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Introduction

Since the Industrial Revolution, humanity faced unprecedented development which enabled
the human population to grow from hundreds of millions to billions. In 2022, the total world
population reached 8 billion and the United Nations predictions [1] say that, by the end of the
century, it will reach 10 billion. The quick population growth, combined with the accelerated
technological development and the intense urbanization led to a series of environmental crises
on a global scale: pollution, climate change and biodiversity loss [2]. A significant part of the
pollution disaster, in addition to air and land pollution, is represented by the growing quantity of
pollutants in our water sources. As life would not be possible on Earth without water, its quality
has a major impact on the environment, but also on the public health, making this topic one of
great importance. Human activities are the main driver of the water pollution as during these
activities large quantities of wastewater are produced. Knowing the potential of this heavily
polluted water to compromise our water sources, it can be stated that wastewater management
is a very important topic. For this reason, it is included in the most important global organisations'
agenda. One example is the United Nations 2030 Agenda for Sustainable Development [3] that
includes wastewater management as an important part of its Sustainable Development Goal 6
(SDG6). Even if SDG6 was established in 2015, today, in the middle of the period allocated for
this goal, the 2023 SDG6 Synthesis Report on Water and Sanitation [4] shows that humanity is
not on track to reach it, water quality is suffering, and climate change is putting additional stress
on this topic. The Synthesis Report concludes that, if we want to achieve SDG6 before 2030, we
need to accelerate our effort.

Due to the growing awareness of the importance of water quality, national and international
governments imply regulations limiting the quantity of pollutants present in the wastewater that is
discharged in natural receptors. Because the legislation is stricter and stricter regarding these
limits, the governments created frameworks in which these limits should be respected. For
example, in the European Union, the Water Framework Directive [5] is establishing a common
approach to be used in the state members legislation in order to protect the environment, but also
to restore the water quality of all water sources across Europe. Respecting these regulations in
the continuously evolving civilization is challenging and requires researching for new wastewater
management technologies, but also improving the already existing infrastructure by increasing its
operational efficiency.

Moreover, as the world is of high complexity, the topic of wastewater management extends
its influence in various challenges of the current world, be they of environmental, social, or political
nature. For example, wastewater transport and treatment systems, like any other industrial
facilities, are a source of greenhouse gases [6], that are contributing to another one of the
planetary scale crises: the climate change. In this context, as international organisations state
that it is imperative to reduce these emissions [7], [8], wastewater management should take them
into consideration.
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Besides environmental aspects related to wastewater management, this topic has high
political importance, especially in the context of the nowadays tensions. The United Nations World
Water Development Report 2024 [9] highlights that maintaining a good quality of our water source
and an equitable access to water services, including wastewater management, is an important
factor in maintaining peace and assuring prosperity for all human beings.

For this reason, this thesis is delving into advanced topics related to wastewater management.
More specific, into optimal control Sewer Networks (SNs) and Wastewater Treatment Plants
(WWTPs). The main goal is to apply a series of control actions to both systems (SN and WWTP)
in order to reduce their environmental impact by discharging a quantity as little as possible of
pollutants into natural receptors, while, at the same time, using as little energy as possible, without
releasing too much greenhouse gases into the atmosphere. The literature abounds with optimal
control strategies that are developed for each system and that are used to reduce the
environmental impact of the system in terms of one or more of the above mentioned subgoals.
However, it is important to be aware of the interconnectivity of these two systems. Applying control
strategies to one of the two systems might produce unwanted effects on the other one, thus it is
imperious to consider both systems when developing optimal control strategies. Consequently,
the way that this thesis approaches the optimal control of SNs and WWTPs is in an integrated
way, paving the for reducing further the environmental impact of such systems, by studying the
topic of optimal control of integrated urban wastewater systems.

The first goal of this thesis is to develop and apply online and optimal control algorithms on
the SN to reduce its environmental impact in terms of quantity of wastewater that is not properly
directed to the treatment facility, but also in terms of quantity of pollutants in that wastewater.
However, for such control to be applied, there is a need for digital tools for simulating such SNs.
Thus, developing a SN model is imposed as a first step of this goal. The second goal is to develop
and apply various optimal control algorithms on the WWTP to reduce its environmental impact in
terms of quantity of pollutants in the plant effluent. Of course, reaching this goal also requires
simulation tools for WWTPs. For this reason, as a first step, a series of WWTP models will be
developed by implying Machine Learning techniques. The third and final objective of this work
represents the study of the interconnectivity of the two systems. Thus, models for the integrated
system are created and used for studying how applying control actions to the SN affects the
performances of both subsystems and how the overall efficiency of the integrated system can be
improved.

This PhD thesis is structured in four chapters, as presented in the following.

Chapter 1, named “Background” presents a series of introductive aspects related to
wastewater collecting and treatment, such as a short history of wastewater management, the
impact that water quality has on both the environment and public health, how water quality is
measured, how various factors are impacting the wastewater and how governments are trying to
deal with this topic throughout legislation.

This is followed by the main part of this chapter, dedicated to a state of the art in modelling
and control of SN, WWTP and integrated systems. The literature reports for SN and WWTP
modelling, a various number of models, ranging from simplified ones to complex ones that can
model most processes taking place in these facilities, but require more computational effort.
Recent research is avoiding the complexity of the mathematical models and uses data-driven
models. The literature presents various strategies, structures, and methods to control the SNs
and the WWTPs. However, when it comes to integrated wastewater systems (SN + WWTP), the

VI
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literature shows only a few papers, most of them focusing only on modelling the integrated
system. This chapter shows that wastewater management is an important field and there is a
place for lots of improvements that could help to reduce its effects on public health and the
environment. Based on this, research gaps and future research directions that could improve the
effectiveness of our wastewater collecting and treatment facilities are identified.

Chapter 2, named “Modelling of Wastewater Collecting and Treatment Systems” presents the
development of models for both subsystems (SN and WWTP), but also for the integrated system.
It is shown that the model complexity is important if the model will be used in optimal control
strategies, consequently, the integration time is an important aspect when developing models.
For this reason, after developing a full SN quality model deserving a city of about 250.000
inhabitants, and defining a test influent for that model, a simplified flow model is proposed to
reduce the integration time and to be used in online optimal control strategies. On the other hand,
as the literature abounds of complex WWTP models, this chapter deals with developing models
with reduced simulation time, based on already existing benchmark models. This is achieved by
implying a series of machine learning techniques to capture the complex dynamics of the WWTPs.

The end of this chapter is dedicated to developing integrated system models. It is shown that
usually, SN model effluent variables are different than WWTP influent variables, thus a conversion
block is needed in the process of developing such integrated models. This chapter provides a
series of tools for digital simulation and analysis of these systems, that will be useful in the next
chapter.

Chapter 3, named “Optimal Control of Wastewater Collecting and Treatment Systems”
presents the development of optimal control strategies for both subsystems (SN and WWTP), but
also for the integrated system.

Firstly, offline and online optimal control for SN is presented. The offline control part deals
with testing and comparing five optimal control strategies, four optimization algorithms and makes
an analysis regarding quantity vs. quality of overflowed wastewater before integrating everything
in a sliding-window technique. On the other hand, online optimal control of SN is achieved using
Model Predictive Control (MPC) technique. Because this is an online method, the integration time
of the model used by the algorithm must be as low as possible. For this reason, a computational
effort analysis is made.

Secondly, a series of optimal control strategies for WWTP are presented. Two of them are
based on a MPC approach that makes use of simplified neural network models of the WWTP,
while the other two are based on offline optimization.

The last part of the chapter deals with the integrated system composed of SN and WWTP.
More specific, it studies of interconnectivity of the two systems by showing how applying control
actions to the SN affects the performances of both subsystems. The proposed methodology
shows that it is possible, when implying optimal control for the SN, to use a set of control actions
for the SN that does not provide the best performances of the SN, but the best performances of
the integrated system, minimizing its environmental impact in terms of quantity of pollutants
discharged, costs involved and greenhouse gases emissions.

Chapter 4, named “Final Conclusions and Future Work” shows the conclusions drawn from
this thesis, alongside the original scientific contributions of the author and the consequent
research directions.

Vi
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Introducere

De la Revolutia Industriala, omenirea s-a confruntat cu o dezvoltare fara precedent, care a
permis populatiei umane sa creasca de la sute de milioane la miliarde. in 2022, populatia totala
a lumii a ajuns la 8 miliarde, iar previziunile ONU [1] spun ca&, pana la sfarsitul secolului, va ajunge
la 10 miliarde. Cresterea rapida a populatiei, combinata cu dezvoltarea tehnologica accelerata si
urbanizarea intensa a dus la o serie de crize de mediu la scara globala: poluare, schimbari
climatice si pierderea biodiversitatii [2]. O parte semnificativa a crizei poluarii, pe langa poluarea
aerului si a solului, este reprezentata de cantitatea tot mai mare de poluanti din sursele noastre
de apa. Intrucat viata pe Pamant nu ar fi posibila fara apa, calitatea acesteia are un impact major
asupra mediului, dar si asupra sanatatii publice, facand acest subiect unul de mare importanta.
Activitatile umane sunt principala cauza a poluarii apei, deoarece in timpul acestor activitati sunt
produse cantitati mari de apa uzatd. Cunoscand potentialul acestei ape puternic poluate de a
compromite sursele noastre de apa, se poate afirma ca gestionarea apelor uzate este un subiect
foarte important. Din acest motiv, este inclusa in agenda celor mai importante organizatii globale.
Un exemplu este Agenda 2030 pentru Dezvoltare Durabila a Natiunilor Unite [3], care include
gestionarea apelor uzate ca parte importanta a Obiectivului sau de Dezvoltare Durabila 6 (ODD6).
Chiar daca ODD6 a fost definit in 2015, astazi, la jumatatea perioadei alocate acestui obiectiv,
un raport de sinteza din 2023 referitor la acest obiectiv [4] arata ca omenirea nu este pe cale sa-
| atinga, calitatea apei sufera, iar schimbarile climatice pun un stres suplimentar. Raportul de
sinteza concluzioneaza ca, daca dorim sa atingem ODDG6 inainte de 2030, trebuie sa ne
acceleram eforturile.

Datorita constientizarii tot mai mari a importantei calitatii apei, guvernele nationale si
internationale impun reglementari care limiteaza cantitatea de poluanti prezenti in apele uzate
care sunt deversate in receptorii naturali. Pentru ca legislatia este din ce in ce mai stricta in ceea
ce priveste aceste limite, guvernele au creat cadre legale n care aceste limite ar trebui
respectate. De exemplu, Tn Uniunea Europeana, Directiva-cadru privind apa [5] stabileste o
abordare comuna care sa fie utilizata in legislatia statelor membre pentru a proteja mediul
inconjurator, dar si pentru a restabili calitatea apei din toate sursele de apa din Europa.
Respectarea acestor reglementari n civilizatia noastra in continua evolutie este o provocare si
necesita dezvoltarea de noi tehnologii de management a apelor uzate, dar si imbunatatirea
infrastructurii deja existente prin cresterea eficientei operationale a acesteia.

Mai mult, intrucat lumea este de o complexitate crescuta, tema managementului apelor uzate
isi extinde influenta Tn diverse provocari ale lumii actuale, fie ele de natura ecologica, sociala sau
politica. De exemplu, sistemele de transport si tratare a apelor uzate, ca orice alte instalatii
industriale, sunt o sursa de gaze cu efect de sera [6], care contribuie la o alta criza la scara
planetara: schimbarile climatice. in acest context, intrucat organizatiile internationale afirma ca
este imperativa reducerea acestor emisii [7], [8], managementul apelor uzate ar trebui sa le ia in
considerare.
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Pe langa aspectele de mediu legate de managementul apelor uzate, acest subiect are o
importanta politica ridicata, mai ales in contextul tensiunilor din zilele noastre. Raportul Natiunilor
Unite privind dezvoltarea apei din 2024 [9] subliniaza ca mentinerea unei bune calitati a surselor
noastre de apa si a unui acces echitabil la serviciile de apa, inclusiv gestionarea apelor uzate,
este un factor important in mentinerea pacii si asigurarea prosperitatii pentru toate fiintele umane.

Din acest motiv, aceasta teza aprofundeaza subiecte avansate legate de managementul
apelor uzate. Mai specific, controlul optimal al Retelelor de Canalizare (SN — Sewer Network) Si
al Statiile de Tratare a Apelor Uzate (WWTP — Wastewater Treatment Plant). Scopul principal
este aplicarea unor actiuni de control asupra ambelor sisteme (SN si WWTP) pentru a reduce
impactul acestora asupra mediului prin deversarea unei cantitati cat mai mici de poluanti in
receptorii naturali, in timp ce, se utilizeaza cat mai putina energie, fara a elibera prea multe gaze
cu efect de sera in atmosfera. Literatura de specialitate abunda de strategii de control optimal
care sunt dezvoltate pentru fiecare sistem si care sunt utilizate pentru a reduce impactul asupra
mediului al sistemului in ceea ce priveste unul sau mai multe dintre obiectivele mentionate mai
sus. Cu toate acestea, este important sa fim constienti de interconectivitatea acestor doua
sisteme. Aplicarea strategiilor de control unuia dintre cele doua sisteme poate produce efecte
nedorite asupra celuilalt, de aceea este imperios sa se ia in considerare ambele sisteme atunci
cand se dezvolta strategii de control optimal. In consecinta, modul in care aceasta teza abordeaza
controlul optimal al SN si al WWTP este intr-o maniera integrata, pregatind calea spre o reducere
aditionala a impactului unor astfel de sisteme asupra mediului, prin studierea controlului optimal
al sistemelor integrate de ape uzate urbane.

Primul obiectiv al acestei teze este dezvoltarea si aplicarea unor algoritmi de control optimal
offline si online asupra retelei de canalizare pentru a reduce impactul acesteia asupra mediului
in ceea ce priveste cantitatea de apa uzata care nu este dirijata corespunzator catre instalatia de
tratare, dar si in ceea ce priveste cantitatea de poluanti din aceasta apa. Cu toate acestea, pentru
ca un astfel de control sa poata fi aplicat, este nevoie de instrumente digitale pentru simularea
unor astfel de sisteme. Astfel, dezvoltarea unui model de retea de canalizare se impune ca prim
pas al acestui obiectiv. Al doilea obiectiv este dezvoltarea si aplicarea a diversi algoritmi de control
optimal asupra statiilor de tratare pentru a reduce impactul acestora asupra mediului in ceea ce
priveste cantitatea de poluanti din efluentul instalatiei. Desigur, si atingerea acestui obiectiv
necesita instrumente de simulare pentru statiile de tratare. Din acest motiv, ca prim pas, vor fi
dezvoltate o serie de modele WWTP prin implicarea tehnicilor de Machine Learning. Al treilea si
ultimul obiectiv al acestei lucrari reprezinta studiul interconectivitatii celor doua sisteme. Astfel,
sunt create modele pentru sistemul integrat. Acestea sunt apoi utilizate pentru a studia modul n
care aplicarea actiunilor de control asupra retelelor de canalizare afecteaza performantele
ambelor subsisteme si cum poate fi imbunatatita eficienta generala a sistemului integrat.

Aceasta teza de doctorat este structurata in patru capitole, dupa cum este prezentat in cele
ce urmeaza.

Capitolul 1, denumit ,Context” prezinta o serie de aspecte introductive legate de colectarea
si tratarea apelor uzate, cum ar fi o scurta istorie a managementului apelor uzate, impactul pe
care calitatea apei il are atat asupra mediului, cat si asupra sanatatii publice, modul in care este
masurata calitatea apei, felul in care diversi factori influenteaza apele uzate si modul in care
guvernele incearca sa abordeze acest subiect cu ajutorul legislatiei.

Acestea sunt urmate de partea principala a acestui capitol, dedicata unui stadiu al literaturii
de specialitate ce trateazd modelarea si controlul SN, WWTP si a sistemelor integrate. In ceea
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ce priveste modelarea SN si WWTP, in literatura se gasesc un numar variat de modele, variind
de la cele mai simple la cele mai complexe care pot modela majoritatea proceselor care au loc in
aceste instalatii, dar necesita mai mult efort de calcul. Cercetarile recente evitda complexitatea
modelelor matematice si utilizeaza modele bazate pe date. In literatura de specialitate se prezinta
diverse strategii, structuri si metode de control a SN si WWTP. Cu toate acestea, cand vine vorba
de sisteme integrate de apa uzata (SN + WWTP), se pot gasi doar cateva lucrari, majoritatea
concentrandu-se doar pe modelarea sistemelor integrate. Acest capitol arata cad managementul
apelor uzate este un domeniu important si ca exista loc pentru o multime de imbunatatiri care ar
putea contribui la reducerea efectelor apelor uzate asupra sanatatii publice si asupra mediului.
Pe baza acestui fapt, sunt identificate lacunele de cercetare si directiile viitoare de cercetare care
ar putea imbunatati eficacitatea instalatiilor noastre de colectare si tratare a apelor uzate.

Capitolul 2, denumit ,Modelarea sistemelor de colectare si tratare a apelor uzate” prezinta
dezvoltarea modelelor pentru ambele subsisteme (SN si WWTP), dar si pentru sistemul integrat.
Se arata ca complexitatea modelului este importanta daca modelul va fi utilizat in strategii de
control optimal, in consecinta, timpul de integrare este un aspect important in dezvoltarea
modelelor. Din acest motiv, dupa elaborarea unui model complet de retea de canalizare care
deserveste un oras de aproximativ 250.000 de locuitori si dupa definirea unui influent ce va fi
folosit pentru a testa strategii de control asupra acestui model, se propune un model hidrologic
simplificat ce reduce timpul de integrare si care poate fi utilizat in strategiile de control optimal
online. Pe de alta parte, deoarece literatura de specialitate abunda de modele complexe de
WWTP, acest capitol se ocupa de dezvoltarea unor modele cu timp de simulare redus, bazate pe
modelele de tip benchmark deja existente. Acest lucru se realizeaza prin utilizarea tehnicilor de
Machine Learning pentru a capta dinamica complexa a statiilor de tratare.

Sférsitul acestui capitol este dedicat dezvoltarii modelelor de sisteme integrate. Se arata c3,
de obicei, variabilele efluentului modelului SN sunt diferite de variabilele influentului statiei de
tratare, astfel incat este necesar un bloc de conversie in procesul de dezvoltare a unor astfel de
modele integrate. Acest capitol ofera o serie de instrumente pentru simularea si analiza digitala
a acestor sisteme, care vor fi utile in capitolul urmator.

Capitolul 3, intitulat ,Controlul optimal al sistemelor de colectare si tratare a apelor uzate”
prezinta dezvoltarea strategiilor de control optimal a ambelor subsisteme (SN si WWTP), dar si a
sistemului integrat.

In primul rénd, este prezentat controlul optimal offline si online pentru SN. Partea de control
offline prezinta testarea si compararea a cinci strategii de control optimal, patru algoritmi de
optimizare si face o analiza privind cantitatea vs. calitatea apei uzate revarsate inainte de a
integra totul intr-o tehnica de tip ,fereastra alunecatoare”. Pe de alta parte, controlul optimal online
al SN este realizat folosind tehnica Model Predictive Control (MPC). Deoarece aceasta este 0
metoda online, timpul de integrare a modelului utilizat de algoritm trebuie sa fie cat mai mic posibil.
Din acest motiv, se face o analiza a efortului computational.

in al doilea rand, sunt prezentate o serie de strategii de control optimal pentru WWTP. Doud
dintre ele se bazeaza pe o abordare MPC care utilizeazé modele simplificate de retele neuronale
ale WWTP, in timp ce celelalte doua se bazeaza pe optimizarea offline.

Ultima parte a capitolului trateaza sistemul integrat compus din SN si WWTP. Mai specific, se
prezinta interconectivitatea celor doua sisteme, aratdnd modul in care aplicarea actiunilor de
control asupra SN afecteaza performantele ambelor subsisteme. Metodologia propusa arata ca
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este posibil ca, atunci cand utilizadm un control optimal pentru SN, sa se utilizeze un set de actiuni
de control pentru SN care nu ofera cele mai bune performante ale retelei, ci cele mai bune
performante ale sistemului integrat, minimizand astfel impactul asupra mediului in ceea ce
priveste cantitatea de poluanti evacuati, costurile implicate si emisiile de gaze cu efect de sera.

Capitolul 4, intitulat ,Concluzii finale si directii viitoare” prezintd concluziile desprinse din
aceasta teza, alaturi de contributiile stiintifice originale ale autorului si directile de cercetare
viitoare.
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Chapter 1. Background

1.1. Introduction

Water is one of the most important elements in the world, representing one of the basic needs
for all the living organisms on Earth, including humans. 70% of our planet surface is covered with
water, however, only 0.007 is available for human consumption [10]. For humans, water is not
important only for drinking, but needed for many other daily activities such as cooking, maintaining
hygiene, agriculture, industry, generating power, aquaculture etc., activities that are producing a
lot of wastewater, usually heavily polluted, that could compromise our public health and
environment. Therefore, it is very important to collect, transport and treat the water to maintain
our ecosystems and protect our freshwater sources. For these purposes, humanity interfered with
the natural water cycle, as presented in Figure 1.1, by creating systems for wastewater collecting
(Sewer Networks — SN) and treatment (Wastewater Treatment Plants — WWTP) to maintain an
equilibrium and minimize the effects of the human activities on the environment.

l:> Raw Water
# Drinking Water
II: > Waste Water

Wastewater collecting and treatment

Households

Drinking Water
Treatment
Plant

Wastewater
Sewer Treatment
Network
Plant

Industry
Other usages

Evaporation

Overflows
Discharge

Pumping

Figure 1.1 — Water cycle

Therefore, if it is desired to maintain this equilibrium and not to compromise our water
resources, it is important to have the most efficient SNs and WWTPs. However, we are living in
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a dynamic world, affected by a lot of phenomena like urbanization, migration, global warming etc.
that could impact the operational efficiency of the wastewater systems, and, therefore, optimal
control and operation strategies for these systems should be considered to overcome all the
changes resulting from external factors. With this purpose in mind, developing new complex
control strategies requires the knowledge of the already existing control systems to identify
research gaps and future research directions that could lead to further improvements in the
effectiveness of wastewater collecting and treatment systems. For developing such control
strategies, tools for digital simulation of the systems and tools for analysis are required.

In consequence, the main objective of this chapter is to analyse the challenges that our society
is facing regarding wastewater and to present a state of the art of current research in SNs and
WWTPs modelling and control to identify which research directions should be followed to increase
the effectiveness of the wastewater collecting and treatment systems so humans activities impact
on the water is diminished, protecting this way the public health and the environment.

1.1.1. A brief history of wastewater management

Water is the source of life on earth, or “Hydor! is the beginning of everything” as stated by
Thales from Miletus (ca. 636-546 BC) [11]. Humans always needed freshwater sources, but they
also needed methods to safely remove the polluted water [12]. In early history, humans had very
little impact on the environment, and the excess water was taken up by natural hydrological
processes, while wastes were naturally “treated” [13].

The first artificial systems started to develop when humans tried to control their environment.
Drainage systems were used over time to get rid of excess water, usually meteorological water.
These systems were intended to prevent flooding. With the urban development, due to the
increase of the population density in certain communities, the need to have sewerage systems
appeared [14]. In ancient Greece, at the end of the Bronze Age, the Minoan civilization provided
a major contribution to wastewater management. This civilization’s palaces had sewerage and
drainage systems, some of them even had toilets with flushing systems [15]. The most known
ancient sewerage system is the Cloaca Maxima developed by the Roman Empire. This system
was collecting the stormwater and the wastewater, which then reached the Tiber River [14]. With
the fall of the Roman Empire, the population of the cities began to decline, which led to the
abandonment of sewerage systems and, over time, their deterioration. In the Dark Ages, rainwater
and wastewater resulting from craft activities were taken using ditches and dumped into natural
collectors, while human waste was used in the garden or simply left on the street [16].

The increase in the rate of industrialization and urbanization led in the nineteenth century to
an awareness of the importance of wastewater management [17]. The first country to take action
to improve the city's environmental conditions was Britain, followed by Germany, France, and
Italy [18]. The twentieth century came with a revolution in wastewater management through
scientific discoveries related to this topic [19]. In 1912 [20] introduced the concept of biochemical
oxygen demand (BOD) and defined standards for sewage effluent. A few years later [21]
enhanced our understanding of the relationship between water pollution and toxicity. In the '60s,
the discoveries in spectrography and chromatography led to a deeper understanding of pollutants

1 Water
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[22]. All these discoveries, together with the awareness of the importance of environmental
protection, have eventually led to modern and advanced wastewater collecting and treatment
systems.

1.1.2. Impact of water quality on the environment and the human health

Because it can dissolve various substances, water is considered a “universal solvent” and
because it can carry these dissolved substances alongside other substances, some of them highly
toxic, untreated wastewater represents a threat to both the environment and public health.

Water bodies (such as rivers, lakes etc.) are the most susceptible to the negative effects of
wastewater. The aquatic ecosystems could be disrupted by toxic substances. If a lot of organic
substances are present in the water, organisms will decompose them. In the decomposition
process, a lot of the water Dissolved Oxygen (DO) is used, and the effect of oxygen depletion can
appear. DO is critical for aquatic life, therefore oxygen depletion can be life-threatening to fish.
The increase of the nutrient concentrations (particularly nitrogen and phosphorus) can lead to
eutrophication [23], a phenomenon in which, because of the high concentration of nutrients, the
plants and algae in the water start to grow excessively, setting off a chain reaction in the
ecosystem. The excess plants and algae will eventually die and decompose, producing high
amounts of carbon dioxide (CO-) which can lead to oxygen depletion and fish dying. Besides this,
the large amounts of CO; produced in the algae decomposition process can decrease the pH of
seawater, contributing to the ocean acidification phenomena. Moreover, wastewater can contain
oils and fats that can settle on the water surface, blocking the light that is needed for the
photosynthetic aquatic plants. Wastewater usually has a higher temperature than the temperature
of the receiving body, therefore it can increase the water temperature which can affect the DO
concentration, but also the fish living in that water because they are relying on the water
temperature to regulate their body temperature as they are cold-blooded beings.

Unproperly treated wastewater contributes to the contamination, and eventually, the
destruction of the natural habitats by exposing the wildlife to harmful substances: pathogens,
heavy metals, salts, oils, greases, toxic chemicals, nutrients, acids and bases, toxic compounds
etc.

Itis important to mention, even if it is not a direct effect of the water quality on the environment,
but an effect of the wastewater treatment, that WWTPSs, like other industrial facilities, can, during
their operation, emit greenhouse gases (GHG) such as CO,, methane (CH,) and nitrous oxide
(N20), contributing to the global warming.

Besides the threats posed to the environment, wastewater represents a threat to public health.
According to a report of the World Health Organization, annually, 4 billion cases of diseases
related to water are causing 3.4 million people to die worldwide [24]. Human faeces are the main
vector for transmitting various diseases, therefore wastewater must be properly treated before
being discharged to avoid epidemics. In tropical countries, rainwater must be collected and
transported from the human communities, as, in those places, standing water represents the
mosquito habitat. This can lead to the spread of malaria or other kinds of diseases [13]. In addition
to this, fish is part of the human diet, and therefore contaminated water means contaminated fish,
especially with heavy metals, which can affect human health.
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1.1.3. Water quality

To provide the most performant and efficient wastewater collecting and treatment systems, it
is necessary to measure the efficiency of these systems by quantifying the water quality at various
points of the systems.

Firstly, as water contains and carries away various substances, there is a need to quantify the
guantities of these substances in the water. For this, the concentration, usually expressed in mg/1
is used [13]:

c=M/V (1.1)

where c is the substance concentration in the water, M is the substance mass found in a volume
of water equal to V. The substance flux or mass-flow, L, can be further calculated by multiplying
the substance concentration, c, by the liquid flow rate, Q:

L=c-Q=M/t 1.2)

Having a method to measure the concentrations of various substances, a series of quality of
water parameters can be defined:

1. Total Suspended Solids (TSS) — the solid mater in suspension.

2. Dissolved Oxygen (DO) — an indicator of the water “health” as all higher forms of aquatic
life require it.

3. Organic Compounds — Total Organic Carbon (TOC) - the total organic carbon
concentration in the water.

4. Nitrogen (N) — can exist in water in four forms: organic nitrogen, ammonia, nitrate and
nitrite. Total nitrogen is the sum of all four compounds.

5. Phosphorus (P) — can be expressed as organic phosphorus, inorganic phosphorus and
total phosphorus.

Because not all the Total Organic Carbon is oxidizable, in the wastewater sector there is a
common practice to measure only the oxygen demand, which means the equivalent quantity of
oxygen in water required to degrade the organic compounds in inorganic compounds, in the form
of Chemical Oxygen Demand (COD) and Biochemical Oxygen Demand (BOD). The relationship
between the organic carbon fractions in wastewater can be seen in Figure 1.2.

Al

Figure 1.2 — Organic carbon fractions
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1.1.4. Factors impacting the wastewater

flushing pollution
WASTEWATER
PUBLIC MANAGEMENT ENVIRONMENT
SYSTEMS
floods rainfall

Figure 1.3 — Wastewater management systems interfaces

The wastewater collecting and treatment systems are important as they mediate the
interaction between the natural water cycle and human activities. These systems have, as stated
in Figure 1.3, two interfaces: one with the public and one with the environment [13].

Rainfall Rainfall

Runoff

Evaporation Evaporation

Runoff

Infiltration

Infiltration

(b)

Ground Ground with artificial hard surface

Figure 1.4 — Rainfall mechanism
(a) pre-urbanization; (b) post-urbanization

Currently, the world is in a process of accelerated urbanization [25] that is increasing the
population density in urban areas putting additional stress on the existing wastewater systems,
on both interfaces. The increased domestic and industrial wastewater production leads to
systems overloading increasing the environmental pollution of these systems. On the other hand,
urban development usually comes with covering the ground with artificial surfaces, increasing the
amount of surface stormwater runoff (see Figure 1.4). This stormwater runoff is fast travelling (as
the ground is covered with hard impermeable surfaces) meaning that its flow will start and end
quickly, leading to a peak flow that increases the danger of floods. On top of that, this has also
strong implications in terms of water quality as the fast rainwater flow is likely to wash off pollutants
and sediments and might cause additional pollution to the river [13]. Thus, the stormwater runoff
must be somehow collected to prevent urban floods, therefore SN must be able to take it over.

The previously mentioned factor caused by urbanization, high stormwater runoff, is getting
accentuated by one of the current major challenges of humanity: global warming, as it is causing
extreme rainstorms [26], [27].
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1.1.5. Law regulations on wastewater

To assure that the water quality is not negatively impacting the environment and human
health, governments imposed laws that regulate wastewater management and the necessary
guality that wastewater must have before discharging it into the natural receptors.

At the European Union (EU) level, the most important directive regulating water management,
inclusively wastewater, is the Water Framework Directive 2000/60/EC [5] which aims at creating
a framework for reaching a common European goal: achieving a “good status” for all European
water bodies by protecting and restoring aquatic ecosystems, reducing water pollution and
guaranteeing sustainable water management by both the economic sectors and the population.
The current EU’s legislation for managing urban wastewater has been adopted in 1991 as the
Council Directive 91/271/EEC [28] and has been multiple times amended resulting in the actual
consolidated form of the law [29]. This directive aims at protecting the European environment and
public health from the negative effects of wastewater by setting up a set of rules for all stages of
wastewater management: collecting, transporting, treatment and discharging. All union members
must monitor both the WWTP’s performances and the natural collectors' water quality, while, at
the same time, taking measures to limit the negative impact of the SN overflows during heavy
rains. This directive also states that all human agglomerations which have a population equivalent
(p.e.) of more than 2000 should have systems for collecting and transporting the wastewater and
all wastewater from human agglomerations having more than 10000 p.e. should be subject to
secondary treatment before being discharged into natural receptors. By exception, secondary
treatment is mandatory for all human agglomerations having more than 2000 p.e. if the receiving
collector is a source for drinking water or if it is an estuary.

