DOI:|10.1061/ (ASCE)WR.1943-5452.0000002/ (cit. on p.[194).

201


http://dx.doi.org/10.1061/(ASCE)HY.1943-7900.0001089
http://dx.doi.org/10.1080/15730620802673079
http://dx.doi.org/10.2166/hydro.2014.120
http://dx.doi.org/10.1016/j.envsoft.2013.06.012
http://dx.doi.org/10.1016/j.proeng.2014.11.453
http://dx.doi.org/10.2166/hydro.2015.021
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000002

Bibliography

Bohatch, T. (2017). What’s causing Cape Town’s water crisis? GroundUp News. URL: https :
//www.groundup.org.za/article/whats—-causing-cape-towns-water—-crisis/|(visited on

04/24/2018) (cit. on p. 2).

Box, G. E. P, G. M. Jenkins, G. C. Reinsel, and G. M. Ljung (2015). Time Series Analysis: Forecasting
and Control. Google-Books-ID: INt5CgAAQBAJ. John Wiley & Sons. 709 pp. (cit. on p.[94).

Brandes, U. and T. Erlebach, eds. (2005). Network Analysis: Methodological Foundations. Theoretical
Computer Science and General Issues. Berlin Heidelberg: Springer-Verlag (cit. on p. 46).

Camhy D., Gruber G., Steffelbauer D. B., Hofer T. F., and Muschalla D. (2014). «OpenSDM - An
Open Sensor Data Management Tool». In: I1th International Conference on Hydroinformatics.
HIC (cit. on pp.[16} [63).

Camhy, D., V. Gamerith, D. B. Steffelbauer, D. Muschalla, and G. Gruber (2012). «Scientific Data
Management with Open Source Tools — An Urban Drainage Example». In: 9th International Con-
ference on Urban Drainage Modelling (UDM). Ed. by J. Plavsié. Belgrade, Serbia: Faculty of Civil
Engineering, University of Belgrade (cit. on pp.[16] [63).

Camp, T. R. and H. L. Hazen (1934). «Hydraulic analysis of water distribution systems by means of
an electric network analyzer». In: Journal of New England Water Works Association (JNEWWA)
48, pp. 383-404 (cit. on p.[39).

Casillas, M. V., L. E. Garza Castaiién, and V. Puig (2014). «Model-based leak detection and location
in water distribution networks considering an extended-horizon analysis of pressure sensitivities».
In: Journal of Hydroinformatics 16.3, p. 649. DOI:|10.2166/hydro.2013.019 (cit. on pp.

151} [162]sq)-

Casillas, M. V., L. E. Garza-Castanon, and V. Puig (2013). «Extended-horizon analysis of pressure
sensitivities for leak detection in water distribution networks: Application to the Barcelona net-
work». In: Control Conference (ECC), 2013 European. Control Conference (ECC), 2013 European,

pp. 401-409 (cit. on pp. [T48} [T5T} [T60]sq } [T63).

Casillas, M. V,, L. E. Garza-Castafién, and V. Puig (2015). «Optimal Sensor Placement for Leak Lo-
cation in Water Distribution Networks using Evolutionary Algorithms». In: Water 7.11, pp. 6496—

6515. DOI:/10.3390/w7116496) (cit. on pp. [[18][sq.).

Casillas, M. V., V. Puig, L. E. Garza-Castaiién, and A. Rosich (2013). «Optimal Sensor Placement
for Leak Location in Water Distribution Networks Using Genetic Algorithms». In: Sensors 13.11,

pp. 14984-15005. DO1:[10.3390/5131114984] (cit. on pp.[117sqq.} [126][sqq.} [T43] [T74).

Cattani, M., C. A. Boano, D. B. Steffelbauer, S. Kaltenbacher, M. Giinther, K. Romer, D. Fuchs-
Hanusch, and M. Horn (2017). «Adige: An Efficient Smart Water Network Based on Long-range
Wireless Technology». In: Proceedings of the 3rd International Workshop on Cyber-Physical Sys-
tems for Smart Water Networks. CySWATER ’17. New York, NY, USA: ACM, pp. 3-6. DOI:

10.1145/3055366.3055367) (cit. on pp.[T3} [192).
Chatfield, C. (1995). «Model Uncertainty, Data Mining and Statistical Inference». In: Journal of the
Royal Statistical Society. Series A (Statistics in Society) 158.3, pp. 419—466 (cit. on p.[193).
Cheng, W. and Z. He (2011). «Calibration of Nodal Demand in Water Distribution Systems». In:

Journal of Water Resources Planning and Management 137.1, pp. 31-40. DOI:|10.1061/ (ASCE)
WR.1943-5452.0000093 (cit. on p.[122).

202


https://www.groundup.org.za/article/whats-causing-cape-towns-water-crisis/
https://www.groundup.org.za/article/whats-causing-cape-towns-water-crisis/
http://dx.doi.org/10.2166/hydro.2013.019
http://dx.doi.org/10.3390/w7116496
http://dx.doi.org/10.3390/s131114984
http://dx.doi.org/10.1145/3055366.3055367
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000093
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000093

Bibliography

Christodoulou, S., A. Gagatsis, S. Xanthos, S. Kranioti, A. Agathokleous, and M. Fragiadakis (2013).
«Entropy-Based Sensor Placement Optimization for Waterloss Detection in Water Distribution Net-
works». In: Water Resources Management 27.13, pp. 4443-4468. DOI1:/10.1007/s11269-013~

0419-8] (cit. on pp.[TT8]jsq.).
Clark, A. (2012). «Increasing efficiency with permanent leakage monitoring». In: Water Loss Reduction-
Proceedings of the 7th IWA Specialist Conference, pp. 26-29 (cit. on p. [I91]).

CNN, Lauren Said-Moorhouse {and} Gianluca Mezzofiore (2018). Cape Town cuts water use limit
by nearly half. CNN. URL: https://www.cnn.com/2018/02/01/africa/cape-town-water-
crisis-intl/index.html|(visited on 04/24/2018) (cit. on p.[2).

Colombo, A. F. and B. Karney (2002). «Energy and costs of leaky pipes: Toward comprehensive
picture». In: Journal of Water Resources Planning and Management 128.6, pp. 441-450 (cit. on

p-[3).
Colombo, A. F, P. Lee, and B. W. Karney (2009). «A selective literature review of transient-based
leak detection methods». In: Journal of Hydro-environment Research 2.4, pp. 212-227. DOTI:

10.1016/7.3her.2009.02.003 (cit. on pp.[2] O]sq} A5} [147] [I52).

Cross, H. (1936). «Analysis of flow in networks of conduits or conductors». In: University of lllinois.
Engineering Experiment Station. Bulletin; no. 286 34.22, p. 34 (cit. on p.[39).

Crouch, D. P. (1993). Water Management in Ancient Greek Cities. Oxford, New York: Oxford Uni-
versity Press. 400 pp. (cit. on p.[38).

Cugueré-Escofet, M., V. Puig, and J. Quevedo (2017). «Optimal pressure sensor placement and assess-

ment for leak location using a relaxed isolation index: Application to the Barcelona water network».
In: Control Engineering Practice 63, pp. 1-12. DOI1: 10.1016/j.conengprac.2017.03.003| (cit.

on pp. [TT8[sq.).

Cuthill, E. and J. McKee (1969). «Reducing the bandwidth of sparse symmetric matrices». In:
Proceedings of the 1969 24th national conference. ACM, pp. 157-172 (cit. on p.[158).

Diestel, R. (2017). Graph Theory. 5th. Springer Publishing Company, Incorporated (cit. on p.[T59).

Dijkstra, E. W. (1959). «A note on two problems in connexion with graphs». In: Numerische Mathe-
matik 1.1, pp. 269-271. DOI:[10.1007/BF01386390] (cit. on pp. 46} [123] [162).

Donkor, E. A., T. A. Mazzuchi, R. Soyer, and A. J. Roberson (2014). «Urban Water Demand Forecast-
ing: Review of Methods and Models». In: Journal of Water Resources Planning and Management
140.2, pp. 146-159. DOI:/10.1061/ (ASCE) WR.1943-5452.0000314 (cit. on p.[89).

