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« Diagnostic et Controle des Systemes de Distribution
de I’eau Potable »

Résumé :
Le succés de toute stratégie de diagnostic dépend essentiellement des capteurs qui mesurent les variables
de processus. Cette thése présente une méthode de détection et de diagnostic des anomalies des capteurs basée
sur un réseau neuronal goulot d’étranglement (BNN). L’approche BNN est utilisée comme outil de controle
statistique des processus pour les réseaux de distribution d’eau potable (DWDS) afin de détecter et d’isoler
les défauts des capteurs. Cette méthode est validée en simulation sur un systéme non linéaire: un réservoir
quadruple et un syst¢éme de distribution d’eau potable réel. L’objectif de cette thése est de contribuer a la
supervision de DWDS en utilisant la méthode de diagnostic du réseau neuronal. Considérant la forte demande
d’approvisionnement en eau en raison de la croissance démographique, 1’approbation de nouvelles technologies pour
assurer la qualité de I’cau a moindre colt est essentielle. Cette thése présente un DWDS basé sur une
technique de modélisation floue non linéaire. L’approche utilise un modéle flou de Takagi-Sugeno (T-S) multiinput multi-
output (MIMO), qui est pertinent pour construire une grande classe de processus non linéaires.
Le cadre proposé est validé sur un véritable réseau de distribution d’eau potable, le modéle T-S flou MIMO
était mise en ceuvre, dans le contexte d’un contrdle prédictif non linéaire pour réguler la qualité de I’eau (la
concentration du chlore dans I’eau potable). L’objectif est de maintenir les sortis du systéme entre les limites
supérieures et inférieures par rapport aux exigences des réglements sanitaires. Les modeles entrées-sorties
et espaces d’états des résidus du chlore sont élaborés a partir de modeles mathématiques de la dynamique
résiduelle du chlore. L’estimation des erreurs de paramétres et de structures de modeéles est élaborée a I’aide
d’une approche limitative fondée sur un modéle paramétrique ponctuel. Le rayon d’incertitude du systéme est
défini par une prévision robuste des extrants, grace a laquelle les exigences de précision du modéle a partir
d’un contréle prédictif du modele robuste (MPC) sont explicitement imposées a I’estimation du modéle. Par
conséquent, une conception intégrée du controleur et de I’estimation du modele est réalisée. MPC est appliqué
pour le contréle résiduel du chlore en fonction du modele a limites fixes. Pour satisfaire aux contraintes de
production dans le cadre des incertitudes du systéme, des zones de sireté sont utilisées, congues a partir d’une
évaluation en ligne des scénarios d’incertitude du systéme, afin de limiter les contraintes de production. Les
zones de sécurité peuvent étre obtenues en résolvant un probléme d’optimisation & contrainte non linéaire a
I’aide d’un algorithme de relaxation-gain considérablement simplifié. L’étude de 1’estimation du modele de
MPC est discutée.
Mots clés: Réseaux de distribution de 1’eau potable, détection des défauts-capteurs, ACP
Nonlineaire, BNN, Modeles Flou Takagi-Sugeno, Commande predictive Floue .



« Diagnostic et Controle des Systemes de Distribution

de ’eau Potable »
Abstract :

The sensors measuring process variables are important to the success of any diagnosis technique. This thesis describes a
method for detecting and diagnosing sensor problems using a Bottleneck Neural Network (BNN). To detect and isolate
sensor problems in drinking water distribution systems (DWDS), the BNN technique is employed as a statistical process
control tool. This method has been validated in simulation on a nonlinear system: a quadruple tank and a real-world
drinking water distribution system. The goal of this study is to make a contribution to the supervision of a DWDS utilizing
the Neural Network diagnosis approach. With the increased demand for water owing to population expansion, the
approval of new technologies to ensure water quality at a lesser cost is critical.

The DWDS presented in this thesis is based on a nonlinear fuzzy modeling technique. The method employs a multi-input
multi-output (MIMO) Takagi-Sugeno (T-S) fuzzy model, which is useful for building a wide range of nonlinear processes.
The suggested framework was validated on a real drinking water distribution system by implementing the MIMO fuzzy
T-S model in the context of nonlinear predictive control to regulate water quality (the chlorine concentration in drinking
water). The goal is to keep the system outputs within the maximum and lower limitations set by health laws. Online
feedback control of chlorine residuals at the lowest level of a hierarchical structure of integrated quantity and quality
control in DWDS, providing a viable solution for online water quality control in DWDS. From mathematical models of
chlorine residual dynamics, input-output and state-space models of chlorine residuals are constructed. To acquire the
parameter structure, the existing path analysis algorithm is enhanced and used. A bounding approach based on a point-
parametric model is used to estimate joint parameter and model structural errors.

The system's uncertainty radius is defined by robust output prediction, which explicitly imposes model accuracy criteria
from robust model predictive control (MPC) on model estimation.

As a result, an integrated controller and model estimation design is realized. Based on the set-bounded model, MPC is
used for chlorine residual control. To fulfill output limits under system uncertainties, safety zones are used, which are
developed based on an online evaluation of the system's uncertainty scenarios. Solving a nonlinear restricted optimization
problem with a much simplified relaxation-gain approach yields the safety zones. The proposed methodology is validated
by using a simulated DWDS. It is discussed how to conduct a simulation study of model estimate and MPC operation.

Key words: Drinking Water Distribution Systems (DWDS), sensor fault detection, Non-linear
PCA, BNN, Takagi-Sugeno Fuzzy Model, Fuzzy Model Predictive Control
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Chapter 1

Introduction

Nowadays, it is possible to gather enormous amounts of megslata because to the substantial advance-
ments in process sensing technology. However, the usefubdh@ut the process’s state is rarely applied in the

best possible way. The difficulty of digesting the inforroatis a common cause of this improper management
of the process measurements. In order to completely utiimeaccommodate automated in-process sensing
devices and collect all diagnostic data linked to qualttis important to establish an effective technique.

The concept of information redundancy is utilized by modawdel-based condition monitoring. In re-
ality, anomalous states can be identified by comparing gbdebehavior reported by sensors to expected
behavior predicted by mathematical models to determinelven¢here is any consistency.

Models can be generally explicit, developed from fundamleidieas or system identificatiatf)], or im-
plicit, derived via principle component transformati88]. Some structured residuals for fault isolation that
react to subsets of faults may be produced directly or tHr@lgebraic transformatio2).

Structured partial principal component models are usethdirect computation in the principle compo-
nent frameworkl1]. In the PCA framework, further fault isolation methodslude sensor validity indices,
statistical measurements, and contribution cha8ls[Multivariate statistical process control, also known as
MSPC, is a statistical methodology that has been utilizegratess monitoring during the past ten years to
regulate and enhance industrial processes across a wvefriagustriesB9]. By defining a smaller set of artifi-
cial variables, MSPC tries to decrease the redundancysffr@tuently observed in the recorded varialdéls|

PCA is a frequently employed algorithm within the realm of IMa@riate Statistical Process Control
(MSPC). Subsequently, the process of identifying and ailng faults and anomalies (FDD) takes place
in a reduced-dimensional space. This involves vigilant imeoimg of charts depicting principal component
scores as well as charts illustrating the sum of predictioore (SPE) as detailed iB].

Following the principles of PCA theory, the loading plot bates instrumental in revealing the interplay
among the initial variables. This provides a means to detesialies as discrepancies often disrupt relation-
ships between these variables. Regrettably, the convehtapplication of PCA tends to yield an abundance
of erroneous alerts or, conversely, overlooks the ideatific of process malfunctions. This is especially pro-
nounced when a process encompasses multiple operatiates,ssignificantly compromising the reliability
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of the monitoring system. Substantial research efforteHaen dedicated to mitigating these constraints,
yielding various approaches aimed at circumventing thealenges.

Hastiep?] introduced the concept of principal curves to extend PCA-ligearly, while Kramer27] em-
ployed auto-associative neural networks, and Qin and Mg[8#) integrated neural networks into the partial
least squares (PLS) framework. Wes#8[and Wilsonp(] separately proposed nonlinear extensions of PCA
utilizing radially symmetric kernel functions and radiadis function (RBF) networks, respectively.

Recent advancements in sequential data analysis have led tievelopment of two techniques, namely
Dynamic Temporal Warping (DTW) and Hidden Markov Models (HY]Mesigned for effective Fault De-
tection and Diagnosis (FDD). In addition to these, suggasthave emerged advocating the use of empirical
models like fuzzy logic and neural networks. While the rol¢haf fuzzy logic method is pivotal, it also serves
as a foundational framework for integrating other appreaciihe evolution of technology and the adoption
of advanced data collection techniques have necessitaesirultaneous monitoring of a greater number of
variables.

Multivariate Statistical Process Control (SPC) charts/gt® a swift means of identifying process distur-
bances. However, it's common that process operators beawnsae of assignable causes leading to multivari-
ate process deviations only when such disruptions areiglgkt by these charts. This insight is drawn from
Shao’s work inf#2].

The rising global demand for water, attributed to populatiwowth, industrial progress, and enhanced
economic status, is met with a reduction in both the countcapécity of available water sources. Moreover,
endeavors involving water handling and conveyance enggifgcant energy consumption. Amid this scenario,
the effective exploitation of water supply networks emerge the most viable approach. Consequently, the
efficient management of water distribution transfers bezpimperative}5|.

This study aims to make a valuable contribution to the ogbtf water distribution network systems. It
does so by employing the principal component analysis nogtbffering a systematic approach to enhance
the supervision of these complex systems.

Although detecting novel occurrences is a key ability of aignal classification method, it is an incred-
ibly difficult assignment. As a result, multiple novelty detion models have been demonstrated to work
effectively on various data sets. It is clear that there isme best model for novelty detection, and success is
dependent not just on the approach utilized, but also ontétistical features of the da@].

In bioprocessing, multivariate statistical process ari¥ISPC) has been applied. When typical MSPC
methodologies are applied to industrial processes foopadnce monitoring, however, they are not always
as effective as intended due to the unfitness of the procasstisial model. In many cases, the observed
process signals contain a significant amount of measuring@mating noise, making it difficult to extract the
true signals from the noise-corrupted process signalgusaditional latent projection methodologies such as
principal component analysis (PCA) or partial least squiéird-S)B0].

In this work, we offer another type of MSPC approach thatiages nonlinear variable reconstruction pro-
cess signals collected from observed process data to s&pracess monitoring performance. The concept is



based on employing Nonlinear Principal Component AnaliéiS?CA) based on Bottleneck Neural Network
(BNN) to collect process blind signals and Squared Preatidgrror to eliminate process faults.

The water distribution systems have been modeled extdnsiveorder to improve their performance.
There have been numerous mathematical models develogethaiority of which are based on mass, energy
conservation laws, and data-driven models.

Analyzing both the quantity and quality of water is esséiitiathe effective operation of Drinking Water
Distribution Systems (DWDS). Consequently, the develognoéra suitable model plays a pivotal role in
comprehensively evaluating water distribution netwatkk[

Duzinkiewicz.K [L7]proposed an optimization-centered set-membershipeglydor establishing bounded
estimates of water quantity and quality within Drinking WabDistribution Systems (DWDS). However, this
approach’s time-intensive nature prompts consideratfanalternative solution. Consequently, addressing
this challenge necessitates the exploration of a non+liged non-convex optimization problem.

In pursuit of this objective, an interval observer is undevelopment to serve the purpose of guaranteeing
water qualityR§].

Additionally, a considerable body of literature encomjgasaodels related to residual chlorine degradation
across water distribution networks, along with the placeinoé booster chlorination statior®f]. To strate-
gically position suitable booster chlorination stationshvm Drinking Water Distribution Systems (DWDS)
while maintaining the chlorine residual within specifienhilis, an innovative approach is introduced. This
approach combines a hybrid Particle Swarm OptimizatiofQ)R€chnique with genetic algorithms to achieve
an optimal solution.

Continuous validation of the resilience and security ofewaupply systems necessitates the efficient
operation of sensors and actuators, ensuring their opfimationality[8]

For the purpose of quality control within Drinking Water Bibution Systems (DWDS), the adoption of
Model Predictive Control (MPC) is favored. This choice igihtited to the non-linear dynamics inherent in
the quality model and the multifaceted challenges of cairstid control in a multivariable conte&t].

Rafal Langowski& al.p9] proposed an interval estimation technique to enhancetguabnitoring within
Drinking Water Distribution Systems (DWDS). This methodarnmorates an interval observer, enabling the
derivation of robust interval boundaries for the antiogohivater quality state variables .



6 Introduction

1.1 Objective of the project

water is indeed a crucial resource for both domestic andsimidiipurposes. The availability
of clean and safe drinking water is vital for sustaining harfite and supporting various
industries.

Drinking water is typically sourced from ground sourcesrsas rivers, lakes, and under-
ground aquifers (wells and springs). After extraction,aeg through a series of treatments
to ensure it meets the necessary quality standards. Thisreat process usually involves
steps like filtration, disinfection (often with chlorine other chemicals), and sometimes
additional treatments like fluoridation for dental health.

Once the water is treated and safe for consumption, it nedoks efficiently transported
from the water treatment plant to the end consumers. Thisi&&the Drinking Water Dis-
tribution Systems (DWDS) come into play. DWDS are complex angd-scale networks
that consist of various components like pumps, valvesagmitanks, and pipes made of
different materials and varying diameters. DWDS are laigdesnetworks made up of di-
verse components such as pumps, valves, storage tankspatidgs constructed of varied
materials and diameters. The design of a DWDS is critical suang that it can deliver suf-
ficient water quantity while maintaining acceptable watealdy to meet consumer needs.
Population density, water use patterns and possible fgnareth should all be considered.

The DWDS must also be maintained and monitored on a regul&s tmaprevent leaks,
ensure water quality, and solve any issues that may emerge.

Overall, a well-designed and well-maintained DWDS is vitaproviding communities
and enterprises with safe and dependable drinking water.

Maintaining appropriate chlorine residual concentratfiomits is an important part of
quality control for Drinking Water Distribution Systems\(DS). The residual chlorine
content is significant because it helps to disinfect the meatel prevent the growth of dan-
gerous microorganisms as it travels through the distiioutietwork.

In this context, the control challenge is to regulate th@heé concentration throughout
the water network to keep it within certain lower and higheutds. However, many obsta-
cles challenge this control problem:

-Large Time Delays: Water may take a long time to travel fromtteatment plant to the
consumers through the distribution system. These temgetays can have an effect on the
chlorine concentration’s reaction to control activities.
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-Constraints: To maintain compliance with safety and regwastandards, the control
system must consider multiple constraints such as the mawi@and minimum allowed
chlorine concentrations.

-Uncertainties: DWDS are subject to uncertainties, whicly raase from a variety
of causes, including variations in water demand, fluctgatiater quality from different
sources, and uncertainties in the distribution networkt$raulic behavior.

To create an effective controller, it is necessary to craateodel that effectively repre-
sents the dynamics of chlorine concentration in the DWDSs Tiodel should take into
account elements such as the rate of reaction, transpanbptena, and mixing processes
that influence changes in chlorine concentration over time.

Furthermore, because uncertainties are inherent in thersysppropriate tools to pre-
dict and manage these uncertainties are required. Thigsemtaking informed decisions
and adapting to changing situations using past knowledgeeafystem, historical data, and
real-time online observations.

The controller's primary goal is to ensure that the chlonmasidual concentration re-
mains within the acceptable boundaries in the presenceaafrtainties. This may need the
use of robust control strategies that can handle unceadajras well as advanced control
approaches such as Model Predictive Control (MPC), which npdiynize control actions
over a predictive horizon while taking system restrictiorts account.