The quality parameters of the water discharged from the treatment plants are also regulated
by this directive as presented in Table 1.1. If the receiving water body is identified as a sensitive
area susceptible to eutrophication, the additional quality parameters presented in Table 1.2 must
be fulfilled.

Table 1.1 — EU requirements for WWTP effluent

Parameter Limit Minimum reduction through

treatment
Biochemical Oxygen Demand 25 mg/l O; 70 —90 %
Chemical Oxygen Demand 125 mg/l O, 75 %
35 mg/l 90 %
Total Suspended Solids (60 mg/l if p.e. between (70 % if p.e. between
2000 and 10000) 2000 and 10000)

Table 1.2 — EU requirements for WWTP effluent if receiving water is identified as sensitive

Minimum reduction through

Parameter Limit
treatment
2 mgl/l o
Total Phosphorus (1 mg/l if p.e. > 100000) 80 %
Total Nitrogen 15 mg/l 70 —-80 %

(10 mg/l if p.e. > 100000)
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An annual minimum number of samples that must be taken at regular intervals is imposed for
monitoring these parameters, depending on the WWTP size:

e 2000 -9999 p.e.: 12 samples during the first functioning year. 4 samples in the next years,
only if all the first year samples met the above-mentioned requirements.

e 10000 — 49999 p.e.: 12 samples per year.

e >50000 p.e.: 24 samples per year.

In Romania, the legislation for wastewater management is “NORME TEHNICE from 28
February 2002” [30] which has been adopted in 2002 and subsequently amended multiple times
to align it with the EU legislation. This regulation defines the rules for collecting, transporting,
treating and discharging wastewater. This regulation also stipulates the need for secondary
treatment to keep the discharged water quality parameters below certain limits. The defined limits
are the same as the ones defined by the EU regulations presented in Table 1.1 and Table 1.2.

Another Romanian legislation for wastewater management is the “NORMATIV NTPA-002
from 28 February 2002” [31] which is regulating the water entering the SN or the water sent
directly to WWTPs. It provides a series of standards for the wastewater quality to meet to be
allowed to send it to the public SN. On the contrary, wastewater must be subject to pre-treatment
to fulfil the quality requirements. These quality requirements refer to keeping the concentration of
pollutants below certain limits, but also to keep the wastewater temperature and pH in a certain
interval. Also, the following are forbidden from the wastewater when entering public SNs or
WWTPs: big solids, oils, fats, substances that could solidify or coagulate with other substances
in the sewer, substances that are chemically aggressive, inhibitors of the biological processes
that take place in the WWTP, radioactive substances, heavy metals etc.

1.2. State of the art in modelling and control of Sewer Networks

A sewer network is a system used to collect and transport rainwater and/or wastewater from
the population or industrial facilities to a designated place (for example, to a WWTP). Most
communities rely on artificial water draining systems consisting of a network of storage tanks
connected through pipes. Of course, some isolated communities, even from developed countries,
never had access to such systems, and they rely on natural draining [13].

SNs usually handle two types of water flow: rainwater (pluviometric water) and wastewater
(domestic wastewater and industrial wastewater), so, in consequence, there are two constructive
types of SNs [32]:

1. Combined sewer networks (see Figure 1.5) in which both the rainwater and wastewater
are transported in the same pipes. The system transports only wastewater flow during dry
weather, but during pluviometric events, the flow in the SN increases as a consequence
of rainwater addition. In heavy rainfalls, it can cause overflows of SN leading to floods and
environmental pollution. To avoid overflows, the SN needs to provide the capacity to store
and transport the heavy rainfall flows. This is not economically feasible as the SN will
collect and transport usually only wastewater flow that represents only a tiny part of heavy
rainwater flows. The solution is to develop control strategies for SN to minimize overflows.



Chapter 1. Background

RAINFALL POPULATION INDUSTRY
0

O

'_

O

L

—

|

S le—] SEWER

<

o

P

<

=

- WASTEWATER TREATMENT PLANT

Figure 1.5 — Combined sewer network

2. Separate sewer networks (see Figure 1.6) in which the rainwater flows in separate pipes
from the wastewater. These types of SNs have the main advantage of carrying rainwater
directly to natural receptors, and because the wastewater is usually constant, no overflow
occurs. However, this type of SN is more expensive than a combined SN and there is no
insurance that the rainwater is not getting polluted for any reason (infiltrations from and to

the wastewater piping, washing pollutants from the catchment surface etc.)
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Figure 1.6 — Separate sewer network

Some communities have hybrid SNs where an important part of the rainwater flows in
separate pipes from the wastewater, while some of it gets mixed with the wastewater. Usually,
this is a consequence of extending the existing combined SN with a separate SN part [13].
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The quick development of the cities and the high water demand, that eventually gets into the
SN, led to the need for complex control of SNs. But for such control to be implemented, there is
a need for digital simulation and analysis of SNs [33].

1.2.1.Sewer Network modelling

The beginning of the SN model development occurred in the early 1970s [34] with the release
of the Storm Water Management Model (SWMM) by the Environmental Protection Agency in the
USA. This model is used to predict flows and pollutant concentrations and can simulate both
continuous and single-event [35]. The first version of SWMM was programmed in FORTRAN and
was composed of 5 blocks [36]:

1. Executive Block.
2. Runoff Block — based on Horton Infiltration Model [37]:

f=fo+ (fnax = fo) - €™ (13

where f is the infiltration capacity in the soil (mm/h), f, is the initial infiltration capacity,
fmazx 1S the maximum infiltration capacity (mm/h) and k is the decay rate (1/h) [38] and on
Manning’s equations for overland flow approximation:

1
Q==-R2/3.51/2.4 (1.4)
n

where Q is the flow (m3/s), n is the Manning’s Roughness Coefficient (unitless), R is the
hydraulic radius (m), S is the slope (m/m) and 4 is the flow area (m?) [39].

3. Transport Block implemented by the usage of the kinematic wave method.
4. Storage Block.
5. Receiving Water Block.

This model has been improved over the years getting to the current version, SWMM 5.2, which
includes various hydrological processes, such as time-varying rainfall, evaporation, snow
accumulation, snow melting, infiltration in various types of soil, groundwater and SN interflow, the
buildup of pollutants during dry weather, reduction in loads concentrations by natural processes
in the sewer system etc. [40].

Some studies approached, using SWMM, the modelling and prediction of various compounds
transported or generated in the sewer, such as hydrogen sulphide [41] or various drugs
(amphetamine, 6-monoacetylmorphine, 6-acetylcodeine etc.) with their specific transformations
[42]. In [43], a toolkit for SWMM has been developed for identifying the pollution sources in a SN
using Genetic Algorithms (GA).

The specialized literature distinguishes two types of mathematical models for SNs [36]:

1. Flow models — are using scientific knowledge about water runoff, pipe flow, pipes and
tanks deposits etc. to mathematically model the hydrological processes that takes place
in the SN.

2. Quality models — are needed when information about the pollutants entering, moving
through, or exiting the SN is required. Usually, quality models include the modelling of
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pollutants entering and leaving and their transport through the SN. Other processes that
could be included in this type of model are sedimentation, pollutant transformations,
biochemical interactions etc.

/’ Flow Models

Sewer Metwork Models / Deterministic Quality Models
\> Quality Models

\. Stochastic Quality Models

Figure 1.7 — Classification of SN models

The SN flow models are based on a set of partial differential equations describing the water
flow (Saint-Venant equations) [45]. There are two equations: a continuity equation and a dynamic
one [46]:

94 ov  dh

— — — = 15
v 6x+A ax+b 3t 0 (2.5)
oh Jv Ov
L R T —_ 1.6
9 3tV 5t 9(So — Sp) (1.6)

where:

o v [m/s] —the water velocity.

e x [m] — the position of the measurement from the upstream end.
e A [m?] —the flow cross-section area.

e b [m] — width of the section.

o h [m] — depth of flow.

e g [m/s?] - gravitational acceleration.

e S, —the bed slope.

e Sy —the friction slope.

water surface

Q(xo)—>
Q(Xg+AX)—>

bed level
«

Figure 1.8 — Water flow in a channel

Knowing that the flow rate Q = A - v [m3/s], then:
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Introducing relations (2.5) and (2.6) into the partial differential equations (2.3) and (2.4), the
Saint-Venant equations represented in terms of flow rate instead of velocity are obtained:

90  oh
< L 1.9
6x+b 57 =0 (1.9)
2
a(9°/
0Q ( A) 0A (1.10)
T T t9 A9 A (Som8)=0

Modelling the storage component of a SN in a flow model is based on the mass conservation
principle. Therefore, the accumulation (volume change) can be expressed as the difference
between inflow and outflow. For the storage tank with overflow capability presented in Figure 1.9
the continuity equation is [47]:

dv
E = Qin(t) - Qout(t) - Qover(t) (111)
‘—+ Qover(t)
Qi (t) =

_+Qoul (t)

Figure 1.9 — Storage tank with overflow capability
with:

e V(t) [m3] - currently stored volume of water in the tank.

e Qi (t) [m3/s] —tank’s inflow.

e Q,u:(t) [m3/s] —tank’s outflow.

e Q,per(t) [m3/s] —tank’s overflow — multiple methods and formulas, depending on the weir
shape and characteristics, are used to calculate the overflow [48].

For control purposes, because complex flow models of SNs require a lot of computational
effort, simplified discrete models have been proposed [27]. In these models, the transport
component delay is translated into a certain amount of discretization steps, while the storage
component model is obtained by discretizing equation (1.11):

V[k + 1] = V[k] +T-(Qin [k] — Qout [k] — Qover [kD (1-12)
where:

e T —discrete time interval.

e k —time index.

e V[k] - the stored volume of water in the tank at the moment k - T.
®  Qiu[k] —the inflow of the tank over the period [k-T, (k+1)-T].

®  Q,ut[k] — the outflow of the tank over the period [k-T, (k+1)-T].

11
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®  Quuer[k] — the overflow of the tank over the period [k T, (k+ 1)-T]. In the simplified
discrete model, it is assumed that the overflow occurs when V[k] = V4, With V.., being

the tank storage capacity, therefore, the overflow can be calculated by:

d
Qover[k] = 70 (V[k] - Vmax) if V[k] 2 Vnax (1.13)
0 else

with d, a parameter empirically estimated to best fit the real overflow.

Because the volume of water in the tank cannot exceed the tank’s capacity, in [49] a modified
nonlinear version of the above presented discrete model is proposed. The equation (1.12)
becomes:

Vik + 1] = min (Vpg, VIK] + T - (Qin[k] — Qoutlk] — Qover[k])) (1.14)
while the overflow is calculated by:
Qover[k] = max (0,V[k] + T - (Qin[k] — Qoutlk] — Qover[k]) — Vinax) (1.15)

Other researchers [50] integrated the SN flow model with the topology of the urban roads to
obtain a sewer-road network model in order to use it for analysing the interdependency of the two
sub-systems, especially during events with high precipitations.

Besides the flow models, quality models of SNs began to be developed as a tool to be used
in optimizing the pollution load caused by sewer overflows [51]. Two approaches can be
distinguished: stochastic quality models which are data-driven, and deterministic quality models
[52].

Various methods have been used for developing stochastic quality models, such as using
multigene genetic programming [53] or evolutionary polynomial regression [54] for sediment
transport modelling.

In [55] a stochastic model has been implemented in InfoWorks to predict both flow and quality
profiles to analyse the effect water-saving strategies have on sewer flow and pollutants
concentrations. A similar approach has been presented in [56], where the model was
implemented to predict flow, nutrient and temperature changes in a sewer. The model was then
used to quantify the impact of water-saving strategies: greywater recycling using smart water
appliances and rainwater collecting.

More specific stochastic models were developed in [57], where a Monte Carlo simulation has
been used to model the chemical oxygen demand transformations in the sewer, and in [58], where
the modelling of pharmaceuticals in the SN has been done.

Other approaches are focusing on human waste modelling, such as [59] where Atrtificial
Neural Networks (ANN) have been used to obtain a predictive model to forecast faecal indicator
bacteria concentrations of a SN, and [60] where image processing techniques and particle image
velocimetry were used to quantify physical disintegration (erosion and breakage) of faeces in
sewers.

In parallel with data-driven stochastic models, deterministic models have been developed,
where changes in water quality have been mathematically expressed based on their
concentrations and decay coefficients. These models describe various processes that happen on
SN loads:

12
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Sediments deposition and transport: [61], [62], [63], [64], [65].
Chemical Oxygen Demand: [66], [67].

Total Suspended Solids: [67].

Methane: [68], [69], [70], [71].

Hydrogen sulphide: [68], [72], [73], [70], [71], [74].

abrwpdE

In [75] a benchmark simulation model (BSM) for catchment and SNs is proposed, aiming to
evaluate urban sewerage control strategies and to facilitate the integration with standard WWTP
models. This benchmark simulation model, BSMSewer, models the wastewater flow with its loads:
particulate and soluble chemical oxygen demand, ammonia and phosphate, being composed of:

1. Catchment model — inspired by BSM2 dynamic influent pollutant disturbance scenario
generator [76], aims at generating the wastewater in catchment areas by combining the
domestic influent, the industrial influent, the pluviometric influent and the infiltration to the
SN;

2. SN model — composed of three components modelling the wastewater transport, sewer
pipes flushing and sewage water storage. The model does not consider biological
transformations of the loads in the SN.

The transport component models wastewater pipe flowing. The pipe is modelled as a
completely mixed tank with a certain volume, so, therefore, the mathematical model is based on
the mass conservation principle as seen in equation (1.11), with the remark that Q,,e, 7 (t) = 0 as
the pipes do not have overflow capabilities. The outflow of the transport component is related to
the volume of wastewater in the pipe and a residence time constant (Ky):

Vr(t)
Kr

Qout,r(t) = (1.16)

Similar to wastewater flow modelling, the transport component models the load transport
using the same mass balance principle:

aM
d_tT = Xin,T(t) - Xout,T (t) (1'17)
My (t)
Xout,r(t) = I’I;R (1.18)

where:

e M, [kg] — the pollutant mass in the pipe.
o Xinr(t) [kg/day] — the input load.
o Xouer(t) [kg/day] — the output load.

The sewer pipe flushing component models the accumulation of particulates in the sewer and
their flushing when the flow through the pipe reaches a threshold value:

dMp

I - Xinp(t) (1 -

Mg (t) > ~ (Qin,F(t))nf

— - Mp(t) - FF (1.19)
(Qlim,F)nf + (Qin,F(t)) ! ’

Mmax,F

with:

e Mp [kg] — the pollutant (CODpar) mass accumulated in the system.
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® My r [kg] — the maximum pollutant mass that can settle.

o Xinr [kg/day] —the pollutant influx.

e Qinr [m®/day] — the inflow.

*  Qumr [m3/day] — the threshold flow that triggers the pipe flushing effect.
e FF [1/day] and n; — adjustable parameters for tunning the model.

The storage component of the BSMSewer uses the same mass conservation principle to
model the volume of water and the quantities of pollutants in the storage tanks. The overflow,
Qover(t), is modelled using specific methods and equations depending on the overflow weir
characteristics, while the tank’s outflow, Q,,:(t), depends on the tank output type. If the tank
output is equipped with a pump, then the outflow will be the pump flow. If the output tank is
equipped with a valve and the wastewater flows due to gravitational effect, then the outflow will
be:

Qmax - (h(t) - hmin)n
hg + (h(t) - hmin)n

Qout(t) = (1.20)

where:

¢ Qmax [Mm?/day] — the maximum tank outflow — depending on the outlet valve opening.
e h(t) [m] — wastewater liquid column height in the tank.

®  hpin [m] — minimum wastewater liquid column height in the tank.

e h, [m] — wastewater liquid column height in the tank when Q,,:(t) = Qmax/2;

e n —tunning parameter of the model.

As stated before, this model aims to be used to evaluate urban sewerage control strategies.
For this purpose, a set of 10 performance indicators have been defined in [75] and presented in
Table 1.3.

Table 1.3 — BSMSewer performance indicators

Indicator Unit Description
Noys events/year Total number of overflow events
Tovs days/year Total duration of overflow events
Vour m3/year Total volume of overflowed wastewater

Overflow quality index calculated similarly as the

001 kg — polluting units effluent quality index of BSM WWTPs gets calculated

/day [77] after converting overflow to ASM variables using
[76]

Cmaxss g cob/m? Maximum pollutants concentrations continuously
Crnax.TKN gN/m3 overflowed for one hour (Total Suspended Solids,
Cinax,poa g P/m3 Nitrogen and Phosphorus)

T, days/year

exclSS yS/y Total duration of pollutant exceeding the legal limits
Texcrxn days/year durin

g a year

Texc,P04 days/year

1.2.2.Sewer Network control strategies

Sewer network control strategies are important as they assure safe and low-cost operations
of the SN. The main goal of SN control systems is to reduce the effect of overflows, by reducing

14
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the volume of the overflow or the quantity of pollutants discharged during overflow events. Other
goals include, but are not limited to enhancing sulphide mitigation [78], optimal chemical dosing
and distribution in the SN to reduce corrosion and odours [79] or preventing blockages [80].

Many of the goals can be achieved during the layout design phase of the SN. In [81] SN layout
and component size optimization algorithm to minimize the total cumulative flow has been
developed. The implemented method is based on spanning three algorithm for selecting the
layout and a modified Particle Swarm Optimization (PSO) algorithm to optimize the component
sizes of the selected layout. The method has been applied to the Sudarshanpura SN, in Jaipur,
India. In [82] a hybrid GA (GA combined with three growing algorithm) is used, while in [83] an
adaptive GA approach is used to optimize the layout design of SNs.

Other methods have been used to optimize the layout of SNs, such as tabu search [84], PSO
[85], ant colony algorithm [86], mixed-integer linear programming [87] or arc-based ant colony
optimization algorithm [88].

However, even if they achieve the desired goals, these approaches can be expensive, in
terms of construction materials, and are impractical for achieving the same goals on already
existing SNs or when the variables that were used during the layout optimization are changing
due to the city development. For the existing SNs, it is easier to develop control strategies to
reach the same goals, than to resize pipes, valves and storage tanks.

The main objective of the SN control strategies is to minimize the overflow effects on the
environment. However, besides this objective, SN control strategies should also consider [47]:

1. avoiding overloading the storage tanks that do not have overflow capabilities to ensure
safe operation of the SN.

2. a smooth command evolution to not force the execution elements (valves and pumps).

3. maximizing the water treated by the WWTP during rain events and immediately after.

4. balanced use of the storage tanks.

In [89], the authors propose a generic methodology for optimal control of SNs. The
methodology applies when a state-space model of the system is available and consists of six
steps, as shown in Figure 1.10:

1. system analysis where the available measurements, the control variables and the
disturbances (usually the pluviometric events) are identified. During this step, the objective
function is also defined. Because of the difficulty of rainfall prediction, the authors define
an objective function based on both the expected and the current overflow formulating the
problem as a two-step optimization problem.

2. two-stage optimization aims to set optimal values for the control variables, in
concordance with the objective function previously defined and the given rainfall
prediction. The two stages of optimization are the deterministic stage and the stochastic
stage.

3. definition of operating phases and process gains where, because the relations
between system variables are highly nonlinear and lead to completely different evolutions
of variables depending on the current state of the system, operating phases of the system,
such as dry weather, filling or emptying phase, are defined. For each of the phases, the
system is linearized.
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4. screening of measurement that aims the reduction of the problem by discarding
measured variables that are not influenced by any of the control variables during the
considered time horizon.

5. calculate control variables by defining the controlled variables as a linear combination
of the measurements. An optimization procedure for all possible measurement
combinations is done, selecting the one that minimizes the loss value. This procedure is
repeated for all operating phases defined within the 3" step.

6. closed-loop evaluation that is needed to validate the previously obtained results.
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Figure 1.10 — Workflow for the proposed methodology

The methodology has been implemented in a real case study (a 135.000 inhabitants
catchment area of Copenhagen) showing good results.

Other approaches are based on simplified models and consider only binary commands on the
storage tanks' output valves. For example, [90] addresses the usage of Binary Hybrid Topology
Particle Swarm Optimization (BHTPSO) as an optimization algorithm to solve the Sewer Network
Discharge Optimization problem formulated as a Binary Optimization Problem. The control
structure is presented in Figure 1.11.
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Figure 1.11 — Optimal control structure
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The optimization algorithm was implemented in two versions: with and without a local
deterministic descent algorithm (LDDA). At each iteration of the BHTPSO, for each of the particles
in the swarm, LDDA looks for a better solution in the geographic neighbourhood of the particle.
Adding the LDDA leads to better results as observed from this paper’s statistical analysis section.

In [91] a predictive control structure (Figure 1.12) is defined to minimize the disturbance
influence on the system by minimizing the SN overflows. The structure is proposed as an
alternative to the previously described optimal control system structure and it is more suitable for
larger SNs. In this paper, the control structure has been also implemented by using BHTPSO as
an optimization algorithm and has been run for various SN sizes and various sizes of the sliding
time horizon, with very good results.
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overflow sequence
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CONTROLLER
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real

SEWER influent

NETWORK

system states

Figure 1.12 — Predictive control structure

Other researchers used fuzzy logic-based control structures to reduce the SN overflows
effects. For example, in [92], for each of the storage tanks in the network, the fuzzy logic considers
the levels in the storage tank and the downstream storage tank and the influent rate to control the
output flow rate. The structures were implemented for the BSMSewer model, and the obtained
results show improvements in the overflow in terms of pollution loads.
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Figure 1.13 — Example of fuzzy membership function for water level
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In an article published in 2019 in “Journal of Hydroinformatics”, [93], a new fuzzy logic local
autonomous Real-Time Control (RTC) is introduced to minimize the overflows by using the free
space in the SN. The fuzzy logic controller uses the water level before and after the control gate
to control the gate opening. Its membership functions are adjusted by using a GA optimization to
provide the best results (Figure 1.13) — optimized fuzzy logic membership functions led to a 25%
overflow volume decrease compared to the fuzzy logic membership functions provided by human
experts.

In “Output-feedback control of combined sewer networks through receding horizon control
with moving horizon estimation” [94], B. Joseph-Duran, C. Ocampo-Martinez and G. Cembrano
propose an output-feedback control for large scale SNs. In this approach, receding horizon control
is used to solve the optimal control problem and moving horizon estimation to solve the state
estimation problem.

Most of the recent papers regarding optimal control of SNs are using a Model Predictive
Control (MPC) with various approaches. For example, [95] proposes and compares two types of
MPC: one based on a wastewater quantity control approach and the second based on both
guantity and quality approach with its uncertainty propagation, concluding that the last one
provides better results because it reduces the overflow volume and pollution load without the
need to add new sensors at the existing SN. For the quantity control approach, the optimization
was done with a convex optimisation solver, while for the qualitative approach, due to the
nonlinear model, the fmincon procedure [96] was used.

In [97] a MPC approach with hard constraints on the input and soft constraints on the output
is proposed for the Barcelona benchmark model [45] of a SN. The paper clearly shows that it is
possible to minimize the overflows by controlling the sewer wastewater flow using a prediction of
the rainfall. Another approach is presented in [98] where a reduction of 17% of the volume of
overflow has been obtained on InfoWorks high-fidelity simulator by using a MPC to obtain optimal
solutions for multi-objective functions. A feedback simulation procedure is used to realize the
communication between the optimizer and the simulator.

In a paper published in 2019 [99], the authors present a comparison of two methods regarding
the overflow in SNs. The two methods, Mixed Integer MPC which is based on mixed linear
dynamic formulations, and Quadratic Programming MPC, have been tested on the same
Barcelona benchmark model of a SN mentioned before, showing that they provide equivalent
results, but the computational costs are lower for Quadratic Programming MPC, making it more
suitable for using longer prediction horizons.

In [100], A. Cembellin, M. Francisco and P. Vega propose a distributed MPC with fuzzy
negotiation, the results being compared to those of a centralized and a decentralized MPC. This
strategy aims at the minimization of a local objective function that depends on the evolution of the
subsystem and its neighbour by using prediction models and local constraints. Then fuzzy
negotiations are used to generate the final control actions. The findings of this paper are extended
by the same authors in [101] where distributed MPC with fuzzy negotiations is compared to a
centralized MPC including, this time, information about pollutant loads (TSS).

Recently, in 2022, the paper entitled “Model predictive control based on artificial intelligence
and EPA-SWMM model to reduce CSOs impacts in sewer systems” (CSO — Combined Sewer
Overflow), [102], proposes a structure that uses ANNSs for predicting flows and genetic algorithms
aiming to optimize the SN operation.
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The paper “Balancing water quality and flows in combined sewer systems using real-time
control”, [103], formulates a real-time load balancing algorithm aiming at improving flow and water
quality dynamics in the SN with respect to the output to the WWTP.

In “Model-Based Sewer Network Control - Practical Experiences”, [104], the authors use
model-based flow control system to minimize the overflows of a real SN in Kenten, Germany. The
control system uses data from online radar and radar forecasting to model the influent of SN and
it is implemented in SIWA SEWER, a SN control application developed by Siemens. Data
collected for one year after the control system implementation shows that this approach led to a
reduction of direct river discharges by 450000 m3, increasing the total amount of stormwater
treated by the WWTP.

U. Rathnayake and A. H. M. Faisal Anwar, in their paper “Dynamic control of urban sewer
systems to reduce combined sewer overflows and their adverse impacts” [105], propose a Multi-
Objective Optimization (MOO) algorithm (Figure 1.14) for a SN. The optimization algorithm (Non-
dominated Sorting Genetic Algorithm Il — NSGA-Il) used by the authors aims at minimizing the
overflow pollution load and the operating cost of the SN pumps and WWTP. Firstly, an
optimization for the 0-15 minutes time window is performed resulting in a Pareto front. The
extreme solutions (minimum pollution load and minimum cost) are selected for the optimization
process for the 15-30 minutes time window. The procedure is then repeated for the next time
windows. The algorithm provides good results, but simulation time must be improved to use it in

a real-time application.
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Figure 1.14 — Flowchart of the multi-objective optimization algorithm
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In recent years, a new approach based on deep learning techniques can be found in the
literature. For example, [106] presents a hierarchical control strategy consisting of a minimum
scaled consensus control optimization algorithm that operates at the global control level and
ensures optimal distribution of wastewater in the pipes and storage tanks, and a deep
deterministic policy gradient algorithm that operates at the local control level and is used to handle
the nonlinearities from the system. Pei et al. [107] proposes using neuro-evolution for RTC of SN
by training the control policy. By having a control policy, it is possible to avoid any online
optimisation procedure. Moreover, the trained policy proves its reliability and robustness by
performing better than the equal filling degree strategy,

In 2018, a group of researchers from the Norwegian University of Life Sciences published a
series of papers aiming at using ANNs in the control strategies defined for SNs:

1. In [108] the authors aim to use the free space in the SN piping of Drammen, Norway, to
reduce the overflows. The control strategy is based on a detailed hydraulic model that is
used to identify where, in the SN, there is more free space and a Recurrent Neural Network
(RNN) that is used to predict the flow in the SN to obtain a good response time of the
proposed control algorithm. Three architectures of the RNN have been tested and
compared: Elman Neural Network (ENN), Nonlinear Autoregressive network with inputs
and Long Short-Term Memory network (LSTM), showing that LSTM provides the best
results in predicting the sewage flow for the next 30 minutes based on flow data of the last
30 minutes.

2. In[109], as an extension to the previous paper, the same control structure is used, but
other ANN architectures are trained, tested and compared to predict the water level in the
CSOs structure. The used architectures, multilayer perceptron (MLP), Wavelet Neural
Network (WNN), LTSM and Gated Recurrent Unit (GRU) are trained using data collected
from an Internet of Things (loT) monitoring the SN. Results show that LTSM and GRU
provide the best result, with the remark that GRU has a faster learning curve.

3. In [110] the authors propose the use of LTSM to build a model for flow-rate prediction in
the sewer. This model is used in a newly proposed method for reducing overflows: Inter
Catchment Wastewater Transfer which aims at redistributing the SN wastewater flow,
while, at the same time, taking into account the treatment capacity of the WWTP.

1.3. State of the art in modelling and control of Wastewater Treatment
Plants

A wastewater treatment plant is a system that takes the effluent provided by SN and which,
by various processes, removes pollutants making its effluent suitable to be returned to the water
cycle or to be used for various purposes. Depending on the local industry-specific, industrial
wastewater can be discharged into the SN to be treated by the municipal WWTP or can be
pretreated by the factory’s WWTP.

A typical WWTP receives wastewater and produces treated water by using various processes.
However, in the treatment process, there can be also other inputs and outputs [111]:
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1. inputs:

e energy

e chemicals
2. outputs:

¢ sludge

e biogas

e GHG
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Figure 1.15 — WWTP inputs and outputs
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Two of the additional WWTP outputs can find valuable usage. The biogas, obtained from the
generated sludge, can be internally reused to generate energy reducing the plant's external
energy requirements and being one step toward energy-neutral WWTPs [112], while the sludge,
with proper treatment, can find its use in agriculture [113].

Conventional wastewater treatment usually involves three treatment stages [114]: primary,
secondary and tertiary that involve various physical, chemical and biological processes.

Primary treatment aims at removing particles, oil and grease by using:

e screen — used to remove large solids to protect the mechanical integrity of the WWTP
elements.

e grit chamber — used to remove sand, glass and metal fragments to protect the mechanical
integrity of the WWTP pumps.

e skimming tank — used to remove floating matter: soap, wax, fat and grease that would
affect the biological growth in the next treatment stage. Skimming tanks are equipped with
air blowers at the bottom of the tank used to raise the floating matter.

e primary settling tank — wastewater goes through a physical/chemical precipitation process
aiming at removing organic solids and fine suspended. The physical precipitation uses
gravitational force to settle down heavier particles, while the chemical precipitation
removes the unsettled particles by using coagulants (e.g., aluminum sulphate, ferric
chloride etc.) to form floc, which will trap finer particles and will settle down at the bottom
of the tank.

Secondary treatment aims at degrading biodegradable organic compounds by using specific
types of microorganisms that are increasing their population by consuming the organic mass from
the wastewater. Secondary treatment uses various processes [115], such as:

e aerobic digestion — the microorganisms use oxygen (provided through aeration) to oxidize
the organic compounds into CO,, water and biomass.
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anaerobic digestion — is used for treating heavily contaminated wastewater from industrial
sources, it is slower than aerobic digestion as no oxygen or nitrate is present. The
microorganisms convert the organic compounds into CO,, CH. and water.

anoxic digestion — the microorganisms use the oxygen from the dissolved nitrate to
convert the organic compounds into CO,, water, biomass and nitrogen, making this
process suitable for nitrogen removal.

Tertiary treatment, also named advanced treatment methods, aims at removing phosphorus,
nitrogen, heavy metals, viruses and pathogenic bacteria [114] by using:

disinfection — destroying viruses and pathogenic bacteria using chemicals (usual chlorine).
reverse osmosis — removing minerals (e.g., phosphorus, calcium, fluoride etc.) and some
organic compounds including pesticides.

electrodialysis — removing cations and anions present in wastewater.

Besides the traditional technologies used to treat wastewater, some other advanced
technologies can be used:

1.

activated carbon filters [116] — use the property of porous activated carbon to absorb
pollutants from the wastewater.

magnetic hanopatrticles [117] — uses their magnetic property to absorb pollutants;
ozonation [118] — uses the high-oxidizing property of the ozone to remove pathogens and
organic and inorganic compounds from the wastewater.

ultraviolet radiation [119] — the UV radiation penetrates the cellular membrane of
pathogenic bacteria and damages them, preventing their reproduction.