Droste, S., T. Jansen, and 1. Wegener (1999). «Perhaps not a free lunch but at least a free appetizer».
In: GECCO, pp. 833-839 (cit. on p.[I55).

Duarte, M. (2015). Notes on Scientific Computing for Biomechanics and Motor Control. GitHub
(cit. on p.[102).

Elhay, S. and A. R. Simpson (2011). «Dealing with Zero Flows in Solving the Nonlinear Equations
for Water Distribution Systems». In: Journal of Hydraulic Engineering 137.10, pp. 1216-1224.
DOI:[10.1061/ (ASCE)HY.1943-7900.0000411] (cit. on pp. A1} 46).

Eliades, D. G. and M. M. Polycarpou (2012). «Leakage fault detection in district metered areas of
water distribution systems». In: Journal of Hydroinformatics 14.4, pp. 992-1005. DOI:|10.2166/

hydro.2012.109 (cit. on pp. 80} [[14).

203


http://dx.doi.org/10.1007/s11269-013-0419-8
http://dx.doi.org/10.1007/s11269-013-0419-8
https://www.cnn.com/2018/02/01/africa/cape-town-water-crisis-intl/index.html
https://www.cnn.com/2018/02/01/africa/cape-town-water-crisis-intl/index.html
http://dx.doi.org/10.1016/j.jher.2009.02.003
http://dx.doi.org/10.1016/j.conengprac.2017.03.003
http://dx.doi.org/10.1007/BF01386390
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000314
http://dx.doi.org/10.1061/(ASCE)HY.1943-7900.0000411
http://dx.doi.org/10.2166/hydro.2012.109
http://dx.doi.org/10.2166/hydro.2012.109

Bibliography

Epp, R. and A. G. Fowler (1970). «Efficient Code for Steady-State Flows in Networks». In: Journal
of the Hydraulics Division 96.1, pp. 43-56 (cit. on p.[39).

EurEau (2017). Europe’s water in figures: An overview of the European drinking water and waste
water sectors. 2017 edition. Brussels, Belgium: EurEau The European Federation of National
Associations of Water Services, p. 22 (cit. on p.[3).

Farley, B., S. R. Mounce, and J. B. Boxall (2008). «Optimal Locations of Pressure Meters for Burst
Detection». In: Water Distribution Systems Analysis 2008. American Society of Civil Engineers,
pp. 1-11 (cit. on pp. [I18|sq.).

— (2010). «Field testing of an optimal sensor placement methodology for event detection in an urban
water distribution network». In: Urban Water Journal 7.6, pp. 345-356. DO1:/10.1080/1573062X.

2010.526230/ (cit. on pp. [[T] [TT§[sq.).

— (2013). «Development and Field Validation of a Burst Localization Methodology». In: Journal of
Water Resources Planning and Management 139.6, pp. 604—613. DOI:|10.1061/ (ASCE) WR. 1943~
5452.0000290 (cit. on pp. [I18][sq.).

Farley, M. and S. Trow (2003). Losses in water distribution networks: a practitioner’s guide to
assessment, monitoring and control. London: IWA Publ. 282 pp. (cit. on p. [g).

Ferrante, M., S. Meniconi, and B. Brunone (2014). «Local and Global Leak Laws: The Relation-
ship Between Pressure and Leakage for a Single Leak and for a District with Leaks». In: Water
Resources Management 28.11, pp. 3761-3782. DOI: |[10.1007/s11269-014-0708-x (cit. on

p-[153).

Fletcher, R. (1987). Practical methods of optimization. Google-Books-1D: 3EzvAAAAMAAJ. Wiley.
464 pp. (cit. on p.[32).

Fortin, Félix-Antoine, De Rainville, Marc-André Gardner Gardner, Marc Parizeau, Christian Gagné,

et al. (2012). «<DEAP: Evolutionary algorithms made easy». In: The Journal of Machine Learning
Research 13.1, pp. 2171-2175 (cit. on p.[37).

Fox, J. A. (1977). Hydraulic analysis of unsteady flow in pipe networks. Google-Books-1D: jeZSAAAA-
MAALIJ. Halsted Press. 238 pp. (cit. on pp. #4]jsq.).

Freeman, J. R. (1892). «The arrangement of hydrants and water-pipes for the protection of a city
against fire». In: Journal of New England Water Works Association (JNEWWA) 7.1, pp. 49-81
(cit. on p.[39).

Fuchs-Hanusch, D. and D. B. Steffelbauer (2017). «Real-world Comparison of Sensor Placement
Algorithms for Leakage Localization». In: Procedia Engineering. XVIII International Conference
on Water Distribution Systems, WDSA2016 186, pp. 499-505. DO1:|10.1016/j.proeng.2017.

03.262| (cit. on pp. [I5] [TT7} [129] [T76).

Fuchs-Hanusch, D., D. B. Steffelbauer, and M. Giinther (2015). «Drucksensoren zur Leckagelokalisierung
- Optimale Platzierung der Sensoren durch Beriicksichtigung von Verbraucherunsicherheiten». In:
Aqua & Gas 11, pp. 26-31 (cit. on p.[T4).

Fuchs-Hanusch, D., D. B. Steffelbauer, M. Giinther, and D. Muschalla (2015). «Systematic material
and crack type specific pipe burst outflow simulations by means of EPANET2». In: Urban Water
Journal, pp. 1-11. DOI:[10.1080/1573062%.2014.994008] (cit. on pp. [5} [T4).

204


http://dx.doi.org/10.1080/1573062X.2010.526230
http://dx.doi.org/10.1080/1573062X.2010.526230
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000290
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000290
http://dx.doi.org/10.1007/s11269-014-0708-x
http://dx.doi.org/10.1016/j.proeng.2017.03.262
http://dx.doi.org/10.1016/j.proeng.2017.03.262
http://dx.doi.org/10.1080/1573062X.2014.994006

Bibliography

Giustolisi, O. and D. Laucelli (2011). «Water Distribution Network Pressure-Driven Analysis Using
the Enhanced Global Gradient Algorithm (EGGA)». In: Journal of Water Resources Planning and
Management 137.6, pp. 498-510. DOI:{10.1061/ (ASCE)WR.1943-5452.0000140) (cit. on p. {2).

Giustolisi, O., D. Savic, and Z. Kapelan (2008). «Pressure-Driven Demand and Leakage Simulation
for Water Distribution Networks». In: Journal of Hydraulic Engineering 134.5, pp. 626—-635. DOTI:
10.1061/ (ASCE)0733-9429(2008)134:5(626) (cit. on p.@.

Goldberg, D. E. (1989). Genetic Algorithms in Search, Optimization and Machine Learning. 1st.
Boston, MA, USA: Addison-Wesley Longman Publishing Co., Inc. (cit. on p. [23).

Gonzélez-Gémez, F., R. Martinez-Espifieira, M. A. Garcia-Valifias, and M. A. Garcia-Rubio (2012).
«Explanatory factors of urban water leakage rates in Southern Spain». In: Utilities Policy 22 (Sup-
plement C), pp. 22-30. DOI:/10.1016/7.jup.2012.02.002 (cit. on p.[3).

Goulet, J. A., S. Coutu, and I. F. C. Smith (2013). «Model falsification diagnosis and sensor place-
ment for leak detection in pressurized pipe networks». In: Advanced Engineering Informatics 27.2,
pp. 261-269. DOI:10.1016/7.aei.2013.01.001 (cit. on pp. |49} [I5T).

Granjon, P. (2013). «The CuSum algorithm-a small review». In: (cit. on pp. [57]sq.).

Grant, S. B., T. D. Fletcher, D. Feldman, J. Saphores, P. L. M. Cook, M. Stewardson, K. Low, K. Burry,
and A. J. Hamilton (2013). «Adapting Urban Water Systems to a Changing Climate: Lessons from
the Millennium Drought in Southeast Australia». In: Environmental Science & Technology 47.19,
pp. 10727-10734. DOI:/10.1021/es400618z/ (cit. on pp. [T]jsq.).