Overall, an efficient control system for maintaining chhariresidual content in DWDS
should be capable of dealing with time delays, handling rtacsies, and adhering to re-
strictions, all while providing safe and dependable wateity for users. This is critical for
ensuring that clean and safe drinking water is availableutinout the distribution network.
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1.2 Thesis sturcture

The mathematical modeling of the chlorine residual corregion is discussed in Chapter
2. The hydraulic effects on the quality model are studiedtista with the basic DWDS
component model. It is possible to obtain mathematical rsoofechlorine transportation,
mixing, and reaction kinetics.

The methods for obtaining input-output and state-spaceetscare described. The
DWDS input-output model structure with switching tank isestigated. In that chapter,
a control problem is also studied. The path analysis appraaich is used to calculate the
time delay in the chlorine transportation from the injestitode to the monitoring node, is
described next in order to identify the model parameteictire.

Chapter 3 delves into the T-S fuzzy modeling concept, withdytem construction
carried out through a two-part approach involving clusigrior an initial coarse model,
subsequently refined. The initial phase entails clustettiegnput space, followed by the
application of a hybrid learning algorithm (HLA) in the se@ogient phase. This HLA con-
sists of a gradient descent-based optimization strateggriamise parameters and utilizes
weighted least squares (WLS) for subsequent parameteraggim

Central to this identification methodology are two definingtéges: a self-adaptation
mechanism governing learning rates and the incorporafiarsoaled metric norm to gauge
distance. The outcomes of experimental evaluations ucderghe high efficiency of the
proposed solution.

The model predictive control (MPC) technique is describe@lvapter 4. The DWDS
mathematical model has been established. Controlling tlogica concentration in drink-
ing water networks is successfully accomplished usingtéichimultivariable fuzzy predic-
tive control. The control signals are computed to enhaneefukure operational perfor-
mance of the underlying processes, focusing on achieviegjgg adherence to set-points.

The development of the Takagi-Sugeno fuzzy system followsacastep process: first,
the identification of its structure, and second, the adegtadf its parameters. The learn-
ing algorithm adapts the learning rates based on the ewalwati the cost function. The
simulation findings validate the proposed fuzzy controlrapph for regulating the chlorine
concentration in the DWDS.

The fundamentals of multivariate statistical process mooimg are presented in Chapter
5, with a special emphasis on the usage of the Bottleneck NBletavork (BNN) in au-
toassociative mode to execute nonlinear principal compioaealysis (NLPCA). A fuzzy
clustering-based projection strategy for NLPCA learningnisoduced. To adapt this diag-
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nostic method to nonlinear systems, a contribution is pgeddo replace the linear PCA
model with a Bottleneck Neural Network (BNN). The state retatdion method is used
to isolate sensor faults.

The simulation results are presented and analyzed in Chéapffiethe thesis, The results
and discussions help to validate the research and corgribuhe field’s understanding of
water distribution system control and water quality mamagyet.



Chapter 2

Analytic Model of Drinking Water
Distribution Systems

2.1 Introduction

A water distribution system is an integrated network of comgnts that transports water
from its source to many endpoints or customers. It is a nacggsrastructure that ensures
the delivery of sufficient quantity and quality of water to eheiser needfl]. They are
composed of active parts (such as valves and pumps) thaheaige the flow rate of water
in the system and passive components (such as pipes, taksservoirs)[]. Figure2.1

Reservoir

Tank 1

Mode 6

Fig. 2.1 A Benchmark Drinking Water Distribution Network

The mathematical model of chlorine concentration in the DWiiIEbe established in
this chapter.
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2.2 Physical Laws

e Conservation of Mass

The law of conservation of mass, often known as the prin@plmass conservation, says
that in a closed system, mass cannot be created or destfDyisdneans that, independent
of any physical or chemical processes occurring within yis¢esn, the total mass of a closed
system remains constant over time.

When analyzing the input and outflow of mass at a junction nade system, such as
in fluid dynamics or transportation networks, the principfemass conservation can be
utilized.

The rate of mass storage inside a junction node (change is mietin the node over
time) equals the difference between total mass input aadinwdss outflow from that node.

B _sam-vo 2.)

whereQ; is the total inflow into nodé [m?/s], V; the water volume at node[m®/s], and
dS/dt is the change in storager/s).

» Conservation of Energy

Assume a pipe section with lengttim], cross sectional are@[nm?], andAh the head differ-
ence between the two ends of the pigehe gravitational acceleration, ahgssthe head
loss through componentalong the path. The flow;(t) [m3/s] evolution over the pipe is
given by:
dq(t A
QU _ 9 (A1) — ess(t) 22)
Head losses represent the energy losses along the pipitngnsece designed as follows:

hloss(t) = hIossf (t) + hlossm(t) (2-3)

wherehjgss ¢ represents friction losses ahgssm is the minor local losseSB]. To obtain
a dynamic model of DWDS, parameters of network elements neikhbwn or estimated,
equations of mass and energy are used to develop a staterspeegentation of the follow-
ing form:

X(t) = T (x(t),u(t),d (1)) (2.4)

We consider thatx is the state(the flow across pipes and the heads in nodas)the
control input(loss coefficient of valves and pressure itipecof pumps)d is the exogenous
disturbance input, anflis the nonlinear state transition function.
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2.3 Hydraulic Laws in Drinking Water Distribution Networks

Water is the carrier of the chlorine in the distribution netilt The behavior of chlorine
transportation and mixing is directly influenced by speddictors such as water flows, ve-
locities (speeds of water movement), and detention times duration water remains in
a reservoir). These parameters play a crucial role in hoertid is dispersed and mixed
within the system.

The hydraulic properties of the system, which include thevenment and distribution of
water, have a substantial impact on the modeling of chlaroreentration. The way water
flows and interacts with the environment directly affectwatlorine is distributed and di-
luted. Therefore, understanding the hydraulics is crdoiaaccurate modeling of chlorine
concentration. The thesis presents a systems approachdigingand operational control
of water distribution networks. The hydraulic principlesDWDS provided here are useful
in analyzing the sources of uncertainty in quality contidie description, however, is rather
brief. Details are available in the chapter an@Bj[

The water network is composed of various interconnectechehs. These elements
work together to facilitate the distribution and managenwnwater within the network.
They are divided into two groups based on flow rate: activenelgs (valves and pumps)
that can adjust the flow rate of water in the system and passigonents (pipes, tanks,
and reservoirs)l3]. Figure2.2

- Reszervoir Tank I
Junction |
o= ‘

Pump

Pipe

-9 ? -

Fig. 2.2 Physical Components in a Water Distribution System
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2.3.1 Pumps

pumps are crucial components of a Drinking Water Distritnuystem. They add energy to

the system by increasing hydraulic head, facilitate wateply and pressure maintenance,
and are primarily driven by electrical motors. Efficient rmagement and control of pumps

are essential for achieving the objectives of maintainiagewpressure, optimizing energy
consumption, and ensuring the effective operation of the BMElgure2.3.

The relationship between the head created by a set of vesrggdded pumps running in
parallel and the speed of the pumps and their output flow isrdesl as nonlinear. In this
context, the following variables are mentioned:

-Head(hp) [m|: This represents the hydraulic head generated by the pummeters.
The hydraulic head is a measure of the potential energy diufteand is often associated
with the pressure or elevation of the fluid within the system.

-Speed N) [rpm|: Speed refers to the rotational speed of the pumps, typioadasured
in revolutions per minutérpm). Variable-speed pumps have the ability to adjust their-rota
tional speed, which affects their pumping characteristics

-Output Flow(Qp) [m3/): Output flow represents the volume of fluid (usually water)
pumped by the system per unit of time. It is typically meadurecubic meters per second

(°/s).

ip () = 0N (07+ N (1) Qp 1) ~ S5 (1 25)

with ag, bg andcy are the constants for a specific pump characteristics.

Fig. 2.3 Water Pump
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2.3.2 Pipes

A pipe is an element of circular section, intended for tramspg liquids (e.g.,water) from
one junction to another as shown in figldd. Take into account a pipe section with sec-
tional areaA, [m?], lengthl, [m] and head difference between two ends of plipg [m).
The flowQp(t) [m?/9 through a pipe is given by the following differential equeti

dQp(t
A0 _ 9% Ay ()~ hoss() 2.6)
dt Ip
SOURCE
! g 2 3 7 e
1 2 B
- O B
PUMP 3 5 TANK
4 4 i}
7
8
5
Fig. 2.4 Example of Pipe Network
2.3.3 \Valves

Valves play a crucial role in a drinking water distributiopseem (DWDS), performing a
wide range of functions that contribute to the overall opera maintenance, and safety of
the system. Here are some common types of valves found in DWid e functions they

serve.

» Gate Valves: These valves control the flow of water by rgisinlowering a gate (a
wedge-shaped barrier). They are often used to completelyashor allow full flow
through a pipe.

 Ball Valves: Ball valves have a rotating ball with a hole thabhde aligned with the
pipe to allow flow or turned perpendicular to shut off the fldwey provide quick and
reliable shutoff capabilities.



16 Analytic Model of Drinking Water Distribution Systems

« Butterfly Valves: These valves consist of a circular disc nted on a shaft. Rotat-
ing the disc controls the flow by varying the opening. Theydaften used for large-
diameter pipes.

» Check Valves: Check valves allow water to flow in only one dimt preventing
backflow and maintaining the direction of flow in the network.

» Pressure Reducing Valves (PRVs): PRVs maintain a considtevnstream pressure
by reducing the incoming pressure from the supply. They@enthat pressure remains
within safe limits throughout the system.

* Pressure Sustaining Valves (PSVs): PSVs maintain a mmimpwessure in a specific
zone, preventing pressure drops that could affect useicserv

» Pressure Relief Valves: These valves release excess mrdssm the system to pre-
vent damage or over-pressurization.

» Air Release Valves: Air release valves expel air from theesygto prevent air pockets
that could disrupt flow and reduce system efficiency.

* Fire Hydrants: Although not strictly valves, fire hydramat® important components
that allow water to be extracted for firefighting purposes.

* Isolation Valves: These valves are strategically placetsdlate sections of the net-
work, making repairs and maintenance easier without affgthe entire system.

» Control Valves: Control valves regulate flow or pressure dasesignals from sensors
or controllers. They enable dynamic adjustments to opgmiistem performance.

 Throttle Valves: Throttle valves control flow by restriugi the cross-sectional area of
the pipe. They are used for fine-tuning flow rates.

* Mixing Valves: Mixing valves blend water from different si@es or at different tem-
peratures to achieve the desired water quality or temperatu

These are just a few examples of the many types of valves imkinlg water distribution
system. Each type of valve serves a specific purpose in egseificient, reliable, and safe
water distribution to consumers. Proper selection, itegtah, and maintenance of valves
are essential for the effective operation of the entire DWDS.

As a modelling example, the flow control valve is illustraiadrigure2.5. The flow
control valves is a kind of variable valves that can be mede#s a pipe with controlled
conductivity, that is:
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0.46

dij = Vi Gij (hi —hy) |hi —hy|~ (2.7)

whereV;j denotes the controlled value and the valve is clos¥{] i 0 and fully opened
ifVij=1.

qr}

Fig. 2.5 Model of Flow Control Valve

2.3.4 Reservoirs

A reservoir is a natural or manufactured place where watgaisered and stored for use.
The reservoir head without external pressure at the poititetlischarging is represented
in the next simplified continuity equation :

dh(t 1

oW _ L1500 (t) - Qo) 28)
o

wherep, pi, po are the water reservoir density, the inflow and outflow, regpely, and they
are supposed equal(t) [m/s] is the input flow rate an@q(t) [m®/s is the output water
flow rate.h(t) [m] is the head and [n?] denotes the capacity of the reservoir. Figuée

q. ; Dout.i

H.:i,.:!-

i .
1. 4 5 DWDS

Fig. 2.6 Model of a Reservoir
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2.3.5 Nodes

A node is an intersection in the water network that joins dinkgether and where water
enters or on the other side leaves the system. The law of c@tiga of mass is considered
at nodes, it affirms that the rate of storage in a junctionseranad tanks is equal to the
difference between inflow and outflow.

B _sam-vo (2.9

wheredS/dt is the change in storagen®/s|, Qi [m®/g] represents the total inflow in
nodei andV; [m®/g is the water volume used in nodd§].

2.4 Quality Model

Several chemical disinfectants, including as chlorinejcths affordable and simple to
apply to water, can be used in the DWDS to eradicate the gemhsdlse diseases and ill-
nesses. However, it should be kept within set limitations.ewa chemical is incorporated
into the water at a specific location in the DWDS, the flow of waigries it along with
it. A quality model simulates how the chemical disperses atemtravels through pipes,
tanks, and reservoirs, indicating how the chemical comagah changes as it goes through
the systent8]. The operational control of chlorine concentration in DWiBSased on
a forecast of water demand for a minimum of a-2#our period. An higher level con-
troller creates the pump and valve operation scheduless&asonal, climatic, and cultural
patterns that influence water consumption might shift dgpildie to urgent situations like
fighting fires.
In this chapter, the mathematical model of chlorine comegiain in the DWDS is to be
established.
Transportation, mixing, and reaction are the three fadtuatsgovern the chlorine residual
concentration in the water network. Typically, chlorineingected at some nodes in the
distribution network and added to the water treatment @®es shown in figu&7, the
source node of chlorine injection is nodeand monitored node i6, y(t) andu(t) denote
the chlorine concentration at the monitored node and ilgectode, respectively, which are
the model output and input.
Only chlorine residual concentration in the distributiatwork is considered in this thesis.
The following equation describes chlorine transfer andhglé a linear water flow:
oG (t,d) _Vé'Ci (t,d)

- LSRG (L) (2.10)
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Fig. 2.7 Chlorine Paths in a Simple Water System

whereC; denotes the chlorine concentration in pipé is the time instant during the
hydraulic period,v represents the velocity flow in pigded means the distance from the
initial node, andR; indicates the reaction rate coefficient in pipe

The Lagrangian approach is a common technique used in geffalanodeling Drinking
Water Distribution Systems (DWDS) to simulate the transpad concentration of chemi-
cals, such as chlorine, in the water. This approach is wideiployed because it provides
a detailed and accurate representation of how chemicalge suog disperse within the net-
work, using a real measurements:

y(k) = f (F;dc,u(k)) (2.11)

wherey(k) is a vector of the chlorine concentration data at each notte. finction f
represents the hydraulic and quality solution algorithrhisTfunction takes as arguments
the consumer demands, graphF, which represents the nodes and pipes of the network.

2.5 Simulation Study

2.5.1 Water Network Simulator: EPANET

EPANET, a widely used computerized simulation model, wagekbgped by the United
States Environmental Protection AgendPA). It is a software tool that was released in
2000 by the National Risk Management Research Laboratorysaditeare is open-source
and free, and it is widely used in DWDS simulation and analg$ieydraulic and water
guality behavior in pressurized pipe networkd|

The fundamental characteristics and capabilities of EPAEe as follows:

-Hydraulic analysis: EPANET can simulate the hydraulicdebr of water flow within
the distribution system, considering factors such as pipeacteristics, pumps, valves, stor-



20 Analytic Model of Drinking Water Distribution Systems

age tanks, and demand patterns. It helps in assessing r@é=gels, flow rates, and water
age throughout the network.

-System optimization: EPANET can be utilized to optimize thperation and design
of the water distribution system. It aids in the approprigiicement of pumps and stor-
age tanks, pipe sizing, pressure control, and other systerfiigarations in order to meet
regulatory standards and increase operating efficiency.