1.3.1.Wastewater Treatment Plants modelling

Biological wastewater treatment processes require bacteria to oxidize the organic compounds
matter, usually referred to as a substrate, into simple compounds, and, therefore, mathematical
models of WWTP must describe these biological processes.

A biological process used in wastewater treatment can be expressed by using the following
reaction equation [120]:

with:

5_ bacteria (1 21)
v1'5+v2'02+U3'NH3+v4'P04 —>U5'newcell+v6'C02+U7'H20 "

v; - v, — stoichiometric parameters

S — substrate concentration

0, — oxygen concentration

NH; — ammonia concentration

P02~ — phosphate concentration

new cell — produced biomass concentration by the bacteria multiplication
CO, — carbon dioxide concentration produced

H,0 — water produced
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The first attempts to model these processes were made by Jaques Monod (1910 — 1976) in
the middle of the last century. He established the growth rate of microorganisms in a bioreactor
[121]. Their maximum growth rate depends on the characteristics of the microorganisms, the
environmental factors and the concentration of organic compounds.
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Figure 1.16 — The growth phases of bacterial cultures

Based on the cell number growth curve, Monod identified a sequence of six phases in the
culture life cycle:

1. lag phase — the growth rate is null, with the microorganisms adapting to the new

environment.

acceleration phase — the growth rate is increasing.

3. exponential phase — the growth rate remains constant, while the number of cells is
exponentially increasing.

4. deceleration phase — the growth rate is decreasing.

stationary phase — the growth rate is null, with the number of cells remaining constant.

6. decline phase — the growth rate becomes negative thus the number of cells starts to
decline.

N

o

In the exponential phase, the number of cells increases directly proportional to their mass,
therefore their growth rate can be described by the first-order kinetic equation:

dX

o ux 1.22
il (1.22)

where X is the biomass concentration and u is the bacteria-specific growth rate.

Considering Y the yield coefficient, the relationship between the biomass concentration and
substrate concentration is:

aX ds

X =Y = 1.23
a dt (1.23)

Therefore, because the substrate becomes a limitation factor, Monod proposes an equation
for the bacteria-specific growth rate, an equation in which the specific growth rate is directly
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proportional to the substrate concentration for lower substrate concentration values, but gets
saturated for higher substrate concentration:

_ HMmax S

- 1.24
K, +S (1.24)

where:

® lhax — Maximum specific growth rate;
e K, — half saturation constant — numerically equal to substrate concentration when the
specific growth rate is half of the maximum specific growth rate.

Therefore, for a given microorganism type and a given substrate, in the same environmental
conditions, Monod considers the parameters Y, u,q, and Kg constants to be experimentally
determined.

The equation for the bacteria-specific growth rate is based on observation, thus the Monod
model is an empirical one. Also, the Monod model describes precisely only the kinetics for pure
cultures with a simple certain substrate [122].
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Figure 1.17 — The Monod dependence between substrate concentration and growth rate

In 1959, Contois found evidence that the specific growth rate may also depend on the biomass
concentration [123]:

u= %"fs (1.25)
with:
K, = YL (1.26)
(a+1)
where:

e Y —the growth yield coefficient;
e a= ? — a constant obtained by dividing the half-saturation constant by the inflow substrate

0
concentration.

In wastewater treatment, due to temporary high loads, periods with substrate excess can
appear leading to supra saturation. During these periods, a decrease in the growth rate has been
observed. For this situation, another extension of the Monod model was introduced by Haldane
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[120]. The new model (Haldane model) introduces a new constant K; to deal with the specific
growth rate:

u= Hmax * S

N 2 1.27

sty @
i

The biological treatment process is a complex and nonlinear one and is composed of various
stages, thus, the need for complex models that describe the process as accurately as possible
arises.

At the beginning of the 1980s, the International Association on Water Quality (IAWQ), known
today as the International Water Association (IWA) created the “Task Group on Mathematical
Modelling for Design and Operation of Biological Wastewater Treatment” aiming to combine the
most relevant biological treatment models to create a common unified model that would describe
as accurately as possible the activated sludge treatment process [124].

The work of the task group led, in 1987, to the first dynamic Activated Sludge Model (ASM) —
ASM1 [125], a model that is nowadays one of the most accepted and used models to describe
wastewater treatment processes. This model became a reference for many pieces of research
and the base for the future development of ASM-type models.

The ASML1 is a structured model that is based on Monod kinetics to predict the biological
reactions that take place during the biological treatment processes, being able to model COD and
nitrogen removal, sludge production and the consumption of oxygen. ASM1 models three
bacterial growth processes, two biomass decay processes and another three processes related
to hydrolysis. This model characterizes the wastewater in terms of [124]:

e six particulate components;

¢ seven dissolved components;
e DO concentration;

o alkalinity.

ASM1 models are presented as a matrix (Peterson/Gujer matrix) containing stoichiometric
coefficients and a kinetic vector [126]. This representation helps at presenting the model in a
condensate form, facilitating its interpretation and publication.

The necessity for the effluent to comply with the standard required quality regarding nitrogen
and phosphorus led to the need to model the biological phosphorus removal, this being one of
the major limitations of ASM1. Therefore, the IWA task group developed and released, in 1995,
the Activated Sludge Model 2 (ASM2) [127] which modelled, besides the ASM1 processes,
biological phosphorus removal processes by including Phosphate Accumulating Organisms
(PAO) that only grow under aerobic conditions. ASM2, an extension of ASM1, a compromise
between simplicity and complexity, includes new state variables, such as PAO,
Polyhydroxyalkanoates (PHA) and Polyphosphates (PP) and includes the precipitation of
phosphates with ferric hydroxide (Fe(OH)) and the redissolution of the resulting ferric phosphate
(FeP0O,) processes.

In 1999, the ASM2 model was further extended with denitrifying PAO, resulting in ASM2d
[128] that includes two more processes: the anoxic growth of PAO and the storage of inorganic
phosphorus as PP using the energy obtained by anoxic breathing of PHA.
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In parallel with these developments, a group of researchers from Delf University of
Technology, Netherlands, developed a metabolic model: TUDP (Technical University Delft
Phosphorus) [129] that describes both the anaerobic and the aerobic phases of Enhanced
Biological Phosphorus Removal (EBPR). This model was later integrated with ASM2, resulting in
ASM2-TUDP [130].

The same Task Group that developed ASM1, ASM2 and ASM2d came in 1999 with another
model, Activated Sludge Model 3 (ASM3) [131] that was aiming at solving some of the limitations
of ASM1 by introduce the endogenous respiration process and the role of storage of organic
substrate.

The development of control strategies for WWTP led to the need for models that include the
whole wastewater treatment system and that are suitable for comparing different control
strategies. In consequence, in 1988, “European Cooperation in the field of Scientific and
Technical Research” (COST) groups 682 and 624 started working on a benchmark model that
defines a simulation model, influent loads, a plant layout and evaluation criteria. Later, these
groups, together with another Task Group from IWA released the first Benchmark Simulation
Model (BSM1) [77]. Figure 1.18 shows the structure of this model.
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Figure 1.18 — BSML1 structure

The BSML1 plant is one of the most used layouts for nitrogen and organic compounds
biological removal from municipal wastewater. The layout contains two anoxic tanks, 3 aerated
ones and a secondary clarifier. The benchmark model provides three influent scenarios (dry, rain
and storm), evaluating control strategies over 14 days periods.

BSM1 has further been extended into BSM1-LT [132] which allowed evaluation of the control
strategies over 609 days periods. BSM1-LT also introduced the possibility to have faults and the
temperature as an influent variable, with the process parameters changing with the temperature.

Significant development of the BSM1 model led to Benchmark Simulation Model 2 (BSM2)
[133]. This model considers both wastewater treatment and sludge treatment. New elements have
been added to the plant: a primary clarifier, a thickener for the secondary clarifier sludge, an
anaerobic digestor for the sludge treatment and a dewatering unit (Figure 1.19).

The anaerobic digestor for the sludge treatment is modelled with Anaerobic Digestion Model
(ADM) 1 — ADM1 [134] which was developed by the IWA Anaerobic Digestion Modelling Task
Group. Anaerobic digestion implies complex molecules decomposition into simple compounds, in
the absence of oxygen, by using anaerobic microorganisms. ADM1 includes 24 variables and 19
processes grouped into five steps: disintegration, hydrolysis, acidogenesis, acetogenesis and
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methanogenesis. Because of the differences between variables of ASM1 and ADM1, BSM1
includes 2 conversion interfaces from ASM1 variables to ADM1 variables and vice versa.
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Figure 1.19 — BSM2 structure

As stated before, WWTPs are a source of GHG, that are contributing to air pollution and
climate change. Therefore, for applying techniques to reduce GHG emissions, the need to
integrate these emissions in WWTPs models is arising.

Estimating GHG emissions by wastewater treatment started in 2006 with the
Intergovernmental Panel on Climate Change (IPCC)’s guidelines for National Greenhouse
Inventory [7], guidelines that have been updated in 2019 [8].

In [135], ASM models are extended to model N.O dynamics during nitrification and
denitrification by including six new processes, while in [136] a mathematical model for Nitric Oxide
(NO) and N0 formation by Ammonia-Oxidizing Bacteria (AOB) is proposed. This latest model
has been integrated with ASMN [137], a model extending ASM1 with 2-step nitrification and 4-
step denitrification, resulting in a model named ASMG1 [138] that can model GHG emissions from
the WWTPs. Another approach [139] extends the ASM3 model to include a pseudo-mechanistic
model to describe N2O production by both AOB nitrification and heterotrophic denitrifiers.

Flores-Alsina et al. [6] propose a benchmark simulation model named BSM2G, an extension
of the BSM2 model [133], having the same structure (see Figure 1.19), but including, additionally,
the dynamics of the greenhouse gases (GHG) emissions. Thus, the plant layout includes
wastewater treatment (composed of five bioreactors — two anoxic and three aerated ones, with
two clarifiers) and sludge treatment. All the bioreactors are modelled using an extended version
of ASM1 [125] in order to, besides modelling biological pollutants removal — carbon and nitrogen,
estimate the plant's GHG emissions [6]:

e from biological treatment:
o CO. emissions due to BOD oxidation and biomass respiration
o N20 due to heterotrophic denitrification
o CO:2 due to nitrification
e from other sources:
o CO2 due to sludge processing (anaerobic digestion and CH4 combustion)
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o CO: equivalent due to net power consumption
o GHG emissions that are associated with external carbon feeding

In a paper published in 2015, “Estimation of greenhouse gas emissions from a hybrid
wastewater treatment plant” [140], the authors propose a simple comprehensive model that can
estimate on-site and off-site GHG generated by the WWTP. For modelling the off-site GHG
emissions, the electric energy used for plant operation and chemical production and
transportation has been used to estimate CO. emissions, while for estimating on-site GHG
emissions, the following processes have been considered:

1. for COgz: biomass respiration, BOD oxidation and nitrification;
2. for N2O: nitrification and denitrification processes for biological nitrogen removal;
3. for CH4: anaerobic degradation of organic matter.

In [141], a new model that quantifies carbon and energy footprint is presented. The model
estimates both on-site and off-site emissions related to both biological and physical treatment
processes in a WWTP. The innovative aspects that are present in this model are: it is based on
kinematic and mass balance relationships, two-step nitrification and N.O formation during
nitrification and denitrification in two forms (dissolved and gas).

In a recent paper [142], a hybrid modelling approach for N.O emissions estimation is
proposed. The approach integrates the first principal model (modified ASM1) with deep-learning
techniques to predict N2O production. This way, less calibration is required than when using a
purely mechanistic model and less data is required than when using pure deep-learning
techniques. For the deep-learning part of the modelling, a modified teacher-forcing LSTM has
been used.

1.3.2.Wastewater Treatment Plants control strategies

Wastewater Treatment Plant control strategies are important as they ensure that the
wastewater resulting from human activities does not pollute the environment and does not impact
human health in any way. Therefore, the main goal of WWTP control systems is to ensure that
its effluent complies with the legal standards for water to be discharged into natural receptors in
terms of the different pollutants loads. Other goals include, but are not limited to, lower operational
costs or lower GHG emissions.

These goals can be achieved by manipulating various control variables from the system, such
as oxygen transfer coefficients from the aerated tanks, internal and external recirculation flows,
or by manipulating, in the top-level control structure, the setpoints of lower-level structure such as
DO concentrations in the aerated tanks or the nitrogen concentration.

[143] proposes, for DO Concentration control, a direct adaptive NN control by using a Forward
NN to approximate an ideal control law. The advantages of this approach include the adaptive
ability and not needing an accurate WWTP model.

One approach to WWTP control, particularly data-driven control, can be found in [144]. The
authors propose a Growing and Pruning Recurrent Fuzzy Neural Network (GPRFNN)-based
control system (see Figure 1.20) to control the DO concentration. The control system contains a
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Recurrent Fuzzy NN (RFNN) identifier that is used to model the WWTP and RFNN controllers
designed to set the control variables to ensure WWTP performances.
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Figure 1.20 — GPRFNN-based Control System

In another approach [145], a research team, using a case study for Cluj-Napoca WWTP,
proposes a control strategy for a WWTP that, in addition to the conventional NO-DO control loops,
contains a Feed-Forward Controller (FFC) as presented in Figure 1.21. In this approach, the
WWTP influent flow rate is considered a disturbance, and, therefore, the external recirculation
flow rate is controlled to keep the COD in the effluent at the desired rate. A significant
improvement in the Effluent Quality Index (EQI) has been observed, with all major nitrogen and
COD overshoots being efficiently reduced.
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Figure 1.21 — Feed-forward control strategy

In a paper titled “ANN-based Internal Model Control strategy applied in the WWTP industry”
[146] a control strategy based on Internal Model Controllers using ANNs to model the plant
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behaviour without the need to perform linearization is proposed. The ANN uses an MLP
architecture, and it has been trained on BSM1 influent data. In [147] a Case-Based Reasoning
(CBR) system is proposed for real-time control and supervision of WWTP. Data mining methods
are used to extract knowledge from historical data, knowledge that is then used to generate
setpoints for the WWTP controllers. In [148] an advanced supervisory control system is
implemented for a WWTP. The control system uses different optimal control strategies to improve
the energy balance of a WWTP in Chorzow, Poland. Data from sensors (DO, ammonia etc.) and
the mathematical model of the WWTP has been used to develop a support operator system to
deal with data uncertainty.
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Figure 1.22 — WWTP control strategy based on RFNN

The paper [149] proposes an intelligent decoupling control strategy based on a RFNN to
control the WWTP by using a decoupling strategy and a gradient descent search algorithm to
decouple the nitrate and DO control loops. The control system contains two controllers, one for
DO used to approximate the relationship between the DO and the oxygen transfer coefficient and
one for nitrate used to approximate the relationship between the nitrate concentration and the
internal recirculation flow, as shown in Figure 1.22.

In [150] a multi-variable direct self-organizing fuzzy neural network control for multi-variable
control of WWTP is proposed. The control system is composed of a fuzzy NN controller used to
approximate the ideal control law and a compensation controller to minimize the approximation
error between the ideal control law and the neural controller.

An interesting approach can be found in the paper “Optimization and control of aeration
distribution in the WWTP nitrification reactor” [151]. Here, the authors propose two control
structures for ammonia-based aeration control, both of them optimized by using a GA. The first
control structure is a cascade one, consisting of three DO slave Proportional Integral (PI)
controllers and an ammonia master PI controller, as depicted in Figure 1.23. The optimization
objective is to find the optimal air distribution along the three aerated bioreactors (parameters a,
b and c).
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Figure 1.23 — Cascade control setup

The second proposed control structure uses a supervisory control setup (see Figure 1.24),
with three DO PI controllers, whose setpoints are computed by a supervisory ammonia controller.
The manipulated variable of the ammonia controller is weighted to obtain the setpoint for each of
the DO controllers, with the weights being the subject of optimization.
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Figure 1.24 — Supervisory control setup

In [152] a hierarchical control system for a Sequencing Batch Reactor (SBR) for a real WWTP
in Swarzewo, Poland is proposed. At the top level, a Supervisory Sequential Controller (SSC) is
implemented to set, based on the phase of the SBR operating cycle, the DO setpoint for a
nonlinear MPC that controls the DO. The SSC is based on two optimization algorithms: a
deterministic one: direct search, and a stochastic one: artificial bee colony and determines the
optimal trajectory for the DO setpoint. The proposed structure is presented in Figure 1.25, with
the following notations: DO [gO./m®] — Dissolved Oxygen; DOt [gO2/m?® — Dissolved Oxygen
reference; Quirrer [M3/h] — Air flow setpoint; R [gO2/m3h] — oxygen respiration rate; V [m®] sewage
volume in the reactor; h [m] — sewage level in the reactor.
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The paper [153] proposes the use of direct heuristic dynamic programming-based
reinforcement learning to get a desired DO concentration setpoint for the 5™ aerobic reactor in a
WWTP and a desired nitrate concentration in the 2" anoxic reactor. The controlled variables are
the oxygen transfer coefficient for the 5" tank and the internal recirculation flow rate. The
proposed approach introduces an optimal control strategy that is entirely driven by data from the
WWTP using online learning. [154] presents and compares a series of control strategies for
nitrogen and phosphorus removal. The proposed control strategies are using PI control, fuzzy
control and MPC.

Many research papers treat the control of the WWTP as an optimization problem. Both single-
objective and multi-objective optimization algorithms are used in various control structures to
minimize various fitness functions such as effluent quality, energy consumption or GHG
emissions.

Single-Objective Optimization (SOO) has been used in [155] to get the best effluent quality,
by using a heuristic dynamic programming scheme to control the DO concentration and nitrate
level simultaneously with the optimal control values analytically calculated by the controller. The
model of the WWTP and the performance index are approximated by using two Echo State
Networks (ESN) trained with a gradient-based learning algorithm. In [156] a hierarchical MPC for
controlling the WWTP is proposed. The MPC is added to previously developed PI controllers for
DO and air pressure in the aeration pipes and it is used to compute the optimal setpoints for DO
concentration to keep the output substrate below the legal limit.

The paper [157] proposes an online adaptive dynamic programming control structure based
on an ESN to solve the control problem of DO concentration. The controller contains three
modules of ESN to approximate the critic index, the system model and the optimal control
strategy. For training the model, an online learning algorithm that is based on recursive least
squares is used. Experimental results obtained on BSM1 show that this controller can achieve
high performance regarding the DO level control.

In [158] a control optimization system based on hybrid intelligence to optimize the operation
of a WWTP is proposed. The control system is described in Figure 1.26 and includes a feed-
forward compensator designed to adjust DO and nitrate concentrations setpoints to minimize the
energy consumption, a feedback supervision module, a pre-setting module and a soft-sensor
module. The CBR based Pre-Setting Module is based on a simple principle: similar problems
have similar solutions.
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In [159] a Q-learning algorithm with ASM2d-guided reward settling is combined in an
integrated ASM2d-QL algorithm. The integrated algorithm is equipped with a self-learning
mechanism and is used to optimize the control strategies of an anaerobic-anoxic-oxic system:
hydraulic retention time and internal recirculation rate. In another approach [160], due to the
nonlinear dynamics and uncertainties of the anaerobic-anoxic-oxic reactors, a robust optimal
control strategy to improve the reactor’s operation is proposed. To describe the changeable
conditions, data-driven systematic performance criteria are developed. Further, a robust PSO
algorithm is used to select the optimal solution, and then, the optimal solution is tracked in the
control process by using a fuzzy NN. The proposed strategy is tested on the BSM1-P model and
real reactors.

Besides SOO, MOO approaches can be found in the literature. For example, in a paper
published in 2018 [161], the authors propose an adaptive fuzzy NN control system for MOO of
WWTP in terms of energy consumption and effluent quality. The system consists of an
optimization module algorithm for selecting the scaling factor and the crossover rate and for
obtaining the optimal setpoints and a control module with the adaptive fuzzy NN to trace the
setpoints for achieving the desired performances. The paper [162] introduces an improved MOO
control strategy to satisfy the effluent quality and reduce the energy consumption of the WWTP.
Firstly, an adaptive kernel function is used to model the complex dynamics of effluent quality and
energy consumption, then an improved multi-objective PSO algorithm that uses a multi-objective
gradient method, and a self-adaptive flight parameters mechanism to minimize the desired
objective functions. The track control is implemented by using an adaptive fuzzy neural network
controller.

Qiao and Zhang [163] propose a MOO control scheme (see Figure 1.27) to dynamically
optimize the DO concentration setpoints and nitrate level setpoints with multiple performance
indicators: energy consumption and EQI. The authors use an NN online modelling method to
obtain a MOO model for the MOO algorithm, a model that gets solved based on the NSGA-II.
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Figure 1.27 — Dynamic multi-objective optimization control

In [164] an Adaptive Multi-Objective Evolutionary Algorithm based on Decomposition
(AMOEA/D) to minimize energy consumption and effluent quality of a WWTP is used. In the
proposed algorithm, an auto-switching strategy using the aggregation function enhancement is
implemented so the algorithm automatically switches from the 1%t to the 2" phase. The proposed
solution also includes an adaptive differential evolution strategy and a self-organizing fuzzy NN
approximator and controller for tracking the control setpoints of the plant. By testing the strategy
on BSM1, the authors show that the AMOEA/D can reduce energy consumption, while at the
same time can ensure that the effluent parameters are meeting the legal standards.

In a recent paper [165], Hen et al. use a data-driven multi-objective predictive control method
to improve WWTP performances. The authors developed a multi-objective strategy with an
adaptive fuzzy NN identifier, that, using relevant data from the process, can catch nonlinear
behaviours of the WWTP. To obtain the optimal solution, a transfer MOO algorithm is proposed.

Simpler approaches can be found in [166] where GA is used to determine optimal Pl controller
parameters to achieve the best effluent quality with minimum energy consumption and in [167]
where a dynamic multi-objective PSO algorithm concerning multiple dynamic conflicting criteria
(effluent quality, energy consumption and operation stability) is proposed.

The paper [168] proposes, for computing optimal setpoints of multiple controllers, a multi-
objective supervisory control strategy for WWTPs based on hybrid machine-learning algorithms.
The strategy has been used to identify, using nitrogen-to-carbon ratios and fuzzy c-means
algorithms, various influent scenarios. Based on the influent scenarios, the control performance
was calibrated through a deep-learning-based approximation model. Then a GA was used to
compute the optimal setpoints for the two Pl controllers (for DO and biogas) and the nitrate
cascade-PI controller.

Having in mind the changeable operational conditions of WWTP, in [169] an Intelligent
Optimal Control System with Flexible Objective Functions (IOCS-FOF) is proposed. It defines an
optimal control scheme and a flexible objective strategy that is used to obtain suitable objective
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functions by adapting to the complex conditions in WWTP. Finally, the paper also proposes a hew
dynamic multi-objective optimization algorithm for flexible objectives to be used to obtain the
optimal solutions for the IOCS-FOF. In [170] a Grid-based Dynamic Multi-Objective Evolutionary
Decomposition algorithm (GD-MOEA/D) is proposed to minimize two objective functions for the
WWTP (energy consumption and effluent quality). An intelligent optimal controller based on GD-
MOEA/D is used to track control of the main WWTP variables. The proposed control strategy gets
validated on the BSM1 model, resulting an important improvement of energy consumption and
effluent quality.

Chen et al. [171] proposes a multi-objective integrated robust optimal control in order to solve
problems related to degrading performance of MOO control under disturbances conditions. The
newly proposed technique captures the nonlinear dynamics of the WWTP with an estimator and
the disturbances using an observer. A prediction model is obtained from the two elements which
is further used in the multi-objective integrated robust optimal control.

Even if global warming is an important concern nowadays and keeping in mind the effect of
GHG emissions on global warming, only a few researchers are considering GHG emissions when
developing control strategies for WWTPs. [172] uses Nelder—Mead Simplex method to perform
the MOO of a WWTP in terms of effluent quality, energy consumption, but also GHG emissions,
demonstrating the apparent trade-offs between the three conflicting objective functions. In [173]
the GHG emissions were monitored for an industrial WWTP. By using a Monte Carlo simulation,
a correlation between GHG emissions and operational parameters of the plant was defined. Then,
for the designed plant conditions, minimum GHG emission has been computed, resulting in a
30% reduction of them.

1.4. State of the art in modelling and control of Integrated Urban
Wastewater Systems

The two systems, SN and WWTP, are interconnected and, because the effluent of the SN
represents the influent of the WWTP, it is important to also know the effects of the SN control
strategies on the WWTP operation performances. A higher flow from the SN, due to control
strategies avoiding overflows, could lead to WWTP overloading, with considerable environmental
effects. Therefore, SN control strategies should consider their effects on the WWTP operation
efficiency in terms of pollution loads and wastewater flow. On the other hand, WWTP control
strategies should consider helping the SN performances when the last one is affected by
considerable pluviometric events.

One of the main problems regarding the WWTP operation is the uncertainty regarding the
plant’s influent. Controlling and operating the SN could help in gaining control over the WWTP
influent. A predictable and controlled influent for the WWTP should lead to increased plant
performances. Having in mind the two above presented reasons, it is important, when developing
control strategies and optimization methods for wastewater transport and treatment, to consider
the integrated system consisting of the SN and the WWTP. In the scientific literature, the subject
of integrated wastewater systems can be found in a few papers, most of them focusing only on
modelling the integrated system.

In 2005, Butler and Schutze [174] proposed an integrated model, SYNOPSIS, consisting of
both the SN and the WWTP, but also the water body receiving the WWTP effluent, as presented
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in Figure 1.28. Three RTC strategies have been implemented and tested on the proposed model:
a reference strategy, with fixed default setpoints, an optimized setpoint strategy and hierarchical
integrated control, all of them aiming at providing the best water quality in the natural collector,
with the integrated RTC providing the best results.
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Figure 1.28 — SYNOPSIS integrated model structure

In [175] an integrated SN-WWTP model, using SeweX for the SN and ASM2d [128] for the
WWTP, with the objective of being used to investigate the effects of SN chemical dosage (used
to control the hydrogen sulfides in the SN) on the WWTP efficiency is proposed. In [176] two
benchmark models for SNs (BSMSewer [75]) and WWTPs (BSM2 [133]) are connected in an
Integrated Urban Wastewater System (IUWS), aiming at increasing the knowledge about the
interaction between the two systems and at studying the influence of the sewer network control
strategies on the plant’s performances. [177] presents a computationally efficient SN biochemical
model that can accurately capture both flow and quality dynamics of the system’s effluent, to use
in an integrated SN-WWTP model for evaluating optimization strategies.

One distinctive approach is made by an international research team, which proposes an IUWS
benchmarking model [178]. The integrated model consists of the following components, all of

them describing the flow rates and the principal pollutants (COD, TSS, nitrogen and phosphorus)
dynamics:

1. Catchment model — based on BSM2 dynamic influent pollutant disturbance scenario
generator [76];

2. SN —the BSMSewer model [75] previously described in section 1.2.1;

WWTP — described using ASM2d [128];

4. River Water System — that is using a simplified version of IWA River Water Quality Model
no. 1 (RWQM1) [179].

w

Some scientific papers also address the control of the integrated SN-WWTP system:

1. In[180] afuzzy-based RTC strategy for the integrated wastewater collecting and treatment
system in Wilhelmshaven, Germany is presented. The main two goals of this strategy are
reducing the SN overflows and avoiding unwanted situations (hydraulic overflow and
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sludge drift) at the WWTP during pluvial events. The RTC system was functional for a year
and proved its efficiency.

2. [181] uses arule-based real-time control of the SN to minimize the overflow volume of the
SN, while at the same time the water flow to the WWTP is limited to Qmax, the plant’s
maximum capacity, to prevent activated sludge from washing from the secondary settling
tank.

3. [182] proposes, using an integrated model composed of a WWTP modelled with ASM2d
[128] and a SN modelled with Infoworks, an intermittent influent control technique (an
extension of the equal filling degree control algorithm) to optimize the integrated system
by decreasing the SN overflows and sedimentation potential, the WWTP energy
consumption and improving the effluent quality.

4. In [183] a multi-point integrated RTC method is used to stabilize the WWTP inflow and
reduce SN overflows, under the conditions of SN water flow disturbances. The method is
based on discrete dynamic water level variations, which does not require any model of the
integrated system.

5. In [184], the problem of reducing the impact of SN overflows on the environment is
addressed by using an integrated pollution-based RTC on the SN-WWTP integrated
system.

1.5. Chapter conclusions

This chapter presents a state of the art of SN and WWTP modelling and control, to identify
research gaps and future research directions that could reduce the effects of wastewater
management on public health and the environment, by improving the effectiveness of our
wastewater collecting and treatment facilities.

The literature reports for SN modelling, a various number of flow models and quality models,
ranging from the discrete simplified ones to the complex ones that can model the majority of
processes taking place in the SN, but require more computational effort. Recent research is
avoiding the complexity of the mathematical models and uses data-driven models. This type of
data-driven model presents good results. Acknowledging the accelerated urbanization and the
extreme weather events produced by global warming, the need for the most efficient and
performant methods for wastewater transport arises. This could be easily achieved in the design
phase of the sewer networks, but for existing sewer networks, upgrading is most times impossible,
therefore it is necessary to develop and implement efficient control strategies to reduce the impact
on the environment and public health. The literature presents various strategies, structures, and
methods to reduce the SN overflow effects by reducing either the overflow volume or the quantity
of the pollutants in the overflow. However, this approach can result in heavily polluted small
overflows or less pollution but heavy flows that cause floods. This way, the necessity for finding
a balance between the quantity and quality of overflow by developing multi-objective optimization
control strategies for the SN arises.

For the WWTP modelling, various models, most of them based on the Monod equations, can
be found in the literature for modelling aerobic, anaerobic and anoxic biological digestion. Even if
WWTPs are considered facilities that emit GHG, only a few papers are approaching these
emissions, trying to implement either deterministic or data-driven models. The control strategies
for WWTPs are important to assure that the wastewater resulting from human activities is not
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negatively impacting public health or the environment. Thus, the literature reports many control
strategies which, by manipulating various control variables of the system, such as oxygen transfer
coefficients from the aerated tanks, internal and external recirculation flows, or by manipulating,
in the top-level control structure, the setpoints of lower-level structure such as dissolved oxygen
(DO) concentrations in the aerated tanks or the nitrogen concentration, have the main goal of
assuring that the WWTP’s effluent is complying with the legal regulations for water to be
discharged into the natural receptors in terms of different pollutants loads. A part of these papers
is considering, besides keeping the plant’s effluent below the legal limit, minimizing the energy
consumption of the plant. Even if global warming is an important concern nowadays and
considering the effect of GHG emissions on global warming, only a few papers consider GHG
emissions when developing control strategies for the wastewater treatment plant.

One of the most important problems related to the WWTPs operation is the uncertainty related
to the plant’s influent. However, the plant influent is usually the SN effluent, and, therefore,
implementing SN control strategies will help on gaining control over the WWTP influent. Besides
this, when implementing SN control strategies, the treatment capacity of the WWTP should be
considered because an overflow reduction of the SN can be achieved by overloading the WWTP,
a situation in which the pollution generated by the overloaded WWTP can overcome the
decreased pollution of the SN. This leads us to the conclusion that the control of these two
systems should be addressed together in an integrated way. In the literature, the subject of
integrated wastewater systems (SN + WWTP) can be found only in a few papers, most of them
focusing only on modelling the integrated system.

In conclusion, wastewater management is an important field and there is a place for lots of
improvements that could help to reduce its effects on public health and the environment. When
implementing SN and WWTP models and control strategies, the modern world problems should
be considered: water quality, cost consumption, global warming, extreme pluvial events, floods,
GHG emissions of WWTPs etc. Acknowledging this, the main goal of the next chapters is to
develop optimal control strategies for the integrated system composed of a SN and a WWTP
aiming at minimizing the overall pollution generated by the integrated system considering, at the
same time, minimizing the operational cost and the GHG emissions of the WWTP.
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2.1. Introduction

The quick development of human communities, alongside with the stress posed by the current
world challenges (such as global warming, climate change, water scarcity etc.) impose the
development of complex control strategies for wastewater collecting and treatment systems.
However, for such control strategies to be implemented, there is a need for tools for digital
simulation and analysis of these systems. In this context, this chapter of the PhD thesis presents
the development of a series of models for both subsystems, SN and WWTP, but also for the whole
IUWS.