Gruber, G., V. Gamerith, J. Olsson, D. Camhy, D. B. Steffelbauer, M. Hochedlinger, P. Dihé, S.
Schlobinski, and L. Gidhagen (2012). «SUDPLAN: Developing a Decision Support System to
Cope with Climate Change — Urban Drainage Pilot Linz». In: IWA World Water Congress. Busan,
Corea (cit. on p. [T6).

Giinther, M., D. Camhy, D. B. Steffelbauer, M. Neumayer, and D. Fuchs-Hanusch (2015). «Showcas-
ing a Smart Water Network Based on an Experimental Water Distribution System». In: Computing
and Control for the Water Industry (CCWI2015) Sharing the best practice in water management
119, pp. 450-457. DO1:/10.1016/j.proeng.2015.08.857 (cit. on p. [I5).

Giinther, M., D. B. Steffelbauer, and D. Fuchs-Hanusch (2016). «Fault detection data creation using
an experimental water distribution system». In: Proceedings of the 2016 3rd Conference on Control
and Fault-Tolerant Systems. Systol. Barcelona, Spain: IEEE, pp. 331-336 (cit. on p. [I3).

Giinther, M., D. B. Steffelbauer, M. Neumayer, and D. Fuchs-Hanusch (2014). «Experimental Setup
to Examine Leakage Outflow in a Scaled Water Distribution Network». In: Procedia Engineering.
16th Water Distribution System Analysis Conference, WDSA2014 Urban Water Hydroinformatics
and Strategic Planning 89, pp. 311-317. DOI:/10.1016/7.proeng.2014.11.193 (cit. on p.[[3).

Hanak, E., J. Mount, C. Chappelle, J. Lund, J. Medellin-Azuara, P. Moyle, and N. Seavy (2015).
«What if California’s drought continues». In: Public Policy Institute of California (cit. on p.[2).

Hart, W. E. and R. Murray (2010). «Review of Sensor Placement Strategies for Contamination Warn-
ing Systems in Drinking Water Distribution Systems». In: Journal of Water Resources Planning
and Management 136.6, pp. 611-619. DOI: 10.1061/ (ASCE) WR.1943-5452.0000081/ (cit. on

p.[L18).

205


http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000140
http://dx.doi.org/10.1061/(ASCE)0733-9429(2008)134:5(626)
http://dx.doi.org/10.1016/j.jup.2012.02.002
http://dx.doi.org/10.1016/j.aei.2013.01.001
http://dx.doi.org/10.1021/es400618z
http://dx.doi.org/10.1016/j.proeng.2015.08.857
http://dx.doi.org/10.1016/j.proeng.2014.11.193
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000081

Bibliography

Herrera, M., E. Abraham, and L. Stoianov (2016). «A Graph-Theoretic Framework for Assessing the
Resilience of Sectorised Water Distribution Networks». In: Water Resources Management 30.5,
pp. 1685-1699. DOI:/10.1007/511269-016-1245-6/ (cit. on p.[46).

Hoag, L. N. and G. Weinberg (1957). «Pipeline Network Analysis by Electronic Digital Computers.
In: Journal (American Water Works Association) 49.5, pp. 517-524 (cit. on p.[39).

Hoffman, M. D. and A. Gelman (2014). «The No-U-turn Sampler: Adaptively Setting Path Lengths
in Hamiltonian Monte Carlo». In: J. Mach. Learn. Res. 15.1, pp. 1593-1623 (cit. on pp. A8][sq.).

Holland, J. H. (1975). Adaptation in natural and artificial systems: An introductory analysis with
applications to biology, control, and artificial intelligence. Vol. viii. Oxford, England: U Michigan
Press. 183 pp. (cit. on p. 25).

Hunaidi, O. (2012). «Acoustic leak detection survey strategies for water distribution pipes». In:
Construction Technology Update 19, pp. 1-5 (cit. on p.[T191).

Hutton, C. and Z. Kapelan (2015). «Real-time Burst Detection in Water Distribution Systems Using a
Bayesian Demand Forecasting Methodology». In: Procedia Engineering. Computing and Control
for the Water Industry (CCWI2015) Sharing the best practice in water management 119, pp. 13—18.
DOI:[10.1016/j.proeng.2015.08.847 (cit. on pp. 81} [[14).

Hutton, C., Z. Kapelan, L. Vamvakeridou-Lyroudia, and D. Savi¢ (2014). «Dealing with Uncertainty
in Water Distribution System Models: A Framework for Real-Time Modeling and Data Assim-
ilation». In: Journal of Water Resources Planning and Management 140.2, pp. 169-183. DOI:
10.1061/ (ASCE)WR.1943-5452.0000325| (cit. on p.[TT9).

Hyndman, Rob J and George Athanasopoulos (2014). Forecasting: principles and practice. OTexts
(cit. on p.[56).

IWA, The International Water Association (2017). Desalination — the Australian Experience. Inter-
national Water Association. URL: http://www. iwa-network .org/news/desalination-—
australian-experience/|(visited on 04/24/2018) (cit. on p.[2).

Izquierdo, J., P. A. Lépez, F. J. Martinez, and R. Pérez (2007). «Fault detection in water supply systems
using hybrid (theory and data-driven) modelling». In: Mathematical and Computer Modelling 46.3,
pp. 341-350. DOI:[10.1016/7.mcm.2006.11.013| (cit. on pp.[I150[sq.).

Jones, E., T. Oliphant, P. Peterson, et al. (2001). SciPy: Open source scientific tools for Python (cit. on
p-B3).

Jung, B. S. and B. Karney (2016). «A practical overview of unsteady pipe flow modeling: from
physics to numerical solutions». In: Urban Water Journal, pp. 1-7. DOI: 10.1080/1573062X.

2016.1223323(cit. on pp. 0] A3][sq.).

Jung, D, D. Kang, J. Liu, and K. Lansey (2015). «Improving the rapidity of responses to pipe burst
in water distribution systems: a comparison of statistical process control methods». In: Journal of
Hydroinformatics 17.2, p. 307. DOI:/10.2166/hydro.2014.101 (cit. on p.[80).

Jung, D. and J. H. Kim (2018). «State Estimation Network Design for Water Distribution Systems».
In: Journal of Water Resources Planning and Management 144.1, p. 06017006. DOTI:|10.1061/
(ASCE)WR.1943-5452.0000862| (cit. on p.[TT3).

Jung, D. and K. Lansey (2015). «Water Distribution System Burst Detection Using a Nonlinear
Kalman Filter». In: Journal of Water Resources Planning and Management 141.5, p. 04014070.
DOI:[10.1061/ (ASCE)WR.1943-5452.0000464] (cit. on p.[30).

206


http://dx.doi.org/10.1007/s11269-016-1245-6
http://dx.doi.org/10.1016/j.proeng.2015.08.847
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000325
http://www.iwa-network.org/news/desalination-australian-experience/
http://www.iwa-network.org/news/desalination-australian-experience/
http://dx.doi.org/10.1016/j.mcm.2006.11.013
http://dx.doi.org/10.1080/1573062X.2016.1223323
http://dx.doi.org/10.1080/1573062X.2016.1223323
http://dx.doi.org/10.2166/hydro.2014.101
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000862
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000862
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000464

Bibliography

Kalman, R. E. (1960). «A new approach to linear filtering and prediction problems». In: Journal of
basic Engineering 82.1, pp. 35-45 (cit. on p.[55).

Kaltenbacher, S., D. B. Steffelbauer, M. Cattani, D. Fuchs-Hanusch, K. Romer, and M. Horn (2017).
«A Dynamic Model for Smart Water Distribution Networks». In: pp. 1-8 (cit. on pp.[I5] B4).

Kang, D. S., M. F. K. Pasha, and K. Lansey (2009). «Approximate methods for uncertainty analy-
sis of water distribution systems». In: Urban Water Journal 6.3, pp. 233-249. DOI: |10.1080/
15730620802566844 (cit. on p.@.