-Reporting and visualization : EPANET provides graphicall tior visualization for
displaying network layout, hydraulic results and waterlduanformation. It also enables
the generation of detailed reports that summarize the sitoul results.

-Scenario analysis: EPANET enables utilities to assesspact of system modifica-
tions or serious incidents on hydraulic performance aném@utality by analyzing several
scenarios. This helps in decision-making, emergency respplanning, and assessing the
efficacy of system modifications or interventions.

Water utilities can use EPANET to acquire useful insights the performance of their
distribution systems, optimize operations, guarantealaggry compliance, and improve
overall water quality management through the integratibERANET. It is an effective
technique for analyzing the transport and changes of drgnkvater inside a distribution
system[L3].

EPANET is a powerful software tool that enables a comprakiensmderstanding of
drinking water distribution systems. Its adaptabilityoalk it to be used for a wide range of
applications, from hydraulic modeling and water qualitalgsis to system optimization and
risk assessment. Water utility professionals, reseasched engineers can utilize EPANET
to make informed decisions, enhance system performandegraure the delivery of safe
and high-quality drinking water to consumet#].

In this thesis, EPANET is used to simulate the hydraulic dndrine residual dynamics
of the DWDS. The controls of pumps and valves in the DWDS areigealby an integrated
guantity and quality controller at the upper level of a hiehécal structure as described in
Chapter 2. Therefore, these operational controls are ceregido be known. A DWDS net-
work file is created based on the operational information. Mu@ning EPANET through
the MS Windows graphic interface, the resulting hydraudics saved in a flat file and can
subsequently be read easily in Matlab for chlorine residuzdeling.

The EPANET source code is integrated i@ & file discreteS— functionfor Matlab to
simulate the chlorine dynamics. Iteratively calling théocime residual dynamic solver is
a new feature of EPANET. Thus, the hydraulics over the-2¥ur simulation horizon are
solved firstin the initialization component of the S-fuctj and then the chlorine dynamics
can be solved iteratively at each time step of the dis@etéunction At each time interval
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of the S-function, chlorine injections are updated by gegtthe S-function input values from
the RMPC block. The S-function outputs show the chlorine eatrations at the monitored
nodesf1].

2.5.2 Simulation Implementation in Matlab

Model parameters derived from historical data are insefficfor describing current and
future system dynamics. The fundamental reason is that wateand does not repeat itself
every day. As a result, operational controls and hydraaliesnot repeated]].
Measurements (historical data) are used to develop impticdels. As a result, numerical
simulators for hydraulic and quality information (implichodels) are required to forecast
real plant outputs for use in model parameter estimationrput-output or state-space
models (explicit models).

IO or SS models are explicit models that are beneficial fotroblesign but involve the
use of additional parameters. The model parameters canduéred using the numerical
results of the implicit model. The overall procedure issthated in Figur2.8[13]

DWDS Information Water Demand

DL g(-).F Prediction
¥ v Calib
: ‘alibrator
Hydraulic | c
Information
Measurements (€ ]:mml
v f Vv r DWDS
h 4 FJIqJ v + Ff—""'_—f-f
Model Structure licit Model
o ) -— DWDS
Determination { Stmulator) ks K, Coefficients
! w C
- Model Parameter Estimation
Structure
Error r
Explicit Model
(Input-output /

State-space Model)

Fig. 2.8 Procedure of Chlorine Model Parameter Estimation
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The figure shows that the hydraulic models must be establishadvance. Where a
number of coefficients are required, a quantity and quailtytator for the DWDS can be
constructed. Some coefficients can be measured directlseamain constant during DWDS
operation. Some are calculated from other known valuese®ttan only be approximated
online or offline using measurement data and must be catithi@t a regular basis.

There are mainly two steps in the case study. First is to obite model of the chlorine
residual of the DWDS, which could be 10 type or SS type. Qugiatitd quality data are
needed in order to perform path analysis algorithm and mpaelmeter estimation. Path
analysis requires hydraulic data of water flow and veloaityhe network, which can be
obtained by running EPANET in Windows and saving the simaitatesults into files that
are read by path analysis algorithm implemented in Matlab.

To generate the data needed for model parameter estimaliba. experiment is imple-
mented in Matlab by embedding the EPANET source codes intefun@&ion, which is
illustrated in Figur@2.9[13].

Chlorine
Concentration
Chlorine DWDS at I\-Imzingred
Injection | 41  (Plant) No eg
EPANET
S-function S-function

Fig. 2.9 Experiment Implementation for Model Parameteimization

Next, Model Predictive Controller is designed based on thestpace model as show in
chapter 4. The Matlab simulation implementation of the dsdy is illustrated in Figure
2.10
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Fig. 2.10 Simulation Environment Implementation

2.6 Summary

The input-output and state-space models described in trapt€hare appropriate for con-
trol applications. Data obtained by the implicit model ¢glaimulator) can be used to esti-
mate their parameters.Considering the network flows, theehsiducture can be deduced
in either 10 or SS form. Though the quantity control inpute &nown when the quality
controller is designed, the corresponding network flowshate They can, however, be pre-
dicted using a network simulator with predicted disturtsamputs, such as water demand.
The chlorine residual model structure design procedurédeagxplained as follows:

1. Implement a DWDS hydraulic model (quantity simulator).

2. Path analysis is used for determining the structure o€aorISS model.

The parameters of the model must be estimated in order to letenihe design. This re-
qguires chlorine measurements above the control horizoay &he, however, unavailable at
the time the parameter estimation is being performed. Wdrgan use previous measure-
ments, which will work if water demand across the future cointorizon does not differ
significantly from the demand pattern in the past, and if thendjty controls in the past are
similar to the ones that will be used now. In practice, sucltasgon is very rare. It is
proposed once more to use the network simulator with exdetgenand to generate future
chlorine residuals and consider such chlorine residugiss@sdo measurements. The model
parameters will be estimated using the pseudo measurements

The water network coefficients that the simulator uses atestry. As a result, they can
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be calculated and calibrated using historical measurenhaiat Therefore, the following
procedures are taken to finish estimating parameters inIswémtecontrol purposes:

3. In DWDS (quality simulator), an implicit model of chlorimesiduals is constructed.

4. Finally, the model parameters are established.

Steps 1 and 3 include implementing a numerical model of aidoresiduals. In order to
implement such a model, DWDS coefficients such as pipe led@meter, roughness, tank
characteristics, chlorine reaction constant, and waterathel are required. In the thesis,
these processes are referred to as implicit modeling siegedre implicit in describing the
input-output relationship required by control design apération. The implicit modeling
is well developed, and there is a substantial literatureherstibject. The last phase of the
preceding approach is the focus of this chapter’s disconssionodel parameter estimation.
In order to get the chlorine residual model, a number of camepts were discovered; uncer-
tainties generated by these factors should be adequategyated in the input-output model
and the state-space model. The uncertainties in the syseepmimarily caused by three fac-
tors: inadequate hydraulic information, simplificationtbé chlorine kinetics description,
and discretization of time-varying chlorine transportaysl. The model structural error is
obviously deterministic. As a result, it is suggested thatlhounding approach be used to
model such deterministic structure errors. This structurer is operating point dependant
and can be rather high under certain conditions. Because tlelrnwill be employed in
MPC operations, the full input space must be searched inr todsolve the optimal MPC
problem. As a result, the a priori knowledge on structurererequired in applying the
bounding approach for parametric model estimate must diectbhe error structure bound-
aries corresponding to all potential operating conditidnshe thesisE PANE Twas used as
the DWDS simulator that is an important component in the eston structure described.



Chapter 3

Empirical Modeling

3.1 Introduction

Engineers and applied scientists (EASs) frequently finchefeml for mathematical models to
anticipate and project essential performance variablastdbutes associated with products
or process outcomes. These variables can be broadly caegjarto two primary types:

1. Dependent Variables (Response Variables)

Dependent variables, also known as response variabletheguantities or charac-
teristics that engineers and scientists are interestecenfigiing or forecasting. These
variables are usually the main focus of the analysis and tmogdél'hey are influenced

by one or more independent variables and represent thematooresult of a process
or system. Examples of dependent variables include:

Temperature in a chemical reaction. Sales revenue of a proHanergy consumption
in a manufacturing process. Blood pressure in a medical study

2. Independent Variables (Predictor Variables)

Independent variables, also referred to as predictor Maseor features, are the fac-
tors that are believed to influence or affect the dependemdbla. Engineers and
scientists collect data on these variables to build mattieadanodels that can explain
and predict the behavior of the dependent variable. Indig®rvariables can be either
continuous or categorical. Examples of independent vimsahclude:

Time: Often used in time series analysis. Temperature: cidféhe growth rate of
microorganisms. Pressure: Influences the efficiency of enarecal system. Material
composition: Affects the strength of a material. Customenaigraphics: Influences
consumer purchasing behavior. The process of developingtaematical model in-
volves identifying the relationship between the dependck independent variables
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based on available data. This relationship can be lineaowlinear, and various tech-
niques such as regression analysis, machine learningtaigsr and neural networks
can be employed to create accurate predictive models.

Engineers and applied scientists analyze these mathenatmdels to gain insights,
make informed decisions, optimize processes, and devétafegies for improving per-
formance, efficiency, or quality. The ability to forecast thehavior of crucial performance
variables or product/process features is essential femgdrinnovation, problem-solving,
and continuous improvement in engineering and appliedhseidisciplines.

While we will commonly employ various regression technigteesreate models based
on real data, for clarity, we will term the input variables"asgressors" and the output
variables as "responses.” This nomenclature helps prewgnpa@tential confusion. The
input variables are also labeled as "factors" when addmgssitata collection method called
factorial experiments. Moreover, the EAS necessitateautitigation of a mathematical
equation to accurately define the connections between piug @md output variables.

Outputs= f(Inputg

Even when the true functionf” remains elusive, we possess a means to approximate
it. However, this approximation process requires us toayatmpirical data across various
scenarios. In a positive aspect, a methodology has beemlfated to ascertain the minimal
conditions required for data collection in order to appneaie function 'f” using a polyno-
mial function. However, this approximation is contingepbn the assumption that function
" {7 is at least piecewise continuous and differentiable.

The encouraging aspect is that most functions we typicabpanter exhibit piecewise
continuity and differentiability, especially within theput range of interest. Nevertheless,
the challenge lies in the fact that™ might exhibit substantial nonlinearity, making it diffi-
cult to fit polynomial functions of any degree effectiveBi7]. In practice, we often resort
to straightforward transformations, usually applied tpunvariables, to approximatef”
using polynomials in the transformed variables.

There exist notable and significant special scenarios ffuhction “f”. In the initial
scenario, either all or a subset of the inputs are discretatagorical in nature. While
certain similar procedures might be applied to estimétari these cases, the interpretation
would diverge significantly from situations involving camiously valued inputs.

The third case arises when the general structurd bis’known or can be approximated,
yet the coefficients or parameters exhibit substantialineatity [37].
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3.2 Empirical Modeling Principles

Empirical Modeling (EM) constitutes a computer-centerestigling methodology. EM de-
parts from the conventional object-oriented perspectibiastead embraces an observation-
oriented approach to understanding phenomena. This agpsaeks to explain events by
focusing on the activities that alter the states of agentse dctions and interactions of
agents are translated into modifications in observablepebd#encies are portrayed as the
means through which modifications in one observable irtelgaaffect changes in other
observables in a unified conceptual man8@r[

3.3 Neural Networks Approach

Neural networks belong to a category of machine learningatsatiat draw inspiration from
the configuration and operation of the human brain. Theylerdasks that require pattern
recognition, classification, regression, and other iateaata-driven operations.

Here’s a basic overview of the neural network approach:

1. Architecture:
Neural networks are constructed with interconnected noaofésn referred to as neu-
rons, which are arranged into layers. The prevalent typésyefs include:

* Input Layer: This layer serves as the initial recipient afador features.

» Hidden Layers: These layers, which can be multiple, pr®tes data through a
series of weighted connections.

» Output Layer: This layer produces the final prediction cipaoitt

2. Weights and Activation Functions

Every connection linking neurons is accompanied by a cparding weight, which
undergoes adjustments during the training process. Thghtexl sum of inputs is
then directed through an activation function within eachroa. Standard activation
functions encompass sigmoid, tanh, and ReLU (Rectified Libed).

3. Feedforward Process

In the feedforward process, information traverses fronirtpat layer, traversing through
the hidden layers, and ultimately reaching the output lajurons within a given
layer are interconnected with neurons in the subsequeat,layth the weighted in-
puts being subjected to transformation through the aatindtinctions.
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. Loss Function

A loss function measures the disparity between the predistgenerated by the net-
work and the true target values. Throughout the traininggse, the objective is to
minimize this loss by fine-tuning the weights.

. Backpropagation:

Backpropagation involves the computation of gradientsHerdss function in relation
to the weights. These gradients provide insights into thergxo which each weight
should be modified to decrease the loss.

. Optimization:

Optimization algorithms, such as Stochastic Gradient Be(SGD) and its variations
(like Adam and RMSProp), employ the gradients derived frorokpeopagation to
adjust the weights within the network. This iterative prex@nhances the model’'s
performance over time.

. Training :

The training of the network entails providing it with a dagaand iteratively refining
the weights to minimize the loss. This procedure persists the model reaches a
state of convergence where the loss is minimized.

. Validation and Testing:

Following the training phase, the model is assessed usingdapendent validation or
test dataset to gauge its capacity for generalization. difoisess validates whether the
model can make precise predictions on new, unseen data.

Neural networks find application in diverse domains like gmaecognition, natural lan-

guage processing, and speech recognition. Distinct aathites, such as Convolutional
Neural Networks (CNNs) tailored for images and Recurrent BleNetworks (RNNs) de-
signed for sequences, have emerged to cater to specificypatmdnd tasks.

However, it's important to emphasize that while neural reks possess significant po-

tential, they demand meticulous hyperparameter tuningstantial data availability, and

adequate computational resources for effective trainfdggoing developments in neural
network designs and training methodologies have yieldedkihroughs across domains
like artificial intelligence, computer vision, and natul@ahguage processingfg).
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3.4 Fuzzy Clustering

Clustering techniques are unsupervised methodologiesogegbto arrange data into clus-
ters or groups, guided by similarities among individualadabints. Diverging from con-
ventional statistical techniques, clustering algoritidos’t hinge on assumptions about the
inherent statistical distribution of the data. This quafiénders them particularly valuable
when there’s limited preexisting understanding of the datracteristicsy1].

Clustering algorithms have a wide range of applicationdumtiog:

-Classification: Clusters can be used to assign new data oiaissting groups, aiding
in classification tasks.
-Image Processing: Grouping similar regions in images e$§mwith tasks like object recog-
nition and segmentation.
-Pattern Recognition: Clustering can help identify pattenngends in data that might not
be apparent otherwise.
-Modeling: Clusters can serve as a basis for building predichodels.
-ldentification: Clustering can assist in identifying grewpith specific characteristics within
a dataset.

Clustering algorithms can handle various types of dataydiob:

-Quantitative (Numerical) Data: This refers to data that lba measured using numbers.
For example, measurements of length, temperature, etc.
-Qualitative (Categorical) Data: This involves non-nuroetata that represents categories
or labels. For example, colors, types of animals, etc.
-Mixed Data: Data that includes a combination of both nuosr@nd categorical features.

The chapter primarily focuses on clustering quantitatisad This means that the data
used in the clustering process consist of numerical measnes.

Every entry within the dataset comprise® ineasurable variables. These variables are
structured into anri” dimensional column vector denoted As= [z, ..., Zw], Zk € R". A
collection ofN observations is represented as

Z={%|k=1,2,...,N} and is represented as an N matrix.