Consequently, the rest of this chapter is subdivided into four more subchapters. Subchapter
2.2 presents the development of a SN model fitted for a mid-sized population city (250,000
inhabitants divided into five collecting areas) alongside the definition of an influent scenario
spanning for 28 days, both of them aiming to be used for evaluating the performance of the SN
control strategies that will be presented in subchapter 3.2. Moreover, to solve integration time
issues when using the developed model in online control applications, a simplified version of it is
developed by keeping only the flow components of the model. As one of the main challenges
regarding WWTP model-based control is represented by the high complexity models that are
available in the literature, leading to high numerical integration time, the subchapter 2.3 presents
NN models aiming at fitting WWTP dynamics: system states, process values, but also effluent
variables that are involved in calculating the EQI.

Subchapter 2.4 shows the development of IUWS models, presenting two approaches. In the
first approach a simple SN model developed in BSMSewer is coupled with a previously developed
WWTP model, while in the second approach, the SN model developed in the subchapter 2.2 is
coupled with the BSM2G model, both of them requiring the definition of a coupling unit in order to
make the variable conversion imposed by the two sub-models. The second IUWS model is
intended to be used in the next chapter aiming to improve the performance of the integrated
system. In this context, at the end of this subchapter, a methodology for assessing the
performance of control strategies is defined in terms of both subsystems’ performance indicators.
The last subchapter is dedicated to the conclusions of this chapter.

2.2. Sewer Network modelling

Usually, a SN consists of storage tanks and piping connected in a given topology. Aiming at
having a SN model to be used for optimal control strategies developing, testing and evaluating,
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the structure presented in Figure 2.1 has been considered and implemented in BSMSewer
software package [75].
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Figure 2.1 — The SN structure

The considered SN model [185] consists of 7 storage tanks that are related to 5 wastewater
collecting areas, serving a medium-sized city with around 250,000 inhabitants. Each storage tank,
TKi, has one input: Q;,rk; (the tank inflow) and two outputs: Q. rk; (the tank outflow) and
Qovf,rxi (the tank overflow). Thus, in the considered configuration, the inflow of the first 5 storage
tanks is represented by the wastewater collected from the 5 areas, the inflow of TK6 is the sum
of the outflows of TK3, TK4 and TK5, while the inflow of TK7 is the sum of the outflows of TK1,
TK?2 and TK6. The outflow of TK7 is the effluent of the SN, which is in fact the influent of the
WWTP.

The outflow of TK4 and TK6 is controlled by using pumps to evacuate wastewater from these
storage tanks. Each of the pumps is subject to a control action Uk, € [0,1] and Urge € [0, 1],
which are representing the pumping capacity percentage that is used from the maximum pump
flow. For the other 5 tanks, the wastewater is gravitationally evacuated through an outlet valve,
whose opening can be controlled by U;g; € [0, 1] representing its percentual opening.

2.2.1.The collecting areas

As mentioned before, the SN serves a mid-sized city that is divided in 5 wastewater collecting
areas. Each of them is described by the number of inhabitants living in that area (pe;) and the
area’s total surface (S;) as presented in Table 2.1.
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Table 2.1 — The collecting areas characteristics

Collecting Population equivalent (pe;) Area surface (S;)
area number [p.e.] [km?]
1 75000 25
2 50000 50
3 40000 60
4 60000 75
5 25000 35

It should be noted that area no. 5 serves the industrial part of the city, and, therefore, besides
the wastewater collected from the inhabitants, it includes flow and loads that are industry specific.

2.2.2.The Sewer Network characteristics

As each of the storage tanks inflow source is different (5 of the tanks inflows are represented
by the wastewater collected from the above described collecting areas which have different
characteristics and the other 2 tanks inflows are represented by outflows of some other storage
tanks), they should have different characteristics. Thus, for each of the storage tanks, the
following characteristics have been considered:

1. The tank volume (V;):

a. for the tanks that are directly serving a collecting area, a volume of 0.05 m? for each
inhabitant of that area has been considered. For the storage tank related to the 5"
collecting area that includes the industrial part of the city, an additional capacity of 2500
m® has been added, having the same value as the average industrial wastewater
production per day (Q;,q = 2500 m3/day).

b. for the tanks that are not directly serving a collecting area, 0.05 m? for each of the average
number of inhabitants served by the tanks whose outflow is included in the tank inflow has
been considered.

2. The tank maximum outflow (Q;qx.:):

a. for the tanks that use pumps for evacuating wastewater, a constant value representing
the maximum pump flow has been considered.

b. for the tanks that evacuate water gravitationally, a maximum flow 3 times higher than the
average wastewater production (Q,, = 0.15 m3/(day - inhabitant) [75]) of the population
directly or indirectly served by the tank has been considered.

Using the previously described procedure, resulted in the characteristics presented in Table
2.2.

Besides the storage tanks, the SN model accounts also for the wastewater transport through
pipes. Thus, for the transport component of the model, the following assumptions have been
made:

1. the wastewater reaches from one household to the corresponding storage tank in 15
minutes.

2. 25% of the TSS can accumulate in the piping, but not more than 1000 kg/km?. The
accumulated TSS will be flushed away only when the flow through the pipe exceeds a
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threshold equal to 8 times the average domestic wastewater flow of the collecting area [75].
This could happen, for example, during heavy pluviometric events.

Table 2.2 — The SN tanks characteristics

Tank Tank volume (V;) Tank maximum outflow (Q,qx.i)
number [m3] [m3/day]
1 3750 33750
2 2500 22500
3 2000 18000
4 3000 15000
5 3750 18750
6 2083 25000
7 2500 112500

2.2.3.The influent of the Sewer Network

As the SN serves 5 collecting areas, the influent of the SN is composed of 5 influents related
to the 5 areas. Each of them is composed of two components: a domestic and a pluviometric
component. In addition, the 5™ collecting area includes an industrial component. Each of the
components is described by the wastewater flow (m3/day) and the pollutant loads (kg/day):

Particulate Chemical Oxygen Demand (COD,q¢);
Soluble Chemical Oxygen Demand (CODg,;);
Ammonia (NH});

Phosphate (P0O;").

HponN e

2.2.3.1. The forecasted influent

Because developing optimal control strategies requires the availability of a future influent
prediction, a forecasted influent having a time span of 28 days was generated, considering the
following procedure:

1. the domestic component is calculated using the average wastewater flow/loads per
inhabitant multiplied by the population equivalent of the area as described in [75]. The
obtained values are further adjusted with:

a. a daily profile — accounting for daily variations related to human activities (decreased
values during the night and the afternoon and increased values in the morning and in
the evening) as presented in Figure 2.2 (a).

b. a weekly profile — accounting for weekly variations related to human activities
(decreased values during the weekends) as presented in Figure 2.2 (b).

c. a yearly profile — accounting for reduced wastewater production during holydays as
presented in Figure 2.2 (c).

2. the pluviometric component accounts only for flow and is calculated using a weather
forecast adjusted with the collecting area surface. If Qpen: [m3/day] represents the
forecasted pluvial flow over the entire city, then the flow of the pluviometric component of
the i collecting area will be:
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S,
Qpluviometric,i = Qevent * Klygk (2.1)

3. theindustrial component is considered to have loads specific to a mid-sized brewery [186]
and an average daily flow Q;,4 = 2500 m3/day. These values are further adjusted with
the profiles presented in Figure 2.2 (d) and (e):

a. a weekly profile — accounting for weekly variations related to human activities
(increased values on Friday afternoon — weekly cleaning and decreased values during
the weekends).

b. a yearly profile — accounting for reduced wastewater production during holidays.

(a) Domestic compeonent - daily variations (b) Domestic component - weekly variations (c) Domestic component - yearly variations
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(d) Industrial component - weekly variations (e) Industrial component - yearly variations
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Figure 2.2 — Variation profile for the domestic and industrial components

(a) daily profile of the domestic component; (b) weekly profile of the domestic component; (c) yearly
profile of the domestic component — starting with the first week of July and having the same profile for

pollutants and flow; (d) weekly profile of the industrial component; (e) yearly profile of the industrial

component — starting with the first week of July and having the same profile for pollutants and flow

For generating the influent using the above presented procedure, two pluviometric events
were considered: a rain event and a storm event. The next two tables show the average loads
and flows and the average concentrations of each collecting areas influent.

Table 2.3 — The average loads and flow of the forecasted influent

Area COD gt CODy, NHI POZ_ Flow
number [kg/day] [kg/day] [kg/day] [kg/day] [m3/day]
1 5789.84 1031.10 312.72 80.10 9696.84
2 3859.89 687.40 208.48 53.40 6589.61
3 3087.91 549.92 166.78 42.72 5346.71
4 4631.87 824.88 250.18 64.08 7963.80
5 2233.68 2839.40 154.15 66.63 5282.22
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Table 2.4 — The average loads concentrations of the forecasted influent

Area COD, 4yt COD,,; NH} PO;”
number [g/m?] [g/m?] [g/m°] [9/m°]
1 597.1 106.3 32.2 8.3
2 585.8 104.3 31.6 8.1
3 577.5 102.9 31.2 8.0
4 581.6 103.6 31.4 8.0
5 422.9 537.5 29.2 12.6

The figures 2.3 — 2.7 present the evolution of the flow and loads of the generated forecasted
influent for each of the five collecting areas.
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Figure 2.3 — Area 1 influent evolution
(a) Flow; (b) Soluble COD; (c) Particulate COD; (d) Ammonia; (e) Phosphate
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Figure 2.4 — Area 2 influent evolution
(a) Flow; (b) Soluble COD; (c) Particulate COD; (d) Ammonia; (e) Phosphate
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Figure 2.5 — Area 3 influent evolution
(a) Flow; (b) Soluble COD; (c) Particulate COD; (d) Ammonia; (e) Phosphate
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2.2.3.2. The disturbed influent

As a forecasted influent cannot be 100% accurate, deviations of each component being
possible, a disturbed influent should be considered when testing optimal control strategies. For
this reason, a disturbed influent scenario was generated based on the forecasted influent by

adding:
1. arandom number from a Gaussian distribution with 0 mean and a standard deviation equal
to 0.2 - pe; - Q. to the domestic component flow of each collecting area at each hour.
2. arandom number from a Gaussian distribution with 0 mean and a standard deviation equal
t0 0.2 - Q4 to the industrial component flow at each hour.

2.2.4.The model simulation

The model, implemented in BSMSewer software package, has been simulated for 28 days
using the disturbed influent presented in the previous section, without considering any control
actions for the storage tanks output pumps / valves (all pumps running at 100% when wastewater
level in the tank is above 0.5 meters and all valves fully open — base case). Figure 2.8 shows the
evolution of the quantity (volume) of wastewater in each of the storage tanks, while Figure 2.9

shows the tanks overflows.
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Figure 2.8 — Wastewater volume evolution in Sewer Network tanks — “no control”
(a) TK1; (b) TK2; (c) TKS; (d) TK4; (e) TK5; (f) TK6; (g) TK7
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Figure 2.9 — Wastewater overflow from Sewer Network tanks — “no control”
(@) TK1; (b) TK2; (c) TK3; (d) TK4; (e) TK5; () TK6; (g) TK7

Figure 2.9 shows that the storage tanks 1, 5 and 7 are not overflowing, while the storage tanks
2, 3 and 4 are overflowing during the storm event. The tank 6 is overflowing during both events
(rain and storm). Further, the 10 performance indicators defined by BSMSewer [75] and presented
in Table 1.3 were calculated for each tank individually and globally for the whole SN, resulting the

values from Table 2.5.
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Table 2.5 — Performance indicators values calculated in the “no control” case

Tank 1 2 3 4 5 6 7 global
number
Novs 0 13 13 13 0 65 0 65
[events/year]
Tovf
days roear] 0 3 4 30 21 0 22
Vv
3 ovf 0 22735 48127 54359 0 189915 0O 315137
[m/year]
0QI
(kg — polluting units/day] 0 192 828 1185 O 3068 O 5273
Cmax,TSS
[g COD/m?] 0 4021 1273 1245 0 1132 O 1273
CmaxTKN
. 0 46.7 89.3 875 0 77.3 0 89.3
[g N/m?]
CmaxP04
; 0 6.7 5.9 6 0 97 O 9.7
[g P/m?]
Texcrss 0 2.9 3.4 29 0 21 0 21.5
[days/year]
Texcrkn 0 3 38 3 0 215 0 21.9
[days/year]
Texcpoa 0 3 3.3 3 0 215 0 215
[days/year]

As observed, the tank no. 6 overflow has the biggest contribution to the SN global
performance in terms of quantity of wastewater overflowed and quantity of pollutants in that
wastewater. Thus, it is worth checking if keeping wastewater for a longer time in the upstream
tanks has any effect on the SN performance. For this reason, a hew simulation has been run in
the same conditions but considering the outlet valve of TK3 to be only 70% open (Urgs = 0.7).
The same performance indicators were calculated obtaining the values from Table 2.6.

Table 2.6 — Performance indicators values calculated in the case Upg; = 0.7

Tank 1 2 3 4 5 6 7 global
number
N
ovf 0 13 65 13 0 65 0 78
[events/year]
Tovf
[days/year] 0 3 14 3 0 17 O 25
|4
3 ovf 0 22724 96209 54423 0 125273 0 298630
[m’/year]
0QI
lg — polluting units/day] 0 192 1384 1186 O 2161 O 4923
Cmax,TSS
[gCOD/mS] 0 402.1 1276 1245 O 1118 O 1276
CmaxTKN
’ 0 46.7 89.8 875 O 77 O 89.8
[g N/m3]
CmaxP04
’ 0 6.7 9.3 6 O 88 O 9.3
[g P/m?]
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Texcrss 0 29 13.7 29 0 171 0 24.7
[days/year]

Texcrin 0 3 141 3 0 17.1 0 25.1
[days/year]

Texcpos 0 3 141 3 0 171 0 25.1
[days/year]

It can be observed, the global V,,r and the global 0QI have decreased by approximately 5-6
% when the TK3 outlet valve has been kept at 70% open. Further, the simulation has been
repeated considering, this time, the outlet valve of TK3 to be only 70% open (Urgs = 0.7) and the
pump used to evacuate wastewater from TK4 to be running at 70% (Urg4 = 0.7), resulting in the
performance indicators values presented in Table 2.7.

Table 2.7 — Performance indicators values calculated in the case Uyg; = 0.7 and Uy, = 0.7

Tank 1 2 3 4 5 6 7 global
number
Nov 0 13 65 13 0 52 0 65
[events/year]
Tovf
(days]year] 0 3 14 3 0 15 0 24
14
N 0 22724 96207 54581 O 103203 0 276741
[m°®/year]
0QI
(kg — polluting units/day] 0 192 1383 1187 0 1854 0 4615
Cmax,TSS
(g COD/m?] 0 4021 1276 1245 0 1123 0 1276.3
CmaxTKN
' 0 467 89.8 875 0 772 0 89.8
[g N/m?]
CmaxP04
' 0 6.7 9.3 6 0 88 0 9.3
[g P/m3]
Texcrss 0 2.9 13.7 29 0 151 0 23.9
[days/year]
Texerkn 0 3 14.1 3 0 151 O 24.3
[days/year]
Texcpos 0 3 14.1 3 0 151 O 24.3
[days/year]

It can be observed that this time the global V,,r decreased by 13% and the global 0QI

decreased by 12%. On the other hand, the global duration of overflows and the global number of
overflows are approximatively the same as in the “no control” case.

Concluding, the values of the performance indicators of the storage tanks whose output
control was modified have been increased, while the TK6 indicators have been decreased, this
having a positive effect on some of the global performance indicators (less volume of overflow
and a smaller quantity of pollutants in the overflowed water) and a negative effect on other
indicator (total time of overflow). This could be seen as a positive effect because instead of having
short duration overflows with heavy flow and higher quantity of pollutants, there are longer
overflow events with a lighter flow and a smaller quantity of pollutant. Consequently, it has been
proven that there are storage tank outlet controls combinations that could provide a better
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performance of the SN than the case when everything is running at 100% resulting the need for
optimal control of the SN to find the optimal control combination.

On the other hand, implementing real-time optimal control of the SN will require numerical
integration of the model multiple times in a short time interval. However, it has been observed that
the integration of the implemented model over the 28 days horizon takes around 30 seconds
when using a mid-range computer (Intel® Core™ i5-6200U CPU @ 2.30GHz with 8GB of RAM).
This could pose a problem when the number of numerical integrations of the model is high during
the optimization procedure resulting the need for a simplified model. In the following section, a
simplified model has been implemented by keeping only the flow part of the model, the
consequence being a decrease of the numerical integration time to 3 seconds for the same time
horizon.

2.2.5.The simplified model

In BSMsewer, the mathematical model of the SN contains three components: the transport
component, the flushing component and the storage component, each of them considering the
wastewater flow and its loads (soluble and particulate chemical oxygen demand, ammonia and
phosphate concentrations).

The transport component of BSMsewer models the flow and the pollutant transport within the
SN as a completely mixed tank by using mass balance equations. In the simplified model the
transport component will consider only the wastewater flow, therefore it will have only one state:
the water volume in the transport component (Vr), which will change based on the inflow (Q;;, )
and outflow (Q, ) according to Figure 2.10 and the mass balance equation (2.2).

Qin,T (t) QOUt,T(t)

— —
Vi(t)

Figure 2.10 — Water flowing in a pipe

dvy

dt = Qin,T - Qout,T (2-2)

The outflow of the transport component is proportional to the water volume (V;) scaled by a
residence time constant (Kr):

1
Qout,T = K_T Vr (2-3)

The flushing component models the accumulation of the sediments in the network during the
dry regime and their flushing when the influent flow exceeds a certain limit. Because it has an
effect only on the pollutant’s quantities, having no effect on the wastewater flow, this component
has been removed in the simplified model.

The storage component models the storage tanks of the network. BSMsewer provides four
different types of tank configuration: online passthrough, online bypass, offline passthrough and
offline bypass [75]. As the architecture of the network contains only two of these four types (online
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and offline passthrough), only these two will be integrated in the simplified model after removing
all states and dynamics related to the pollutant’s storage.

Thus, each storage tank will have only one state: the liquid level in it (hg;) whose dynamics

will depend on the inflow (Q;n k), the outflow (Qyy¢,r:), the overflow (Q,,f r«:) according to Figure

2.11 and the mass balance equation (2.4):
Qov‘f‘TKi (t)
A

hTKi(t)

Qin, 7 (1) ——

Y > Q)

Figure 2.11 — Storage tank with overflow capability

dhrgi 1
= (Qin,TKi — Qout,Tki — Qovf,TKi) (2.4)
dt Arki

The inflow of each tank is represented by the outflow of the corresponding transport
component. The outflow of each tank depends on the tank type. Therefore, in the case of the
offline passthrough tanks, as the wastewater is evacuated by using a pump, the outflow will be
directly proportional to the pump flow (Qpyump rki)- The command given to the tank (Urk; € [0, 1])
satisfies the constraint that the pump will be running only if the wastewater level in tank is above
a low limit (0.5 m) and with a 0.1 m hysteresis around this limit:

Qout,TKi = Urgi qump,TKi (2.5)

For the online passthrough tanks, the wastewater is evacuated gravitationally through a valve
whose opening can be controlled (Uzg; € [0, 1]), and, consequently, the outflow depends on the
maximum possible outflow of the tank (Q,,4 rx: — the outflow when the tank is full), the water level
intank (hrg; = Vrgi/Arki), the minimum level in tank (A, rx;) and the level h, rx; that determines

Qout,TKi = Qmax,TKi/Z:

hTKi - hmin,TKi

Qout,rxi = Urki " QmaxTki * A (2.6)

orki T hrii = Rmin ki
The tank overflow occurs if the wastewater level in tank exceeds a certain limit (k¢ rx;) and

depends on the characteristics of the overflow weir (weir constant — Cy,.;, rx; and weir length —
Lweir ki) @nd on the wastewater level in tank:

1.5
Qovf,TKi = LweirTKi " Lweir,TKi ’ (hTKi - hovf,TKi) (2'7)

The implementation of the simplified model in Simulink considered the possibility to run the
model multiple times in parallel. Therefore, all configuration variables, all input variables, all
control inputs and all output variables have been packed in data structures that could be
separately passed to each of the simulations. All the initial states can be set to any desired value
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and all the input vectors containing data varying in time have been augmented with specific
timestamps making possible to integrate the model for any specific interval [tx, ty].

The possibility to run the model multiple times in parallel has a series of advantages. One of
them is that the metaheuristic optimization could be solved in a reduced time, as it requires
integrating the model many times, which could be made in parallel. However, the decision to use
parallel computation or not should be taken after analyzing some factors regarding the used
computational machine and the MATLAB Parallel Computing Toolbox. This is because the
MATLAB Parallel Computing Toolbox takes some extra time to load and clean the parallel pool
that must be compensated by the parallel computing time reduction. Therefore, the PC running
the optimization should have enough CPU cores for parallel computing, so the reduction of the
optimization time is higher than the delays added by the MATLAB Parallel Computing Toolbox.

As the simplified model accounts only the wastewater flow through the network, only three of
the ten performance indicators defined for BSMsewer can be calculated for each storage tank of
sewer network, but also globally for the whole network:

* N,y [events/year] — yearly overflow frequency
o Toys [days/year] — yearly overflow duration
oV, [m3/year] — yearly overflow volume

2.3. Wastewater Treatment Plant modelling

As one of the current challenges related to WWTP model-based control is represented by the
numerical integration time of the complex plant models that are available in literature, this
subchapter aims to use NNs to model various dynamics of such facilities in three approaches: 1.
using a MLP network to estimate the state variables of a simple WWTP, 2. using LSTM networks
to estimate a process variable based on easily measurable values and 3. using LSTM networks
to estimate WWTP effluent variables based on the influent and aeration rates.

2.3.1.Neural Network modelling

As the mathematical models of WWTPs are usually complex, their integration time is high
enough to make them unfeasible to be used in real-time control of such facilities. For this reason,
the current section is dedicated to developing two NN models based on data obtained with the
simplified 4™ order mathematical model presented in Figure 2.12 [187]. In the next chapter, these
models will be used in a MPC strategy.

The considered WWTP mathematical model [188] is composed of two units: an aerated
bioreactor that is used for organic carbon removal, and a clarifier that is used to separate the
sludge from the effluent. It considers the following assumptions:

1. The inflow, respectively outflow dilution rates are equal (D), thus the volume of wastewater
in the WWTP remains constant.

2. The dilution rate of the recirculated sludge is proportional to D with a constant value r
(recirculating rate).
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3. The dilution rate of the excess sludge is proportional to D with a constant value g (excess
sludge rate).

4. There is no dissolved oxygen, nor substrate in the recirculated sludge flow.

5. The aerated bioreactor outflow dilution rate is equal to the sum of the dilutions of the
WWTP (D) and of the recirculated sludge (r - D).

WWTP

Influent
S,DO, D] | Aerated Clarifier Effluent
bioreactor e
Command

(aeration rate) s S, X, DO xr S, (1'B)D

w
Recirculated | Excedentary
sludge sludge
>
X 1D X.(r+B)D i X, pBD

Figure 2.12 — The structure of the simplified 4" order WWTP model

Having the previously mentioned assumptions, and considering the WWTP structure
presented in Figure 2.12, the process dynamics are described by the following differential
equations [188]:

O = W) X(O) = DO (L+7) X(O) 47 D) X,0) (28)
g _ &Yt).x(t) —D(®) - (1 +7) SO +D(®) - Sin(D) (2:9)

dDO  (1—=Y)-u(t) X(®)
e : 103 —-D(@®) - (1 +1)-DO(t) (2.10)

+60-a-W(t) - (DOsg — DO()) + D(t) - DOy

- Ds(t)- (1 +1)-X(®) = Ds(t) - (B + 1) X()

dt (2.11)
—0.5-Ds(t) - (1 + 1) - X,.(t)
where u(t) represents the specific growth rate and is described by:
S(t) DO(t)
u(t) (2.12)

= Hmax Y 76 Kpo + DO(E)
and:

1. The process states:

a) X(t) —the biomass concentration

b) S(t) — the substrate concentration

c) DO(t) — the dissolved oxygen concentration

d) X,(t) —the recirculated biomass concentration
2. The influent variables:

a) D(t) — the dilution rate

b) S;,(t) —the substrate concentration
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c) DO;,(t) —the DO concentration — considered constant (D0O;,(t) = 2 mg/l)
3. The control variable:

a) W(t) —the aeration rate
4. The process constants — described in Table 2.8.
5. Table 2.8

Table 2.8 — The process constants of the simplified 4" order WWTP model

Constant Description Value Unit
Umax the maximum specific growth rate 0.11 h™1

T the recirculating rate 1 -

Y the yield coefficient 0.67 -

Ks the substrate saturation constant 0.18 g/l
Kpo the dissolved oxygen saturation constant 0.2 g/l

a the oxygen transfer rate 0.0033 [t

B the excess sludge rate 0.2 -
DOgy: the saturation value of the dissolved oxygen 8 mg/l

2.3.1.1. The 1% version of the neural network model

Figure 2.13 shows the training structure that was used for obtaining the 1% version of the NN
model. In this NN model version, all 4 process states are considered measurable (X, S, DO and
X,). For this reason, the NN model will estimate the dynamics of these four states (X, S, DO and

X,), based on data provided at its inputs: influent data (D and S;,), aeration command (W) and
the four output variables that were estimated in the previous time step.

D, S, W
— Process

X, S,DO, Xr

» error

Figure 2.13 — The structure used for training the NN model (1%t version)

The training has been performed using, as input data, randomly generated signals scaled to
feasible values. The NN is a MLP containing one hidden layer with 10 neurons, as seen in Figure
2.14. The number of neurons in the hidden layer was experimentally determined such as the NN
provides the best performances (high estimation accuracy with low training and exploitation time).
The activation function used for the hidden layer is tansig, while for the output layer a linear one
was considered.
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Figure 2.14 — The structure of the NN model (1t version)

Considering that the WWTP system is nonlinear, the Levenberg-Marquardt algorithm has
been considered for training the NN as it is more efficient for this kind of systems [189]. Figure

2.15 shows the training performance (Mean Squared Error — MSE) evolution during the 1000
epochs of the training.

Best Validation Performance is 0.0008976 at epoch 1000
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Figure 2.15 — The evolution of the loss function during NN training (1t version)

The NN model has been validated by using as input data another randomly generated signal
scaled to feasible values. The values of the four process state variables estimated by the NN
model were compared to the state variables of the mathematical model, proving that the NN is

able to estimate the dynamics of the WWTP (see Figure 2.16) within an acceptable error (see
Figure 2.17).

56



Chapter 2. Modelling of Wastewater Collecting and Treatment Systems
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Figure 2.16 — The NN validation — real and predicted evolutions of process states (15 version)
(a) biomass concentration; (b) substrate concentration; (c) dissolved oxygen concentration; (d)
recirculated biomass concentration
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Figure 2.17 — The NN validation — prediction error (15 version)
(a) biomass concentration; (b) substrate concentration; (c) dissolved oxygen concentration; (d)
recirculated biomass concentration
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2.3.1.2. The 2" version of the neural network model

Figure 2.18 shows the training structure that was used for obtaining the 2" version of the NN
model. In this NN model version, only one state variable of the WWTP is considered measurable
(S). For this reason, the NN model will estimate only the dynamics of this variable (S), based on

data provided at its inputs: influent data (D and S;,), aeration command (W) and the substrate
concentration estimated in the previous time step.

D, S, W

Process

g error

w>

Figure 2.18 — The structure used for training the NN model (2" version)

The training has been performed using, as input data, the same randomly generated signals
scaled to feasible values that were used for training the 1%t version. The NN is also an MLP
containing one hidden layer, this time with 4 neurons, as seen in Figure 2.19. The number of
neurons in the hidden layer was experimentally determined such as the NN provides the best
performances (high estimation accuracy with low training and exploitation time). The activation
function used for the hidden layer is tansig, while for the output layer, a linear one was considered.

D

S —
Input Layer Hidden Layer Output Layer

Figure 2.19 — The structure of the NN model (2" version)

Figure 2.20 shows the training performance (MSE) evolution during the 1000 epochs of the
training.
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Best Validation Performance is 0.0007244 at epoch 1000
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Figure 2.20 — The evolution of the loss function during NN training (2" version)

The obtained trained NN model has been validated by using as input data another randomly
generated signal scaled to feasible values. The value of the substrate concentration estimated by
the NN model vas compared to the same state variable value obtained using the mathematical

model, proving that the NN can estimate the dynamics of the WWTP within an acceptable error,
as seen in Figure 2.21.
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Figure 2.21 — The NN validation — real and predicted evolution of substrate concentration and the error
between them (2" version)
(a) substrate concentrations; (b) prediction error
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2.3.2.Estimating process values using Neural Networks

Another issue regarding WWTP modelling and control is that many of the process variables
are not easily measurable, mostly because of the expensive sensors and the high costs of
technological plant upgrades. Thus, this section investigates the use of NN as virtual
instrumentation tools (software estimators or soft sensors), more specific, predicting ammonium
concentrations (Syy) in the WWTP effluent based on easily measurable values [190].

The training and test data have been obtained by using BSM2 model, consisting of various
measurements of influent, effluent and other variables collected over a period of two years with a
sampling time of 15 minutes. From this dataset, the first year of data was used for training, while
the other year of data was used for validating the resulted NN soft sensor.

The soft sensor provides a prediction of the effluent ammonium concentration (Sy ), having
the structure presented in Figure 2.22. As observed, the inputs of the soft sensor are passed
through a data preprocessing stage before being fed to the NN estimator. These inputs are:

*  (Qpo — the outflow of the primary clarifier

e Syus —the ammonium concentration in the 5™ bioreactor
e TSS — Total Suspended Solids in the effluent

e T, — The environmental temperature

Data A
SNH,e

Preprocessing

Figure 2.22 — The NN based Soft Sensor

The data preprocessing stage is important as it assures optimum performance and complexity
of the NN [191] and consists of two steps:

1. Data normalisation. This step addresses the data heterogeneity issue by using the Z-score
normalisation method, being computed as in (2.13). This method standardises the data
and reduce the adverse effects given by extreme values in the input timeseries.

#[k] = ——— (2.13)

where:

e x[k] is the original value of the k" sample of the signal x

e %[k]is the normalized value of the k** sample of the signal x

e X is the mean value of the signal x

e 0, is the standard deviation of the signal x

2. Sliding window technique [192]. This step addresses the temporal coherence of the

dataset, incorporating both current and past measurements, a new measurement being
generated each time the sliding window moves, while the oldest measurement gets
removed (basically, using the First-In First-Out (FIFO) principle). Figure 2.23 shows the
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structure of the sliding window algorithm incorporating two parameters: the window length
(WL) and the prediction horizon (PH). The two parameters of the algorithm have been
chosen accordingly: WL = 10 h - aimed to capture a broad context of the input data and
PH = 4 h - aimed at facilitating proactive decision-making.

Prediction
Sliding Window
Input Data
® * ® >
t,-WL t, t,+PH Time [hours]

Figure 2.23 — The structure of the Sliding Window algorithm
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Output Layer

Neurons: 1

Linear activation
Figure 2.24 — The structure of the soft sensor NN

The NN is based on LSTM architecture [193], a type of RNN aimed at predicting time-series.
An LSTM layer is composed of LSTM cells, which are characterised by their gating mechanism:
each cell has an input and output gate, but also a forget gate, being able to remember their value
over arbitrary time intervals. The NN is composed of two LSTM layers, 3 dense layers with a
decreasing number of neurons and one output layer, as presented in Figure 2.24. Each of the
LSTM layers contains 75 LSTM cells. The considered activation function of these two layers is
the sigmoid function. The three dense layers contain a decreasing number of neurons, ranging
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from 64 to 16, and use a Rectifier Linear Unit (ReLU) activation function. For the output layer, a
linear function has been considered.