Kang, D. and K. Lansey (2010). «Optimal Meter Placement for Water Distribution System State
Estimation». In: Journal of Water Resources Planning and Management 136.3, pp. 337-347. DOTI:
10.1061/ (ASCE)WR.1943-5452.0000037 (cit. on p..

— (2011). «Demand and Roughness Estimation in Water Distribution Systems». In: Journal of Water
Resources Planning and Management 137.1, pp. 20-30. DOI:|10.1061/ (ASCE) WR.1943-5452.
0000086 (cit. on p.[T93).

Kapelan, Z. (2002). «Calibration of water distribution system hydraulic models». PhD thesis. Uni-
versity of Exeter (cit. on pp.[39]sq.] A3][sq.).

Kapelan, Z., D. Savic, and G. Walters (2003). «Multiobjective Sampling Design for Water Distribution
Model Calibration». In: Journal of Water Resources Planning and Management 129.6, pp. 466—
479. DOI:[10.1061/ (ASCE) 0733-9496 (2003) 129: 6 (466)] (cit. on pp.[T22}[T44).

— (2005). «Optimal Sampling Design Methodologies for Water Distribution Model Calibration». In:
Journal of Hydraulic Engineering 131.3, pp. 190-200. DOI:|10.1061/ (ASCE) 0733-9429 (2005)
131:3(190)] (cit. on pp. [I21} [T33).

Kirkpatrick, S., C. D. Gelatt, and M. P. Vecchi (1983). «Optimization by Simulated Annealing». In:
Science 220.4598, pp. 671-680. DOI:|10.1126/science.220.4598.671 (cit. on p.[25).

Knobloch, A. (2014). «Automatisierte Wassermengenanalyse in der Trinkwasserversorgung». PhD
thesis. Karlsruhe, Germany: Bauingenieur-, Geo- und Umweltwissenschaften des Karlsruher Insti-
tuts fur Technologie (KIT) (cit. on p.[I91).

Lambert, A. and W. Hirner (2000). Losses from water supply systems. Standard terminology and
recommended performance measures [online]. IWA Blue Pages, International Water Association

(cit. on pp. [3lsq.).

Leeuwen, C. J. van (2017). «Water governance and the quality of water services in the city of Mel-
bourne». In: Urban Water Journal 14.3, pp. 247-254. DOI:/10.1080/1573062X.2015.1086008
(cit. on p.[3).

Leimgruber, J., D. B. Steffelbauer, G. Krebs, and D. Muschalla (2017). «Back to the roots: A storm
event-based assessment of LID performance to restore the natural water balance». In: ICUD 2017.
Prague (cit. on p.[I6).

Lippacher, J. (2018). Methoden der Kalibrierung von Trinkwasserverteilnetzen und deren Einfluss
auf die modellbasierte Leckage Lokalisierung. Graz, Austria: Master Thesis, Graz University of

Technology (cit. on p.[70).

Low, K. G., S. B. Grant, A. J. Hamilton, K. Gan, J. Saphores, M. Arora, and D. L. Feldman (2015).
«Fighting drought with innovation: Melbourne’s response to the Millennium Drought in Southeast
Australia». In: Wiley Interdisciplinary Reviews: Water 2.4, pp. 315-328. DOI1:/10.1002/wat2.1087

(cit. on p.[I).

207


http://dx.doi.org/10.1080/15730620802566844
http://dx.doi.org/10.1080/15730620802566844
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000037
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000086
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000086
http://dx.doi.org/10.1061/(ASCE)0733-9496(2003)129:6(466)
http://dx.doi.org/10.1061/(ASCE)0733-9429(2005)131:3(190)
http://dx.doi.org/10.1061/(ASCE)0733-9429(2005)131:3(190)
http://dx.doi.org/10.1126/science.220.4598.671
http://dx.doi.org/10.1080/1573062X.2015.1086008
http://dx.doi.org/10.1002/wat2.1087

Bibliography

Maier, H. R., Z. Kapelan, J. Kasprzyk, J. Kollat, L. S. Matott, M. C. Cunha, G. C. Dandy, M. S.
Gibbs, E. Keedwell, A. Marchi, A. Ostfeld, D. Savic, D. P. Solomatine, J. A. Vrugt, A. C. Zecchin,
B. S. Minsker, E. J. Barbour, G. Kuczera, F. Pasha, A. Castelletti, M. Giuliani, and P. M. Reed
(2014). «Evolutionary algorithms and other metaheuristics in water resources: Current status, re-
search challenges and future directions». In: Environmental Modelling & Software 62, pp. 271-
299. DOI:10.1016/7.envsoft.2014.09.013 (cit. on pp. [[54]sq.).

Maier, R., T. Hofer, D. B. Steffelbauer, G. Gruber, and D. Muschalla (2015). «Integrated real-time
control of a central storage tunnel for minimization of sewer emissions in Graz, Austria». In: EJSW

2015 (cit. on p.[16).

Mala-Jetmarova, H., A. Barton, and A. Bagirov (2015). «A history of water distribution systems and
their optimisation». In: Water Science & Technology: Water Supply 15.2, p. 224. DOI:|10.2166/

ws.2014.115| (cit. on pp.[38[sq).

Mallick, K. N., I. Ahmed, K. S. Tickle, and K. E. Lansey (2002). «Determining Pipe Groupings for
Water Distribution Networks». In: Journal of Water Resources Planning and Management 128.2,
pp. 130-139. DOI:[10.1061/ (ASCE) 0733-9496 (2002) 128:2 (130)/ (cit. on p.[70).

Martin, D. W. and G. Peters (1970). «The application of Newton’s method to network analysis by
digital computer». In: Journal of the institute of Water Engineers 17.2, pp. 115-129 (cit. on p.[39).

Mashford, J., D. De Silva, S. Burn, and D. Marney (2012). «Leak Detection in Simulated Water Pipe
Networks Using Svm». In: Applied Artificial Intelligence 26.5, pp. 429-444. DOI: |10.1080/

08839514.2012.670974 (cit. on pp. [150]sq.).

Mcllroy, M. S. (1950). «Direct-Reading Electric Analyzer for Pipeline Networks». In: Journal (Amer-
ican Water Works Association) 42.4, pp. 347-366 (cit. on p.[39).

Moe, C. L. and R. D. Rheingans (2006). «Global challenges in water, sanitation and health». In:
Journal of Water and Health 4 (S1), pp. 41-57 (cit. on p. [I).

Moors, J., L. Scholten, J. P. van der Hoek, and J. den Besten (2018). «Automated leak localization
performance without detailed demand distribution data». In: Urban Water Journal, pp. 1-8. DOIL:
10.1080/1573062X.2017.1414272| (cit. on pp.[162] [193).

Morris, M. (2017). «City of Cape Town’s water ‘bungle’». In: Weekend Argus (cit. on p. [2).

Mounce, S. R., J. B. Boxall, and J. Machell (2010). «Development and Verification of an Online
Artificial Intelligence System for Detection of Bursts and Other Abnormal Flows». In: Journal of
Water Resources Planning and Management 136.3, pp. 309-318. DOI:/10.1061/ (ASCE) WR.1943-
5452.0000030 (cit. on p. [8I).

Mounce, S. R. and J. Machell (2006). «Burst detection using hydraulic data from water distribution
systems with artificial neural networks». In: Urban Water Journal 3.1, pp. 21-31. DO1:/10.1080/
15730620600578538] (cit. on p.[79).

Mounce, S. R., R. B. Mounce, and J. B. Boxall (2011). «Novelty detection for time series data analysis
in water distribution systems using support vector machines». In: Journal of Hydroinformatics 13.4,
pp. 672-686. DOI:[10.2166/hydro.2010.144 (cit. on pp.[79sq.).

Mulligan, Gabriella (2018). «Will Cape Town be the first city to run out of water?» In: BBC News
(cit. on p.[2).

Naumann, U. (2012). The Art of Differentiating Computer Programs: An Introduction to Algorithmic
Differentiation. Google-Books-ID: OgQuUR4nLu0OC. SIAM. 349 pp. (cit. on pp.[22} [122).