211 Z12 -+ 4N

1 Zop - Z
z= | =™ (3.1)

Zn1 Zn2 -+ InN



30 Empirical Modeling

The matrix "Z" is a fundamental representation of the data uselustering and pattern
recognition. It’s a structured way to organize the data falysis. In this context, each row
of the matrix corresponds to a data point (pattern or ohjeci) each column corresponds
to a specific attribute or feature of the data. In the realmadtigon recognition, the columns
of matrix "Z" are referred to as "patterns” or "objects." Thea#grns could represent in-
dividual instances, samples, or observations from a datadse rows of matrix "Z" are
described as "features” or "characteristics."” Each row hblelsalues of different attributes
or variables that describe the corresponding pattern @cbb] hese attributes could be mea-
surements, properties, or qualities associated with eattbrp. For example, In the context
of medical diagnosis, if each column of "Z" represents irtinals (patients), then each row
could represent symptoms or laboratory measurementsiagsbwith these patients. This
creates a matrix where you have different symptoms or laleegdor each patient.If cluster-
ing is applied to study dynamic systems, the columns of "Z"hhapntain temporal signal
samples. Each column could represent a time step, and eactordd contain physical
variables (position, pressure, temperature) observeubaparticular time step. This way,
you can analyze the system’s behavior and relationshipstowe. In dynamic systems,
past values of variables are often included in the matrix TAiS incorporation reflects the
system’s dynamics and allows for the consideration of hisainformation [3].

Depending on the specific objective of clustering, diff¢réefinitions of a cluster can
be formulated. Generally, a cluster is understood as a goduigms that exhibit more
similarity to each other than to members of other clustetss €oncept of "similarity" is
based on mathematical measures and is quantified usinglefelied methods. Similarity
in metric spaces is typically defined by a distance norm. Tisiakce between data vectors
or between data vectors and a prototypical object (pro®tgpthe cluster can be measured.
Clustering algorithms are used in conjunction with dataipaning to look for prototypes
that are often unknown in advance. Vectors of the same dimers data items can be
prototypes, but they can additionally represent highestlgeometrical structures such as
linear or nonlinear subspaces or functions.

Data can reveal clusters characterized by diverse geanfetms, dimensions, and con-
centrations, as visually depicted in FiguBel. Cluster arrangement (a) displays spherical
geometry, while clusters (b) through (d) showcase linedrreamlinear substructures within
the data space].

The efficacy of most clustering methods is influenced by facsoich as the geometric
shapes and densities of individual clusters, along withspgatial interactions and distances
between these clusters. Clusters can exhibit charactsristibeing well-separated, consis-
tently connected, or overlappirig[
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Fig. 3.1 Clusters of different shapes and dimensions

Clustering is a fundamental technique in data analysis attérparecognition, and it
involves grouping similar data points together to form tdus. These clusters can help
in uncovering hidden structures, patterns, and relatipssiithin a dataset. As you men-
tioned, one way to categorize clustering methods is basedhether the resulting clusters

are fuzzy or crisp (hardp.

Hard clustering, also known as exclusive clustering, isrleach data point is assigned
to exactly one cluster. In this approach, there is a cleanfdary between clusters, and
each data point belongs to the cluster it is most similar tmeting to a certain distance or
similarity measure.

Fuzzy clustering, in fact, provides greater adaptabilitygrasping the intrinsic uncer-
tainty and overlapping characteristics frequently obsérn real-world datasets. This is
achieved by enabling data points to be associated with pheltlusters simultaneously,
each with differing degrees of membership. Through thishmaatsm, fuzzy clustering can
offer a more intricate depiction of intricate data intengeations.

The agglomerative and divisive hierarchical methods ereatv clusters by redistribut-
ing the memberships of individual points, utilizing a relav similarity measure. Alterna-
tively, graph-theoretic techniques treat the collectioasza set of nodes, establishing edge
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weights according to similarity measures between thesesiddlustering algorithms often
employ an objective function to evaluate the partition gyal

Nonlinear optimization algorithms are employed to idgntife local optima of the ob-
jective function. The subsequent sections of this chaptedadicated to exploring fuzzy
clustering with a designated target function. These metlogies are reasonably compre-
hensible, and mathematical solutions exist to ascertaimergence characteristics and clus-
ter validity.

The notion of fuzzy partitioning holds pivotal importanae dluster analysis and, by
extension, in identification methods grounded in fuzzy teusg. The conventional hard
partitions, delineated through classical subsets, ararelgrl upon by incorporating fuzzy
and probabilistic partitionsbp)].

3.4.1 Hard Clustering

Hard clustering, often referred to as crisp clustering,nisiasupervised machine learning
approach utilized to segregate a dataset into discrete amaverlapping clusters. In this
method, each data point is associated with precisely orsterjueading to distinct and
unambiguous assignments. This implies that cluster assghdecisions are definitive,
devoid of overlap or uncertainty in the assignment of datatpdo clusters14].

Key Characteristics:

» Exclusive Membership: Within hard clustering, every indual data point is attributed
to a sole cluster, and there’s no provision for inclusionrig ather cluster.

 Clear Separation: The primary goal of hard clustering isstalgish clusters that ex-
hibit clear separation, ensuring that data points withs $hme cluster demonstrate
greater similarity among themselves compared to data pdielonging to different
clusters.

 Fixed Cluster Number: Most hard clustering algorithms megyou to specify the
number of clusters you want to create beforehand.

Advantages

» Simplicity: Hard clustering methods are often simplerngplement and understand
compared to fuzzy clustering or probabilistic models.

* Interpretability: The resulting clusters have clear baanmmes, which makes them easy
to interpret and explain.
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« Efficiency: Many hard clustering algorithms are computadilly efficient, making
them suitable for large datasets.

Disadvantages

 Lack of Flexibility: Hard clustering doesn’t handle casesere data points could rea-
sonably belong to multiple clusters well, or when there’'serntainty about cluster
assignments.

» Sensitive to Noise: Hard clustering can be sensitive tbeyatand noise, which might
lead to inaccurate cluster assignments.

* Need for Prior Knowledge: You often need to know the numbefwesters in advance,
which might not always be the case in real-world scenarios.

Hard clustering is suitable when your data naturally fait® idistinct, non-overlapping
groups and when you have a good understanding of the numbsusiérs you want to
create. However, it might struggle when there’s uncenamtcluster assignments or when
data points lie on the boundaries between clusters. In sagés¢ fuzzy clustering or other
more flexible techniques might be more appropribdg|

It's worth highlighting that hard partitioning encountefsallenges when confronted with
intricate or overlapping patterns within the data. In sucénsrios, fuzzy or possibilistic
clustering offers greater flexibility by accommodating trmemberships or degrees of
possibility. This leads to a more adaptable and precisectiepiof the underlying data
structures.

To summarize, the process of partitioning a dataset Z intlusters encompasses the
exclusive assignment of each data point to a solitary alwgithin hard partitioning. The
objective is to craft well-defined and internally cohesiligsters, grounded in a predefined
similarity metric [14].

{Ai|1<i<c} c pP(2Z) with the following properties

whereP(Z) is the power set of Z.

Ua=z (3.2a)

i=1
ANA =0,1<i#j<c (3.2b)
ODCcACZ1<i<c (3.2¢)

The combined subsef, as defined by Equatior82g, encompass the entire dataset.
As stipulated by Equation3(2b), these subsets are required to be non-overlapping, with
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none of them being empty or encompassing the entirety of glatds in Z as outlined in
Equation 8.20.

A partition can be conveniently articulated usmgmbershifcharacteristig functions
through the utilization of th@artition matrix U= [IJik]CXN' Each row of this matrix, denoted

by i, encapsulates values representing the membership faratid’s ith subsetA;. In
accordance with Equatio ), the matrix elements within U must adhere to these criteria

ik € {0,1},1<i<c,1<k<N (3.3a)
C
ZUik =1,1<k<N (3.3b)
i=
N
0<H pk<Nl<i<c (3.3¢)
k=1

The hard partitioning space is thus defined as the set of sdiiple hard partition matrices
for Z [52] :

Mpc = {u e OoN

c N
H, €{0,1},Vik; Zuik =1,vk;0< z H, < N,Vi}
i= K=1

* Example:

Let us use a simple example to demonstrate the notion of laatidipning [3]. Consider
the data se¥ = {7, 2,...210}, as given in Figurd.2

®
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Fig. 3.2 A data set if]2
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The first row of matrix U represents the characteristic fiomctorresponding to the
initial subset of Z, denoted &%, while the subsequent rows define characteristic functions
for subsequent subsets liRe. Each individual sample is required to be uniquely allodate
to a single partition subset or cluster. In this specific acen both the border poirgs and
the outlierzg have been assigned to the sub&gt Evidently, this instance highlights that
hard partitioning might not accurately portray the undedydata. Instances situated at the
boundary can exhibit patterns that encompass a mixturetafatibutes from boti; and
Ao, and as a result, they cannot be fully attributed to eithetheke classes, nor form a
distinct class.

This limitation can be addressed by leveraging fuzzy antaidistic partitions, as elu-
cidated in subsequent sectioid. [

3.4.2 Fuzzy Partition

Fuzzy partitioning is a fundamental concept within clustealysis and plays a pivotal role
in fuzzy clustering methodologies. It facilitates the gasnent of membership degrees to
individual data points, indicating the extent to which epoimt belongs to various clusters.

Unlike hard partitioning, where each data point is exclelsiassigned to a single cluster,
fuzzy partitioning permits overlapping memberships. Tiiplies that data points can pos-
sess partial memberships in multiple clusters, reflectiedevel of uncertainty or ambiguity
in their assignments.

Fuzzy clustering techniques, including the Fuzzy C-Meai@\J-algorithm, leverage
fuzzy partitions to gauge the degree of membership for daitstpwithin each cluster. By
accounting for fuzzy memberships, these algorithms catuoaphe inherent fuzziness or
ambiguity present in the data, thereby yielding more védesahd nuanced clustering out-
comes.

Likewise, possibilistic clustering methodologies expandhe concept of hard partition-
ing by allowing for partial or possibilistic membershipsosBibilistic clustering assigns a
degree of possibility to each data point's membership wighcluster, indicating the extent
to which the point might belong to that particular cluster.

Fuzzy and possibilistic partitions can be perceived agwibas of hard partitions, framed
within classical subsets. They establish a more adaptedriecivork for the exploration of
clustering, enabling a finer-grained representation outhgerlying data structures and as-
sociated uncertainties.
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These concepts of fuzzy and possibilistic partitions hamahstrated successful appli-
cation across diverse fields, encompassing pattern raamyrimage processing, and data
mining. Particularly in scenarios where data exhibits clex@nd overlapping patterns,
these approaches enhance the interpretability and agoofratustering outcomes by intro-
ducing the notion of fuzzy or possibilistic memberships.

The hard partition is directly generalized to the fuzzy chgeallowing Lix to acquire
real values in [0,1],45] provides conditions for a fuzzy partition matrix that acpealent
to(3.2.

Uik €10,1],1<i<c,1<k<N (3.4a)
c
Zlﬂik =11<k<N (3.4Db)
i=
N
0< Zuik<N,1§i§c (3.4¢)
K=1

The values of the ith membership function of the fuzzy sulsetf Z are contained in
thei, row of the fuzzy partition matrix U. EquatioB{b) limits the sum of each column to
one, therefore the total membership of eacin Z is one. The set is the fuzzy partitioning
space for Z4].

M¢c = {u c gexN

c N
H, €10,1],Vi,k;y p, =1Lvk0< S p, <N, Vi
: 2t 2

* Example:

Consider the data set from the previous. One of the infinitelpyrfuzzy partitions in Z is:

U— 10 10 10 08 05 05 02 00 00 0O
~ | 00 00 00 02 05 05 08 1.0 10 10

The border points now exhibits a membership degree of 0.5 in both classesctietigts
placement at the midpoint between the two clusters. Conyetke outlierzs demonstrates
matching pairs of membership degrees in both clusters,itdesping farther away. As a
result, it can be considered less representative of Ap#mdA, in comparison t@s. This
is due to the requirement outlined in equat®dp), which necessitates that the sum of
membership degrees for each point totals one.

In this context, employing three clusters instead of two Miqarovide a more accurate
representation. Generally, the identification and assegrirof outliers to additional clusters
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pose challenges. This drawback of fuzzy partitions is cireented through the application
of possibilistic partition, elucidated in the subsequetti®ni6].

3.4.3 Possibilistic Clustering

Relaxing the constraint established by Equati8mf) results in a more inclusive variant
of fuzzy partitioning, referred to as possibilistic clustg. Nevertheless, it's essential to
acknowledge that completely removing this constraint isfeasible in order to ensure that
every data point is allocated to a fuzzy subset with a merhexalue greater than zero.

Instead of Equatioi®(4b), a less stringent constraint can be adoptédddi, and ik > 0.
The prerequisites for a possibilistic fuzzy partition magére delineated as follow4]:

ik €[0,1],1<i<c,1<k<N (3.5a)
di, yix > 0,Vk (3.5b)
N
0<Z[Jik<N,1§i§C (3.5¢)
k=1

The set is the possibilistic partitioning space for Z, asmprior situations

N
Mpc = {U € 09N |p, € [0,],¥i,k; vk, 3i, pix > 0;0< Y i < N,Vi}
k=1

» Example:

For our data collection, below is an example of a possiligartition matrix:

U— 10 10 10 10 05 02 00O 00 0O 0O
~ |00 00 00 00 05 02 10 10 1.0 10

Because the sum of the elements in each columd af M is no longer constrained,
the outlier has a membership of 0.2 in both clusters, whidess than the membership of
the border poings, indicating that this point is less typical for the two cleis thares.

3.4.4 Fuzzy C-means Clustering

The Fuzzy C-Means (FCM) algorithm is a clustering techniqa plermits a singular data
point to have membership in two or more clusters.
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The Fuzzy c-Means Functional

A wide range of fuzzy clustering methodologies centers @aglominimizing the fuzzy C-
Means functional, which is mathematically defined4s [

Cc

J(Z;U;V) i)™ 12— vil |2 (3.6a)
|Z\kzl | A
where
U = [tik] € M¢c (3.6b)

U is defined as the fuzzy partition matrix of Z,

V = [V, Vo,..., V|,V € O" (3.6¢)

V denotes a vector of cluster prototypes (centers) that brisiefined.

Dia = llz—Villa = (z—Vi)" Az — ) (3.6d)

is a squared inner-product distance norm, and

me [1, ) (3.6e)

signifies the factor that dictates the degree of fuzzinetisamesultant clusters. The cost
function’s value, as indicated by Equati@g, can be regarded as a gauge of the overall
variance between andyv;.

The Fuzzy c-Means Algorithm

The c-means functional minimization requires addressimgprdinear optimization issue,
which can be approached using a variety of methods, inadudarative minimization.
These methods provide approximations to issue solutiodsaa@ often utilized in clus-
tering algorithms such as FCM.The fuzzy c-means (FCM) tealmig based on a simple
Picard iteration over the first-order conditions for sta#ioy points in 8.6g9. The stationary
points of the objective functioB(6g can be obtained by adjoining the constra3mp to J
by means of Lagrange multipliedg|

J(Z;UV,A) Zz Hik) leA+Z/\k[ZMk— ] (3.7)

and by setting the gradients dfvith respect U, V and to zero. it can be shown that if
Dz, > 0, Vi, kandm> 1, then(U,V) € Mt x 0™ may minimizeg.69 only if
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1 .
I’llk = DikA 2/(m—l) ) 1 S I S C, 1 S k S N7 (38a)
le< /D)
and
N
S (i)™
vi =<2 1<i<c. (3.8b)
S (i)™

This solution also meets the other constraBiéfand @.49. The@.8) equations are
first-order necessary conditions for stationary pointdefftinctional 8.69. Iteratively, the
FCM algorithm goes througB(8gand @3.80) (Bezdek, 1980) establishes the sufficiency of
(3.8 and the convergence of the FCM algorithm. It's importantigghhght that 38.8b) cal-
culatesv; as the weighted average of data items associated with &lusth membership
degrees serving as the weights. This is the rationale behadhethod’s name, known as
c-means4].