When dealing with time-series datasets, it is common to encounter imbalanced data, WWTP
effluent values being one such example. Not addressing this issue while training the NN can lead
to biased predictions favouring the most frequently occurring values [194]. To rectify this
imbalance effects, the K-Fold technique has been used during the learning process [192]. The K-
Fold technique involves splitting the training dataset into a number of K subsets. The training
process will be performed K times, using each time one distinct subset for validation purposes,
and the rest of K — 1 subsets for training [195]. The model resulted in the fold that provided the
highest accuracy among all folds will be selected for the final application. Figure 2.25 shows the
schematic representation of the considered K-Fold mechanism for K = 5.

Data

1%t Training

2" Training

4" Training

5" Training

(
[
(
[

AN NS N S W S NS
N N N N
AN N N S S
A N T e N N
P N e N e N
A I W N S
e e N e N A
— N

Test Fold

Training Fold :]

Figure 2.25 — The K-Fold training method

The assessment of the NN performances hinges on the predictions that are produced by the
Soft Sensor. For this reason, three metrics has been integrated to provide a comprehensive
evaluation of the performance of the Soft Sensor:

1. Root Mean Squared Error (RMSE) — it measures the difference between the actual signal
(v) and the predicted one (9):

N
1
RMSE = Nkz-l(y[k] — [k])? (2.14)

An accurate prediction implies a lower value of RMSE. In the case of the above developed
Soft Sensor the obtained value (RMSE = 0.048) suggests the accuracy of the obtained
model.

2. Mean Absolute Percentage Error (MAPE) — the average percentual error in the prediction:
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N
100

MAPE =
N

e (2.15)

ylk] - 37[k]‘
k=1

The obtained value for this metric (MAPE = 3.54%) also suggests the reliability of the Soft
Sensor

3. Coefficient of Determination (R?) — a statistical measure assessing the ability of a NN to
deal with variability in data, yielding values between 0 and 1, with 1 denoting the ideal
corelation between factual and predicted values.

N_ k1 — 9k 2
Rz =1-— k;\ll(y'[ ] y[_ ]2) (216)
Ye=1v[k] = ¥)
where y is the mean value of the real signal. The implemented Soft Sensor model is
capable of accounting around 97% of the data variance (R? = 0.97) resulting in precise
predictions.

The values of the considered metrics proved the reliability and precision of predictions of Sy .
using the implemented Soft Sensor, precision which is further demonstrated by using the model
for predicting Syy . values for inputs that were not part of the training dataset (second year of
collected data). Figure 2.26 shows an example of real and predicted evolutions of Sy . for 20
days, the Soft Sensor showing a high degree of accuracy in prediction.

9 T T T I T I T

Real Concentration
8r — — — Predicted Concentration .

SNH,e concentration [mg/l]

0 |
420 422 424 426 428 430 432 434 436 438 440
Time [days]

Figure 2.26 — The NN validation — The real and predicted evolution of Syh.e
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2.3.3.Estimating effluent quality using Neural Networks

Implementing model-based optimal control algorithms for WWTP, requires multiple numerical
integration of WWTP models, which can pose time-related challenges, especially when dealing
with real-time and high-complexity models. For this reason, this section explores the use of NN
for predicting effluent variables based on influent variables, but also control actions [196].

t=609 [ Brss * TSSe(t) + Bcop - COD(t) +

7‘-1000'_[ Bukj  Sukje(t) + Bno - Snoe(t) + |- Qe(t) - dt (2.17)
t=245 BBODS * BODe(t)

EQI =

Equation (2.19) [133] shows that EQI is defined based on average values of specific quality
variables of the effluent weighted with the factors By over the entire observation period T. These
quality variables are:

o TSS,— Total Suspended Solids in effluent

e (0D, - Chemical Oxygen Demand in effluent

* Sykje — Total Kjeldahl Nitrogen in effluent

* Spnoe — The nitrate nitrogen concentration in effluent
e BOD, — Biochemical Oxygen Demand in effluent

A good prediction of EQI means a good prediction of this quality variables. Thus, this section
aims at predicting these quality variables based on the same variables measured on the influent
(TSS;, COD;, Sykj,i» Sno,; @and BOD;) and one control action: K a; — the oxygen transfer coefficient

in WWTP bioreactor 3, using the architecture presented in Figure 2.27.
) 0
TSS, —
COD, —>»
Snkji
Snoi >
BOD,—>
KLa3 ﬁ'
ﬁs»

A N A A A
Data TSS, COD, Snkje Snoe BOD,
Preprocessing 2 L 5 >

—_ o

Delayed output variables =

5

Figure 2.27 — NN-based effluent quality prediction architecture

The training and test data were obtained by integrating the BSM2 model and consists of
measurements of influent and effluent quality variables collected under the influence of various
values of K; a; for the entire 609 days of the BSM2 influent, considering the following values for
the oxygen transfer coefficients of WWTP bioreactors 4 and 5:

KLa4 = KLa3; KLa5 =0.5- KLa3 (218)

During the simulation interval, K; a; was varied using a deterministic approach: the value was
increased from 0 to 250, in steps that were kept constant for an entire week before being
incremented to the next value. Using this method ensures that the NN gets exposed to all
scenarios that are probable regarding the value of K; a;. Further, the 609 days collected data was
split as follows:
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a) First 30 days were ignored, as it was considered the stabilisation period of the WWTP.
b) Next 450 days were selected as training dataset.
c) Last 129 days were selected as testing dataset.

Before being fed to the NN, the data goes throughout a preprocessing stage similar to the one
implied in section 2.3.2 consisting of data normalisation using the Z-score normalisation method
(see equation (2.13)) and a sliding window technique, as described in Figure 2.22, using the same
window length (WL = 10 h) and prediction horizon (PH =4 h). The NN is based on LSTM
architecture being composed of two LSTM layers, 3 dense layers with decreasing number of
neurons and one output layer, having the same structure as the one used in the previous section
(see Figure 2.24), excepting that the two LSTM layers contain only 20 LSTM cells each. During
the training process the K-Fold mechanism described in Figure 2.25 was used to rectify the
imbalance effects posed by the available data.

The performances of the trained NN were assessed using the same metrics defined in the
previous section by equations (2.14) and (2.16). The obtained values are:

1. RMSE = 0.048 — indicates high precision of the model
2. R? = 0.99 — the model is capable of accounting around 99% of the data variance

The values of the considered metrics proved the reliability and precision of predictions of the
effluent quality variables using the implemented model, precision which is further demonstrated
by using the model for predicting quality values for inputs that were not part of the training dataset
(last 129 days of collected data). Figure 2.28 shows an example of real and predicted evolutions
of one of the effluent quality variables: Sy, . for a part of the test dataset (that was considering a
deterministic approach regarding K; a; variation).
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Figure 2.28 — The model validation — real and predicted evolution of Sy, . with deterministic K, a;

As the dataset used for training and testing the implemented NN used a deterministic method
for varying K; a3, it is important to validate the obtained model under more real conditions. In this
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sense, an additional testing dataset was generated using the same influent and a stochastic
method for varying K; a3: values were randomly chosen from a realistic range of potential values
(60 — 120). The new dataset was used to validate the trained NN, showing a 99% accuracy in
predicting effluent quality variables. Figure 2.29 shows an example of real and predicted
evolutions of two of the effluent quality variables: Sy, . and TSS, for a part of the test dataset
(that was considering a stochastic approach regarding K; a; variation).

5 (@) Syoe
= s )\YA » Measured
g 20 o] I' , /f\. “! '\y Predicted
. n ‘n L‘ r h A MM\ 1
£V I { ' | |
s |
st |V | f ; | (\ lr
« LU UU L_J | Uu 1 O 11
521 530 542 552 563 573 583 59 604
Time [days]
30 {8y 155¢
: B =,
§ 20 ’
§ 'H‘”H ”'““‘ }l k“”\"”‘;'l"l \"H"l'l[ “'”“‘
i v LI v.' ' " {1\ “ i ,
g " ' s.‘ \ “\‘li'i v !.. “'I | ~‘ u' ‘ \I|‘ ' ,‘ | “J ,‘h | ll,‘ "\ ‘i 'J H‘ Jll' v
548 5;‘53 559 564 569 574 580 585 588
Time [days]

Figure 2.29 — The model validation — real and predicted evolution of effluent variables with stochastic K, a
(a) SNO,e; (b) TSSe

2.4. Integrated Urban Wastewater System modelling

SNs and WWTPs are interconnected system, as the effluent of the first one is the influent of
the other one. Consequently, the effluent of the SN is playing an important role in the WWTP
performances, meaning that, when controlling SN, it is important to also consider the WWTP. On
the other hand, the control strategies implied for WWTP operation should take into account if the
SN is affected by considerable pluviometric events or not. Bearing in mind the presented reasons,
it is important, when developing control strategies and optimization methods for wastewater
transport and treatment, to consider the integrated system consisting of the SN and the WWTP.
For this reason, IUWS models are required.

Consequently, this subchapter is focusing on developing two IUWS models by connecting SN
models with WWTP models.
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2.4.1.BSMSewer — ASM2d

The first IUWS model has been obtained by connecting a simple SN model with the WWTP
model developed in [197], being scaled for serving a city with a population of about 250,000

inhabitants [198].
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Figure 2.30 — The architecture of the IUWS (BSMSewer — ASM2d)

The architecture of the resulting IUWS is presented in Figure 2.30 and has three main
components:

1. the SN model — a simple SN implemented in BSMSewer, with 5 storage tanks, each one
related to a collecting area. The SN tanks parameters and the population equivalent of
each of the collecting areas can be seen in Figure 2.30.

2. the WWTP — modelled using ASM2d model [197]. It contains seven bioreactors (two
anoxic, four aerated and a deaeration one), a secondary clarifier, internal and external
sludge recirculation circuits, an excess sludge removal system and a system for adding
ferric chloride. The volumetric characteristics of the WWTP components are given in Table
2.9.

3. acoupling unit between the two subsystems.
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Table 2.9 — The characteristics of the WWTP components

No. Component Vo[:rtg]ne
1 B1 — Anoxic bioreactor with continuous mixing 1200
2 B2 — Anoxic bioreactor with continuous mixing 2200
3 B3 — Aerated bioreactor 2200
4 B4 — Aerated bioreactor 2200
5 B5 — Aerated bioreactor 3300
6 B6 — Aerated bioreactor 3300
7 B7 — Deaeration bioreactor 500
8 Secondary Clarifier 9000

rest of CODgg|
COD50|

7

30

NH4

PO4

f

:

Figure 2.31 — The conversion from BSMSewer variables to ASM2d variables
As the SN is developed in BSMSewer, its effluent has 5 variables:

e (0D, — Soluble Chemical Oxygen Demand
e (COD,q — Particulate Chemical Oxygen Demand

e NH, —ammonia
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e PO, — phosphate
e (Q —outflow

On the other hand, as the WWTP is modelled using ASM2d model, its influent contains 20
variables, including the inflow, with their significance given in [128]. For this reason, a coupling
unit between the two subsystems is necessary in order to make the variable conversion. This
conversion has been performed according to the methodology proposed by [76] and is presented
in Figure 2.31.

The IUWS model has been simulated for the forecasted influent presented in section 2.2.3,
without taking into consideration any control system for neither the SN, nor the WWTP. The first
set of results refers to the SN effluent (or the WWTP influent), resulted by aggregating the
influents related to each of the collecting areas. The results are presented in Figure 2.32.

In Figure 2.32 (d) — (h), it can be seen that the SN effluent contains loads that are higher than
those allowed to be discharged into natural receptors according to European legislation [5], limits
that are marked with a red line. Moreover, the effects of the pluviometric events can be seen in
all graphs, with higher flow and lower loads during them (marked in Figure 2.32 (a) with red and
green circles for storm and rain event).
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Figure 2.32 — SN effluent variables
(a) flow; (b) ammonia concentration; (c) phosphate concentration; (d) Chemical Oxygen Demand (COD);
(e) Biochemical Oxygen Demand (BODD5); (f) Total Suspended Solids (TSS) concentrations; (g) total
nitrogen concentration and (h) total phosphorus concentration
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The second set of results refers to the WWTP effluent, considering the plant operating in two

points differing by various values of aeration (Querqtion), iNternal recirculation (Qg;), external
recirculation (Qgg), excess sludge removal (Qgxc) and addition of ferric chloride (FeCls) [197],

according to Table 2.10.

Table 2.10 — The operating points of the WWTP

Operating Qaeration Qri Qre Qkxc FeCl3
point [m3/day] [m3/day] [m3/day] [m3/day] [g/day]

A 75.600 57.600 20700 320 75.000
B 151.200 115.200 41400 720 150.000

The results obtained for both operating points are presented in Figure 2.33.

(a) operating point A (1)

(b) operating point B (l)

Figure 2.33 — WWTP effluent results
(a) and (c) loads in operating point A; (b) and (d) loads in operating point B
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Decreases in all loads (COD, BOD5, TSS, total nitrogen and total phosphorus) can be

observed in both operating points, however, not sufficient to comply with the legal limits (red lines).
Of course, this implies further studies of the developed IUWS to develop integrated control
algorithms such as the maximum efficiency of the integrated system is assured.
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Regarding the two operating points, as expected, the treatment quality is better in operating
point B, but with higher treatment costs, as presented in Table 2.11.

Table 2.11 — WWTP quality and cost indexes

Operating 1QI EQI

point [kg polluting units/day] [kg polluting units/day] oct
A 196059 109368 25511
B 196059 90528 41275
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Figure 2.34 — The architecture of the IUWS (BSMSewer — BSM2G)
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The second IUWS model has been developed also for serving a city with a population of about
250,000 inhabitants. The architecture of the resulting IUWS is presented in Figure 2.34 and has
three main components:

1. the SN model — the model developed in subchapter 2.2
2. the WWTP - the BSM2G model [6]
3. acoupling unit between the two subsystems.

As in the case of the previously described IUWS model, the SN is developed in BSMSewer,
so its effluent has 5 variables (CODs,;, CODpgre, NHy, PO, and Q). On the other hand, the BSM2G
influent contains 21 variables:

e 14 variables defined by ASM1, including the inflow, with their significance given in [199].
e 7 additional variables which are related to GHG emissions, with their significance given in

[6].

For this reason, a coupling unit between the two subsystem models is necessary in to make
the variable conversion. This conversion is a modified version of the methodology proposed by
[76] (from BSMSewer to ASM2d variables) and is presented in Figure 2.35.

rest of CODgg|

CODso|
30

NH,

§ &

Figure 2.35 — The conversion from BSMSewer variables to BSM2G variables
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2.4.2.1. Performance assessment

As this IUWS model has been developed for studying the interdependence of the SN and
WWTP performances under various control schemes, it is important to have some indicators to
measure the performance of each subsystem, but also of the integrated system.

For the SN, only two of the BSMSewer performance indicators described in Table 1.3 will be
analysed when assessing the performance of the IUWS:

o the volume of overflow — V,,,; [m*/year]
e the overflow quality index — 0QI [kg polluting — units / day]

For the WWTP, the following performance indicators were considered:

o the effluent quality index — EQI [kg polluting — units / day]

e the operational cost index — OCI

e the total GHG emissions from biological treatment — GHGy,;, [kg CO,./day]
e the total GHG emissions of the WWTP — GHGy¢q1 [kg CO,./day]

However, for the IUWS, there is no performance indicator defined in literature. Thus, in what
follows, the basis for such an indicator will be defined. First, both subsystems can discharge
pollutants in natural receptors, which are, separately, assessed by 0QI (describing pollutants
discharged by the SN) and EQI (describing pollutants discharged by the WWTP). However, 0QI
is calculated as defined in BSM1 [77] after converting the BSMSewer variables of the overflowed
wastewater to ASM2d variables (as in Figure 2.30), while EQI is calculated as defined in BSM2
[133] based on ASML1 variables. Thus, 0QI and EQI are not comparable, as 0QI includes
information about the phosphorus loads. For this reason, a new performance indicator is proposed
for assessing the pollutants discharged by the SN: 0QI; calculated in the same way as EQI, after
converting the BSMSewer variables of the overflowed wastewater to ASM1 variables (as in Figure
2.34, excepting GHG related variables).

Now that both subsystems have quality indexes defined that are calculated in the same way
and that have the same unit (kg polluting — units / day), an integrated Discharge Quality Index
(DQI) can be defined, aiming at assessing the total quantity of pollutants discharged by the IUWS
as the weighted sum of EQI and 0QI,.

DQI = WEQI - EQI + WOQI : 0Q11 (219)

The two weights (wgq, and wgq,) must be chosen such as they are able to account for the
severity of discharging from the corresponding subsystems. For example, if not all the SN
overflow is properly directed to the same natural receptor as the effluent of the WWTP (i.e., part
of the SN overflow floods the street) it is imperious to have a much higher value for w,, than for
Wwgor- On the other hand, if both the effluent of the WWTP and the overflow of the SN are
discharged on the same point, wg,, and wyo; Will have similar values.

In [200], the authors define a global performance indicator for the WWTP, indicator that
accounts for EQI, 0CI and GHG emissions. With the newly defined DQI, that global performance
indicator could be modified in such way that it will also include information about the quantity of
pollutants discharged by the SN, resulting an integrated performance indicator for the IUWS:
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o 1-21 _
1) = 2-DQI +——"0CT + —— GHGrorau (2.20)

with the following notation:

X = X (2.21)
XBC -
where Xg. is the value which was obtained for the indicator X in a base case. For example, a
value of 0.64 for X means that the value of performance indicator X is only 64 % of the value of
the same performance indicator in the base case. This approach provides a clear way to compare
different scenarios relative to the base case. The factor 1 € [0,1] is weighting the terms of the
integrated indicator, allowing for assigning different degrees of importance to each of them.

The base case will be defined as the case in which the SN is not controlled (all valves and
pumps are fully open or running at 100%), while the WWTP uses a PI controller manipulating the
aeration flows in all the aerated bioreactors in order to regulate the DO concentration in the 2"
bioreactor (default control strategy in BSM2). Table 2.12 shows the values of the performance
indicators in the base case.

Table 2.12 — The values of the IUWS performance indicators in the base case

Performance indicator Value Unit
Vouf.Be 313942.26 m3/year
001, ¢ 4007.44 kg — polluting units/day
EQIpc 11958.81 kg — polluting units/day
OClgc 14436.05 -
GHGtotaiBc 27159.32 kg CO,./day
DQlIgc 15966.25 kg — polluting units/day

It is important to mention that for calculating DQI in Table 2.12 with equation (2.19), the two
weights involved were considered equal: wgy, = woo; = 0.5 meaning that it was considered that
the SN overflow is properly directed to the same natural receptor as the WWTP effluent.

Of course, the indicator defined in equation (2.20) needs some improvements in the sense
that it should include information about the operational cost and the GHG gasses related to the
SN. More exactly, a definition for an integrated operational cost index and a definition for the
integrated GHG emissions of the IUWS are needed. This needs some extra research which will
be done in subsequent research.

2.5. Chapter conclusions

This chapter delves into the modelling of wastewater collecting and treatment systems in a
separate, but also integrate manner, presenting the development of a series of digital tools which
will be helpful for simulating such systems during a control implementation stage.

Firstly, a SN mathematical model is implemented in BSMSewer, the model being fitted for a
city the size of Galati, Romania (approximately 250,000 inhabitants on a total surface of 250 km?).
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The model is composed of seven storage tanks that are related to five collecting areas. Moreover,
an influent scenario having a duration of 28 days is generated to be used for testing SN control
strategies. The influent scenario is generated in two versions: forecasted and disturbed scenario,
the last one containing a random component. This way, in the next chapter, when developing
control strategies for SN, the forecasted influent will be used, while when testing the resulted
control strategy, the disturbed one will be used. This will provide a way to validate the proposed
control strategies under influent uncertainty conditions. The resulted SN model is simulated in
various conditions: all valves fully opened and all pumps running at 100%, but also with some
valves partially opened, and a series of 10 performance indicators are analysed for each
simulation. It resulted that the values of the performance indicators of the storage tanks whose
output control was diminished have increased, while the upstream tank indicators have
decreased. This had a positive effect on some of the global performance indicators.
Consequently, it has been proven that there are storage tank outlet controls combinations that
could provide a better performance of the SN than the case when everything is running at 100%
resulting the need for optimal control of the SN. On the other hand, implementing real-time optimal
control of the SN will require numerical integration of the model multiple times in a short time
interval. The integration of the implemented model over the 28 days horizon takes around 30
seconds when using a mid-range computer. This could pose a problem when the number of
numerical integrations of the model is high during the optimization procedure resulting the need
for a simplified model. Thus, a simplified model is proposed by keeping only the flow part of the
model. The simplified model achieves a reduction of 90% of the integration time.

Regarding WWTP models, one of the main challenges model-based control is represented
by the high complexity models that are available in the literature, leading to high numerical
integration time. For this reason, a series of NN models is developed aiming at fitting various
WWTP dynamics:

o firstly, a NN model aiming at fitting WWTP state variables dynamics is proposed. The
proposed model has an MLP architecture, being implemented in two versions, one that
can fit all the state variables and one that is able to fit only one of the state variables (the
substrate). The two versions were trained using data obtained from a simplified 4-state
mathematical model of a WWTP, the model validations showing that both versions can
estimate the dynamics of the WWTP within an acceptable error.

¢ secondly, an LSTM NN is proposed for estimating a process variable. The NN model acts
as a Soft Sensor, aiming at estimating the effluent ammonium concentration based on
other easily measurable process values. A series of techniques are applied for enhancing
the performances of the model: data normalization, sliding window technique and a K-
Fold training method. The resulted model is validated on data that was not used for training
showing a good accuracy of the model.

e Lastly, another LSTN NN is proposed for estimating the effluent variables that are involved
in calculating EQI, based on the same quality variables of the influent and on the aeration
rate in the aerated bioreactors. The resulted model is validated on data that was not used
for training showing a good accuracy of the model. This model opens the way for
implementing real-time optimal control of WWTPs that could minimize the pollutants
discharged by the WWTP.

Regarding IUWS models, this chapter proposes two integrated models. One is obtained by
combining a simple SN model developed in BSMSewer with a WWTP model previously
developed based on ASM2d, while the second one is obtained by combining the SN model
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described in the current chapter with the BSM2G model for WWTP. As the subsystems are
implemented with different tools, in both cases the effluent variables of the SN are different from
the influent variables of the WWTP. For this reason, both [IUWS use a coupling unit between the
two subsystems in order to make the variable conversions. As the second integrated model is
intended to be used in the next chapter for exploring the possibility of enhancing the performances
of the integrated systems, a methodology for assessing the performance of control strategies is
proposed in terms of both subsystems’ performance indicators.

In conclusion, this chapter introduces a series of tools to be used when developing optimal
control strategies for wastewater collecting and treatment systems, demonstrates the need for
optimal control of SN, proposes SN and WWTP models with low integration time, that could be
used for developing online model-based control strategies and defines two IUWS systems
alongside a methodology for assessing the performance of the control strategies of the integrated
system.
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3.1. Introduction

Optimal control strategies of wastewater collecting, and treatment systems is important as
they assure that the wastewater resulted from human activities does not pollute the environment
nor affect the human health in any way. Consequently, the main goal of SN optimal control is to
assure the operational efficiency of the network under high inflow conditions, by directing as much
wastewater and pollutants as possible to the WWTP. On the other hand, the control systems
implied for the WWTP must assure that its effluent complies with the legal standards for water to
be discharged into natural receptors in terms of the different pollutants loads, while maintaining,
at the same time, a low operational cost. Additionally, GHG emissions resulted from wastewater
treatment must be considered. All these goals can be achieved by manipulating various control
variables from the systems, such as the outlet valves/pumps of the SN, or oxygen transfer
coefficients from the WWTP aerated tanks, or by manipulating, in the top-level control structure,
the setpoints of lower-level structure such as DO concentrations in the aerated tanks or the
nitrogen concentration.

Consequently, the rest of this chapter is subdivided into four more subchapters. Subchapter
3.2 deals with developing optimal control strategies for SN, presenting two approaches: offline
and online optimal control. In the first approach, five optimal control strategies are tested and
compared, the one providing the best results being selected to be used for an analysis regarding
which fitness function should be considered: quantity or quality of overflowed water. After the
analysis, three more optimisation algorithms are tested and compared. After selecting the proper
control strategy, the fitness function and the optimisation algorithm providing the best results, the
implemented optimal control algorithm is used in a sliding window approach, being tested under
influent uncertainties conditions. The second approach deals with online optimal control of SN.
More specific, a MPC algorithm is imposed for controlling the SN. The implemented approach
uses a simplified version of the SN model in order to reduce the optimisation time. It proposes a
method for including pollutant information in the fitness function even if the used model if a flow
one. Moreover, a computational effort test is conducted in order to check that the optimisation
time is lower than the prediction horizon, demonstrating the usability of the proposed algorithm.

Subchapter 3.3 presents 3 optimal control strategies for WWTP. The first approach presents
a MPC algorithm implied for minimising a cost function depending on treatment efficiency and
treatment cost, while making use of the two NN models presented in section 2.3.1. In the second
approach a Fuzzy-Optimal control strategy is implied. It is an extension of the existing control
strategy of the WWTP in Galati, a city in Romania [197]. The extension of this strategy considers,
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in addition to the optimal operating point regarding the dissolved oxygen concentration setpoint
in the aerated bioreactors, applying a simple methodology to compute optimal values for the
external recirculating rate based on the pluviometric regime using fuzzy techniques. After
validating this approach, it is further extended in an Optimal-Setpoint-Based control strategy.
More specific, for each pluviometric regime, the optimization algorithm will search for the optimal
values of seven setpoints. The setpoints obtained for each regime are finally aggregated using
the proposed fuzzy technique.

Subchapter 3.4 delves into considering the entire IUWS when developing control strategies
of each subsystem (SN and WWTP), as both are interconnected. As the effluent of the SN
represents the influent of the WWTP, it is important to also know the effects of the SN control
strategies on the WWTP operation performances. It is expected that a higher flow from the SN,
due to control strategies avoiding overflows, could lead to WWTP overloading, with considerable
environmental effects. Therefore, SN control strategies should consider their effects on the
WWTP operation efficiency in terms of pollution loads and wastewater flow. Consequently, the
IUWS described in section 2.4.2 is further studied, following two directions for assessing the
impact that SN has on the WWTP performances. In the first direction, the only control considered
for the SN is in terms of SN outlet valve, while all other valves/pumps opened/running at 100%.
The second direction considers using a MPC control algorithm described in section 3.2.2 for
minimizing the environmental impact of SN. This strategy is further modified by integrating a
constraint regarding the SN outlet valve opening into it. The last subchapter is dedicated to the
conclusions of this chapter.

3.2. Sewer Network optimal control

The main goal on developing SN optimal control strategies is to reduce the environmental
impact by decreasing the quantity of wastewater that overflows from the network in the natural
receptors, alongside with the quantity of pollutants in the overflowed water, during heavy
pluviometric events. This can be achieved by manipulating the SN storage tanks outlet commands

(Urki)-

Two approaches can be considered: offline optimal control and online optimal control, both
having advantages and disadvantages. On one hand, offline optimal control does not depend on
the model numerical integration time but is less robust when influent uncertainties are present.
On the other hand, online optimal control requires a model that could be quickly integrated and
can account differences between the forecasted influent and the real one.

The outflow of TK7 is the effluent of the SN (see Figure 2.1), thus keeping this tank’s outlet
command at 100% in the best solution with respect to SN performances. Moreover, analysing the
results presented in Table 2.5 and obtained in simulation when no control was considered (all
commands are kept at 100%) it can be observed that tank TK7 is not overflowing. Therefore, for
the tanks whose outflow represents tank no. 7 inflow (TK1, TK2 and TK6), keeping the outlet
command at 100% in also the best solution. Consequently, only manipulating the output controls
of TK3, TK4 and TK5 can lead to improvements of the SN performances. Therefore, only these
3 tanks will be subject to optimization.
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For all approaches, two of the SN performance indicators are computed and analysed: V,,r

and 0QI. All the results are presented relatively scaled to the values of the same indicators in the
“no control” case (see Table 2.5). The scaling is made according to equations (3.1) and (3.2):

V,
Voo = V"_"f (3.1)
ovf,NC
- 00QI1
I = 3.2
Q 00Ine (3.2)

where Vo, rne @and 0QIyc represents the values of the two performance indicators in the “no
control” case. This approach provides a clear way to compare different scenarios relative to the
base case. If the result is greater than 1, it indicates that the performance in the current scenario
is worse than in the base case. If the result is less than 1, it indicates an improvement over the
base case. Moreover, the scaled value gives a straightforward interpretation. For example, a
value of 0.8 of va means the SN overflowed only 80% of the quantity overflowed in the base
case, indicating a decrease with 20% of V.

3.2.1.0Offline optimal control

Developing offline optimal control of SN will require a series of steps. Firstly, an optimal control
strategy will be chosen, then it will be tested in various conditions minimizing either the volume of
overflow or the overflow quality index or both in a MOO approach. After having the most suitable
strategy and the best optimization objective, a series of optimization algorithms will be tested to
see which one provides the best results. The identified optimization algorithm will be then used
to implement the SN offline optimal control using a Sliding Window Technique.

3.2.1.1. Optimal control strategies

In the followings a series of 5 optimal control strategies [201] will be presented, tested for
separately minimizing V,,» and 0QI and compared from the point of view of improvements in the
SN efficiency in terms of the two indicators: V,,, and 0QI. For minimization, the use of GA was
chosen.

GA is a metaheuristic algorithm which is commonly used to compute solutions for optimization
problems. Itis inspired from the natural selection process and uses a population of chromosomes.
Each chromosome consists of genes and is a representation of the optimal problem solution. By
using a series of biologically inspired operators (such as crossover, mutation or selection), the
population evolves from the initial one to one that contains optimal problem solutions that
minimizes a fitness function associated with a chromosome. At each generation, using the
selection operator, a part of existing population is selected to breed a new generation. The
breeding takes place by applying the crossover operator on a pair of parent chromosomes and
by altering the resulting chromosome using the mutation operator [202].

The algorithm used in the followings for minimizing V,,; or OQI has the following
characteristics:
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¢ the number of genes in the chromosomes will be chosen accordingly to each control
strategy approach that will be presented.

¢ the population will consist of 20 individuals, the initial one being randomly generated from
a uniform distribution.

¢ the selection operator chooses the parent chromosomes randomly from the population,
for each candidate a probability directly proportional to its fithess function being used.

o the crossover operator generates an offspring chromosome (0) from the genes of two
parent chromosomes (P1 and P2) using a randomly generated binary vector (S) with the
same length as the chromosomes. For a randomly generated binary vector, each gene k
of the offspring chromosome will inherit the value of gene k of the first parent if S(k) = 0,
or of the second parent in the contrary case (Figure 3.1).

$ 10;0,1,0;1,1, Random generated binary vector

P1 Parent 1 chromozome

P2 Parent 2 chromozome
v Y v

@) Offspring chromozome

Figure 3.1 — The crossover operator of the GA

¢ the mutation operator adds to each gene of the offspring chromosome a value randomly
chosen from a zero mean Gaussian distribution with a standard deviation calculated as:

i
0; =0j_1" (1 - G ) (33)
max

where i is the current generation number, G,,,, IS the maximum number of generations
and g; is the standard deviation at the generation i, with ¢; being equal to the gene value
range.

e stop conditions: the maximum number of generations reached or no improvements of the
best function during the last 30 generations.