208


http://dx.doi.org/10.1016/j.envsoft.2014.09.013
http://dx.doi.org/10.2166/ws.2014.115
http://dx.doi.org/10.2166/ws.2014.115
http://dx.doi.org/10.1061/(ASCE)0733-9496(2002)128:2(130)
http://dx.doi.org/10.1080/08839514.2012.670974
http://dx.doi.org/10.1080/08839514.2012.670974
http://dx.doi.org/10.1080/1573062X.2017.1414272
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000030
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000030
http://dx.doi.org/10.1080/15730620600578538
http://dx.doi.org/10.1080/15730620600578538
http://dx.doi.org/10.2166/hydro.2010.144

Bibliography

Nejjari, F., R. Sarrate, and J. Blesa (2015). «Optimal Pressure Sensor Placement in Water Distribution
Networks Minimizing Leak Location Uncertainty». In: Procedia Engineering. Computing and
Control for the Water Industry (CCWI2015) Sharing the best practice in water management 119,
pp. 953-962. DOI:[10.1016/j.proeng.2015.08.979 (cit. on pp. [TT8jsq.).

Neumayer, M., D. B. Steffelbauer, M. Giinther, and D. Fuchs-Hanusch (2014). «Computational ef-
ficient small signal model for fast hydraulic simulations». In: 11th International Conference on
Hydroinformatics. New York City, USA (cit. on p.[16).

Nicklow, J., P. Reed, D. Savic, T. Dessalegne, L. Harrell, A. Chan-Hilton, M. Karamouz, B. Minsker,
A. Ostfeld, A. Singh, and E. Zechman (2009). «State of the Art for Genetic Algorithms and Beyond
in Water Resources Planning and Management». In: Journal of Water Resources Planning and
Management 136.4, pp. 412-432. DOI1:[10.1061/ (ASCE)WR.1943-5452.0000053| (cit. on p. 25).

Niemczynowicz, J. (1999). «Urban hydrology and water management — present and future chal-
lenges». In: Urban Water 1.1, pp. 1-14. DOI: 10.1016/S1462-0758(99) 00009~ 6| (cit. on
p-[1).

Nocedal, J. and S. Wright (2006). Numerical Optimization. Google-Books-ID: 7wDpBwAAQBAJ.
Springer Science & Business Media. 651 pp. (cit. on pp.[19sqq] 23] B2).

Oki, T. and S. Kanae (2006). «Global Hydrological Cycles and World Water Resources». In: Science
313.5790, pp. 1068-1072. DOI:10.1126/science.1128845 (cit. on p.[I).

Ormsbee, L. (2008). «The History of Water Distribution Network Analysis: The Computer Age».
In: Water Distribution Systems Analysis Symposium 2006. American Society of Civil Engineers,
pp. 1-6 (cit. on pp. 38isq.)).

Palau, C.V,, FJ. Arregui, and M. Carlos (2011). «Burst detection in water networks using principal

component analysis». In: Journal of Water Resources Planning and Management 138.1, pp. 47-54.
DOI:[10.1061/ (ASCE)WR.1943-5452.0000147 (cit. on p.[8T).

Pathirana, A. (2011). «<EPANET2 Desktop Application for Pressure Driven Demand Modeling». In:
American Society of Civil Engineers, pp. 65-74. DOI:/10.1061/41203 (425) 8 (cit. on p.[4#2).

Pérez, R., M. A. Cuguerd, J. Cuguerd, and G. Sanz (2014). «Accuracy Assessment of Leak Localisa-
tion Method Depending on Available Measurements». In: Procedia Engineering. 12th International
Conference on Computing and Control for the Water Industry, CCWI2013 70, pp. 1304-1313. DOTI:

10.1016/j.proeng.2014.02.144] (cit. on pp. [T1§[sq.).
Pérez, R., V. Puig, J. Pascual, A. Peralta, E. Landeros, and L. Jordanas (2009). «Pressure sensor
distribution for leak detection in Barcelona water distribution network». In: Water Science & Tech-

nology: Water Supply 9.6, p. 715. DOI: [10.2166/ws.2009.372 (cit. on pp.[I18|[sq] [128] [143]
174).

Pérez, R., V. Puig, J. Pascual, J. Quevedo, E. Landeros, and A. Peralta (2011). «Methodology for

leakage isolation using pressure sensitivity analysis in water distribution networks». In: Control
Engineering Practice 19.10, pp. 1157-1167. DOI1:|10.1016/7.conengprac.2011.06.004 (cit.
on pp. [[21]jsq} [T25} [T48} [T5T} [T53).

Pérez, R., J. Quevedo, V. Puig, F. Nejjari, M. A. Cuguero, G. Sanz, and J. M. Mirats (2011). «Leak-
age isolation in water distribution networks: A comparative study of two methodologies on a real
case study». In: 2011 19th Mediterranean Conference on Control Automation (MED). 2011 19th
Mediterranean Conference on Control Automation (MED), pp. 138-143. DOI: |10.1109/MED.

2011.5982979 (cit. on pp. [122] [148] [I5T).

209


http://dx.doi.org/10.1016/j.proeng.2015.08.979
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000053
http://dx.doi.org/10.1016/S1462-0758(99)00009-6
http://dx.doi.org/10.1126/science.1128845
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000147
http://dx.doi.org/10.1061/41203(425)8
http://dx.doi.org/10.1016/j.proeng.2014.02.144
http://dx.doi.org/10.2166/ws.2009.372
http://dx.doi.org/10.1016/j.conengprac.2011.06.004
http://dx.doi.org/10.1109/MED.2011.5982979
http://dx.doi.org/10.1109/MED.2011.5982979

Bibliography

Pichler, A., D. B. Steffelbauer, and A. Nazarov (2014). «Examples for Genetic Algorithm based
optimal RFID tag antenna design». In: 2014 IEEE RFID Technology and Applications Conference
(RFID-TA). 2014 IEEE RFID Technology and Applications Conference (RFID-TA), pp. 223-227.
DOI:[10.1109/RFID-TA.2014.6934232 (cit. on p. [16).

Pitzer, E. and M. Affenzeller (2012). «A Comprehensive Survey on Fitness Landscape Analysis».
In: Recent Advances in Intelligent Engineering Systems. Studies in Computational Intelligence.
Springer, Berlin, Heidelberg, pp. 161-191. DOI: |10.1007/978-3-642-23229-9_8| (cit. on
p-[155).

Pitzer, E., M. Affenzeller, A. Beham, and S. Wagner (2011). «Comprehensive and automatic fitness
landscape analysis using heuristiclab». In: International Conference on Computer Aided Systems
Theory. Springer, pp. 424-431 (cit. on p.[I59).

Poli, R., J. Kennedy, and T. Blackwell (2007). «Particle swarm optimization: An overview». In:
Swarm Intelligence 1.1, pp. 33-57. DOI1:10.1007/s11721-007-0002-0 (cit. on p.[25).

Poulakis, Z., D. Valougeorgis, and C. Papadimitriou (2003). «Leakage detection in water pipe net-
works using a Bayesian probabilistic framework». In: Probabilistic Engineering Mechanics 18.4,

pp. 315-327. DOI1:10.1016/50266-8920 (03) 00045-6 (cit. on pp. [I0} [60]sq.] [149} [I51] [165).

Pudar, R. and J. Liggett (1992). «Leaks in Pipe Networks». In: Journal of Hydraulic Engineering
118.7, pp. 1031-1046. DOI:[10.1061/ (ASCE) 0733-9429(1992)118:7 (1031)| (cit. on pp. B5|sq.}

[T21} [T147, [149} [T5T]jsq } [T60} [T62).

Puust, R., Z. Kapelan, D. Savic, and T. Koppel (2010). «A review of methods for leakage management
in pipe networks». In: Urban Water Journal 7.1, pp. 25-45. DOI:|10.1080/15730621003610878
(cit. on pp. M53).