Choose the number of clusters 1 < ¢ < N, the weighting exponenti.ithe termination
tolerances > 0, and the norm-inducing matrix A from the data ZetRandomly initialize
the partition matrix so that (0)inM;c

Repeat forl=1,2,...

Step 1: Compute the cluster prototypes (means)

h _ kgl <uig‘l_l)>mzk

- g(“i(kl_l)>m

k=1

,1<i<c

Step 2 Compute the distances

D2\ = (zk—vi(l))TA<zk—v-(')) ,1<i<cl<k<N

Step 3 Update the partition matrix
for1<k<N
if Diga > for all i=1,2,...,c
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otherwise i
Ul =0 if Dia>0, andu € [0,1) with 3 iy’ =1
i=1

until (JUD —u(-D| < ¢
for which Dixa > 0 and the memberships are distributed arbitrarily amonghingters
for which Diga = 0, such that the constraint B\@b) is satisfied.

Parameters of the FCM Algorithm

Several parameters must be set before using the Fuzzy C-ME@&ns) algorithm: the
number of clusters, c, the fuzziness exponent, m, the tatioimtoleranceg, and the norm-
inducing matrix, A. The fuzzy partition matrix, U, must albe initialized. These parame-
ters’ choices are now described one by dihe[

Number of Clusters. The number of clusters, denoted as c, is indeed a cruciahpzer
in clustering algorithms. It determines the desired nundfeslusters in the data and has
a significant impact on the resulting partition. The choitéhe number of clusters affects
the granularity and organization of the clustering solutié®vVhen the number of clusters
is set correctly and matches the underlying structure ofdtita, the clustering algorithm
has a higher chance of identifying and separating the disgjroups effectively. In such
cases, the resulting partition is more likely to align witle true clusters in the data. When
clustering real data without any prior information about tinderlying structures, it is often
necessary to make assumptions about the number of clusterse assumptions help guide
the clustering algorithm in searching for a specific numbdenoted as c, of clusters in the
data.

However, it's important to note that the chosen number oftelts may not necessarily
correspond to the true or optimal number of clusters prasdght data. In some cases, the
true number of clusters may not be clearly distinguishableay not match the assumed
number.

The clustering algorithm will attempt to partition the dat#o c clusters based on the
given assumption. It will analyze the patterns and relatngps in the data to create the
desired number of clusters. The algorithm may use diffeteahniques, such as opti-
mizing an objective function, maximizing cluster sepamatior minimizing within-cluster
variancell4].

It is important to be aware that the assumption about the eurmbclusters is often a
subjective decision made by the user or based on prior knigel®r hypotheses. There-
fore, the results obtained from the clustering algorithrousth be carefully evaluated and
validated to assess the appropriateness of the chosen nahdbesters.
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In practice, selecting the correct number of clusters cachatlenging, and it often
requires iterative experimentation and evaluation. \ggitechniques, such as validation
indices, visualization methods, or domain knowledge, caretmployed to determine the
optimal number of clusters or to assess the quality of thetefing solution.

Ultimately, the selection of the number of clusters is anontignt consideration in clus-
tering analysis, and it should be based on careful congidaraf the data characteristics,
the goals of the analysis, and an understanding of the limiis of the chosen clustering
algorithm.

1. Validity measures.

Validity measures in clustering refer to scalar indices #ssess the quality or goodness of
a obtained partition. These measures are used to evaluate/dlba clustering algorithm
performs in terms of locating well-separated and compaistets.

Ideally, in a clustering task, the goal is to identify clustéhat correspond to the under-
lying groups or patterns in the data. If the number of clisstdrosen for the algorithm is
equal to the actual number of groups present in the dataretsonable to expect that the
clustering algorithm will be able to identify them correctl

When the number of clusters matches the true number of graupsreases the like-
lihood of obtaining a good partition. In such cases, thetelusg algorithm has a higher
chance of correctly separating the different groups angyrisg the data points to their
respective clusters.

However, it's important to note that the success of clustealgorithms is not solely
determined by the number of clusters chosen. Other factots &s the choice of algorithm,
the quality of the data, and the suitability of the clustgriechnique for the specific data
distribution also play crucial roles in obtaining accuraitel meaningful clusters.

Validity measures can provide quantitative assessmerttseodjuality of the clustering
results, such as compactness and separation of clusterse Tireasures help in evaluating
the performance of different clustering algorithms anddgg the selection of appropriate
clustering techniques for a given dataset. When the numbelusters chosen does not
match the actual number of groups in the data, misclassditaimay occur, and the re-
sulting clusters are less likely to be well separated andpamt Therefore, cluster validity
measures are designed to quantify the separation and compaof the clustersfl].

One popular validity measure for the Fuzzy C-Means (FCM) aigoar is the Xie-Beni
index, introduced by Xie and Beni in 1991. The Xie-Beni indealagtes the compactness
and separation of clusters based on the objective functiurevof the FCM algorithm.

The Xie-Beni index, denoted as c (in the original notatiosg validity measure that aims
to find a balance between the compactness of the clustersimimg intra-cluster variance)
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and the separation between clusters (maximizing intestefulistances). It provides a single
scalar value that quantifies the quality of the obtainedtehirsy solution.

The specific formula and computation of the Xie-Beni index mary depending on the
study or implementation. However, the general idea is topgmthe ratio of the sum of the
within-cluster variances to the separation between alsisteower values of the Xie-Beni
index indicate better cluster validity, indicating moremquact and well-separated clusters.

Overall, validity measures, including the Xie-Beni indeg|ghin assessing the quality of
clustering results and can guide the selection of suitdbktering algorithms or parameter
settings for a given dataset.

c N m 2
izlkZlﬂik |z — i
X(Z,UV) = ——

. 2
c.min ([[vi - vi|?)
i7]

(3.9)

In practice, it has proven to be effective. This index can twec@lered as the ratio of
the total within-group variance and the separation of thister centers. The best partition
minimizes the value of (Z;U,V) [26].

1. Iterative merging or insertion of clusters

Cluster merging is a technique used in clustering algorittomsiinimize the number of
clusters by iteratively combining similar or compatibleistiers based on certain criteria.
The objective is to create a more compact and meaningfutpretation of the data by
grouping similar clusters together.

The fundamental concept behind cluster fusion is to begih aisufficiently large num-
ber of initial clusters. These initial clusters can be gatest using a clustering algorithm or
any other method. Then, through successive iterations|g¢foeithm evaluates the similarity
or compatibility between pairs of clusters based on defimger@.

The criteria for merging clusters can vary depending on pleeiéic clustering algorithm
or application. Commonly used criteria include measuresstédce or similarity between
cluster centroids, overlap of cluster boundaries, orsteadl properties of the data within
the clusters.

The merging process typically involves selecting the péiclosters with the highest
similarity or compatibility and combining them into a sieglluster. This process continues
iteratively until a stopping condition is met, such as reagla desired number of clusters
or when no more merges can be performed.

on the other side, clustering algorithms can start with dlsmanber of clusters and iter-
atively insert new clusters into regions where data poiatela low degree of membership
in the current clusters. This method is referred to as dlssgtitting or cluster insertion. Its
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goal is to find finer-grained clusters inside regions thatewaeviously assigned to larger
clustersfL2].

Both cluster merging and cluster splitting strategies candsful in adapting the clus-
tering process to the characteristics of the data and inmpgawhe overall quality of the
clustering solution. The choice of the approach dependbe®syecific requirements of the
problem and the nature of the data being analy2€jd[

Fuzziness Parameter The weighting exponemh is also a crucial parameter because it
determines the fuzziness of the final partition. The partithecomes hard as approaches
one from abovepix € (0,1) andy; are typical cluster means. The partition becomes entirely
fuzzy asm — oo, iy = 1/c, and the cluster means are all equivalent to the mean of Z.
These 8.6) limit features are independent of the optimization apphoatilized. m = 2 is
usually selected at firs8]J.

Termination Criterion . When the norm of the difference in U between two consecutive
iterations is less than the termination parametéor the maximum nornma (‘uiﬂ) - uiﬂfl) DThe
FCM algorithm has finished iterating, Usuall/= 0.001, even thouglas = 0.01 performs
well, while radically decreasing the computing times.

Norm-Inducing Matrix . In the distance measur8.6d), which is commonly used in
clustering algorithms, the matrix A is used to weight theieiial dimensions of the data.
When A is set to the identity matrix, each dimension is equabyghted, and the resulting
distance measure is the standard Euclidean distance.

The Euclidean norm, induced by the choicef¥f |, calculates distances between points
as the straight-line or Euclidean distance. This distaneasure assumes that each dimen-
sion contributes equally to the overall dissimilarity betm points. As a result, clusters
formed using the Euclidean norm tend to have hypersphesitaphes, where surfaces of
constant membership are hyperspheres.

D& = (z—vi)" (z—W) (3.10a)

Another option for A is a diagonal matrix that provides foffelient variances in the
directions of the coordinate axes of Z:

(1/o)> 0 - 0
2
0 0 ... (ay)?

This matrix establishes a diagonal norm[©Rh. Ultimately, the matrixA is the inverse
of the covariance matrix of Z, denotedAsA =R~ , with
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N
R= S (a2 (@' (3.10¢)
k=1

Here, the symbok represents the data’s mean. In this context, matrix A inslihe
Mahalanobis norm onl".

The influence of the norm on clustering criteria is obseredugh modifications in the
dissimilarity measurement. The choice of norm affects trape of clusters in the feature
space. With the Euclidean norm, clusters take on a hyperispghérm, with surfaces of
consistent membership resembling hyperspheres. On teelodind, both the diagonal and
Mahalanobis norms lead to hyperellipsoidal clusters.

In the case of the diagonal norm, the axes of the hypereltpdgn with the coordinate
axes. The Mahalanobis norm, however, permits arbitrargntations of hyperellipsoids.
The orientation is determined by the covariance matrix efdhata. Incorporating corre-
lations between distinct features allows clusters to jreglent themselves in the feature
space. A visual depiction of this phenomenon can be seerginé3.3.

A shared constraint of clustering algorithms relying on &dixdistance norm is their
predisposition to favor clusters of specific shapes, evendh shapes don't correspond to
the actual data distribution.

A Euclidean norm A Diagonal norm ' Mahalonobis norm
T Y s oW
: IJ s ..\*? .I ,',; 'r._-—:-.J__‘ _...__‘-—.:“."_‘\
:."..'q' I 3 E.:\‘ s
R V. P A A

o |

Fig. 3.3 Different Distance Norms used in Fuzzy Clustering

» Example: Fuzzy c-means clustering

The given scenario describes a synthetic datasgfinonsisting of two separated clus-
ters with different shapes. Both clusters are generatedroplgag from the normal distribu-
tion. The upper cluster has a standard deviation of 0.2 ftr &res, while the lower cluster
has a standard deviation of 0.2 for the horizontal axis a@8 far the vertical axis.

The FCM (Fuzzy C-Means) algorithm is applied to this dataset.FCM, the norm-
inducing matrix A is set to the identity matrix (I) for bothusters. The weighting exponent
mis set to 2, which indicates that the algorithm aims to preduezy partitions with crisp
membership values. The termination criterion is set60.01, meaning that the algorithm
stops when the change in the objective function falls belos/threshold.
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The FCM algorithm commences by initializing a random pamtitmatrix and subse-
quently iterates to refine membership values and clustaerenntil reaching a point of
convergence. In this instance, convergence is attainddnmtiterations.

Nevertheless, notwithstanding the achieved convergeheegontours of membership
levels depicted in Figurg.4reveal a constraint inherent in the FCM algorithm. Specifycal
the algorithm tends to impose a circular configuration omlohisters, even when the lower
cluster is elongated in reality. This limitation stems frdme FCM algorithm’s presumption
that clusters are delineated by circular distributions. seguently, the algorithm can en-
counter challenges when striving to effectively represtudters with non-circular shapes,
as exemplified by the elongated lower cluster in this paldicscenario.

=1

Fig. 3.4 The fuzzy c-means clusters, .. are the data poirasg the cluster means

Initial Partition Matrix . The initialization of the partition matrix typically inkees a
random procedure, ensuring thatconforms toM¢.. A straightforward method to achieve
this entails initializing the cluster centersrandomly and subsequently deriving the corre-
sponding matrixJ through @.89 (essentially, through the utilization of the third steyhvim
the FCM algorithm)..
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3.5 MIMO FUZZY MODEL

3.5.1 Takagi-Sugeno Fuzzy Modeling for multivariable nonihear system

The fuzzy model is constructed based on data acquired freui-output pairs through

a tailored model identification algorithm. This algorithncorporates fuzzy clustering to
ascertain the antecedents of the fuzzy model rules, wheledhsequent segments are estab-
lished using a least squares parameter estimation teaniqu

We address a Drinking Water Distribution System (DWDS) fiorghg as a nonlinear
Multiple-Input Multiple-Output (MIMO) system denoted &§U,Y). This MIMO system
is characterized as an assembly of interconnected distimeéefuzzy models that adhere to
the nonlinear autoregressive model with exogenous iBput[

Ye(k+1) =Ry (gp,uk)),l=21,2,....p (3.11)

In this context, the input vector is representediasd 1™, the output vector age (1P, and
the regression vectap (k) C [0° encompasses both the present and prior outputs, as well as
historical inputs.

u(k) = [ug (K),up (K) ..., um (K)]" (3.12)

We (K) = [y1(K), ..., Yp(K),ug (k=1), ..., um(k—1)]" (3.13)
with
yi (K) = [yi (K),yi(k=1),....yi (K—ny;)]

uj(k—1) = [UJ' (k—1),uj(k—2),...,u; (k—nuJ)}

wherei = 1,...,p, j = 1,...,m, ny; is the order of thé&" output anchy, j is the order of thg'"
input. .

p m
s= Zl(ny,i +1+ D nyj
i= =1

corresponds to the count of antecedent variables, wheagsifies the quantity of clusters,
which concurrently denotes the number of fuzzy rules assediwith the/t" output. The
notationl], designates the T-S type fuzzy models established accotalindes 6)].

Dgii IF l,llgl(k) is Zgi,l,...,L[IgS(k) is Zgi’s,ul(k) is Zgi7s+1,...,um(k) is Zéi,s+m7 THEN

Vi (K+1) = pap (K) + neiu(K) + i (3.14)



3.6 T-S FUZZY MODEL IDENTIFICATION 47

i=212...¢c;4=212..p

Here, Z; signifies the antecedent fuzzy set corresponding to/ttheutput and thet"
rule. The vectorgy; andn, encapsulate the resulting parameters, wijleepresents the
offset term. The model’'s output is computed as the weighteamof the linear consequents
present within each distinct rule.

3 B (0 (), u(K)) (atp (&) + N (k) + o)

yr(k+1) = =2 (3.15)

5 B (9109 u(K)

with s m
Bi (Y (K),u(k)) = hl_l Azéi,h (Wen) I_llAszi,j (uj)
=1 ]=

In this contextAz, (.) represents the membership degrees associated with tledei
variables, andll stands for the fuzzy operator employed.