As stated before, 5 optimal control strategies will be implemented. In the first strategy, the
output controls of TK3, TK4 and TK5 will be maintained constant at certain values that will be
computed by the GA to minimize the fitness function [201]. This way, the chromosome will contain
3 genes, as shown in Figure 3.2:

max:1 max:1 max:1

U3 U4 U5

min:0 min:0  min: 0

Figure 3.2 — The chromosome structure in Strategy #1

The next 3 strategies consider the output controls of TK3, TK4 and TK5 to vary in time,
depending on the wastewater level in the corresponding tank [201], according to Figure 3.3.
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(a) Strategy #2 (b) Strategy #3
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Figure 3.3 — Output command depending on liquid level in tank
(a) Strategy #2; (b) Strategy #3; (c) Strategy #4

In Strategy #2, the valve / pump control of tank i will be u; if the wastewater level in that tank
is below a certain limit h; ;;,. In the contrary case, the valve / pump control of tank i will be 100%
(see Figure 3.3a). This way, the overflow of the current tank will be as lowest as possible, as the
output control is kept at maximum if the wastewater level is exceeding a certain limit. Moreover,
a hysteresis has been considered around h; ;;,, to prevent the quick change of the control when
the wastewater level is around the limit. Thus, for each of the 3 tanks whose outputs are subject
to optimization, the GA will determine the optimal values for h; ;5 and u; (i = 1..3) that minimizes
the fitness function. Figure 3.4 shows the chromosome structure for this strategy.

max:5 max:5 max5 max:1 max:1 max: 1

h3,LIM h4,|_|rv| h5,|_|M U3 l-J4 U5

min:0 min:0 min:0 min:0 min:0 min: 0

Figure 3.4 — The chromosome structure in Strategy #2

In Strategy #3, the valve / pump control of tank i will be w; 4, if the wastewater level in that tank
is above a certain limit h; ;5. In the contrary case, the valve / pump control of tank i will be u; g
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(see Figure 3.3b). There are no inequality constraints between u; , and u; g. This way, when the
wastewater level exceeds the limit, the new control value can be either higher than the previous
one, helping the current tank to overflow less, or smaller than the previous one, helping the
downstream tanks to overflow less. Moreover, a hysteresis has been considered around h; ), to
prevent the quick change of the control when the wastewater level is around the limit. Thus, for
each of the 3 tanks whose outputs are subject to optimization, the GA will determine the optimal
values for h; 1, u; 4 @nd u; p (i = 1..3) that minimizes the fitness function. Figure 3.5 shows the
chromosome structure for this strategy.

max:5 max:5 max:5 max:1 max:1 max:1 maxi1 max:1 max: 1

Natm | Nam|Nsum| Usa | Yaa |Usa [Usg |Ysp | Use

min:0 min:0 min:0 min:0 min:0 min:0 min:0 min:0  min: 0

Figure 3.5 — The chromosome structure in Strategy #3

In Strategy #4, the valve / pump control of tank i will be w; , if the wastewater level in that tank
is above a certain limit h; 6y, u; p if the wastewater level in that tank is below a certain limit h; oy
or a value scaled between u; , and u; 5 if the level is between h; ;o and h; g6y (S€€ Figure 3.6¢).
There are no inequality constraints between u; 4, and u; z. Thus, for each of the 3 tanks whose
outputs are subject to optimization, the GA will determine the optimal values for h; ;ow, h; miga.
u; 4 and u; g (i = 1..3) that minimizes the fitness function. However, h; ; o, must always be lower
than h; 65, Which will require at each step of the GA to validate the obtained solution. To avoid
this, it will be considered that GA provides two values h;; and h;, which will be further used to
determine h; o = min (h;1,h;;) and  h; gy = max (h;4, h;;). Figure 3.6 shows the
chromosome structure for this strategy.

max:5 max:5 max:5 max:5 max:5 maxx5 max1 max1 max:1 max:1 max:1 max:1

Nt | haq | hsy [ hgo | hyo | N5y | Uz |Usa |Usa |Uss |Usg | Use

min:0 min:0 min:0 mint0 min:@ min:0 mint0 min:@ min:0 min:0 min:0 min: 0

Figure 3.6 — The chromosome structure in Strategy #4

The last strategy is similar to Strategy #3, considering, this time, that the limit is at a fixed
value h;;;y = 3.5m. This way the solution space dimension gets reduced by decreasing the
number of genes in the chromosome, which should improve the convergence of the GA and will
decrease the probability of getting stuck in a local minimum. Thus, for each of the 3 tanks whose
outputs are subject to optimization, the GA will determine the optimal values for u; , and u; 5 (i =
1..3) that minimizes the fitness function. Figure 3.7 shows the chromosome structure for this
strategy.

max:1 max:1 max:1 max:1 max:1 max: 1

Usa |Usa |Usa | Usp |Uss |Uss

min: 0 min:@ min:0 min:0 min:@ min: 0

Figure 3.7 — The chromosome structure in Strategy #5

For each of the 5 strategies, the optimization algorithm has been run twice, the first time
considering the fitness function to be V,,r and the second time considering it to be 0QI. Figure

3.8 shows the fitness function value evolutions for each of the strategies and fitness function.
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(a) Minimizing Vg ¢

(b) Minimizing OQI
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Figure 3.8 — Fitness function values evolutions
(@) when minimizing V,,; (b) when minimizing 0QI

The solutions described in Table 3.1 and the performance indicators scaled with respect to
their “no control” values and described in Table 3.2 have been obtained.

Table 3.1 — Solutions obtained with the five strategies

Strategy Fitness function  Solution
Strategy #1 Voos [u} = 0.7 uj, = 0.8743 ut = 0.6543]
001 [u} = 0.7062 uj, = 0.6872 ui = 0.6742]
v hy = 49192 Ry 0 = 02053 i = 4.9896
Strategy #2 ovf luy = 0.7716 u;, = 0.7983 us = 0.6096
hym = 48716 Ry = 47138 hi ;= 3.3904]
oet u% = 0.6206 ul = 0.7312 ui =0.9158 |
hym = 3507 My = 43294 hy = 2.0954]
Voos uj,=0.6997  uj,=0.6910 ut , =051
ufs =08423  ujp = 0.8927 utp = 09836 |
Strategy #3 7w = 33937 hy i = 08911 i, = 3.9285]
001 uj,=05510  uj,=08598  ui,=0.6190
uip =09157  uip=0.8414  ulp=09961 |
s ow = 1.5247 Ry ow = 2.6187  hi oy = 0.0654
v Ry mign = 49168 R} yoy = 2.8814  hi oy = 1.4234
ovf wj = 0.6678 u; . =0.6564  ui, =0.6403
uip =09829  wjp=09976  uip=0.8426
Strategy #4 T row = 2265 10w = 03715 5 1o = 1.5886
00l W mign = 3672 R yion = 36782 hi oy = 2.53
w4 = 0.622 w;,=08374  ui, = 06492
b 5 = 0.8871 whp=09323  uip=09937
v u, = 06085  uj, = 0.8033 ut 4 = 0.5609
ovf ujp =09462  ujp =09008  uip= 0.7024]
Strategy #5 W, = 06626 1, = 04811  uL, = 09417
oer ujp =09060  ujz = 0.9955 utp = 0.9013]
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Table 3.2 — Performances obtained with the five strategies

Strategy Fitness function Vous 0QI
Strategy Vovs 0.7882 0.8364
#1 0QI 0.8306 0.8263
Strategy Vovr 0.7896 0.8411
#2 0QI 0.8719 0.8449
Strategy Vovs 0.6611 0.6939
#3 0QI 0.7441 0.6981
Strategy Vovs 0.7116 0.7550
#4 0QI 0.6816 0.6806
Strategy Vovs 0.6686 0.7133
#5 0QI 0.7381 0.7094

The obtained results show that all optimal control strategies lead to significant improvements

of the two performance indicators. The most efficient one in relation to Vs is Strategy #3 with a
33.89% reduction of the volume of overflow compared to the “no control” case (

Vovs = 0.6611). The most efficient one in relation to 0QI is Strategy #4 with a 31.94% reduction
of 0QI compared to the “no control” case (0QI = 0.6806). However, the reduction of 0QI when
using Strategy #3 to minimize 0QI is similar to the one obtained with Strategy #4, suggesting that
Strategy #3 could be chosen as being the best one. For proving Strategy #3 reliability and
robustness, the optimization procedure has been run 18 times for minimizing the volume of
overflow resulting the statistical parameters described in Table 3.3.

Table 3.3 — Statistical parameters of Strategy #3 when minimizing V,,

Maximum value Minimum value Mean value Sta’?d‘?“d

Deviation
Vovr 0.7890 0.6542 0.7015 0.0370
001 0.8161 0.6939 0.7419 0.0386

Low values of the standard deviation have been obtained in relation to both performance
indicators showing that the values of the two performance indicators are well grouped around the
mean values. This proves that the strategy is robust and reliable.

3.2.1.2. Quantity vs. Quality

As observed in Table 3.2 and Table 3.3, minimizing V,, leads to decreased values of 0QI
and vice versa. Thus, it is important to understand the correlations between the two parameters
to have the most suitable fitness function for the optimal control of the SN. This subsection aims
at optimizing the efficiency of SN considering, this time, both performance indicators in the fithess
function (MOQO) and compare the results with the “no control” case, but also with the results
obtained in the previous subsection when only SOO has been performed with respect to either
Vous OF 0QL.
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Two

methods were approached for optimization, both being based on a controlled elitist GA

[203]: @) MOO and b) MOO in two steps [204], [205]. For each of them, the values of the two
performance indicators were scaled according to equations (3.1) and (3.2).

a) the MOO algorithm has the following characteristics:

1.
2.

4.
5.

the chromosome structure and number of genes according to Figure 3.5.

the population consists of 20 individuals, the initial one being randomly generated with a
uniform distribution.

the selection operator chooses the parent chromosomes using a tournament mechanism.
sets of 4 individuals are randomly chosen from the entire population. The best individual
in each set becomes a parent.

the crossover operator: single point crossover.

the mutation operator: uniform mutation with a probability of 5%.

6. stop conditions: maximum number of generations reached or no improvements of the

best function during the last 30 generations.

and, at each generation, follows the steps:

1.
2.

w

The

the parents are chosen from the current population using the tournament mechanism.
16 offspring chromosomes are created using the two operators: crossover and
mutation.

the fitness values for the offspring chromosomes are calculated.

an extended population is obtained by combining the offspring chromosomes with the
current population.

a rank and a crowding distance [203] is calculated for each individual in the extended
population.

the best 20 individuals from the extended population are selected to be in the next
generation population.

MOOQO algorithm has been run and the points on the Pareto Front that are graphically

represented in Figure 3.9 has been obtained.
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Figure 3.9 — The points on the Pareto Front
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As noticed, the scaled values of V,,, varies in the range 0.8023 — 0.8048. This means that a
reduction from the “no control” case ranging 19.52% — 19.77% have been obtained. On the other
hand, the scaled values of 0QI varies in the range 0.7498 — 0.7588. This means that a reduction
from the “no control” case ranging 24.12% — 25.02% have been also obtained.

The literature reports multiple methods that can be used for choosing the best compromise
from the Pareto Front, all of them depending on the problem [206]: Wald’s criterion, Laplace’s
criterion, Hurwicz’s criterion etc. For the current problem, the Nash Bargaining Solution [207] will
be used, as it is Pareto efficient and satisfies the monotonicity requirement (a principle of fair
division). In this method, the chosen solution will be the one that maximizes the area of the
rectangle defined by the point of disagreement (D) and the solution point, as represented in Figure
3.10.
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Figure 3.10 — Choosing the optimal solution using Nash Bargaining Solution

This way, the optimal solution described by Equation (3.4) has been obtained with a decrease
of 19.74% of V,,,; and 24.71% of 0QI, compared to the “no control” case.

E,LIM = 26064 hZ,LIM - 16835 hZ,LIM == 4‘1865
u;,A = 0.6889 UZ,A = 0.7109 u;,A =0.9011 (34)
uh =09927  uby=07684  ul,=07793

Further, the MOO algorithm has been run 5 times obtaining the statistical parameters
described in Table 3.4.

Table 3.4 — Statistical parameters of MOO algorithm solutions

Maximum value Minimum value Mean value Star.‘d‘?“d

Deviation
Vovr 0.8053 0.7620 0.7874 0.0231
001 0.8108 0.7529 0.7870 0.0245
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Comparing the obtained results with the ones obtained when SOO has been separately
performed for each of the performance indicators (see Table 3.2 and Table 3.3), it can be
observed that the solution found using MOO is significantly worse than the solutions found when
only one of the performance indicators was minimized. An explanation could be that the MOO
algorithm tends to get trapped in local minimums and that it provides only a small portion of the
Pareto Front, because the algorithm is an elitist one and the initial population is randomly chosen.

b) the MOO in two steps algorithm follows the procedure [208]:
1. SOO is performed individually for both performance indicators.
2. MOQO is performed, including the SOO solutions in the initial population.

The SOO characteristics are the one presented in subsection 3.2.1.1 while the MOO
characteristics are the one that were used for the MOO algorithm. The only differences on both
algorithms’ characteristics are the maximum number of generations that were chosen such as the
total maximum number of fitness function evaluations (number of model numerical integrations)
is the same, according to Figure 3.11.

min(OQl) B
MAX 25 ti :
generations mm(OQI ,Vov-f)
) MAX 50 generations
mMin(Voy) |
MAX 25 generations
1%t Step 2" Step
Single-Objective Multi-Objective
Optimization Optimization

Figure 3.11 — The MOO in two steps algorithm
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Figure 3.12 — The MOO in two steps algorithm — best fitness evolution during the SOO step
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Firstly, 0QI and V,,r were separately minimized over 25 generations each obtaining the

solutions with 0QI* = 0.7438 and Vg, = 0.7037. Figure 3.12 shows the evolution of the best
scaled fitness for each of the performance indicators.

After obtaining the SOO solutions, they were included in the MOO initial population, and the
MOO algorithm has been run for 50 generations. The other 18 individuals in the MOO initial
population were randomly generated. Figure 3.13 shows the SOO solutions alongside with the
seven points on the Pareto Front obtained by running the MOO. All seven points on the Pareto
Front are overlapping.

Optimization Results
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Objective 1 - 0QI
Figure 3.13 — The MOO in two steps algorithm — the optimisation results

This way, the optimal solution described by Equation (3.5) has been obtained with a decrease
of 29.88% of V,,,; and 27.14% of 0QI, compared to the “no control” case.

h;,LIM = 13735 h;kl-,LIM = 374‘58 h';kl-,LIM = 19283
Wi, = 07775  uj,=05634  ul,=0.6545 (3.5)
wip =09264  uhy=09993  ul, = 09807

As observed, the obtained optimal solution is similar to the one obtained with SOO when
minimizing V,, . Moreover, MOO in two steps provides only a small part of the Pareto Front, the
points overlapping. This could be explained by the fact that there is a strong correlation between
the two performance indicators, meaning that minimizing one of them, leads to minimizing the
other one. However, SOO minimizing V,,; is performing substantially better in terms of both
performance indicators than SOO minimizing OQI. This is because of the geometry of the
objective space. Thus, the analysis showed that V,,, and 0QI are strongly correlated,
consequently, performing SOO minimizing V,,; is the simplest solution to minimize the
environmental impact of SN overflows.
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3.2.1.3. Optimization algorithms

Proven that the best control strategy is Strategy #3 presented in subsection 3.2.1.1 and that
the most suitable fithess function to be used for minimizing the environmental impact of SN
overflows is V¢, the next step is to decide which optimization method would lead to the better
results. For this reason, three more optimization methods where implemented [209]: 1. PSO, 2.
Random generating the solution and 3. FminSearch algorithm. The results obtained with these
three algorithms will be compared with the ones obtained when the GA was used as an
optimization method (subsection 3.2.1.1).

1. The PSO algorithm is a metaheuristic one which is commonly used, in the same way as
the GA, to find solutions for optimization problems. It is a swarm intelligence-based algorithm
which defines a swarm of particles, each particle being a solution of the optimization problem that
is moving in the search space. Each particle’s velocity and position are updated using simple
mathematical formulas [210]. In the implemented PSO algorithm, each particles movement
depends on the best-known position of the particle and the best solution in the particle’s
neighbourhood [211], [212].

Thus, at every iteration, each particle velocity gets updated by summing to its inertia a
cognitive and a social term:

Vipg =W vt e (p—x) et (g —x) (3.6)
and each particle position is updated by:
Xiv1 = X; + Vigq (3.7)
where:

e x; is the particle position at iteration i of the PSO algorithm.

e v; is the particle velocity at iteration i of the PSO algorithm.

e pis the best-known position of the particle.

e g is the best solution in the particle neighborhood (a set of particles randomly chosen at
each iteration and consisting of one quarter of the swarm).

e w is the particle adaptive inertia (it modifies itself between 0.1 and 1.1 to prevent getting
stuck in local minimums).

e (, is the self-adjustment weight and has a value of 1.49.

* (, is the social-adjustment weight and has a value of 1.49.

e 1, and r, are two uniformly distributed random vectors with values between 0 and 1.

The implemented PSO algorithm has the following characteristics:

e swarm size: 20 particles.

e maximum number of iterations: 100.

e random generated initial population.

e stop conditions: maximum number of iterations reached or no improvements of the best
fitness during the last 30 iterations.

The optimization algorithm was run for 18 times. Table 3.5 shows the statistical results of the
18 runs.
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Table 3.5 — Statistical parameters of PSO algorithm solutions

Maximum value Minimum value Mean value Star_lde_lrd

Deviation
Vovs 0.7486 0.6257 0.6757 0.0386
001 0.7901 0.6678 0.7220 0.0386

As observed, a mean reduction of 32.43% for V,,,; and 27.80% for 0QI has been obtained,
which are better that the mean values obtained with the GA algorithm (29.85% for V,,; and

25.81% for OQI — see Table 3.3). The standard deviation values obtained with GA and PSO are
similar, proving that PSO method provides better results than GA.

2. Random generating the solution — In order to validate that PSO and GA algorithms are
indeed converging to minimum, a number of solutions equal to the number of fitness evaluations
for the two metaheuristic algorithms (2000 evaluations) were randomly generated and evaluated.
Thus, the solution providing the best results led to a decrease of 21.20% for V,,,r and 17.47% for
0QI which is far worse than the results obtained with GA and PSO. Figure 3.14 shows the
probability distribution of the fithess evaluations of the 2000 randomly generated solution.
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Figure 3.14 — The obtained probability distribution when randomly generating solutions

As observed, the bin with the highest probability (approximatively 9%) is the one that contains
the values obtained in the “no control” case. The probability to obtain smaller values is under 1%
(the bin containing the minimum values found). Consequently, in over 90% of cases, the random
generated solution is worse than the “no control” case (all pumps running at 100% and all valves
fully open).

3. FminSearch is a non-derivative heuristic optimization method which is using the Nelder-
Mead simplex algorithm. It requires an initial point x, in the search space from where to start the
objective function minimization [213]. The algorithm has been run from a series of initial points
described in Table 3.6, the first one corresponding to the “no control” case, the second
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corresponding to the situation in which all commands are at 50% and the last starting points are
variants of the case when Urgz and Upg, are kept at 70% (see Table 2.7). The minimum fitness
function found for each of the initial points can be seen in the last two columns of Table 3.6.

Table 3.6 — Initial points for FminSearch

Initial point no. Initial point Vs oQlI
1 Xo1 = [5.0 5.0 5.0 1.0 1.0 1.0 1.0 1.0 1.0] 0.7890 0.8405
2 X9 =[2.5 2.5 2.5 0.5 0.5 0.5 0.5 0.5 0.5] 0.8168 0.7951
3 Xo3 = [5.0 5.0 5.0 0.7 0.7 1.0 0.7 0.7 1.0] 0.8422 0.7508
4 Xo4 = [5.0 5.0 5.0 1.0 1.0 1.0 0.7 0.7 1.0] 0.8447 0.6317
5 Xos5 = [5.0 5.0 5.0 0.7 0.7 1.0 1.0 1.0 1.0] 0.8909 0.8310

As observed, FminSearch provided the worse results, even worse than the previous case
where the solutions were randomly generated.

Concluding, the evolutionary algorithms (GA and PSO) provided the best results (significant
reduction of both performance indicators compared to the “no control” case), with the ones
provided by PSO being slightly better. For this reason, in what follows, PSO will be considered as
the optimization method.

3.2.1.4. Optimization using Sliding Window Technique

The forecasted influent is not 100% accurate for long time periods, differences being possible
in all 3 influent components: domestic, pluviometric and industrial. For this reason, performing the
optimization for the entire time horizon of 28 days (finding one set of optimal controls to be used
for the entire period) is susceptible to disturbances induced by influent uncertainties. Thus, in this
subsection, the previously described optimal control algorithm will be modified by including it in a
Sliding Window-based algorithm [214]. This way, instead of finding the optimal controls for the
entire 28 days period, the algorithm will look only for optimal controls to be applied for just one
day. The optimization algorithm will be run considering the forecasted influent and will be validated
on the disturbed influent scenario.

Considering that CMDS(i) represents the control action of day i and that the optimization
algorithm is the one that previously provided the best results on minimizing Vs (PSO), Figure
3.15 describes the implemented algorithm.

Using this strategy comes with a series of advantages compared to the previously performed
optimizations (only one day at a time is needed for influent forecast and, because days with 0
overflow when all controls are at 100% will not be subject to optimization, a lower computational
effort will be assured).

The Sliding-Window based optimization algorithm has been run for 20 times. Each of the 20
sets of optimal control actions were used for the entire time horizon of 28 days for the forecasted
influent and for the disturbed influent, obtaining the statistical parameters presented in Table 3.7
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Figure 3.15 — The Sliding-Window based algorithm

Table 3.7 — Statistical parameters of Sliding-Window based PSO when minimizing V¢

Scenario Maximum Minimum Mean value Star_ldz_alrd
value value Deviation
Forecasted Vovs 0.4416 0.4137 0.4159 0.0064
Influent 001 0.4271 0.4042 0.4062 0.0054
Disturbed Vovr 0.4055 0.3480 0.3606 0.0160
Influent 001 0.4940 0.3755 0.3903 0.0270

As observed, a mean reduction of 58.41% for V,,,; and 59.38% for 0QI has been obtained in
the forecasted influent scenario and a mean reduction of 63.94% for V., and 60.97% for 0QI has

been obtained in the disturbed influent scenario. This, alongside the low values of the standard
deviations, prove that the Sliding-Window technique provides better results that running the
optimization algorithm for the entire time horizon.

However, improvements in the results can be made by considering that at each 1-day time
window, besides minimizing V,,, it is important to leave the SN in a state that could be helpful
for future time windows. This could be achieved by trying to keep the wastewater level in the
storage tanks at the end of the optimization window as low as possible. For this, a penalty term
has been added into the fitness function to account for the wastewater levels in tanks. However,
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acknowledging the fact that not all tanks are overflowing or subject to optimization, two variants
of penalty have been implemented: one that uses only the wastewater levels in the tanks that are
subject to optimization and one that uses the wastewater levels in all the tanks:

5
fitnessy = Vopr + Wy Z h; (3.8)
i=3

7
fitness, = Vopr + wp Z h; (3.9
i=1

where wy, is the penalty weight.
For each of the two variants of penalty, the Sliding-Window based optimization algorithm has

been run 20 times for wy =1 and for another 20 times for w, = 10. Each of the obtained sets of

optimal control actions were used for the entire time horizon of 28 days for the forecasted influent
and for the disturbed influent, obtaining the statistical parameters presented in Table 3.8.

Table 3.8 — Statistical parameters of Sliding-Window based PSO with penalty term

Fitness . Maximum Minimum Mean Standard
function P Scenario value value value Deviation

Forecasted Vovs 0.4288 0.4135 0.4152 0.0038

1 Influent 00QI 0.4177 0.4036 0.4057 0.0036

Disturbed Vour 0.4652 0.3480 0.3676 0.0264

fitness, Influent 001 0.5441 0.3755 0.3982 0.0372

Forecasted Vovs 0.4298 0.4137 0.4175 0.0063

10 Influent 00QI 0.4213 0.4042 0.4078 0.0066

Disturbed Vovr 0.3900 0.3477 0.3618 0.0127

Influent 00I 0.4168 0.3755 0.3895 0.0131

Forecasted Vovr 0.4271 0.4137 0.4151 0.0031

1 Influent 001 0.4186 0.4042 0.4051 0.0032

Disturbed Vovs 0.3542 0.3478 0.3489 0.0018

Fitness, Influent 001 0.3805 0.3755 0.3765 0.0018

Forecasted Vovs 0.4176 0.4133 0.4144 0.0014

10 Influent 00I 0.4046 0.4036 0.4044 0.0004

Disturbed Vous 0.4624 0.3478 0.3586 0.0311

Influent 001 0.5455 0.3755 0.3872 0.0397

The results shows that the algorithm performed better for the forecasted influent when
fitness, was minimized using a penalty weight of w;,, = 10. Analyzing the mean reductions, the
differences compared to the other cases are small (under 0.5%). However, for the disturbed
influent, the best results were obtained with the same penalty variant, but with w,, = 1. For this
scenario, the differences in the mean reduction, compared to the other results, are still small
(around 1 — 2 %), but the lower values of the standard deviations shows that this case provides
results that are tighter around the average value.

Acknowledging the fact that all cases provided mean values of reduction that are close, it
must be proven that the result obtained with fitness, and w, = 1 are statistically different from
the results obtained when no penalty was considered. For this, the two sets of results (Vs under
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disturbed influent scenario) were subject to Wilcoxon's rank sum test [215] for a significance level
of 5%. The null hypothesis was rejected (the obtain p-value being p = 0.00016) proving that the
two set are statistically different, therefore, fitness, with w, = 1 provides the best result under
the disturbed influent scenario).

3.2.2.0nline optimal control

overflows sequence

Ve ™ -
SEWER
. NETWORK -
future MODEL forecasted
MPC commands  \_ /influent
U* = min J . (T ™ disturbed
U U ) SEWER influent
optmal | NETWORK [
\_ / commands  \_ _/
x(t) system states

Figure 3.16 — The MPC structure

Further, the previously developed SN offline algorithm will be modified in an online optimal
control algorithm [216] by including it in a MPC structure. MPC [217] is an advanced method that
is used for controlling systems with higher complexity under the influence of a set of constraints.
The algorithm requires an iterative optimization procedure to be applied on a system model over
a finite time horizon (T, — prediction horizon) that is continuously shifted forward with a certain
step (T chosen such as Ty = ny - Tg and ny € N is the number of steps in the prediction horizon).
At any time t, the system state is sampled and set as the model initial state. After this, a fithess
function is minimized over a time horizon ([t,t + Ty]), resulting a set of optimal controls U* =
[u @), wt+Ty)uwt+2-Ts),..,u"(t+ (ny—1)-Tg)]. The first step from the computed
optimal controls is applied to the real system (u*(t)) and the procedures gets repeated starting
from the moment t + Ts. Figure 3.16 shows the architecture of the MPC.

3.2.2.1. Model Predictive Control formulation
MPC usually requires three essential components:

1. a dynamic model of the system — as the optimization requires multiple numerical
integrations of the process model, it must be assured that the model can be quickly
integrated such as the optimization finishes within one step of the MPC. For this reason,
the simplified model described in section 2.2.5 will be used as the process model.

2. afitness function defined over the prediction horizon — the global yearly overflow volume:

N
] = Vovf = Zvovf,TKi (3.10)
i=1
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3. an optimization algorithm to be used for minimizing the fitness function by computing the
optimal control actions — PSO algorithm with the same characteristics as the ones used
in subsection 3.2.1.3, excepting:

e the initial population includes the solution found at the previous MPC step, a solution
encoding the “no control” case (all valves and pumps at 100%) and 18 randomly
generated solutions.

¢ the patrticle position in the search space defined by Equation (3.11) subject to Ug; €

[0,1].
Urgs(t) Urgz(t+Ts) Upgs(t+2-Tg) .. Upgs(t+ (np—1)-Ts)
x = |Urga(t) Urga(t +Ts) Upga(t+2-Tg) ... Upga(t+ (np—1)-Ts) (3.11)
Urgs(t) Urgs(t+Ts) Upgs(t+2-Tg) .. Upgs(t+ (np—1)-Ts) '

3.2.2.2. Model Predictive Control parameters

The algorithm's two parameters, namely the prediction horizon time (Ty) and the step size
(Ts), should be carefully selected to ensure optimal controller performance. Several
considerations must be considered when determining these parameters:

e The optimization time should be shorter than Ts. Given the characteristics of the PSO
algorithm, the maximum number of fithess evaluations at each MPC step corresponds to
the swarm size multiplied by the maximum iteration count, resulting in 2000 evaluations.
Since each fitness evaluation involves numerical integration of the model, there will be
2000 integrations per MPC step. Consequently, T; needs to be chosen so that the
optimization time remains within this interval. As the simplified model integration takes
approximately 3 seconds for the entire 28-day time horizon, and optimization involves
integrating the model over the prediction horizon [t, t + Ty], which is shorter than 28 days,
a minimum step size of 1 hour should be enough to satisfy the optimization time constraint.

e T should be set at a sufficiently low value to ensure a fine resolution of the solution space.

e Ty should be a multiple of the step size Ts.

e Ty should be small enough to provide a reliable weather prediction interval.

e Ty should be large enough to provide a broader solution space.

e Atrade-off between Ts and Ty needs to be struck to maintain a reduced number of solution
dimensions during optimization. This balance ensures the algorithm converges towards
the global minimum effectively.

3.2.2.3. Simulation results

The simulation results were obtained by using the simplified model (see section 2.2.5) as the
dynamic model required by MPC and the model implemented in BSMSewer (see subchapter 2.2)
as the process that have to be optimized, as presented in Figure 3.17. The simplified model uses
the forecasted influent (see subsection 2.2.3.1), while the process uses the disturbed one (see
subsection 2.2.3.2).

Three cases were considered: 1% case uses Equation (3.10) as the fitness function, 2™ case
updates this fitness function by including weights related to pollutants quantity and 3™ case
integrates a penalty function as presented in the previous subsection (3.2.1.4).
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Figure 3.17 — The MPC simulation setup

1st case

In the first case, two sets of tests were considered: one set with T¢ = 1 h and one set with
Tg = 2 h. For both sets, ny was varied trough the values {3,4,6,7,12,24}. Each of the 12 tests
has been run 20 times resulting the statistical parameters presented in Table 3.9.

Table 3.9 — Statistical parameters of MPC (15t case)

Maximum Minimum Mean Standard

Ts nr Th Reduction of value value value  Deviation
3 3h Vovs 0.5266 0.4664 0.7971 0.0135
001 0.7901 0.5434 0.5899 0.0513
4 4k Vovs 0.5278 0.4780 0.4996 0.0122
0QI 0.8801 0.5356 0.5970 0.0783
5 6h Vovr 0.5289 0.4692 0.4937 0.0174
1h 0QI 0.8300 0.5330 0.6042 0.0723
8 8h Vovs 0.5329 0.4777 0.4987 0.0173
001 0.7871 0.5329 0.6025 0.0751
12 121 Vovs 0.5324 0.4619 0.4959 0.0177
001 0.7564 0.5067 0.5588 0.0531
24 24 b Vovs 0.5298 0.4536 0.4946 0.0196
0QI 0.7180 0.4899 0.5713 0.0620
3 6h Vovs 0.5309 0.4644 0.5046 0.0206
001 0.7404 0.5228 0.6161 0.0615
4 8 h Vovs 0.5573 0.4641 0.5095 0.0217

0Ql1 0.8064 0.5173 0.6010 0.0628

6 12 h Vovr 0.5433 0.4403 0.4983 0.0250

2 0QI 0.6473 0.4788 0.5606 0.0460
8 16 h Vovr 0.5429 0.4579 0.5032 0.0246

0QI 0.6517 0.4979 0.5820 0.0435

12 24 h Vovr 0.5463 0.4735 0.5038 0.0270

0Ql1 0.6384 0.4735 0.5640 0.0453

24 48 h Vovs 0.5394 0.4554 0.5067 0.0245

0QI 0.8070 0.4918 0.6113 0.0764
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As observed, different values of the Ty do not significantly affect the average reduction of
Vovr- On the other hand, the standard deviation gets lower when Ty is smaller, which could be
explained by the fact that the number of dimensions of the solution space increases with the
increase of the value of Ty, therefore, the chance to get stuck in local minimums gets higher.
Analyzing 0QI, an average reduction of about 40 % can be observed. However, the standard
deviation is higher, the reduction values ranging from 12% to 51%.