Quevedo, J., M. Cuguerd, R. Pérez, F. Nejjari, V. Puig, and J. Mirats (2011). «Leakage location in
water distribution neworks based on correlation measurement of pressure sensors». In: 8th IWA

Symposium on System Analysis and Integrated Assessment (Watermatex). San Sebastian, Spain:
International Water Association (IWA), pp. 290-297 (cit. on pp.[T18] [I25).

Ramalingam, D., S. Lingireddy, and L. Ormsbee (2002). «History of Water Distribution Network
Analysis: Over 100 Years of Progress». In: Environmental and Water Resources History. American
Society of Civil Engineers, pp. 55-67 (cit. on pp. 3§]jsq.).

Rastrigin, L. A. (1974). Systems of extremal control. Moscow: Mir (cit. on p. [33).
Rathi, S. and R. Gupta (2014). «Sensor Placement Methods for Contamination Detection in Water

Distribution Networks: A Review». In: Procedia Engineering. 16th Water Distribution System
Analysis Conference, WDSA2014 89, pp. 181-188. DOI: 10.1016/7.proeng.2014.11.175

(cit. on p.[T18).

Rechenberg, 1. (1973). Evolutionsstrategie: Optimierung technischer Systeme nach Prinzipien der
biologischen Evolution. Frommann-Holzboog. 182 pp. (cit. on p.[25).

Reynolds, O. (1883). «An Experimental Investigation of the Circumstances Which Determine Whether
the Motion of Water Shall Be Direct or Sinuous, and of the Law of Resistance in Parallel Chan-
nels». In: Philosophical Transactions of the Royal Society of London 174, pp. 935-982 (cit. on

p-B8).

210


http://dx.doi.org/10.1109/RFID-TA.2014.6934232
http://dx.doi.org/10.1007/978-3-642-23229-9_8
http://dx.doi.org/10.1007/s11721-007-0002-0
http://dx.doi.org/10.1016/S0266-8920(03)00045-6
http://dx.doi.org/10.1061/(ASCE)0733-9429(1992)118:7(1031)
http://dx.doi.org/10.1080/15730621003610878
http://dx.doi.org/10.1016/j.proeng.2014.11.175

Bibliography

Romano, M., Z. Kapelan, and D. Savi¢ (2013). «Geostatistical techniques for approximate location
of pipe burst events in water distribution systems». In: Journal of Hydroinformatics 15.3, p. 634.

DOI:[10.2166/hydro.2013.094 (cit. on pp.[10} [79sq} [[50]sq.).

Rosenbrock, H. H. (1960). «An Automatic Method for Finding the Greatest or Least Value of a
Function». In: The Computer Journal 3.3, pp. 175-184. DO1:/10.1093/comjnl/3.3.175 (cit. on

p-32).
Rossman, L. A. (2000). <KEPANET 2: users manual». In: (cit. on pp.[21] 39]sq} {2} [61] [[49][sq.).

Ruanaidh, J. J. K. O. and W. J. Fitzgerald (1996). Numerical Bayesian Methods Applied to Signal
Processing. Statistics and Computing. New York: Springer-Verlag (cit. on pp.[#7} [59).

Saludes, J., J. Quevedo, and V. Puig (2017). «Demand Forecasting for Real-Time Operational Con-
trol». In: Real-time Monitoring and Operational Control of Drinking-Water Systems. Advances in
Industrial Control. Springer, Cham, pp. 99-111. DOI:/10.1007/978-3-319-50751-4_6 (cit. on
p-[B9).

Salvatier, J., T. V. Wiecki, and C. Fonnesbeck (2016). «Probabilistic programming in Python using
PyMC3». In: PeerJ Computer Science 2, €55. DOI:|10.7717/peerj-cs.55 (cit. on p.[TI0).

Sanz Estapé, G. (2016). «Demand modeling for water networks calibration and leak localization».
PhD thesis. Barcelona, Spain: Universitat Politécnica de Catalunya (cit. on pp. @3|[sq/] [122] [I5T}
193).

Sanz, G., R. Pérez, Z. Kapelan, and D. Savic (2015). «Leak Detection and Localization through
Demand Components Calibration». In: Journal of Water Resources Planning and Management,
p. 04015057. DOI:[10.1061/ (ASCE)WR.1943-5452.0000592 (cit. on p.[T149).

Sarrate Estruch, R., J. Blesa Izquierdo, F. Nejjari Akhi-Elarab, and J. Quevedo Casin (2013). «Sensor
placement for leak detection and location in water distribution networks». In: (cit. on pp. [[18][sq.).

Sarrate, R., J. Blesa, and F. Nejjari (2014). «Clustering techniques applied to sensor placement for leak
detection and location in water distribution networks». In: 2014 22nd Mediterranean Conference of
Control and Automation (MED). 2014 22nd Mediterranean Conference of Control and Automation
(MED), pp. 109-114. DOI:/10.1109/MED.2014.6961356 (cit. on pp. [[18|jsq.] [T45]).

Sarrate, R., J. Blesa, F. Nejjari, and J. Quevedo (2014). «Sensor placement for leak detection and
location in water distribution networks». In: Water Science and Technology: Water Supply 14.5,
pp- 795-803. DOI:[10.2166/ws.2014.037 (cit. on p.[TT8).

Sarrate, R., F. Nejjari, and A. Rosich (2012). «Sensor placement for fault diagnosis performance
maximization in Distribution Networks». In: 2012 20th Mediterranean Conference on Control
Automation (MED). 2012 20th Mediterranean Conference on Control Automation (MED), pp. 110-

115. po1:/10.1109/MED.2012.6265623 (cit. on pp. [[I§[sq} [128).

Savic, D., Z. Kapelan, and P. Jonkergouw (2009). «Quo vadis water distribution model calibration?»
In: Urban Water Journal 6.1, pp. 3-22. DOI: [10.1080/15730620802613380| (cit. on pp. [70}

[T7sq.).
Schaetzen, W. B. de, G. Walters, and D. Savic (2000). «Optimal sampling design for model calibration

using shortest path, genetic and entropy algorithms». In: Urban Water. Developments in water
distribution systems 2.2, pp. 141-152. DOI:[10.1016/51462-0758 (00) 00052-2| (cit. on pp.[TT8]

[123]fsq.} 139} [T74).

211


http://dx.doi.org/10.2166/hydro.2013.094
http://dx.doi.org/10.1093/comjnl/3.3.175
http://dx.doi.org/10.1007/978-3-319-50751-4_6
http://dx.doi.org/10.7717/peerj-cs.55
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000592
http://dx.doi.org/10.1109/MED.2014.6961356
http://dx.doi.org/10.2166/ws.2014.037
http://dx.doi.org/10.1109/MED.2012.6265623
http://dx.doi.org/10.1080/15730620802613380
http://dx.doi.org/10.1016/S1462-0758(00)00052-2

Bibliography

Scolnicov, H. (2013). A long journey to 12% Non-Revenue Water at Yarra Valley Water. The Water
Monitor. URL: https://takadu.wordpress.com/2013/03/02/a-1long- journey-to-12-
non-revenue-water-at-yarra-valley-water/ (visited on 04/24/2018) (cit. on p. [3).

Shinozuka, M., J. Liang, and M. Q. Feng (2005). «Use of supervisory control and data acquisition for
damage location of water delivery systems». In: Journal of engineering mechanics 131.3, pp. 225—

230 (cit. on pp. [T49] [I51).

Shumway, R. H. and D. S. Stoffer (2006). Time series analysis and its applications: with R examples.
2nd [updated] ed. Springer texts in statistics. OCLC: ocm63514199. New York: Springer. 575 pp.
(cit. on pp. [50sq} 53] 57).

Simpson, A. R. and S. Elhay (2011). «Jacobian Matrix for Solving Water Distribution System Equa-
tions with the Darcy-Weisbach Head-Loss Model». In: Journal of Hydraulic Engineering 137.6,
pp. 696-700. DOI:10.1061/ (ASCE) HY.1943-7900.0000341] (cit. on pp. E1][sq.).