Let
B (W (k) u(ky) = P, ul) (3.16)
3 Ba (K, u(k)
with

5 B0 09.009) = 10 B (1 09.u(k) <1 (3.17)

Then thef!" output of the fuzzy models can be written as

ye(k+1) = iﬁzu (e (K),u(k)) (e e (K) +ngu(k) + o) (3.18)

3.6 T-SFUZZY MODEL IDENTIFICATION

To establish the consequent parameters of T-S models, fatenihe following set of equa-
tions

W(k—l): [Y1(k_1)a~--JY1<k—ny,1—1),-~~aYp(k_1)>--~7
yp(k—Hpr—1),U1(k—2),...,Ul(k—nui—l),..., (3.19)
um(k—2),...,um(k—nym—1),ur(k—1),...um(k—1),1]
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ei :[uﬁi,la"'7“€i7ny717u€i,ny_1+17'"7” p A

gi’jgl(”yﬂl)’ (3.20)
: ) T '
£i7j§1(ny,j+1)+jglnu,j ) r’ﬂl,l; K r’fl,ma ¢ZI]
Let B B B ;
Wk—1) = [Bay (k—1), B2t (k—1),..., Bty (k—1)] (3.21)
of = [ef,eg,...,egr (3.22)

Then eq(3.18) can be reexpressed as
ye (k) =g (k—=1)7© (3.23)

In this contextW(k — 1) represents the regression vector, &nstands for the unknown re-
sultant parameter vector, which can be determined using/dighted Least Square (WLS)
algorithm, as outlined below:

Yl y1 ga 0 - 0
" W y Y2 W 0 pp -~ O
| = . Y — . s V| = . . . .
Ui YN 0 0 - mn

The parameterg andb; are combined into a single parameter vector denot@ﬁ.a%his
vector encompasses the consequent parameters specitd'fodister.

6 = [a by (3.24)

Assuming that each distinct local linear model correspdaodscluster, the consequent
parameter vector is represented@swherei = 1,2, ...,p. The membership degrees
from the fuzzy partition are employed to determine the ingoaece of the data paix, Yk)-

In case the columns of the extended regresX¥gmare linearly independent ang > 0
holds true for 1< k < N, then

O = [WW ] Wiy (3.25)

©; is the WRLS solution off = @.® + €, where the parametar andb; are expressed as:

a = [91, 92, . Gp] s bi = 9p+1 (3.26)
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3.7 State Space Model

T-S models are linearized to be a state space model, Eq(8.M8expressed ad4]

Vo (K) = {1 @y () + Neu(k)+ by, £ = 1,2, p (3.27)
with . _
[ (k) = .EB i (We, ) Wy
felk) = 3 B (W) s
be (k) = .§ (5,0 B
Define

oK) ya (K1) s yp (K)o
Yp(k—nyp),ur(k—=1),...,up(k—ny1),...,

Subsequently, T-S fuzzy models for MIMO nonlinear processe converted into a

Um (K—nym)]"

linear time-varying state space model
X (k)= Ak X (K) +B(K)u(K) (3.28)
y(k) =C (k) X(K)
In this contextA(k) stands for the state matriB(k) denotes the control matrix, aik)
represents the output matrix. With these definitions, ibbees apparent that

[ 1 P2 ... oo oo f1s1 flis ]
1 o ... ... ... .. 0 0
0 1 ... . 0 0
A=| X ) (3.29)
Hpa1 Hp2 Hps-1 Hps
0 0 1 O 0 0
0 0 0 1 0 0
- - SxS
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(3.30)
J s
0
0
: (3.31)
0

pxs
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3.8 Summary

Fuzzy clustering stands as a potent unsupervised techfugbeth data analysis and model
construction. Within this chapter, we have provided a cahpnsive survey of the com-
monly employed fuzzy clustering algorithms. We've illeded that by integrating the

foundational c-means iterative approach with adaptiveadee metrics, the identification

of clusters with diverse geometries becomes attainableh&umore, we've delved into the

discourse surrounding the selection of pivotal user-ddfperameters, including the deter-
mination of the number of clusters and the tuning of the fuegs parameter.



Chapter 4

Model based Predictive Control

4.1 Introduction

Model Predictive Control (MPC) is a control strategy grounded dynamic model of the
plant process to formulate the controller’s design. Itisralatively recognized as Receding
Horizon Control (RHC) or Moving Horizon Optimal Control.

Within MPC, the control input is computed by solving an onloimization problem
spanning a finite prediction horizon at every control stepsprediction horizon signifies a
time-window of future steps wherein control inputs are mfieed. The optimization objec-
tive is to determine an optimal control sequence that mireésia designated cost function
while respecting constraints on system dynamics, complts, and states.

The outcome of this optimization process furnishes thenagitcontrol sequence for the
entire prediction horizon, yet only the initial control s enacted on the plant during the
present time step. This approach is often termed "shiftimgtexeding horizon," denoting
the forward motion of the prediction horizon as control stapfold.

Subsequently, with each ensuing control step, the optimizgroblem is recomputed
using the updated plant state as the starting point. Thistabéity empowers the controller
to accommodate changes in system dynamics and externaludistes, enabling informed
control decisions based on real-time information.

MPC presents several benefits, encompassing the capaaiigrtage constraints on sys-
tem variables, the consideration of forthcoming systemabien for enhanced decision-
making, and the flexibility to incorporate intricate modelsd performance criteria. It
finds broad application across diverse industries such@seps control, automotive con-
trol, power systems, and robotics, where predictive cdipi@siand optimization are pivotal
for efficacious control strategied9).

The MPC technology that originated from the late 1968s been developed to a quite
mature level. Many results on stability, optimality andfpemance tuning are presented
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in the literature. However, this technology is challenggdhe uncertainty existing in the
system, such as model structure error, state estimation, @ctuator error, measurement
error and exogenous disturbances. Stability, performandeconstraint satisfaction should
be checked under the uncertainty scena2gs|Robustness of the controller is the ability
to maintain these properties when there are discrepancithe iinformation on which the
controller design relies, e.g. model mismatch and actusbortion.

Satisfying constraints holds significant importance in eumas process plants, driven by
considerations of safety, productivity, and environmepitatection.

Within the context of quality control in DWDS, it is imperagito uphold chlorine resid-
uals within specified upper and lower limits. As elaboratedhapter , the system is influ-
enced by various uncertain factors that can impact thenatnt of these set objectives.

The controller outputs derived through computation, oftdiant on a plant model, might
fail to adhere to plant output constraints due to disparitetween the model and the actual
plant behavior. Control inputs that are feasible accordigptmputations might become un-
feasible when executed on the plant if the controller lacksistness. The primary aim of
designing a robust model predictive controller in this dbaps to ensure the robustness of
maintaining output constraints in the face of uncertagwigthin the system, encompassing
factors like uncertainties in models, actuators, and nreasents. Without prior declara-
tion, robust MPC refers to MPC with output constraint satisbn under uncertainties in
this thesis.

Predictive control design finds extensive adoption in thegoebdemical and related indus-
tries, particularly where the management of diverse caimg is imperative. This approach
is essential because operational efficiency often entp#sating at or near the boundaries
of the permissible states and contr@]s[

It comprises four fundamental components: (i) a processemib@t characterizes the
system, (ii) an objective function delineating the goabtigh predictions of future inputs
and outputs, often taking the form of a quadratic equatiohpptional constraints imposed
on both system and control variables, and (iv) an optinoraéipproach that constitutes a
convex quadratic problen2]].

4.2 Formulation of Model Predictive Controller

The concept of MPC is depicted in Figdr& The current time instant tsand the present
output isy(t). The previous output is also shown in the figure. A finite tirnézonHp, out-
put prediction horizon, is defined and the system outputstbedinite horizorft +1,t +Hp]
are to be controlleds(t) is the set-point trajectory that may be varying dependinghen
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operation of the plant.
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Fig. 4.1 Operation of the MPC

The objective of the controller is to track the set-poinjectory (the constant set-point
regulation problem is also included as a special case). &eate trajectory(t) is defined
starting from the current time instant and extending over fhediction horizorHp. It
considers an ideal or desired tracking trajectory from theent output to the set-point
trajectory.

Actually, the reference trajectoryt) defines a closed-loop behaviour of the controlled plant,
which is the performance of the controller(t) can be calculated before running MPC by
specifying the performance of tracking set-point trajectft) from the current outpug(t).

For example, it is very convenient to define a first-order aosd-order system to describe
the tracking performance and to take the time constant angpithg ratio of the reference



56 Model based Predictive Control

system as the tuning knobs of the MPC performaBde[
The vector of outputs over prediction horizon is defined as:

§=[y(t+1t) - y(t+ Hp|)] T (4.1)

wherey(t + i|t),= 1...H, stands for model output &t- i, and such model prediction is
performed at time instant
Control input vector over the prediction horizon is defined as

U=[u(tft)---u(t+Hm—1[t) u(t+Hm—1[t)---u(t+Hmn—1[t)]" (4.2)

whereu(t + i|t),= 1...Hny, are the controller output series produced by the contralier
time instant, Hp, is the input horizon and the control input keeps the sameaviam the
end of the input horizon to the end of the prediction horiZzBmere may be output and input
constraints on the control input and output values.
Let the following inequalities denote the output and inputstraints, respectively:

Cy(Y) <0 (4.3)

Cc.(U) <0 (4.4)

By using the plant model explicitly the output over the prédit horizonV¥ can be
obtained knowing the current and past staig$, past inputsi(t):

Y =M (x(t),u(t),U,6) (4.5)

whereM(.) denotes the model of the plant, which could be linear or sk, time-
invariant or time-varying, and is the model parameters. In order to track the reference
trajectory, a performance ind&x(.) is defined, which is also referred to as cost function
because of the inclusion of the control cost in the functibisuallyV(.) can be defined
by usingLi, L or L, norms to measure the distance between the predicted owpdts
reference values. If the model is linear dggdnorm is applied, a final optimization problem
is the quadratic one:

U=argmnvU)=Y-RPY-R+UTQU (4.6)

subject to:
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whereR= [r(t +1)...r(t+Hp|" are the references valuey,(.) andC,(.) stand for the con-
straints on the outputs and inputs, respectively.

In order to guarantee stability extra constraints may besddis well. For instance, con-
straint on terminal output over the prediction horizon.

The MPC algorithm can now be stated as:

Algorithm of MPC
1. Attimet , obtaining the current state of the plant and other infoionan the past;
2. Solving optimization problem described4ng) ;
3. Applying only the first control value in the control sequenthat is
u(t) =u(tjt);
4.t+t+1. Goto step 1.

There are also other formulations of MPC such as for uns&tsiem, continuous system

and non-quadratic performance index funct®f| There are still some applications in
practice where there is no clearly specified reference otlput.
For instance, in chlorine residual concentration contnothie DWDS the objective is to
maintain a minimum chlorine residual concentration in tlaer distribution network and at
the same time keep the concentration under the upper lité.pRrticular output trajectory
is not very important in this case. In other words, the refeeeis a zone instead of a
trajectory, which is shown in figuré.2

Two methods can be used to formulate the zone-referencedpvidtlem. First, there is
no penalty for outputs in the performance index and the eefeg zone is to be implemented
as hard constraints:

Ymin < ¥ < ymax 4.7)

whereY™n andY™2 define the upper and lower limits of the reference zone. Caimstr
described by{.7) can be added into optimization problem described.®)(explicitly. This
is called the hard-constraint method.

The second method is so-called soft-constraint methodghatonly penalize value of the
outputs out of the zone by the following function:

Hp
Vo(Y) = _ZHY(“H t) =t +i) [+ [yt +ijt) —rut+i)] (4.8)

wherer, (t + k),ry(t + k) are are the lower and upper value of the zone output reference
respectively, fok =1,...,Hp
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Fig. 4.2 Zone Reference MPC

Considering the predicted outpy(t +i |t ) at time instant +i, if its value is greater than
the upper limits then:

Yt +ift) —r(t+i) |+ [yt +ift) —rut+i)]
YU+ |t) = (t+i) Fy(t+i]t) —ry(t+i) =
25 [yt +i[t) — ru(t+i)] + ru(t+i) — ry (t+1)

(4.9)

and ify(t+i|t) is less than lower limit of the zone then:

Yt +ijt) —nt+i) [+ [yt +ift) —rut+i)[ =
Sy i) () (i) Fru(t i) = (4.10)
25 [N (tH1) —y(t+i[0)] +rat+i) —r (t+i)

if y(t+i|t) is within the zone then:

Y(E+i]t) —nt+i) [+ |yt +ift) —rut+i)[ =
Yyt +ift) —rt+i) —yt+ilt)+rut+i) =
ra(t+1)—r(t+i)

(4.11)

Hence, when the optimal control is achieved the performambex takes the minimum
value:
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Hp
Vzmin = Zl [ru(t+1) —ri(t+1)] (4.12)

The method is a kind of soft constraint method because thgubwiolations are pe-
nalised instead of fulfilling hard output constraints. Thstimization of absolute value
performance index can be converted into linear programniihg kind of formulated con-
troller can be used as the remedy controller if the first me¢tth@es not work when there
is no feasible solution in the optimal problem, which will peesented in detail in the last
section of this chapter.

Equation 4.8) gives one type of penalty function that can be conveniensigd in MPC
formulation.

4.3 Takagi-Sugeno Fuzzy Model Predictive Control

The exploration of local linearization within Takagi-Sugefuzzy models is pursued to
broaden the scope of applicability for linear model pradectontrollersg].
The optimization challenge faced by MPC at time dtegan be formulated as follows:

HP Hc
J= Zur (k+i) —9(k+i)|]%+.zl|]u(k+i -3 (4.13)

In this contextP andQ represent positive definite weight matrices.

Within the realm of linear model-based predictive contadinear model is employed to
forecast the output based on the sequence of control signgls, -~ - ,k+Hp), whereH,
signifies the prediction horizon.

A linear model in state-space description is given by:

(4.14)

x(k-+ 1) = Ax(K) + Bu(K)
y (k) =Cx(k)

and by referring to the objective function defined in Equat{é.13), the constrained
linear model-based predictive control can be obtained bglveng the quadratic problem:

(1, . - ~
mln{—AuTHAu+cTAu} (4.15)
AT | 2

with

{ H=2(RiPR+Q) (4.16)

c=2[RIPT (RAX(k) — )]
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and verifying the constraints an Au, andy:

NAT< w (4.17)
with ) )
Iaq um&—Jyu(k—1)
g —um™n _u(k—1)
AN=1] |Hm |, w= Aumax (4.18)
_|Hpm _Aumin
Ry ymaX_RAX(K)
—Ry L YN RAX(K) ]

[HpM js a(Hpmx Hpm) unity matrix. The matriceRy, Ry, Iy andla, are defined:

C
CA
R, = _ (4.19)
CAHp—l
CB 0 0
CAB CB 0
Ry= . . _ . (4.20)

CA—1B catr—2B ... cAfr—Hep
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4.4 Summary

Due to complexity of the problem, e.g. non-linearity, coasits and uncertainty, it is dif-
ficult to perform a stability analysis of the designed coltéro However, it is convincing
that controller stability can be verified by simulation sasdprovided sufficiently accurate
DWDS numerical models.

This part showcases the practical implementation of cams&d multivariable fuzzy pre-
dictive control to maintain the chlorine concentrationhantdrinking water networks. The
computation of control signals aims to optimize the fortinang behavior of the underlying
processes, emphasizing precise set-point accuracy.