Concluding, Ty can be kept as low as possible in order not to increase the integration time of
the model. Additionally, doubling T did not provide any significant improvements of neither the
indicators. Moreover, a higher T value leads to the increase of the standard deviations of the V,,

reduction (the obtained solutions are not so well grouped around the mean value).

The highest average reduction of Vs (50.63 %) has been obtained for Ts = 1 hwith Ty = 6 h
(ny = 6), however, the differences between this and the other tests are not significant. On the
other hand, the highest average reduction of 0QI (44.12%) has been obtained for T¢ = 1 h with
Ty =12 h (ny = 12).

Figure 3.18 depicts the evolution of optimal commands during a pluviometric event. It
highlights the filling levels of TK3, TK,, TKs and TK, when optimal commands are applied vs. the
case of “no control”. The start of the pluviometric event is indicated by the green line, while the
red marks an overflow event occurring in the absence of control measures. It is obvious that using
the optimal commands effectively prevents this event by using the free space available in the
other 3 tanks.

Tank filling without control [%] Tank filling with control [%] Control actions [%]
100 T 100 1
22
M~ -
0 0 0
8 8.5 9 8 8.5 9 8 8.5 9
Time [days] Time [days] Time [days]
100 " 100 ; 1 "
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[ — (- 0
8 8.5 9 8 8.5 9 8 8.5 9
Time [days] Time [days] Time [days]
100 T 100 T 1 T
o]
E %0 /\/~/\ %0 /m 0.5
0 0 0
8 8.5 9 8 8.5 9 8 8.5 9

Time [da Time [days] Time [days]
100 100

overflow
) ) M

n O L
8 8.5 9 8 8.5 9

Time [days] Time [days]

TKq

Figure 3.18 — Example MPC simulation result
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2"d case

When analyzing Table 3.9, it could be observed that, for 0QI, in all cases, the standard
deviation is high (the reduction range from 12 % to 52 %), due to the fact that the solution space
has many local minimums that provide similar reduction of V¢, but different reduction of 0Q1I.

Because of this, it is necessary to differentiate between local minimums with similar reduction
of V,yy, but different reduction of 0QI. Integrating 0QI in the simplified model will lead to an
increase in the model complexity and its integration time. Moreover, applying this solution in real-
time control of SN will require expensive sensors to measure various loads in multiple points of
the SN, leading to additional costs. In order to avoid this, another solution is proposed: offline
measurement of pollutant concentrations from time to time and using these measurements to
compute a set of weights wyg;, one per storage tank, to be used in the fitness function to weight
each tanks overflow volume:

N
J= Z Wwrki * Vour ki (3.12)
=1

For simulation and testing purposes, the weights wyg; were determined using the medium
loads in the storage tanks over 28 days. For each of the tanks, medium loads (without the weather
component) were computed and converted to ASM2d variables [76]. Further, these variables
were used to calculate a quality index QI;g; for each storage tank in the same way that the effluent
quality index gets calculated in BSM [77]. These quality indexes measured in kg —
polluting units/day are further divided by the medium flow, resulting quality indexes measured
in kg — polluting units/m3. Table 3.10 shows the obtained quality indexes.

Table 3.10 — Quality indexes for each tank

Quality Index QIg; [kg — polluting units/m3]
Qlrk1 Qlrk; Qlrk3 Qlrgy Qlrks Qlrke Qlrky
5.2884 5.2884 5.2884 5.2884 6.1748 6.1074 6.3009

The quality indexes for the first four tanks share identical values due to their computation
relying solely on the forecasted domestic influents from their respective collecting areas. As
detailed in section 2.2.3, the forecasted domestic influent for each area is determined by
multiplying the population equivalent with the average flow/loads per resident. This methodology
results in a consistent pollutants concentration profile, independent of the population equivalent
of the area, consequently leading to the uniformity of the quality index.

The resulted quality indexes were further scaled to the range [1 w,,4,] according to equation
(3.13), resulting the weight wy;.

] Qlrg; — min({Qlzy; | i = ﬁ})
max({Qlrg; | i = 1..7}) = min({Qlrx; | i = 1..73) (3.13)

wrgi = 14+ (Winax — 1)

Considering T¢ = 1 h and n = 6 (Ty = 6 h), 3 tests were carried out for 3 different values of
Wnax, €ach of them being run 20 times, obtaining the statistical parameters presented in Table
3.11. The results showed that weighting the overflow of each tank leads to small improvements
in the mean reduction of V,,,; and substantial reduction (10 %) in the mean reduction of 0QI
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compared to the first case. The best Vs reduction occurs for wy,, = 2, while the best reduction
of 0QI occurs for wy,,, = 3.

Table 3.11 — Statistical parameters of MPC (2" case)

. Maximum Minimum Standard

Wonax Reduction of value value Mean value Deviation
5 Vovr 0.4929 0.4217 0.4661 0.0191
0Q1 0.6964 0.4389 0.5051 0.0573
3 Vovs 0.5267 0.4234 0.4773 0.0275
0QI 0.6005 0.4316 0.4961 0.0415
4 Vour 0.5199 0.4121 0.4779 0.0234
0QlI 0.6373 0.4530 0.5137 0.0488

3 case

The third case considers a penalty term related to the wastewater level in the storage tanks
at the end of the prediction horizon, implemented in two variants, as presented in subsection
3.2.1.4. Thus, the following two fitness functions will be used:

N 5
J =) Wik Voogwe + Wy~ ) (3.14)
i=1 i=3

N
z Wwrki " Vovrrki + Wp - z h; (3.15)
i=1 i=1

For each of the two variants of penalty, the MPC has been run 20 times for w, = 1 and 20
times for w, = 10, obtaining the statistical parameters presented in Table 3.12.

Table 3.12 — Statistical parameters of MPC (3" case)

Maximum Minimum Mean Standard

] wp Reduction of o
value value value Deviation

) Voot 05256 04263 04719  0.0279

. 001 0.7609 04539 0.5017 _ 0.0586
Equation (3.14) i, Vour 05064 04173 04749  0.0244
001 0.6987 04287 05078  0.0631

. Voor 05075 04278 04719  0.0215

. 001 0.6760 04342 04961 _ 0.0500
Equation (3.15) o Vo 05250  0.4494 04888  0.0221
001 05880 04592  0.5182  0.0344

As observed, this time, the penalty term did not lead to any further improvements of the
reduction of neither V,,s nor 0QI. Moreover, the penalty term just increased the computational
effort of the PSO algorithm as the fithess function will never get 0, this stop condition of the
optimization algorithm never being fulfilled).
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3.2.2.4. Computational effort

An essential aspect in the implementation of MPC algorithms revolves around the integration
time of the SN model. It becomes crucial to solve the optimization problem within a single MPC
step. Moreover, a shorter integration enhances the adaptability of the MPC algorithm's
parameterization which could lead to improved performances.

Hence, there exist three potential ways for reducing computational effort:

1. Using a simplified model with a briefer integration time, a topic which was explored in
section 2.2.5 where SN model was simplified to diminish the integration effort. This
simplification led to a reduction in integration time from 30 seconds to approximately 3
seconds over a 28-day time horizon.

2. Using parallel computing to integrate the model. The simplified model implementation in
Simulink allows parallel execution, aiming at reducing the time of the metaheuristic
optimization algorithm. However, the MATLAB Parallel Computing Toolbox requires
additional time for pool initialization and cleanup. This added time must be outweighed by
time savings from parallel computing. Hence, a computational machine equipped with
more CPU cores is imperative to ensure the net reduction in optimization time surpasses
the delays attributed to the MATLAB Parallel Computing Toolbox.

3. Using a more powerful computational machine to handle model integration.

To analyse the decrease of integration time when using a more powerful machine,
experiments were conducted on four machines of varying specifications. The optimization
algorithm was executed for a single prediction horizon (T = 1 h and Ty = 6) in both scenarios —
with and without parallel computing — on each machine. Optimization times were recorded.

To ensure uniformity across all eight cases, the PSO algorithm retained only one stop
criterion: reaching the maximum number of iterations (100). Consequently, each test requires
precisely 2000 fitness evaluations, equivalent to 2000 integrations of the simplified model. Table
3.13 presents the outcomes of these computational effort tests.

As observed in the results, neither of the computational machines achieved a reduction in
optimization time when using parallel computing due to the delays associated with loading and
cleaning the parallel pool. Nevertheless, in scenarios without parallel computing, the optimization
time is depending on the machine's capabilities, yielding times spanning from 32 minutes to 6
minutes, all of which provide to be enough for a MPC step. Opting for a more powerful computer
yields a substantial reduction in optimization time. For instance, the most high-performance PC
achieved a total optimization time of 6 minutes, translating to 3.479242 seconds per iteration of
the PSO algorithm and a mere 173 milliseconds for each fitness function evaluation.

Clearly, using a high-performance computer for MPC holds the potential for significant
optimization time reduction, enabling prospects for enhancing MPC performance by:

e decreasing the step size T to achieve enhanced solution space resolution.
e improving PSO algorithm performance through increasing the population size or
increasing the maximum iteration count.
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Table 3.13 — MPC computational effort tests results

Optimization time

Optimization time without with parallel
_ o CPU parallel computing [seconds] computing
Machine specifications
cores [seconds]
Per Per fitness Per
Total _ _ _ Total ] _
iteration evaluation iteration

Intel® Core™ i5-6200U
CPU @ 2.30GHz

1904.96  19.0496 0.95248 3729.46  37.2946

Intel® Core™ i5-10500T
CPU @ 2.30GHz

653.51 6.5351 0.326755 2426.96 24.2696

Intel® Core™ 9-11900KF
CPU @ 3.50GHz

416.68 4.1668 0.20834 1051.00 10.5100

Intel® Core™ i9-12900
CPU @ 3.40GHz

347.92 3.4792 0.17396 1072.03 10.7203

These enhancements can pave the way for further improvements in MPC performance,
harnessing the advantages of a potent computing setup.

3.3. Wastewater Treatment Plant optimal control

The main goal on developing WWTP optimal control strategies is to reduce the environmental
impact by optimizing the treatment efficiency of the plant while keeping at the same time a low
operating cost. This can be achieved by manipulating a series of control values in the treatment
process.

This subchapter will present three approaches regarding WWTP optimal control: a MPC
strategy making use of the two NN models presented in the previous chapter (see section 2.3.1),
a Fuzzy-Optimal control strategy and an Optimal-Setpoint-Based control strategy.

3.3.1.Model Predictive Control strategy based on Neural Network model

As the main goal of developing WWTP optimal control strategies is to reduce the
environmental impact by optimizing the treatment efficiency of the plant while keeping at the same
time a low operating cost, for the WWTP system presented in Figure 2.12 optimizing its efficiency
can be achieved by controlling the aeration rate (W) in order to minimize the effluent substrate
concentration (S). This will be achieved by using a MPC strategy.

MPC usually requires three essential components:
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1. a dynamic model of the system — the two NN models described in section 2.3.1 will be
used, resulting in two variants of the MPC.

2. a fitness function defined over the prediction horizon accounting for both efficiency and
cost of treatment:

t+Ty

J= f (- W@+ (1 —a) - S(x)?)dr (3.16)

where «a is a weight that establishes the importance of each component.

3. an optimization algorithm to be used for minimizing the fitness function by computing the
optimal control actions — fmincon algorithm [96] will be used to compute the optimal control
actions:

W* = mM}n] (3.17)
subjectto 0 < W < 100.

Figure 3.19 shows the structure of the MPC strategy involved in obtaining the following results
[187]. As observed, some states are written in grey colour, meaning that they are available only
for the 1% version of the NN model. Moreover, because the results were obtained in simulation,
the mathematical model of the plant described by equations (2.8(2.8) — (2.11) has been used as
the process to be controlled.

’ M i T
optimal commands (W)
b, -
- Real infuent
Process 5
| meassured state + Sin
B s
MPC -
*
W =min J
w A
SR
S
- -«
estimated state NN 55
» Min
> Model Predicted
\ ) future commands (W) \ ) infuent

Figure 3.19 — The MPC control strategy

The obtained results were compared to a base case. The base case is represented by the
value of the fitness function (J;,s. = 5549862) obtained when keeping the aeration rate at a
constant value W = 22.5522 that assures minimum fitness function over the entire considered
time horizon (609 days) when the generated influent described in the next subsection has been
used.

3.3.1.1. The generated influent
The plant influent contains three variables:

1. D —the dilution rate
2. S;, — the substrate concentration
3. DO, (t) —the DO concentration — considered constant (DO;,, (t) = 2 mg/l)
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D and S;,, were generated for a time horizon of 609 days starting from the BSM2 dynamic
influent [133] variables scaled to meet the plant specifications. More specific, D is inversely
proportional to the flow of the BSM2 influent, while S;,, is directly proportional to the readily
biodegradable substrate (Ss) of BSM2 influent.

Figure 3.20 shows the dynamics of the generated influent for the first 30 days of the entire
609 days horizon.
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Figure 3.20 — The first 30 days of the generated influent
3.3.1.2. Model Predictive Control parameters

The algorithm's two parameters, namely the step size (Ts) and the prediction horizon time
(Ty = ny - Ts), should be carefully selected to ensure optimal controller performance. This way,
before obtaining results over the entire time horizon of 609 days, it is necessary to find the best
values for the two MPC parameters. For this purpose, the following procedure is proposed [187]:

1. The MPC is run multiple times for the first 30 days of the influent considering all possible
combinations of Ts and ny with Tg € {0.5,1 ...6} and ny € {1... 24}.
2. For each of the simulation results the following two indicators will be saved:

e J;o—the value of the fithess function, calculated as in equation (3.16) for the entire 30
days horizon.

e (. —the computational cost being equal to the total number of NN model inferences.
3. Considering a factor w; € [0, 1] meaning the importance of /3, over C,, the best values of
the two MPC parameters (Ts*and n;*) can be determined as:

(Ts",np*) = (71,1513{;) wyJ3o+ (1 —wy)-Ce (3.18)

For obtaining the following results a factor w, = 0.99 has been considered.
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3.3.1.3. Results obtained using the 1 version of NN model

This set of results was obtained while using the 1%t version of the NN model described in
subsection 2.3.1.1 as the process model in the MPC control structure described by Figure 3.19.

Before running the control algorithm for the entire time horizon of 609 days, the procedure
described in the previous subsection has been used for determining the best values of the two
MPC algorithm parameters. Thus, the best J;, value has been obtained for T¢ = 1 h and ny = 10
(Jz0 = 186232), however with a high computational cost (C, = 2158908). In comparison, the best
computational cost has been obtained for T = 0.5 h and ny = 1 (C, = 44718). Thus, for finding
the MPC parameters that balances the performance and the computational effort, equation (3.18)
has been involved. This way the best values of the MPC parameters were determined to be Tg" =
3 h and n;* = 3. For these values, the two indicators have the following values: /3, = 188508 and
C. = 309528.

For the above determined MPC parameters, the algorithm has been run considering the entire
time horizon of 609 days. Calculating the fitness value over the entire period, a value of J;; =
7106459 has been obtained. Having in mind that this value is 28% higher than the value obtained
in the base case J;,s. = 5549862, the implemented control structure is not proving its reliability
when using the first version of the NN model.

Figure 3.21 shows an example of aeration rate and effluent substrate evolution during day no.
26 of the considered period. It should be noted that the substrate values are much higher in the
MPC case than in the base case, while the aeration rate is continuously fluctuating putting stress
on the controlled equipment.

Command - Aeration Rate

0 1 1 | 1 1 1 1 1
26 26.1 26.2 26.3 26.4 26.5 26.6 26.7 26.8 26.9 27
time [days]

Substrate
22 T T T T T T T T

12l v, case

. . ‘ | | | | base case
10
26 26.1 26.2 26.3 26.4 26.5 26.6 26.7 26.8 26.9 27
time [days]

Figure 3.21 — Example of W and S evolution during day no. 26 (1t MPC version)
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One explanation on obtaining worse results in this case than in the base case could be that
the fitness space has multiple local minima and the optimization algorithm involved in the MPC
control structure tends to get stuck in such a minimum.

3.3.1.4. Results obtained using the 2™ version of NN model

This set of results was obtained while using the 2" version of the NN model described in
subsection 2.3.1.2 as the process model in the MPC control structure described by Figure 3.19.

Before running the control algorithm for the entire time horizon of 609 days, the procedure
described in subsection 3.3.1.2 has been used for determining the best values of the two MPC
algorithm parameters. Thus, the best J;, value has been obtained for Tg = 0.5 h and n; = 20
(J30 = 184753), however with a high computational cost (C, = 1924164). In comparison, the best
computational cost has been obtained for Ts = 1 h and ny = 1 (C, = 80736). Thus, for finding the
MPC parameters that balances the performance and the computational effort, equation (3.18)
has been involved. This way the best values of the MPC parameters were determined to be T =
6 h and n;* = 2. For these values, the two indicators have the following values: /3, = 185389 and
C. = 239700.

For the above determined MPC parameters, the algorithm has been run considering the entire
time horizon of 609 days. Calculating the fitness value over the entire period, a value of J;, =
3735581 has been obtained. Having in mind that this value is 32% lower than the value obtained
in the base case J;,,. = 5549862, the implemented control structure is proving its reliability when
using the 2" version of the NN model.

Command - Aeration Rate

19 1 1 | 1 | 1 1 | |
26 26.1 26.2 26.3 26.4 26.5 26.6 26.7 26.8 26.9 27

time [days]

Substrate
17 T T T T T T T

V2 case

base case | |

1 1 1 1 1 1 1
26 26.1 26.2 26.3 26.4 26.5 26.6 26.7 26.8 26.9 27
time [days]

Figure 3.22 — Example of W and S evolution during day no. 26 (2" MPC version)
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Figure 3.22 shows an example of aeration rate and effluent substrate evolution during day no.
26 of the considered period. It should be noted that the substrate values are higher in the MPC
case than in the base case, however, the fithess function value is lower because the treatment
cost (the aeration rate) is lower than in the base case.

3.3.1.5. Results comparing

Both algorithm versions were tested in simulation considering an influent based on the BSM2
influent scenario. The obtained results were compared to a base case (aeration rate kept at a
constant value). Figure 3.23 shows the evolution the fitness function for all the three considered
cases, throughout the entire horizon of time.

As shown as in the above subsections, but also in the figure, the 1% version of the MPC
algorithm (the one that is using the 1% version of the NN model) provides worse results than the
base case. On the other hand, the 2" version of the MPC algorithm (the one that is using the 2"
version of the NN model) provides better results than the base case. This is proving the reliability
of the proposed control algorithm.

One explanation of the fact that the 1% version is worse than the base case, while the 2™
version is better, could be the fact that, in the 1% case, because all the state variables of the
process are considered measurable, the NN model is able to correctly estimate even small
variations in the organic substrate dynamics, leading to a complex geometry of the fithess space.
This complex geometry of the fitness space implies a lot of local minima, increasing the chance
that the optimization algorithm gets stuck in one of them, leading to the control algorithm
performing worse.

8. 108 Fitness value evolution
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Figure 3.23 — The evolution of the fitness function in the three cases
Of course, in future research, the results could be even further improved by

e using an optimization algorithm that provides mechanisms for avoiding local minima.
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e using more complex NN (i.e., LSTM, Temporal Fusion Transformer etc.) for estimating
more process dynamics.
e considering more control variables (i.e., the recirculation rate, the excess sludge rate etc.).

3.3.2.Fuzzy-Optimal control strategy

This section describes an extension of the existing control strategy of the WWTP in Galati, a
city in Romania, having approximatively 250,000 inhabitants, control strategy that is presented in
[197]. The extension of this strategy considers, in addition to the optimal operating point regarding
the dissolved oxygen concentration setpoint in the aerated bioreactors, applying a simple
methodology to compute optimal values for the external recirculating rate based on the
pluviometric regime using fuzzy techniques [218]. Moreover, the existing control strategy implies
constant values for the sludge extraction rates from both clarifiers.

The results were obtained in simulation, using a model of the WWTP developed in SIMBA,
which is similar to the BSM2 model [197]. Figure 3.24 shows, with red colour, the proposed control
scheme, the fuzzy block being designed to determine the external recirculation flow by
recognizing the pluviometric regime.
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Figure 3.24 — The simplified scheme of the WWTP with the control strategy
green lines denote existing control strategy, while the red line denotes the proposed extension

For evaluating the efficiency of the WWTP the following performance indicators were used:

e FEQI — effluent quality index
e (OCI — overall cost index
e J; —exceedances index, defined as:

where Ex represents the percentage time when the effluent of the WWTP exceeds the
legal limits for: N,,; — total nitrogen, NH, — ammonium, TSS, COD and BODs.
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e | —aggregated performance indicator, defined as:
J=05-EQI +0CI+100-]; (3.20)

For simulation purposes, an WWTP influent with a time span of 210 days has been generated
based on the BSM2 influent scenario [133] scaled to meet the plant specifications and combining
three operating regimes of the WWTP: DRY, RAIN and STORM. The influent contains six DRY
regimes with six RAIN ones and six STORM ones.

Figure 3.25 shows the influent flow for the first 70 days, with the rain and storm events
highlighted. The loads related for each of the pluviometric regimes can be found, alongside an
extensive description of the regimes in [197].
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Figure 3.25 — First 70 days of the influent used for testing the fuzzy-optimal control strategy
Given the dependence of external recirculation flow on the influent flow in the form of:

Qrei = ki* Qm, i € {DRY,RAIN,STORM} (3.21)

for each of the pluviometric regime, calculating the optimal value of the external recirculation flow
is done by solving the following optimal problem:

Jit = min/ (3.22)

3.3.2.1. External recirculation flow rate optimal values in DRY regime

To obtain results in the DRY regime, kpry has been varied between 0.6 and 1.4, and the
indicators EQI, OCI, J; (equation (3.19)) and J (equation (3.20)) were calculated, resulting in the
values in Table 3.14.
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Table 3.14 — Results obtained in the DRY regime

kpry 0.6 0.7 0.8 0.9 1.0 1.2 1.4
EQI 5369 5190 5163 5139 5156 5235 5354
ocCI 2791 2930 3036 3131 3210 3343 3447
EX [N¢o] 0 0 0 0 0 0 0
Ex [NH,] 16 2 0 0 0 0 0
Ex [NO] 0 0 0 0 0 0 0
Ex [TSS] 0 0 0 0 0 0 0
Ex [COD] 0 0 0 0 0 0 0
Ex [BOD] 0 0 0 0 0 0 0
I3 1552 215 0 0 0 0 0

J 7028 5739 5618 5700 5788 5960 6124

Figure 3.26 (a), (b) and (c) show the dependence of the three terms involved in the
computation of the integrated performance indicator J (equation (3.20)) on kpgy. It can be
observed that the EQI indicator presents a minimum around the value of 0.9. OCI has a slow
persistent increase, explained by the fact that the treatment cost increases when the external
recirculation flow increases, due to pumping energy. On the other hand, J; decreases while kpgy
increases, reaching a value of 0 when kpry = 0.8. Figure 3.26 (d) shows the evolution of the
integrated performance indicator as kpgy increases. It can be observed that the minimum is
reached for kpgry = 0.8 (Jpry = 5618), this value being selected for calculating the external
recirculation flow during the DRY regime, according to equation (3.21).
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Figure 3.26 — The evolution of performance indicators as a function of kppy
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3.3.2.2. External recirculation flow rate optimal values in RAIN regime

To obtain results in the RAIN regime, kz4;y has been varied between 0.6 and 1.4, and the
indicators EQI, OCI, J; (equation (3.19)) and J (equation (3.20)) were calculated, resulting in the
values in Table 3.15.

Table 3.15 — Results obtained in the RAIN regime

Krain 0.6 0.7 0.8 0.9 1.0 1.2 1.4
EQI 6999 6668 6730 6506 6514 6706 6822
ocl 2762 2906 3008 3115 3197 3320 3428

Ex [N;o] 0 0 0 0 0 0 0
Ex [NH,] 53 31 22 8 3 1 0
Ex [NO] 0 0 0 0 0 0 0

Ex [TS] 0 0 0 0 1 7 9

Ex [COD] 0 1 3 4 5 6 8
Ex [BOD] 0 0 0 0 0 0 0
I3 5277 3222 2532 1273 936 1432 1789

I 11538 9461 8905 7641 7390 8105 8628

Figure 3.27 (a), (b) and (c) show the dependence of the three terms involved in the
computation of the integrated performance indicator J (equation (3.20)) on kga;y. It can be
observed that the EQI indicator presents a minimum for kgz,;ny = 1. OCI presents a similar
behaviour as in the case of the DRY regime, however the increase rate is smaller. J; indicator
presents a minimum value (936) for kp,;nv = 1. Figure 3.27 (d) shows the evolution of the
integrated performance indicator as k,;y increases. It can be observed that the minimum is
reached for kpn =1 (Jray = 7390), this value being selected for calculating the external
recirculation flow during the RAIN regime, according to equation (3.21).
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(c) J; Evolution
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Figure 3.27 — The evolution of performance indicators as a function of ky,;y

3.3.2.3. External recirculation flow rate optimal values in STORM regime

In the STORM regime, the results are presented in Table 3.16.

Table 3.16 — Results obtained in the STORM regime

Ksrorm 0.6 0.7 0.8 0.9 1.0 1.2 1.4
EQI 6625 6265 6288 6156 6175 6305 6432
ocClI 2830 2978 3080 3183 3263 3386 3492

Ex [Ny 0 0 0 0 0 0 0
Ex[NH,] 50 27 20 9 4 0 0
Ex [NO] 0 0 0 0 0 0 0

Ex [TSS] 1 2 2 3 3 3 4
Ex [COD] 3 4 5 5 5 5 6
Ex [BOD] 0 0 0 0 0 0 0
I3 5469 3239 2693 1608 1194 846 980

J 11612 9349 8918 7869 7544 7384 7688

Figure 3.28 (a), (b) and (c) show the dependence of the three terms involved in the
computation of the integrated performance indicator J (equation (3.20)) on kgrorym- It can be
observed that the EQI indicator presents a minimum (6156) around kgrory = 0.9. OCI is
increasing as ksrorm iNcreases. On the other hand, J; decreases while kgrogy iNCreases,
reaching a minimum value of 846 when kgrory = 1.2. Figure 3.28 (d) shows the evolution of the
integrated performance indicator as kgrpp increases. It can be observed that the minimum is
reached for ksrorm = 1.2 (Jsrorm = 7384), this value being selected for calculating the external
recirculation flow during the STORM regime, according to equation (3.21).
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(a) EQI Evolution

(b) OCI Evolution
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Figure 3.28 — The evolution of performance indicators as a function of ksroru

3.3.2.4. Transitioning between pluviometric regimes
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Figure 3.29 — Membership functions of @, to the operating regime

However, in reality, transitions between pluviometric regimes are not sudden, but gradual.
Thus, it is important, in a transition between two regimes, to consider the optimal values of both
regimes weighted with some membership degrees to the regimes. Determining some
membership degree to the regimes can be made using fuzzy techniques. Hence, a fuzzy block
described by the membership functions presented in Figure 3.29 has been implemented to
determine the membership of Q;,, to the pluviometric regimes.

112



Chapter 3. Optimal Control of Wastewater Collecting and Treatment Systems

Considering y; with i € {DRY, RAIN,STORM} the membership degree of Q;, to the pluviometric
regime i, the optimal value of the external recirculation rate can be calculated according to:

Qe =k Qin (3.23)

where:
k= Z w ki i€{DRY,RAIN,STORM} (3.24)
i

Table 3.17 shows the values of the performance indicators obtained for all three pluviometric
regimes (with their corresponding optimal value of k), together with the values obtained in the
aggregated regime. As observed, the best values of the performance indicators are obtained in
the DRY regime.

Table 3.17 — Results obtained in each regime and in the aggregate regime

Regime DRY RAIN STORM Aggregate regime
k 0.8 1 1.2 according to equation (3.24)
EQI 5163 6514 6305 5632
ocI 3036 3197 3386 3070
Ex [Nyl 0 0 0 0
Ex [NH,] 0 3 0 7
Ex [NO] 0 0 0 0
Ex [TSS] 0 1 3 1
Ex[COD] 0 5 5 2
Ex [BOD] 0 0 0 0
I3 0 936 846 1000

J 5618 7390 7384 6886

3.3.3.0ptimal-Setpoint-Based control strategy

This section presents an optimal-setpoint-based control strategy [219], an extension of the
fuzzy-optimal control strategy presented in the previous section. More specific, in this strategy,
for each pluviometric regime i € {DRY,RAIN,STORM}, the optimization algorithm will search for
the optimal values of the following setpoints:

*  Sppa,; — dissolved oxygen in bioreactor 4

° sgDS’i — dissolved oxygen in bioreactor 5

° 5506,1' — dissolved oxygen in bioreactor 6

*  Syoa, — Nitrate concentration

* Qgg; — external recirculation flow

® (Qpc,; — sludge flow extracted from the primary clarifier

*  Qgxc,i — excess sludge flow from the secondary clarifier
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The obtained optimal values will be used for the current operating regime of the WWTP, or,
in the case of regime transition, a fuzzy block (presented in Figure 3.29) will be used to account
to the membership degree of the operating regimes. Figure 3.30 shows the schematic
representation of the proposes control strategy.
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Figure 3.30 — The optimal-setpoint-based control strategy

For testing purposes, starting from the influent of BSM1 model [77], three influent scenarios
were created, calibrated to the loads specific to the WWTP of Galati. Table 3.18 shows the WWTP
design values and the measured average values over 2007 [197].

Table 3.18 — Average concentrations of the three influent scenarios

WWTP Design Values

Measured Average Values

No.  Parameter DRY RAIN STORM DRY RAIN  STORM
1 NH, [g/m3] 36.77  34.09 35.20 31.65 29.34 30.80
2 Ny [g/m3] 60.65  56.17 58.74 40.39 37.43 39.42
3 TSS [g/m3] 401.61 37093  395.63 132 121.91 130.07
4  BODs[g/m3] 34296 31691  336.89 133.66  123.60 131.10
5 COD [g/m3] 637.89 593.92  628.87 23693  219.95 233.12

The three influent scenarios were generated over a period of 16 weeks (112 days), of which
the first 12 are used for getting the WWTP in a steady state regime, while the last 4 are used for
assessing the control strategy performance. For testing the global operation of the WWTP, a
fourth scenario has been generated by aggregating the 3 previously described scenarios. Figure

3.31 shows the four considered influent scenarios.
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Figure 3.31 — Influent flow variations corresponding to the operating regimes
(a) DRY, (b) RAIN, (c) STORM, (d) Aggregated

3.3.3.1. Computing the optimal setpoints

For each pluviometric regime i € {DRY,RAIN,STORM}, the following vector of optimal
setpoints will be calculated:

Vi =I[Sopai Sopsi Sopbei Snoai Qrei @pci Qrxrl (3.25)

However, having in mind the proportionality presented in equation (3.21) of the recirculation
flow on the inflow (Q;,,), the vector of optimal setpoints becomes:

Vi = [Sopa;i Sopsi Sopei Snoai krei @Qpci QExril (3.26)

with the limits of the vector components described in Table 3.19 and imposed for technological
reasons.