Soldevila, A., J. Blesa, S. Tornil-Sin, R. Fernandez-Canti, and V. Puig (2018). «Sensor placement for
classifier-based leak localization in water distribution networks using hybrid feature selection». In:
Computers & Chemical Engineering 108, pp. 152-162. DOI:10.1016/ 7. compchemeng.2017.

09.002| (cit. on p.[TT9).

Sophocleous, S., D. Savic, Z. Kapelan, Y. Shen, and P. Sage (2016). «A Graph-based Analytical
Technique for the Improvement of Water Network Model Calibration». In: Procedia Engineering.
12th International Conference on Hydroinformatics (HIC 2016) - Smart Water for the Future 154,
pp. 27-35. DOI:[10.1016/j.proeng.2016.07.415| (cit. on p. 46).

Steffelbauer, D. B. and D. Fuchs-Hanusch (2015). «<OOPNET: An object-oriented EPANET in Python».

In: Procedia Engineering. Computing and Control for the Water Industry (CCWI2015) Sharing the
best practice in water management 119, pp. 710-718. DOI1:|10.1016/7.proeng.2015.08. 924

(cit. on pp. T3] [60} [T30} [T53] [T58).

— (2016a). «Efficient Sensor Placement for Leak Localization Considering Uncertainties». In: Water
Resources Management 30.14, pp. 5517-5533. DOI:|10.1007/s11269-016-1504-6 (cit. on

pp. (14, [TT7, [127]lsqq } [T3THI37} [T74).
— (2016Db). «Fitness landscapes and distance metrics for model-based leakage localization». In: 3rd
International Conference on Control and Fault-Tolerant Systems, SysTol’ 16. Barcelona, Spain (cit.

on pp. [T5} [[52} [T65).
Steffelbauer, D. B., M. Giinther, and D. Fuchs-Hanusch (2017). «Leakage Localization with Differen-
tial Evolution: A Closer Look on Distance Metrics». In: Procedia Engineering 186, pp. 444-451.

DOI:[10.1016/3.proeng.2017.03.251 (cit. on pp. [I5] [152} [T63).

Steffelbauer, D. B., M. Giinther, M. Neumayer, and D. Fuchs-Hanusch (2014a). «Leakage Localiza-
tion In Virtual District Metered Areas With Differential Evolution». In: International Conference

on Hydroinformatics (cit. on pp.[15}[152).

— (2014b). «Sensor Placement and Leakage Isolation with Differential Evolution». In: World Envi-
ronmental and Water Resources Congress 2014. American Society of Civil Engineers, pp. 408-416
(cit. on pp. [I3] [152).

Steffelbauer, D. B., M. Neumayer, M. Giinther, and D. Fuchs-Hanusch (2014). «Sensor Placement
and Leakage Localization Considering Demand Uncertainties». In: Procedia Engineering. 16th
Water Distribution System Analysis Conference, WDSA2014 Urban Water Hydroinformatics and

212


https://takadu.wordpress.com/2013/03/02/a-long-journey-to-12-non-revenue-water-at-yarra-valley-water/
https://takadu.wordpress.com/2013/03/02/a-long-journey-to-12-non-revenue-water-at-yarra-valley-water/
http://dx.doi.org/10.1061/(ASCE)HY.1943-7900.0000341
http://dx.doi.org/10.1016/j.compchemeng.2017.09.002
http://dx.doi.org/10.1016/j.compchemeng.2017.09.002
http://dx.doi.org/10.1016/j.proeng.2016.07.415
http://dx.doi.org/10.1016/j.proeng.2015.08.924
http://dx.doi.org/10.1007/s11269-016-1504-6
http://dx.doi.org/10.1016/j.proeng.2017.03.251

Bibliography

Strategic Planning 89, pp. 1160-1167. DOI:[10.1016/j.proeng.2014.11.242 (cit. on pp.[I3]
[£52).

Storn, R. (1996). «On the usage of differential evolution for function optimization». In: Fuzzy In-
formation Processing Society, 1996. NAFIPS., 1996 Biennial Conference of the North American.
Fuzzy Information Processing Society, 1996. NAFIPS., 1996 Biennial Conference of the North
American, pp. 519-523. DOI:[10.1109/NAFIPS.1996.534789 (cit. on pp.[29] [34] [37).

Storn, R. and K. Price (1995). Differential Evolution: A Simple and Efficient Adaptive Scheme for
Global Optimization Over Continuous Spaces. Google-Books-ID: ypNYmwEACAAJ. ICSI. 12 pp.
(cit. on pp. 28][sqq.).

— (1997). «Differential Evolution — A Simple and Efficient Heuristic for global Optimization over
Continuous Spaces». In: Journal of Global Optimization 11.4, pp. 341-359. DOI: |10.1023/A:

1008202821328 (cit. on pp. [2§|[sqq.).

Strang, G. (1986). Introduction to Applied Mathematics. Wellesley-Cambridge Press. 776 pp. (cit. on
pp-21} E3).

Thornton, J., R. Sturm, and G. Kunkel (2008). Water loss control. Vol. 2. McGraw-Hill New York
(cit. on pp. Psqq.).

Todini, E. and S. Pilati (1987). «A gradient algorithm for the analysis of pipe networks». In: ed. by
B. Coulbeck and C. Orr. Taunton, UK, UK: Research Studies Press Ltd., pp. 1-20 (cit. on pp.
43).

Tzatchkov, V. G., V. H. Alcocer-Yamanaka, and V. Bourguett Ortiz (2006). «Graph Theory Based

Algorithms for Water Distribution Network Sectorization Projects». In: Water Distribution Systems
Analysis Symposium 2006. Proceedings. DOI:[10.1061/40941 (247) 172 (cit. on p.[46).

Vuuren, L van (2014). «Water loss : are we wasting our way into a potential water crisis? : water
demand management». In: Water Wheel 13.6, pp. 34-37 (cit. on p. [3).

Walski, T. M. (2000). «Model calibration data: the good, the bad, and the useless». In: Journal -
American Water Works Association 92.1, p. 94 (cit. on p. [66).

— (2006). «A History of Water Distribution». In: 98.3, pp. 110-121 (cit. on pp.[38][sq).

Walski, T. M., D. V. Chase, D. Savic, W. Grayman, S. Beckwith, and E. Koelle (2003). Advanced
Water Distribution Modeling and Management (cit. on pp. [84).

Williams, A. P, R. Seager, J. T. Abatzoglou, B. I. Cook, J. E. Smerdon, and E. R. Cook (2015). «Con-
tribution of anthropogenic warming to California drought during 2012-2014». In: Geophysical
Research Letters 42.16, 2015GL064924. DO1:110.1002/2015GL064924| (cit. on p. @

Wolpert, D. H. and W. G. Macready (1997). «No free lunch theorems for optimization». In: IEEE
Transactions on Evolutionary Computation 1.1, pp. 67-82. DOI:|10.1109/4235.585893 (cit. on

pp. 21} [T53).
Wolski, P. (2018). «How severe is Cape Town’s “Day Zero” drought?» In: Significance 15.2, pp. 24—
27. DOI:|10.1111/73.1740-9713.2018.01127.%/ (cit. on p..

Wood, D. J. and C. O. A. Charles (1972). «Hydraulic Network Analysis Using Linear Theory». In:
Journal of the Hydraulics Division 98.7, pp. 1157-1170 (cit. on p. [39).

Wright, S. (1932). «The roles of mutation, inbreeding, crossbreeding and selection in evolution». In:
Proceedings of the Sixth International Congress of Genetics 1, pp. 356-366 (cit. on p.[I54).

213


http://dx.doi.org/10.1016/j.proeng.2014.11.242
http://dx.doi.org/10.1109/NAFIPS.1996.534789
http://dx.doi.org/10.1023/A:1008202821328
http://dx.doi.org/10.1023/A:1008202821328
http://dx.doi.org/10.1061/40941(247)172
http://dx.doi.org/10.1002/2015GL064924
http://dx.doi.org/10.1109/4235.585893
http://dx.doi.org/10.1111/j.1740-9713.2018.01127.x

Bibliography

Wu, Y. and S. Liu (2017). «A review of data-driven approaches for burst detection in water distribution
systems». In: Urban Water Journal 14.9, pp. 972-983. DO1:/10.1080/1573062X.2017.1279191
(cit. on p. [81).