The creation of the Takagi-Sugeno fuzzy system compriseptvwotal phases. Initially,
the structure is identified, followed by the parameter aalaqnt. The learning algorithm in-
tegrates a self-adjusting mechanism for learning rateghwh contingent on the evolution
of the cost function. The outcomes of simulations understioe efficacy of the proposed
fuzzy control strategy in proficiently regulating the chih@ concentration within the Drink-
ing Water Distribution System (DWDS).



Chapter 5

Data-driven based DWDS Monitoring

5.1 Introduction

Identifying novel events or anomalies presents a formigl@blllenge in the realm of sig-
nal classification. There exists no universally optimal eld@dr novelty detection, and
the efficacy of distinct models is contingent on multipletéas, encompassing the chosen
methodology and the statistical characteristics of tha.dat

Multivariate Statistical Process Control (MSPC) is a techaigommonly used for per-
formance monitoring in bioprocesses and industrial preegsHowever, when traditional
MSPC approaches are applied to industrial processes, thgyhot always be as effective
as expected. This can be due to the unfitness of the procéisicihmodel.

Industrial processes can be complex and dynamic, makingidudt to accurately cap-
ture their statistical properties using traditional medé&lactors such as non-linear behavior,
time-varying dynamics, and complex interactions betweegss variables can lead to de-
viations from the expected statistical patterns.

To address this limitation, various approaches have beeriajged to improve the effec-
tiveness of novelty detection in industrial processes s€heclude:

-Nonlinear MSPC: Introducing non-linear models or consitgnon-linear relationships
between variables can capture more complex behaviors girdwathe detection of anoma-
lies.

-Data-driven methods: Instead of relying solely on prerafistatistical models, data-
driven approaches use historical data to learn the norntt@rpa of the process and identify
deviations from these patterns. Machine learning teclesgsuch as clustering, classifica-
tion, or anomaly detection algorithms, can be employedHirpurpose.

-Hybrid approaches: Combining multiple models or approachech as integrating tra-
ditional statistical models with machine learning aldumits, can enhance the performance
of novelty detection by leveraging the strengths of diff¢maethods.



64 Data-driven based DWDS Monitoring

-Domain knowledge: Incorporating domain knowledge anceeiipsights into the mod-
eling and detection process can help in defining relevanifes, identifying critical process
variables, and improving the interpretability and effeetiess of the novelty detection.

It is important to carefully analyze the specific charast&rs of the industrial process
and select or develop an appropriate novelty detectionoggprthat can accommodate the
unique statistical properties and dynamics of the systemti@@us monitoring and evalu-
ation of the detection performance are also crucial to enthe effectiveness of the chosen
method in detecting novel events and anomalies.

In numerous scenarios, the process signals under obsereaé heavily laden with mea-
surement or operational noise, making it challenging toaettauthentic signals from the
noise-contaminated process data using conventionat fjatejection techniques like Princi-
pal Component Analysis (PCA) or Partial Least Squares (F0B)[

5.2 Linear Principal Component Analysis

Principal Component Analysis (PCA) is a commonly employedhhégue for transform-
ing features to diminish the dimensionality of a datasete phmary objective of PCA
is to identify basis vectors within a subspace that optiynalinimizes the least square re-
construction error. Let x (X1,---,Xn) be an—dimenstional data matrix of points. PCA
facilitates the projection of correlated high-dimensiateta onto a hyperplane by utilizing
solely the initial fewq non-zero eigenvalues and their corresponding eigenvederived
from the covariance matrif, F = UTUT wherel incorporates the eigenvaluds of F
along its diagonal, arranged in descending order, whitkenotes the matrix comprising the
corresponding eigenvectors. The vegtesr W (x) is ag—dimentional reduced representa-
tion of the observed vector where theN weight matrix containg principal orthonormal
axes in its columW = Uq/\fi/2

In probabilistic PCA, the underlying assumption is that théadoriginates from a prob-
ability model. As a result, the probabilistic PCA model canexpanded to encompass a
mixture model, wherein the data is conceived as emergimg fultiple components mixed
in diverse proportions. Each of these components can begepted by a Gaussian proba-
bility density function:

p(x) Wew(—;x—@%l(x—@),

whereA = 621 + WW' represents the adapted covariance matrix Witlenoting the iden-
tity matrix. The matriX\W is determined in the same manner as in the conventional PCA
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algorithm, whiled? is computed as the mean of the eigenvalues that have beeiedmit
1 n
&=—=3 A
n-q i=q+1

5.3 Nonlinear Principal Component Analysis

In recent times, there has been a notable surge in intenesusding Nonlinear Principal
Component Analysis (NLPCA), which represents an evolutigrobd the traditional linear
PCA. Numerous scholars have embraced a neural-orientecbdwdtiyy to construct the
NLPCA model, originally pioneered by Kraméff].

When focusing on a solitary non-linear principal componéim¢, arrangement of this
network is illustrated in Figur&.1 To actualize Nonlinear Principal Component Analysis
(NLPCA), the auto-associative network integrates threermpositioned between the input
and output variables. A transfer functi@l executes the projection of the input column
vector, possessing a dimensionrof onto the first hidden layer, often referred to as the
coding layer. This is represented by the column vector

<h§x)] j=1,--- ,r) of dimensiorr (r is the number of neurons in the first hidden layer):

h =t (3 v b (5.1)
j 1 i; ij j :

v = [vf‘) e vr(ﬁ()} , with vi(x),i =1,---,mthe vector comprises trebias parameters. The
subsequent transfer functidn carries out the projection of the output data from the ihitia
hidden layer (coding layer) to theottleneck layemwhich encompasses a singular neuron
signifying the nonlinear principal componénfThe transfer functiori; typically embodies

a nonlinear nature (frequently the hyperbolic tangenttionmr sigmoid function), whereas
the functionf, commonly takes the form of the identity functiofy.(x) = x [6]

r _
t:b<zwwwu¢w> (5.2)
j

Subsequently, the nonlinear transfer functigremployed to project the data frotrto
the final hidden layer, known as the decoding layer. This afjper yields a set of values
(hgt) lj=1,-- ,r) wherer corresponds to the number of neurons in the third hiddem:laye

mﬂzzh(th+bP) (5.3)
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The last transfer functiors is the identity function which projects the outputs datanfro
hgt) to X: the output column vector of dimensiom

r
% = fa ( Y vih+ bf”) (5.4)
=1

dim m dim g dim m
—hx T
— ‘F - "

X X
—-.”’””””‘ I

Fig. 5.1 Bottleneck Neural Network

5.4 The ConceptT Of Bottleneck Neural Network and Nonlinear Vari-
able Reconstruction

A Bottleneck Neural Network (BNN) is employed for the purpos$edentifying and miti-
gating correlations between variables, thereby aidingrredsionality reduction, data visu-
alization, and exploratory analysis. BNN is capable of réagaboth linear and nonlinear
correlations without being constrained by the specific ratf nonlinearities within the
data. The neural network configuration encompasses fivedayiee input layer, mapping
layer, bottleneck layer, de-mapping layer, and outputrlayéis class of neural networks
is distinct in that it can acquire the principal componenitheaut necessitating the direct
computation of eigenvalues and eigenvectors from the saogariance matrixg].

In order to handle the difficulties associated with the iragntask of the full bottleneck
neural network, especially for the case of complex processe propose to train two sub-
networks, namely thprojective subnetwor&nd thereconstruction networkgure5.2 This
idea is proposed for the first time yg] where two 3-layer feedforward neural networks are
used in conjunction with the principle curves algorithm tadfthe projection scores in the
nonlinear principal component subspace. In the same B@\pfoposed to used radial ba-
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sis function network (RBF) instead of 3-layer feedforwardnaéanetworks. In this paper,
we propose to use a fuzzy clustering algorithm to find theineal projection scores and
two feedforward neural networks (FNN) , one for the pro@aesubnetwork and one for the
reconstruction subnetwork.

Fig. 5.2 The architecture of the NLPCA based on RBF networks

To identify multiple linear subspaces, referred to as |d@@lA models, clustering is
conducted within low-dimensional subspaces instead afitigenal high-dimensional space,
where clusters may not exhibit clear separation.

The computation of the prior probability for each clusten b& expressed as:

1 N
Q== > Yk
N2,

wherey is degree of membership.
The cluster centers are determined from

o= hea (1107 (4 W (i)
| ke (V)

where the expectation of thatent variabless

(Yik) =MW (x— v))

the g x g matrix Mj = ai?xl +WTW and the fuzzy weighting coefficiemh = 2. The new
value of\ can be computed by:

~

_ -1
W= FW (021 + M WTRW)
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The covariance matrik can be computed by

3R ()" 0% — ) = v

F m
Sier (Vk)

the new value ot?, is
, . o
Oix = a” (Fi — RWM W)

the fuzzy covariance matrix is
A= O-i?xl +iV~V|T

The fuzzy clustering is an iterative algorithm that minieszhe objective function:

- 225—1 (10" Dl + kim (; e l)

where theD; i is a distance measure comprises three components: theppoioability of
the cluster, the distance between thk #tata point and the centroig of clusteri, and the
distance between the cluster prototype and the data witkisubspace.

5.4.1 Fault detection

The process of sensor fault detection using BNN involves tladuation of residuals, as
depicted in Figuré.3. The squared Prediction Error (SPE) is a statistical meastilized
to assess the adequacy of the BNN model’s fit. At time k, thectieteindex SPE can be
expressed as:

m
SPEK) = €' (kje(k) = Zaz<k> (5.5)
1=
The SPE statistic distribution can be accurately approtechhy
SPEO g2;2 (5.6)

The weightg and the degree of freedomcan be estimated through the matching of mo-
ments of the meamg) and variance\( of the cumulants :

Y,

g= m (5.7)
and 2

h= 2— (5.8)

\Y



5.4 The ConceptT Of Bottleneck Neural Network and Nonlinésaiable Reconstruction 69

Therefore, the upper control limit can be determined asw@trekthis calculation:

v ving
& = 22 (T) (5.9)
when the predefined level of significanges applied, an abnormal situation is identified

in the following scenario:
SPEK) > &5 (5.10)

whend? represents a confidence limit for the estimated SPE (SqurRrestiction Error)
using historical data, to enhance detection capabilitiessexponentially weighted moving
average (EWMA) filter can be employed. This application of BM¢MA filter helps miti-
gate the frequency of false alarms arising from noise. Th&& mathematical expression
for the EWMA filter in relation to residuals is:

&k) = (1 — B)e(k—1) + Be(k) (5.11)

SPEK) = ||e(k)[|? (5.12)

Here, B = yl represents a diagonal matrix with diagonal elementa/hich serve as
forgetting factors for the residuals. The control limit sribed based on reference data. If
the Squared Prediction Error (SPE) surpasses its contrit] It indicates that the system is
in a faulty state. This can be attributed to a shift in the elation structure of the process
variables, thereby explaining the occurrence.

® J"_:Q x J

* o | W
O Y

r

LK |
1

—~ - L,.x /,/J__:
T

{a) (b)

Fig. 5.3 Bottleneck Neural Network for Fault Detection
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5.4.2 Fault identification

Upon detecting a fault, it becomes imperative to pinpoiet $pecific variable that is con-

tributing to the issue. This process is referred to as faghHlization. Numerous approaches
for identifying the variable responsible for defects hageitbsuggested in existing literature.
In the context of this study, our focus is directed towardstdchnique known as "recon-

struction fault.”

Contribution plots

In the conventional methodology employed for fault ideaéfion using Principal Compo-
nent Analysis (PCA), the process relies on the computedibaitins to the detection index.
Consequently, the variable that exhibits the most subsiastntribution to the detection in-
dicator is the one held responsible for influencing the deteendexSPE (as mentioned in
[33].

The contribution of thg'" variable to theSPE statistic is formally defined as follows:

CISPE = (xj — %) (5.13)

Reconstruction fault

The reconstruction principle involves estimating a spewiiriable, denoted ag (k), within
the data vectox(k) at a given time. This estimation is carried out using the PCAehand
other variables, as outlined in the work Bj/[

Within this framework, there exist three distinct appraagifor reconstructing a faulty
sensor. In this particular study, the chosen method wastéhnative reconstruction algo-
rithm. Assuming knowledge of the fault direction, the restnctionx] of the jt" variable
is achieved by utilizing a selected number of principal comgnts through an iterative tech-
nique. In this process, the value of the faulty sensor isacga with the predicted value,
and this reconstruction is governed by the equation:

o T T cold
X?ew: [ijOCH}X—I—ijX(j) (5.14)

Wherex“j’IOI

% = Cx, whereC = PP and [CIJ- OCL-] is a vector of matrix C which th¢t" coloumn of
Cjj is replaced by 0. The iterative process converges to thewoip formula :

can be considered as a projection of x on the PCs, it can belatddwas by :

T T
. cTjoct |

A
J 1_ij (5 5)
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wherec;j # 1. In the case ofj; = 1, thej'™" cannot be reconstructed by this method.

A

O

Fig. 5.4 Variable reconstruction in the linear case

iy | :—_‘_-_‘_'_"'_“"'—-——_._._,_‘_ ___,_,_._——-'—""'_'_'_'_'__— —
I

iy B— o= -
Projection Reconstruction
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Fig. 5.5 Nonlinear Reconstruction

When dealing with a faulty sensor, a notable decrease in tlie v theSPE (Squared
Prediction Error) is observed both prior to and after thenstruction process. Nevertheless,
in certain scenarios, the act of minimizing tBEcan lead to an impact on all data entries.
This, in turn, can render the faulty sensor indistinguiskaip challenging to identifyg3].

Sensor validity index

The Sensor Validity Index (SVI) serves as an indicator oseperformance. Itis designed
to possess a standardized range, regardless of factorastieb number of principal com-
ponents, measurement variance, noise levels, or the spiypé of faults. The SVl is also
expected to effectively distinguish between abnormal ajp@nal conditions and situations
involving sensor faults, as discussed28|[
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The concept of a Sensor Validity Indé$V ) was introduced to assess sensor integrity.
Assuming that only a single sensor fault occurs within theesy’s processes, this index is
employed to ascertain the status of each sensor. Its forafiaitibn is as follows:

nf = SPE>)) (5.16)
SPHEX)
wherex’ is a reconstructed vector.
Apparently,nj2 ranges betweej, 1], because th&PEX;) > SPEX). Whennj2 is close to
0, itindicates that th¢'" sensor is faulty. On the other hand, Whﬁ:his closeto 1, it means
that the sensor variations is consistent with others ones.
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5.5 Summary

This part introduces a detection approach tailored foresgstexhibiting nonlinear behavior.
In this study, we present a novel contribution: substigtime linear Principal Component
Analysis (PCA) model with a Bottleneck Neural Network (BNN) tdh@nce the adaptability
of this diagnostic method to nonlinear systems.

The utilization of BNN serves the purpose of identifying arigdh@ating correlations
among variables, which aids in tasks such as dimensiona&ldyction, visualization, and
exploratory data analysis.



Chapter 6

Experimental Results

6.1 Sensor Fault Detection and Isolation :Case Study

The BNN methodology has been applied through simulation orl&esgtablished bench-
mark system known as the quadruple-tank process.

The quadruple-tank laboratory process, as introducedhankson’s work in25], en-
compasses four interconnected water tanks. Additiontakysystem comprises two pumps
and their associated valves. The interaction is such thirilaws from the upper tanks to
the lower ones. One of the pumps is employed to fill the upgetdek and the lower right
tank. This task involves using a valve with a fixed positioditribute the pump’s capacity
between the upper and lower tanks. The second pump, on tBetwhd, is utilized to fill
the upper right tank and the lower left taBk[See figuré.1

The control variables in this context are represented bypthmep voltages, denoted as
u; andu,. The system’s state variables are established based oratbe levels within the
tanks, denoted ag, X, xgand X, respectively. These water levels are measured in centime-
ters. It's worth noting that the maximum capacity of eaclktsrset at 20 cm.

The system’s behavior is characterized by the followingasyits:

Xlz—%z 29x + %1\/ﬁ+ y;—tlul (6.1)
Xo = —%2\/29_X2+ %21 ng4+y2A—|:2uz (6.2)
o= -2 Vage+ 2 e, (6.3)
=2 Vaga+ o M (6.4)
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Fig. 6.1 A schematic picture of the quadruple tank process
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The dynamics are influenced by the paramejgrahich determine the positions of the
valves governing the flow rates into the upper and lower taAlslitionally, the parameters
A anda; denote the cross-sectional area of the tanks and the hslesatesely. The control
signals, represented ags are integral to the system.

The primary objective centers around regulating the watezl$ in the two lower tanks,
denoted ag; andxo.

The specific numerical values of these parameters can be faufablés.1 The study
of the control of the quadruple-tank process is conductedsgiecific operating point, and
the corresponding parameter values are presented in6lable

Parameters| Values Unit
A1,A2 28 cn?
Az, A4 232 cn?
ay, ap 0.071 cn?
az,a 0.057 cn?
k1,ko 3.33,3.35| cn?/Vs

ke 0.50 Vicm
g 981 cm/s

Table 6.1 parameter values of the quadruple-tank

Parameters| Values | Unit
X3 X3 12.4,12.7| cm
X5.%) 1.8,1.4 | cm
ug,ud 3.00,3.00| v
Vi, Ve 0.70,0.60

Table 6.2 Operating points parameters

Our focus was exclusively directed towards sensor-rel@eits. The BNN approach we
employed is rooted in an auto-associative Neural Networehcomprising five layers.

To detect the presence of sensor faults within the quaditaple system, we utilized the
concept of Squared Prediction Error (SPE). The progresdi&PE variation is visually de-
picted in Figuré.2 showcasing the detection of changes in SPE throughoutrtheagion.

In Figures.3 (a), the evolution plot of SPE exhibits two distinct opengtregions. No-
tably, the second region that spans from th& 5@mple to the simulation’s end indicates a
sensor fault.

Moreover, the identification of the specific faulty varialdelarified in Figures.3(b). In
this figure, the contribution plots for the first variable (alhcorresponds to the water level
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of the first lower tank) demonstrate higher contributionsipared to the other variables.

L L L
60 80 100 120
Sample #

Fig. 6.2 SPE normal case

New Sample Residuals with Limits from PCA Model

0 10 20 30 40
Sample #

Fig. 6.3 (a)The statistical SPE of the global PCA for the abwad state. (b)The contribution of the variables
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To illustrate the practical utility of the Bottleneck Neutdetwork (BNN) technique in
a real-world context of water distribution networks, wdiné the network exemplified in
Figure6.4 as a case illustration. This network encompasses pumpatigrss, a cascading
dam, and three tanks. The monitoring focus of the networtlve around parameters like
pressure, flow, and velocity linked to each individual tank.
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]
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12 K Vers Sidi Amar et ses environs
. Jut
Jut4 /
Vers Annaba (P.Ouest)

13
*

Ju1s
Vers Annaba (Centre)

Fig. 6.4 The water distribution network under study

Let: Pi(t), Px(t), P5(t): The pressure of the water discharged from each tank.
g1(t), g2(t), gz(t): The water flow originating from the tanks.

Vi(t), Vo(t), V3(t): The velocity measurement for each of the reservoirs undeersi-
sion.

Therfore, the input data are: X[P; q1 V1 P> g2 V2 P3 g3 V3]

Following the establishment of the hydraulic model, a fasllintroduced into the sys-
tem’s dynamics starting from the #Gample and continuing until the simulation’s end. As
depicted in Figuré.6 (a), the statistical behavior of the process variables, easored by
SPE, exhibits a discernible deviation starting from th& 3@mple onwards.

To identify the root cause of this fault, we analyze the dbation of each variable, as
shown in Figureb.6 (b). This analysis indicates that the flow sensor is resjpm$or the
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fault occurring from the 30 sample to the end of the simulation.

The results of the simulation vividly illustrate the utditton of the BNN approach in
detecting anomalies in flow rates. This is achieved by olisgrithe statistical behavior
through SPE analysis and further understanding the fdatiation via contribution plots.

0 20 40 60 80 100 120
Sample #

Fig. 6.5 SPE normal case

New Sample Residuals with Limits from PCA Model

0 10 20 30 40 50 60 70 80
Sample #

Fig. 6.6 (a)The statistical SPE of the global PCA for the abrad state. (b)The contribution of the variables
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6.2 Sensor Validation using BNN and Variable Reconstruction :Case
Study

To showcase the efficacy of the proposed approach, a biallogyistem is chosen as an illus-
trative example. This system involves a continuous aefiaita@actor utilized for wastewa-
ter treatment within the pulp and paper industry, as depicté-igures.7.

Within this bioreactor, a mixed microbial population thes/while metabolizing a com-
bination of two distinct substrates: an energetic substaad a xenobiotic substrate. It's
noteworthy that the primary pollutant to address is the ket substrate, as the energetic
one is more readily biodegradable, as explainedidn|

Letc(t)[g/l]: the biomass concentration.
s(t)[g/l]: the concentration of the xenobiotic pollutant substrate.
e(t)[g/l]: the concentration of the energetic substrate.
ui(t)[l/9: flow rate of clear water feeding the reactor.
up(t)[l/9: flow rate of waste water. The waste water contains certaixinma substrate
concentrationss}'®{g/I] ande]®qg/I].

Usmand tem : the growth rates of the substrates.

Ye/s andYe e : yield coefficients.

Ks andKe : Michaelis-Menten constants.

as andae : Inhibiting coefficients.

The differential equations describing the behaviour offitecess are:

C(t) - “5m<Ks+s(tS§tJZaee(t) + “emKeJre((tegtj)Lass(t)) C(t)
—ur(t)c(t) —uz(t)c(t)

S(1) = st taam C(0) — L (O S()

+(s5¥=s(t)) u2(t)

&(t) = — e s ¢ (1) — wa (H e(t)

+(EB—e(t) uz(t)

The analytical model described earlier serves as a virysiem, generating data in an
open-loop mode. The data collected under normal condii®tisen utilized to construct
the monitoring model based on competitive principal congm@analyzers. The data vector
corresponding to thi" sample is expressed as follows:
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Fig. 6.7 Schematic representation of the aerated bioreBmtovastewater treatment

X (k) =

e sk el wk) wlk) |

The process of reconstructing the five variables under-feegt conditions is depicted
in Figures.8. Notably, each variable is reconstructed based on thenm#bon from the
remaining sensors. The figure illustrates that despitentierent nonlinearity of the process,
the multiple PCA model successfully accomplishes the taskatd reconstruction.

The proposed method is envisioned to serve as a valuablddothe monitoring of

multivariate signals.
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Fig. 6.8 The reconstruction of the variables in the faulefoase. The variableg and their reconstructed

valuesxj, j=1,...,5.
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Throughout our study, our primary focus has been directedrtds sensor-related faults.
The foundation of the BNN approach rests upon an auto-ags@cheural Network model,
comprising a total of five layers. The detection of sensolt$as accomplished through the
application of the Squared Prediction Error (SPE) metrlusThethodology is exemplified
in Figures.9, where the figure illustrates the BNN'’s capacity to effedyivdentify changes
in the SPE across the simulation period.

0 20 40 60 80 100 120
Sample #

Fig. 6.9 SPE normal case

Figures.10displays the evolution of SPE, revealing two distinct ogiataregions. No-
tably, the second region commencing from th&3@mple and extending to the simulation’s
conclusion signifies the presence of a sensor fault.

Following the development of the hydraulic model and wittie simulation framework,
a fault is deliberately introduced to the variaklevhich represents the concentration of the
energetic substrate. This fault occurs from th& 3&mple and extends until the simulation’s
conclusion. This behavior is visualized in Fig@d.0 which showcases the SPE statistical
behavior of the process variables, indicating an offsetistafrom the 3®" sample.

Figure6.11further illustrates that the index of variable number 3 hasrbaffected by a
fault. This conclusion is drawn from the fact that this pautar index is the only one that
falls outside its control limit, as revealed by the monmgrapproach.
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Fig. 6.11 SPE after reconstruction of variables
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6.3 Fuzzy Predictive Control of Chlorine Concentration in DWDS
:Case Study

Chlorine residual control of two DWDS is considered in the csiaely.

An evaluation benchmark involving two chlorine injectioodes and two monitored
nodes is examined, as depicted in Figule® This benchmark encompasses a network com-
prising 27 pipes, 16 nodes, and 3 reservoirs. The networkatipa involves two pumps,
namely pump 201 and pump 101, responsible for transferratgmirom the sources, node
100 and node 200, across the entire network. Additiondilgsé pumps are also supplied
by the tanks located at nodes 17, 18, and 19.

The chlorine concentration values measured at node 16 amhel &icorrespond to the
system’s outputs, denoted wsandy, respectively.

Regarding the input nodes denoteduasand uy, the chlorine concentration values at the
injection nodes 5 and 10 are collected during the simulagteps.

The water demand is projected over a 55-hour horizon wittrwads of 3 minutes. Figure
6.13presents the time series data for both inputs and outputs.

The introduced T-S (Takagi-Sugeno) model encompassesnguds and two outputs,
specifically involving the chlorine concentration at nodednd node 8. To evaluate the
modeling outcomes, the Root Mean Square Error (RMSE) metridiliged. RMSE is
computed using the following formula:

RMSE= J

The assessment of model effectiveness is outlined in T®&BleThe constructed model,
distinguished by the presence of three local linear modets3), yields Root Mean Square
Error (RMSE) values of [0.0098, 0.0356] for node 16 and noder8espondingly. These
values signify the model’s adeptness in accurately camjuhie underlying dynamics of the
analyzed process.

2

(Y(k) —y(K)? (6.5)
1

Zl =

k

Figure6.14illustrates the time evolution of the Takagi-Sugeno modelr@a 24— hour
period in comparison with the process data. The figure uodegs the model’s accurate
tracking capability. It's important to highlight that theoahel structure identification outlined
in Chapter 3 is applicable to general complex nonlinear ayste

During the simulation, the predictive controller was desig using the following pre-
diction parameters: prediction horizéhp = 12, control horizorHc = 3, and a sampling
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Fig. 6.12 A Benchmark Drinking Water Distribution Network
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Fig. 6.13 Time series of chlorine injection and concentrati
periodT s= 3 minutes.

Figure6.15visualizes both the control input signals directed towdingsinjection nodes
and the performance of the Model Predictive Controller (MRG)dlidate its capability for
tracking setpoints. Notably, output constraints are distadd within the range of.@mg/|
and 03mg/I.

Table 6.3 T-S fuzzy model performances

Number of Clusters RMSE nod&6 | RMSE nod@
C=2 0.0177 0.0756
C=3 0.0098 0.0365
C=4 0.0197 0.0945
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Fig. 6.14 Performance of the T-S fuzzy model of chlorine emti@tion in outputs nodes;-’ data anti—
—'model estimation.
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Fig. 6.15 Setpoint tracking performance of MPC based on Tz3yf model

6.3.1 Summary

This chapter introduces an innovative approach to detettliemgnose faults within systems
characterized by nonlinear behavior. Our contributioroimes replacing the linear PCA
model with a Bottleneck Neural Network (BNN), thus enhancing diagnostic method’s
adaptability to nonlinear systems.

The achieved results are regarded as satisfactory. By aydlyis approach to a quadruple-
tank process, we effectively demonstrate its potentialetecting sensor faults. Addition-
ally, we extend its applicability to real-world scenarigsdmploying it in an actual water
distribution system.

In recent years, there has been significant developmentgptidation of fault detection
and diagnosis methods aimed at enhancing process opetdtiotably, the advancement of
fault detection using Principal Component Analysis (PCA) ¢isered attention due to its
independence from prior knowledge about the process meshaiihe PCAs linear nature
is expanded upon through the Nonlinear Principal Componeatysis (NLPCA) model,
which utilizes a five-layer cascade neural network for noedr extension.

This part further reveals the successful application ofst@med multivariable fuzzy
predictive control in managing chlorine concentrationhwitdrinking water networks. This
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control approach ensures that control signals are compayécdhally for future process
actions, focusing on achieving precise set-point regutati

The construction of the Takagi-Sugeno fuzzy system follom distinct steps: struc-
ture identification and parameter adaptation. The learaliggrithm integrates self-adaptive
learning rates based on the cost function’s evolution. &tiran results validate the effec-
tiveness of this proposed fuzzy control strategy in effidyeregulating chlorine concentra-
tion within drinking water distribution systems.



Conclusion

The central aim of this thesis is to amalgamate advancedtororg and control methodolo-
gies to effectively address both quantity and quality atpethin drinking water distribu-

tion systems. This integration is tailored to align with cgg@nal objectives, ensuring that
consumers receive an appropriate supply of water in terrhstbf quantity and quality.

The research is predominantly structured around two camgooents. The initial part
revolves around the diagnosis of anomalies and leaks irkidgnwater distribution net-
works. To achieve this, methodologies such as Non-linesacial Component Analysis
(NLPCA) and Bottleneck Neural Network (BNN) were employed. Sééechniques were
utilized for the purpose of detecting, isolating, and pintiag faults related to sensors
within the system.

Utilizing the Bottleneck Neural Network encompasses th&sas detecting and miti-
gating correlations among variables, thereby achievingedsionality reduction, aiding in
visualization, and facilitating exploratory data anatysiThe prowess of the (BNN) lies
in its capacity to unveil both linear and nonlinear corrielas, independent of the specific
characteristics of nonlinearities inherent in the data$ée neural network’s structure en-
compasses five layers: the input layer, mapping layer,dyatk layer, de-mapping layer,
and output layer. This configuration empowers the networkdeptly capture and portray
the underlying relationships embedded within the data.

These neural networks belong to a distinct category of @dlfneural networks that
possess the capability to learn principal components tijregithout the need to explic-
itly compute eigenvalues and eigenvectors from the sangar@ance matrix. This feature
streamlines the process of identifying the dominant pastend relationships within the
data.
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The BNN methodology has been successfully applied througllation on a bench-
mark system known as the quadruple-tank process. Thiscapipih showcases the effec-
tiveness of the method in detecting sensor faults withinrdrotied environment.

Furthermore, we extend the application of this method t@bwater distribution system,
highlighting its potential to identify sensor faults in ptizgal scenarios. This demonstration
underscores the method’s capacity to detect anomalies\soséata even in complex and
real-world settings.

The second phase of this research pertains to controlliagckiborine concentration
within the Drinking Water Distribution System (DWDS) whilellzering to specified up-
per and lower limits. In this context, a constrained mulimble fuzzy predictive control
strategy is successfully formulated. This approach ireslgredicting the future behavior
of the physical process and using it to regulate the chlaoreentration.

The application of Fuzzy Model Predictive Control (FMPC) isiad at satisfying output
constraints. This is achieved through the constructiore@i-Sugeno fuzzy models. The
fuzzy model is derived from the collected input-output dagang a tailored model identifi-
cation algorithm. This algorithm incorporates fuzzy caustg to determine the antecedents
of the fuzzy model rules. Additionally, the consequent paire estimated through a least
squares parameter estimation technique. This methodaogyres an effective control
strategy while adhering to constraints and accountingteruncertainty inherent in real-
world processes.

The results and ensuing discussions are outlined in Chapter 6
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