Wu, Y., S. Liu, K. Smith, and X. Wang (2018). «Using Correlation between Data from Multiple Mon-

itoring Sensors to Detect Bursts in Water Distribution Systems». In: Journal of Water Resources
Planning and Management 144.2, p. 04017084. DOI:/10.1061/ (ASCE)WR.1943-5452.0000870

(cit. on p. [81).
Wu, Z., P. Sage, and D. Turtle (2009). «Pressure-Dependent Leak Detection Model and Its Application

to a District Water System». In: Journal of Water Resources Planning and Management 136.1,
pp. 116-128. DOI:[10.1061/ (ASCE) 0733-9496 (2010) 136:1 (116)] (cit. on pp. [T49} [T51} [T62).

Wylie, E. B. and V. L. Streeter (1978). Fluid transients. Google-Books-ID: JvtRAAAAMAAJ.
McGraw-Hill International Book Co. 416 pp. (cit. on pp. #4]jsq.).

Ye, G. and R. A. Fenner (2011). «Kalman Filtering of Hydraulic Measurements for Burst Detection
in Water Distribution Systems». In: Journal of Pipeline Systems Engineering and Practice 2.1,
pp. 14-22. DO1:/10.1061/ (ASCE)PS.1949-1204.0000070| (cit. on p.@[}.

Zheng, F., A. R. Simpson, A. C. Zecchin, and J. Deuerlein (2013). «A graph decomposition-based ap-
proach for water distribution network optimization». In: Water Resources Research 49.4, pp. 2093—
2109. DOI:/10.1002/wrcr.20175) (cit. on p. A6).

214


http://dx.doi.org/10.1080/1573062X.2017.1279191
http://dx.doi.org/10.1061/(ASCE)WR.1943-5452.0000870
http://dx.doi.org/10.1061/(ASCE)0733-9496(2010)136:1(116)
http://dx.doi.org/10.1061/(ASCE)PS.1949-1204.0000070
http://dx.doi.org/10.1002/wrcr.20175

	List of Figures
	List of Tables
	1 Introduction
	1.1 Why finding leaks is relevant all over the world
	1.2 The language used for describing water losses
	1.2.1 Leak or leakage?
	1.2.2 Detectable leaks and their run-times

	1.3 State of the art methods for finding leaks
	1.3.1 Physical effects of leaks
	1.3.2 Leakage control methods
	1.3.3 Leak localization methods
	1.3.4 Leak pinpointing methods

	1.4 Why model-based leak localization
	1.5 Objectives and research questions
	1.6 Overview of the thesis
	1.7 List of scientific publications and presentations related to this thesis

	2 Background
	2.1 Optimization
	2.1.1 Mathematical definition of the problem
	2.1.1.1 Local and global optima and convex functions

	2.1.2 Optimization methods
	2.1.2.1 Deterministic algorithms
	2.1.2.2 Stochastic algorithms

	2.1.3 Optimization examples
	2.1.3.1 Rosenbrock function
	2.1.3.2 Rastrigin function


	2.2 Hydraulic water distribution network analysis
	2.2.1 Short history of hydraulic network analysis
	2.2.2 Different hydraulic models for different purposes
	2.2.2.1 Steady flow models
	2.2.2.2 Quasi-steady flow models
	2.2.2.3 Unsteady incompressible flow models
	2.2.2.4 Unsteady compressible flow model

	2.2.3 What hydraulic model for model-based leak localization
	2.2.4 Graph theory and water distribution networks

	2.3 Probability theory, statistics and time series analysis in a nutshell
	2.3.1 Monte Carlo simulation
	2.3.2 Markov-Chain-Monte-Carlo methods
	2.3.3 Tukey's fence test
	2.3.4 Goodness of fit statistics
	2.3.5 Time series analysis techniques
	2.3.5.1 Mathematical notation and definitions
	2.3.5.2 Autocorrelation functions
	2.3.5.3 Deseasonalization
	2.3.5.4 Time series models, residuals and white noise
	2.3.5.5 Autoregressive-moving-average models
	2.3.5.6 State space models and Kalman filter
	2.3.5.7 Time series analysis forecast error metrics

	2.3.6 Stochastic event detection
	2.3.6.1 CUSUM method
	2.3.6.2 Likelihood-ratio test
	2.3.6.3 Bayesian step detector


	2.4 Case studies and field tests
	2.4.1 Poulakis
	2.4.1.1 Transformation of pressure units

	2.4.2 Linz-Pichling
	2.4.3 Graz-Ragnitz
	2.4.3.1 Measurements
	2.4.3.2 Hydraulic model calibration
	2.4.3.3 Leak scenarios



	3 Leak Detection
	3.1 Literature review
	3.2 Methodology
	3.2.1 Overview of methods
	3.2.2 Measurement data
	3.2.3 Pressure tank level correction

	3.3 Results and discussion
	3.3.1 Seasonal analysis
	3.3.2 Outlier detection
	3.3.3 Time series modeling
	3.3.3.1 Deseasonalization
	3.3.3.2 Residual analysis—simple model
	3.3.3.3 ARMA modeling and GoF
	3.3.3.4 Residual analysis—complex model
	3.3.3.5 Comment on higher time resolution and pressure sensors

	3.3.4 Forecast performance analysis
	3.3.5 Leak detection
	3.3.5.1 Minimum night flow Tukey
	3.3.5.2 CUSUM
	3.3.5.3 Likelihood-ratio
	3.3.5.4 Bayes analytical
	3.3.5.5 Bayes NUTS


	3.4 Conclusion

	4 Optimal Sensor Placement
	4.1 Literature review
	4.2 Methodology
	4.2.1 The optimal sensor placement problem, parameter space size and solution strategies
	4.2.2 Sensor placement algorithms for comparison
	4.2.2.1 The leak sensitivity matrix
	4.2.2.2 Graph-based optimal sensor placement
	4.2.2.3 Sensitivity-based optimal sensor placement
	4.2.2.4 SPUDU - Sensor placement under demand uncertainties

	4.2.3 Sensor placement cost-benefit analysis considering uncertainties

	4.3 Results and discussion
	4.3.1 Sensor placement under demand uncertainties
	4.3.1.1 Model output uncertainty computation
	4.3.1.2 Sensitivity matrix computation
	4.3.1.3 Optimal sensor placement results

	4.3.2 Cost-benefit analysis
	4.3.3 Comparison of different sensor placement algorithms

	4.4 Conclusion

	5 Model-Based Leak Localization
	5.1 Literature review
	5.2 Methodology
	5.2.1 Leak localization as an inverse problem
	5.2.2 Model-based leak localization algorithm
	5.2.3 Fitness landscape analysis
	5.2.3.1 Metrics for objective functions
	5.2.3.2 Reordering of the parameter space

	5.2.4 Extension to extended period simulations
	5.2.5 Extensions to time series analysis forecast models
	5.2.6 Quality parameters for leak localization performance evaluation
	5.2.7 Differences to similar approaches in scientific literature

	5.3 Results and discussion
	5.3.1 Simulations in a real-world network
	5.3.2 Fitness landscape analysis
	5.3.2.1 Reducing the number of sensors
	5.3.2.2 Different metrics—different landscapes
	5.3.2.3 Influence of the metric on the leak localization performance
	5.3.2.4 Fitness landscapes of a real-world network
	5.3.2.5 Rearranging the search space
	5.3.2.6 Performance evaluation of sorting algorithms

	5.3.3 Performance of sensor placements in the real-world
	5.3.4 Measuring the cost-benefit sensor placement curve
	5.3.5 Leak localization with pressure sensors only
	5.3.6 Localization of small leaks
	5.3.7 Fast localization of a small leak

	5.4 Conclusion

	6 Conclusion