This vector will be obtained by minimizing J, the integrated performance indicator defined by
equation (3.20). Thus, for each of the pluviometric regime i, obtaining V;" is done by solving the
following optimal problem:
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V' = argminj (3.27)

Vi

Table 3.19 — Limits of the components of the optimal setpoints vector

Component Unit MIN MAX
Sopa,i mg/l 0.3 4
Sops,i mg/l 0.3 4
Sope,i mg/l 0.4 4
Snoa,i mg/l 1 8
Kip — 0.5 4
Qpc.: m3/day 200 720
QExr,i m3/day 60 240

For solving this optimal problem, a GA has been involved. The algorithm used in the followings
for minimizing J has the following characteristics:

o the number of genes in the chromosomes will be seven genes, as the expected
solution contains seven dimensions (calculating seven setpoints), the structure of a
chromosome being presented in Figure 3.32 with the gene bounds imposed by Table
3.19.

max4 max:4 max4d max:8 maxi4 max:720 max:240

S S S

OD4,i OD5,i OD&,i S NO4,i kRE‘i Q PC.i Q EXTi

min:0.3 min:0.4 min:0.4 min:1 min:0.5 min:200 min:60

Figure 3.32 — The chromosome structure

¢ the population will consist of 10 individuals, the initial one being randomly generated
with a uniform distribution.

o the selection operator chooses the parent chromosomes randomly from the
population, for each candidate a probability directly proportional to its fithess function
being used.

¢ the crossover operator generates an offspring chromosome (0) from the genes of two
parent chromosomes (P1 and P2) using a randomly generated binary vector (S) with
the same length as the chromosomes. For a randomly generated binary vector, each
gene k of the offspring chromosome will inherit the value of gene k of the first parent
if S(k) = 0, or of the second parent in the contrary case as presented in Figure 3.1.

¢ the mutation operator adds to each gene of the offspring chromosome a value
randomly chosen from a zero mean Gaussian distribution with a standard deviation
calculated as in equation (3.3).

The optimization algorithm has been run for each of the pluviometric regimes, each time using
the corresponding influent scenario. Figure 3.33 shows the evolution of the fitness function when
running the genetic algorithm in the case of the three considered pluviometric regimes.

The optimal setpoint vectors are presented in Table 3.20 and were used, together with the
influent described in Figure 3.31 (a), (b) and (c) to simulate the system over the 16-week time
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horizon and to evaluate the performance of the WWTP on the last 4 weeks. The obtained
performance can be seen in Table 3.21.

Comparing the results presented in Table 3.21 with the results obtained with the previous
proposed control strategy (see Table 3.17), it can be observed that, even if in the DRY regime
the results are slightly worse, in the other two regimes there are substantial improvements of the
integrated performance indicator.
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Figure 3.33 — Fitness function evolution in the three operating regimes
(a) DRY, (b) RAIN, (c) STORM

Table 3.20 — The values of the optimal setpoints obtained for each regime

Regime Sopa,i Sops,i Sope,i SNoa,i kg, Qpc,i Qkxr,i
DRY 0.38 3.07 1.37 4.28 1.84 488.10 98.97
RAIN 0.67 1.25 1.95 1.52 1.71 349.52 100.05

STORM 0.84 1.51 2.34 6.28 1.68 470.10 99.78
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Table 3.21 — Results obtained in each regime

DRY RAIN STORM
EQI 5591 6958 5989
ocI 2886 3047 2809

Ex [N,y 0 0 0

Ex [NH,] 0 1.52 1.85

Ex[NO] 0 0 0

Ex [TSS] 0 0.2 0

Ex [COD] 0 2.21 1.74

Ex [BOD] 0 0 0

I3 0 393 360
J 5682 6919 6163

3.3.3.2. Transitioning between pluviometric regimes

Transitions between pluviometric regimes are not sudden, but gradual. Thus, it is important,
in a transition between two regimes, to consider the optimal values of both regimes weighted with
membership degrees to the regimes. Determining the membership degrees to the regimes will be
done with a fuzzy block, the same as the one described in section 3.3.2 (see Figure 3.29).

Considering y; with i € {DRY, RAIN,STORM} the membership degree of Q;,, to the pluviometric
regime i, the optimal setpoint vector is given by:

Vel = Z w-Vilil  je{l..7), i€ {DRY,RAIN,STORM} (3.28)
i
meaning that:

Stos =) Hi*Sboas (3.29)

L
Stos = ) Hi*Sbos, (3.30)

L
Stos = ) Hi*Sbos (3.31)

L
SNoa = Z,.“i '51’\6104,1' (3.32)

L
Kie = ) ti- ki, (3.33)

L
Qhc =) - Qhey (3.34)

L
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Qirc = ) 1" Oixc (3.35)

Table 3.22 shows the values of the performance indicators obtained in the aggregated regime
when using, as influent, the scenario described in Figure 3.31 (d).

Table 3.22 — Results obtained in the aggregate regime

Aggregate regime

EQI 6151
ocCI 3176
Ex [Nyo] 0
Ex [NH,] 1.75
Ex [NO] 0
Ex [TSS] 0
Ex [COD] 1.29
Ex [BOD] 0
I3 303

Ji 6555

As observed, comparing with the results obtained with the previous proposed control strategy
(see Table 3.17), it can be concluded that the actual control strategy is providing better results in
the aggregate regime.
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Figure 3.34 — Effluent loads in the aggregated regime
(a) COD, BODS5 and TSS, (b) SNO.N, SNH4-N and Ntot

Figure 3.34 shows the main parameters assessing the quality of the WWTP effluent for the
last 4 weeks of the simulation, considering the aggregate regime. The red line indicates the legal
limits stipulated by the Romanian legislation [30]. As observed, ammonium and COD limits are
exceeded for short periods of time (as also observed in Table 3.22, the exceeding moment
corresponding to the maximum peaks in the influent flow.
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3.4. Integrated Urban Wastewater System optimal control

The two systems, SN and WWTP are interconnected, and because the effluent of the SN
represents the influent of the WWTP, it is important to also know the effects of the SN control
strategies on the WWTP operation performances. A higher flow from the SN, due to control
strategies avoiding overflows, could lead to WWTP overloading, with considerable environmental
effects. Therefore, SN control strategies should consider their effects on the WWTP operation
efficiency in terms of pollution loads and wastewater flow.

Thus, this subchapter studies the IUWS described in section 2.4.2, following two directions
for assessing the impact that SN operation has on the WWTP performances:

¢ controlling only the SN outlet valve, without considering any other control strategy for the
SN — all other valves/pumps opened/running at 100% [220].

e using the MPC control algorithm described in section 3.2.2 for the SN to minimize its
environmental impact [216] and integrating a constraint regarding the SN outlet valve
opening into this strategy.

It is important to mention that in both cases a simple PI controller has been considered for the
WWTP. It is the Al strategy defined by BSM2 [133] — manipulating the aeration flow of all the
aerated WWTP tanks aiming at regulating the dissolved oxygen in the 4™ bioreactor.

For calculating DQI with equation (2.19), the two weights involved were considered equal:
Wgor = Woor = 0.5 meaning that it was considered that the SN overflow is properly directed to the

same natural receptor as the WWTP effluent.

3.4.1. Controlling Sewer Network outlet valve

As presented above, the first approach considers controlling the SN outlet valve opening
(Urk7 € [0,1]), while all the other valves of the SN are open 100% and all the SN pumps are
running at full capacity. Considering the influent described in section 2.2.3, a series of simulations
were performed for various SN outlet control actions. For each of the simulations, the performance
indicators described in 2.4.2.1 were calculated and scaled using equation (2.21) with respect to
the values obtained in the base case (see Table 2.12). Various control actions were considered
for the outlet valve of the SN. These control actions were grouped in two categories: constant
valve opening and limited outflow.

3.4.1.1. Constant valve opening

This case considers that the SN outlet valve control (Urg;) is kept constant. With this
assumption, multiple simulations have been made for various constant values of the outlet valve
opening. These values were ranging from 5% (0.05) to 100% (1). The obtained results are
graphically represented in Figure 3.35.
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(a) SN Performance (b) WWTP Performance
30 T T T T T T T T T T T T T T
‘/m:f 1k
25_ /
08
20
06
151
04+
101
0.2
5F oI
— 0C!
Gl Gropan
O 1 1 1 1 | 1 r 0 I 1 1 I I 1 1 1 1
0 01 02 03 04 05 06 07 08 08 1 0 01 02 03 04 05 06 07 08 09 1
Uk Urkr

Figure 3.35 — Results obtained with constant outlet valve opening
(a) SN performances (b) WWTP performances

Firstly, as seen in Figure 3.35 (a), Urx; can be lowered to as much as 80% without impacting
in any way the performances of the SN. Lowering it further leads to degrading SN performances,
with dramatic effects (double quantity of wastewater and pollutants discharged compared to the
base case) for Urg, < 0.65. Secondly, as Figure 3.35 (b) shows the performances of the WWTP,
it could be observed that the WWTP performances are improving with lower values of Ury,. EQI
consistently decreases with U;g-, however, showing only small improvements when Urg, > 0.7.
0CI gets unchanged for Urg, > 0.7, then it decreases with the decrease of the SN outlet valve
opening. GHGy,.q, Shows a small increase (1%) while Uy, lowers to 0.5, followed by consistent
decrease for Urg, < 0.5.

As the effects that SN outlet valve opening has on the two subsystems are opposing, it is
important to see the effects on the overall IUWS in order to check if there are values of Uy, for
which the integrated system shows improvements, or the performance gains of one of the
subsystems cancels out with the performance losses of the other one. Figure 3.36 shows the
scaled values of the IUWS performance indicators (DQI — see equation (2.19), and I(1) — see
eguation (2.20)) for each constant value of the SN outlet valve opening.

As observed in Figure 3.36 (a), the minimum quantity of pollutants (DQI — a measure of the
total pollutants that are discharged into the environment by the IUWS) is obtained when Uk, =
0.7. However, it is only 2% less pollutants than in the base case. Moreover, usually the objective
of minimizing the quantity of pollutants discharged is associated with other objectives such as
minimizing the operational cost of the system, but also minimizing the GHG emissions. For this
reason, Figure 3.36 (b) shows the integrated performance indicator I (1) for various values of Uy~
and A. The red line shows the value of Uy, that assures the minimum I(4) for each A. While 2 >
0.3 the best value of Urg, remains constant at 0.7, however the overall improvement is under 2%
compared to the base case. For 1 < 0.3, as the importance of the pollutants discharged decreases
and the importance of the other two performance indicators increases, the best value of Uy~
starts decreasing.
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(a) Discharge Quality Index (b) Integrated Performance I(A)
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Figure 3.36 — Results obtained with constant outlet valve opening
(a) Discharge Quality Index (b) integrated performance indicator I(1) — red line shows the minimum
obtained for each 4

Consequently, is has been proven that the SN outlet valve opening has an important effect
on both subsystems, however, the effects are in antithesis, meaning that using a value of Urg~
that improves the performances of one of the subsystems leads to decreasing performances of
the other one. Combining the effects, the best overall performance improvement is marginal
(under 2%), thus, more control is needed at the SN level.

3.4.1.2. Limited outflow

This case considers that the SN outlet valve control is kept at the highest possible value that
will keep the SN outflow (Qy¢ 7k7) limited to a certain constant value Q,,,4,. The SN is modelled
in BSMSewer, which models the tank outflow as [75]:

hTK7

Qout,TK7 = Urg7 - Qmax,TK7 ' A (3-36)

ork7 + Rk

where Qqx 77 IS the maximum possible outflow (the tank is full and the valve 100% open), hry,

is the wastewater height in TK7, while h, 1k, is the wastewater height in TK7 that will assure

Qout tk7 = Qmaxrk7/2 When the valve is fully open. Hence, for determining the maximum valve

opening that will limit the outflow to Q,,,,., the following control law has been considered:
Qmax  Nork7 + Nriy )

UTK7 = min (1, " n
Qmax,TK7 TK7

(3.37)

With this control law, multiple simulations have been made for various values of Q,,,4,. These
values were ranging from 32000 m®/day to 57000 m®/day. The obtained results are graphically
represented in Figure 3.37.
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Figure 3.37 — Results obtained with limited outflow
(a) SN performances; (b) WWTP performances; (c) Discharge Quality Index; (d) integrated performance
indicator I(1) — red line shows the minimum obtained for each A

Firstly, as seen in Figure 3.37 (), Q,,qx Can be lowered to as much as 54500 m3/day without
impacting in any way the performances of the SN. Lowering it further leads to degrading SN
performances, with dramatic effects (double quantity of wastewater and pollutants discharged
compared to the base case) for Q.. < 40000 m3/day. Secondly, as Figure 3.37 (b) shows the
performances of the WWTP, it could be observed that the WWTP performances, excepting GHG
emissions, are improving with lower values of Q,,4,. As the effects that SN outflow limiting has on
the two subsystems are opposing, it is important to see the effects on the overall IUWS to check
if there are values of Q,,4, for which the integrated system shows improvements. Figure 3.37 (c)
and (d) show the scaled values of the IUWS performance indicators (DQI — see equation (2.19),
and I(1) — see equation (2.20)) for each constant value of the SN outflow limit. As observed, the
minimum quantity of pollutants is obtained when Q,,,, = 54000. However, it is improving less
than 0.1%, which is negligible. Moreover, usually the objective of minimizing the quantity of
pollutants discharged is associated with other objectives such as minimizing the operational cost
of the system, but also minimizing the GHG emissions. For this reason, Figure 3.37 (d) shows the
integrated performance indicator (1) for various values of Q,,,, and A. The red line shows the
value of Q,,,4, that assures the minimum I (1) for each A. Unfortunately, no notable improvements
(less than 0.1%) of the IUWS performances can be achieved no matter the value of A.
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Consequently, trying to limit the outflow of the SN to constant values is not useful in terms of the
IUWS performance.

3.4.2. Model Predictive Control for the Sewer Network

This section considers that the SN is controlled by the MPC algorithm described in section
3.2.2 and analyses the effects posed on the overall IUWS. The tests were performed using the
influent described in subsection 2.2.3.2. For each of the simulations, the performance indicators
described in 2.4.2.1 were calculated and scaled using equation (2.21) with respect their base-
case values (see Table 2.12). Two approaches were made: using the MPC algorithm as it is
(unconstrained case) and constraining the MPC algorithm in terms of SN outlet valve opening
(constrained case). The version of MPC used in this section considers:

e MPCstepsize-Tg=1h
e MPC prediction horizon—Ty =6 h
e Fitness function — equation (3.12)

3.4.2.1. Unconstrained case
Table 3.23 shows the scaled values of the performance indicators in the unconstrained case.

Table 3.23 — IUWS performance indicators when SN is controlled by unconstrained MPC

Performance indicator Scaled value
Vovf 0.4773
001, 0.4961
EQI 0.9643
0CI 0.9976
GHGorq1 1.0024
DOQI 0.8457

As expected, controlling the SN has positive effects only on the SN performances, without
negatively impacting the WWTP performances. This leads to improvements of the overall IUWS
in terms of decreasing the total quantity of pollutants discharged by the integrated system by
15.43 % (DQI = 0.8457).

3.4.2.2. Constrained case

As it has been proved that it is possible to operate the SN using a MPC algorithm without
negatively impacting the WWTP performances and that lowering the SN outlet valve opening can
lead to improved WWTP performances, the following hypothesis arises: operating the SN using
the same MPC algorithm but constrained in terms of SN valve opening should lead to further
improvements of the IUWS performances. The MPC algorithm [216] considers only the
performance of the SN, thus it is searching only for the optimal controls of the tanks that are
relevant for improving this performance: Urgs, Urgs and Urgs. However, adding a constraint
related to SN outlet valve opening to this control algorithm, will lead to an increase in the
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complexity of the optimization problem, in terms of that, this time, all tank’s output controls play a
role in the SN performance and implicitly in the IUWS performance.

The following results are obtained in simulation using the control structure presented in
Figure 3.38. In that control structure, a simplified model of the SN (presented in section 2.2.5) is
used as the model required by MPC, and the integrated model described in section 2.4.2 is used
as the process.

Fitness Offline Sewer
Function 4-------- Pollutants  Network
Weights Measurings Influent
| 4 |
4 predicted N 4 l IUWS
influent p N PROCESS
Sewer performances K3 L | TKA TK2
W >
Network |  future U* — -
Model |« Model >
Predictive S?el:tle TK4
Umwo=ct constraint Control 4 Yy
Tk7=C TK5 [ TK6 — TK7 » WWTP
SEWER NETWORK
\_ COMPUTATIONAL MACHINE/, S Y, Y.

Figure 3.38 — The schematic representation of the constrained MPC control structure

The results were obtained considering various constant values for Uy, ranging from 0.25 (25%
valve opening) to 1.00 (full valve opening). For each constant value of Uyk;, a series of 10
simulations were made, and, for each of them, the performance indicators described in subsection
2.4.2.1 were calculated and scaled with respect to the values obtained in the base case. The
statistics of the results can be seen in Figure 3.39.

It can be observed that having a low value for Uk, leads to improvements in WWTP
operation efficiency, but in deterioration of the SN performances. However, Uk, can be lowered
as much as 0.65 (65% valve opening) without any negative impact on the SN, and as much as
0.35 (35% valve opening) with just small loss of SN performances, loss that could be
compensated by the gains of WWTP efficiency. Of course, having values lower than 0.35 will
have massive negative impact on the SN. On the other hand, for Urx, > 0.7 there are no changes
in the WWTP performances comparatively to the base case, while lowering the constraint bellow
this value provides a consistent decrease of all the WWTP performance indicators that were
analysed.

Consequently, Urgs € [0.3,0.7] looks like an interval that could provide improvements of the
integrated system performances. This could be further reinforced by analysing the DQI
performance indicator, which measures the total pollutants discharged into the environment by
the IUWS. As expected, improved performances of the IUWS can be observed for Upg, €
[0.3,0.7] with a minimum plateau value of approximatively 0.5 (50% reduction of the total
pollutants discharged) for Urg, € [0.3 0.55].

125



Chapter 3. Optimal Control of Wastewater Collecting and Treatment Systems

(a) SN - Volume of Overflow

2.2 T 24
é = = T mean
S0 e minimurn 1 22
% .......... maximum
18- § ® standard deviation | | 2
i
B 1.8
1.6 ’; ]
i 16
- 14 9 B
= b
N H
1.2 - ’c
1 | f’ﬁ
0.8
0.6
04
0.2

1.05

(b) SN - Overflow Quality Index
$
¥
%

¥

¥
[ ._d.‘_

+Ho

09+ 1k o
0.8F
095
07 F
0.9F J
G 06
]
0.85 | 1
05F
08} J
04r
03+ 075 |
02 1 L 1 07 1 1 Il L L 1 1
0.2 03 0.4 05 0.6 0.7 0.8 0.9 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1
Urkz Urkr
(e) WWTP - Total Greenhouse Gases Emissions 0o (f) Discharge Quality Index
1.05 T T T T T T T . T T T T T
s s 0.85
0.95- 08
0.9f 0.75 -
50.851 07
2 o]
< 8
5 os8r 0.65 -
0.75F 06
07t 0.55 -
0.65- 05
0.6 L I I | | | | 0.45 I I L I L L I
0.2 0.3 04 0.5 0.6 07 0.8 0.9 02 0.3 04 0.5 0.6 0.7 0.8 0.9
Urkr Urkz

Figure 3.39 — Statistics of the resulted scaled values of the performance indicators
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Moreover, it could be observed that the standard deviation values are small enough for each
performance indicator, demonstrating, this way, that the MPC algorithm keeps its reliability under
Urg- constraint conditions.

As seen in Figure 3.39, if minimizing the quantity of pollutants discharged is the only objective
of controlling the IUWS, then using Uy in the plateau region of DQI will provide the best results.
Urg7 = 0.35 is the best solution in this case, achieving a 52% reduction in the total quantity of
pollutants discharged in the environment. Moreover, this solution also provides about 20-25%
reduction of OCI and of GHG,:4;- On the other hand, usually the previously mentioned objective
is coupled with reducing the cost of treatment and the GHG gases emitted by the WWTP. Thus,
choosing the best value for Uk, should be done by considering the integrated performance
indicator 1(A1) described by equation (2.20). Figure 3.40 shows the mean values of (1) with
respect to Upg, and A.
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Figure 3.40 — The mean values of the integrated performance indicator with respect to U;g, and 1
The red line means the minimum value obtained for each A

As observed, the best value of U, remains at 0.35 as long as 4 is greater or equal with 0.4.
On the contrary, as A decreases under 0.4, the best value of Urg, also decreases, as the
importance of DQI is diminished over the importance of OCI and GHG¢q;-

One way to obtain further improvements is by considering a dynamic value for Uyg, which
depends on the free space in the SN outlet tank. In this case, Uk, will stay at its best value (0.35
as determined above) only when the free space in TK7 is medium. When the free space gets
lower, the SN performances could be helped by opening the SN outlet valve a little bit more. On
the other hand, when the TK7 free space gets higher, it means that it could store more
wastewater, thus the valve can be closed more, helping this way the WWTP performances. This
is achieved by using the fuzzy block described by Figure 3.41 to compute the MPC constraint
related to Uy, resulting the control structure presented in Figure 3.42.
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(a) Fuzzy input membership functions; (b) Fuzzy output membership functions; (c) Fuzzy rules; (d) Fuzzy

surface
Fitness Offline Sewer
Function 4------- Pollutants  Network
Weights MeasAurings Influent
| |
4 predicted N 4 l IUWS )
influent P - PROCESS
performances
Sewer future
Network *
d
Model ¢ commands MO.de:| U$
— Predictive s?;\tle
Fuzzy constraint Control |4
WWTP
. 4COMPUTATIONAL MACHINE \@EWER NETWORK, )

Figure 3.42 — The constrained MPC control structure with dynamic constraint
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The obtained results shown comparatively with the ones obtained with the constant constraint
case (the best ones) are presented in Table 3.24.

Table 3.24 — IUWS performance indicators when SN is controlled by the constrained MPC with the
constraint dynamically computed

Performance Scaled values c_)btained with Scaled valu_es obtain(_ed with
ndicator constant constraint Urg7; = 0.35 dynamic constraint

MIN MEAN MAX STD MIN  MEAN MAX STD
Vovr 0.65 0.67 0.73 0.0312 0.54 0.59 0.69 0.0408
001, 0.67 0.71 0.78 0.0357 0.62 0.67 0.80 0.0638
EQI 0.39 0.40 0.41 0.0067 0.37 0.38 0.39 0.0050
ocCI 0.81 0.81 0.83 0.0063 0.80 0.80 0.81 0.0050
GHGota1 0.76 0.77 0.78 0.0066 0.74 0.75 0.76 0.0062
DQI 0.46 0.48 0.50 0.0108 0.44 0.45 0.49 0.0173

As observed, dynamically computing the constraint leads to an additional 8% reduction of the
wastewater discharged by the SN and an additional 4% reduction of the quantity of pollutants in
the discharged wastewater. Moreover, the WWTP performances are decreasing with 1-2%. The
total quantity of pollutants discharged by the IUWS (DQI) gets decreases by an additional 3%.
The reliability of the new approach is demonstrated by the small values of the standard deviations.
The next figure shows the difference between the two approaches looks in terms of the integrated
performance indicator 1(1) for various values of A. It can be concluded that the new approach
provides a consistent 2-3% improvement for all values of A.
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Figure 3.43 — Mean values of I1(4) for various values of 1 in both considered constrained cases

3.5. Chapter conclusions

This chapter delves into the optimal control of wastewater collecting and treatment systems
in a separate, but also integrated manner, presenting the development of a series of control
strategies that make use of the models developed in the previous chapter. Firstly, the optimal
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control strategies for the SN described in subchapter 2.2 are developed, following two
approaches: offline and online optimal control.

The development of SN offline optimal control followed the steps:

1. 5 optimal control strategies are defined, all of them controlling the output commands of 3
of the SN storage tanks, determining the values of the controls based on the wastewater
level in the tanks. The optimisation is performed using GA. The five control strategies are
tested for minimizing the quantity of wastewater overflowed, but also the quantity of
pollutants in that wastewater, and the results are compared. The obtained results show
that all optimal control strategies lead to significant improvements of the two performance
indicators. The most efficient one in relation to V,,r is Strategy #3 with a 33.89% reduction
of the volume of overflow compared to the case when no control is performed. The most
efficient one in relation to 0QI is Strategy #4 with a 31.94% reduction of 0QI compared to
the case when no control is performed. However, the reduction of 0QI when using
Strategy #3 to minimize OQI is similar to the one obtained with Strategy #4, suggesting
that Strategy #3 could be chosen as being the best one. The reliability and robustness of
Strategy #3 when minimizing the volume of overflow is proved by running the optimization
procedure 18 times and analysing the results from a statistical point of view.

2. As it was observed the minimizing Vs leads to decreased values of 0QI and vice versa,
the next step aims to understand the correlations between the two parameters to have the
most suitable fithess function for the optimal control of the SN. Thus, the optimisation
procedure is run again, considering, this time, as fitness function, the value of both
indicators, resulting a MOO approach. Two methods were tested for optimization, both
being based on a controlled elitist GA: a) MOO and b) MOO in two steps. The results
obtained with the first method show that the performances are significantly worse than the
solutions found when only one of the performance indicators was minimized. An
explanation could be that the MOO algorithm tends to get trapped in local minimums and
that it provides only a small portion of the Pareto Front, because the algorithm is an elitist
one and the initial population is randomly chosen. For the second method, the MOO
algorithm is preceded by a SOO stage, when the optimisation algorithm is run to minimize
the two performance indicators separately. This approach shows that the obtained optimal
solution is similar to the one obtained with SOO when minimizing V. Moreover, MOO in
two steps provides only a small part of the Pareto Front, the points overlapping. This could
be explained by the fact that there is a strong correlation between the two performance
indicators, meaning that minimizing one of them, leads to minimizing the other one.
However, SOO minimizing V,, is performing substantially better in terms of both
performance indicators than SOO minimizing 0QI. This is because of the geometry of the
objective space. Thus, the analysis showed that V,,, and 0QI are strongly correlated,
consequently, performing SOO minimizing V,,f is the simplest solution to minimize the
environmental impact of SN overflows.

3. The third step deals with choosing the best optimisation algorithm. 4 algorithms are tested:
GA, PSO, FMinSearch and random generating the solution. It resulted that the
evolutionary algorithms (GA and PSO) provide the best results (significant reduction of
both performance indicators compared to the “no control” case), with the ones provided
by PSO being slightly better.

4. The last step of SN offline optimal control integrates all the findings in the previous steps
in a Sliding Window-based algorithm. This way, instead of finding the optimal controls for
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the entire 28 days period, the algorithm will look only for optimal controls to be applied for
just one day. This strategy has the main advantages that only one day at a time is needed
for influent forecast and, that, because days with 0 overflow when all controls are at 100%
will not be subject to optimization, a lower computational effort will be assured.
Improvements are made by considering that at each 1-day time window, besides
minimizing V,,r, it is important to leave the SN in a state that could be helpful for future
time windows. This is achieved by trying to keep the wastewater level in the storage tanks
at the end of the optimization window as low as possible by adding a penalty term into the
fitness function. The statistical results proved the reliability of the algorithm, showing an
average reduction of approximatively 60% for both performance indicators.

For SN online optimal control, the use of a MPC approach is considered. For solving
integration time related issues, the simplified model described in section 2.2.5 is used as the
model required by the MPC. However, in this approach, it was observed that minimising V,, is

not always providing minimum values for 0QI. Solving this required to integrate information about
pollutant quantities into the fitness function. As the simplified model contains only information
about wastewater flow, an offine method is proposed: weighting the SN tanks volumes of
overflows with weights that are calculated offline based on measurement of pollutant
concentrations from time to time. The obtained results show an improvement of approximately
55% for both performance indicators.

Regarding optimal control of WWTP 3 approaches are made. The first approach is a MPC
control strategy that makes use of the two NN models developed in section 2.3.1, resulting two
versions of the MPC. Both algorithm versions were tested in simulation considering an influent
based on the BSM2 influent scenario. The obtained results were compared to a base case
(aeration rate kept at a constant value). The 1st version of the MPC algorithm (the one that is
using the 1st version of the NN model) provides worse results than the base case. On the other
hand, the 2nd version of the MPC algorithm (the one that uses the 2nd version of the NN model)
provides better results than the base case. This is proving the reliability of the proposed control
algorithm. One explanation for the fact that the 1st version is worse than the base case, while the
2nd version is better, could be the fact that, in the 1st case, because all the state variables of the
process are considered measurable, the NN model is able to correctly estimate even small
variations in the organic substrate dynamics, leading to a complex geometry of the fithess space.
This complex geometry of the fitness space implies a lot of local minima, increasing the chance
that the optimization algorithm gets stuck in one of them, leading to the control algorithm
performing worse. The second approach considers extending an already existing control strategy
developed for the WWTP in Galati, Romania. The extension consists of applying a simple
methodology to compute optimal values for the external recirculating rate based on the
pluviometric regime using fuzzy techniques. The optimal values for the external recirculating rate
are computed separately for each pluviometric regime, then they are aggregated in a single value
using a fuzzy block that sets the membership degree of the plants influent to one of the three
regimes: dry, rain and storm. The results prove the improvements brought by the proposed
strategy. The last approach extends this fuzzy-optimal control strategy such as the procedure is
made for more setpoints involved in the WWTP control.

Lastly, the IUWS is studied. More specific, it is shown how the performances of the integrated
systems can be improved by controlling the SN. This is achieved following two directions for
assessing the impact that SN operation has on the WWTP performances. The first direction
considers controlling only the SN outlet valve, without considering any other control strategy for
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the SN and shows that the SN outlet valve opening has an important effect on both subsystems,
however, the effects are opposing, meaning that using a value of the outlet valve opening that
improves the performances of one of the subsystems leads to decreasing performances of the
other one. Combining the effects, the best overall performance improvement is marginal (under
2%), thus, more control is needed at the SN level. The second direction considers using the MPC
control algorithm described in section 3.2.2 for the SN to minimize its environmental impact. The
first set of results considers the MPC as it is and demonstrates that it is possible to operate the
SN without negatively impacting the WWTP. The second set of results consider a modified version
of the MPC by constraining it in terms of SN outlet valve opening. It has been proved that for
certain values of the constraint, the performance losses on the SN are not so dramatic, while the
performance gains on the WWTP are major. Combining this, it resulted a reduction of 55% of the
total pollutants discharged by the integrated system. Moreover, an additional small improvement
can be achieved by dynamically computing the constraint using fuzzy techniques.

In conclusion, this chapter presented a series of control strategies for SN and WWTP, but
also an analysis regarding the improvement of the performances of the IUWS by applying a
control strategy to the SN.
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Wastewater management is an essential topic in our society as water is a vital resource for
all the life on Earth. Water pollution can have serious consequences for human health,
environment and economy. In this context, wastewater management not only helps preventing
further water pollution, but also contributes to the efforts of conserving the water resources by
reusing the treated water. With the growth of the world’s population, accelerated urbanization and
the industry development, the amount of wastewater that requires treatment has increased. This
led to the need of developing new wastewater management technologies and of improving the
existing infrastructure.

One of the main reasons for wastewater management is protecting the human health.
Wastewater can contain a wide range of contaminants, including pathogens, viruses, parasites
and dangerous chemical substances. Drinking contaminated water can lead to various illnesses.
Effective wastewater management removes, or at least significantly reduces, these contaminants
ensuring that the water that is released is safe for humans. Moreover, water pollution poses a
threat for the environment. Untreated wastewater can lead to massively polluted water bodies
(such as rivers, lakes or even oceans). The excessive nutrients can lead to water eutrophication,
a process in which the algae are proliferating which can further lead to oxygen depletion affecting
the aquatic life.

In the actual geopolitical context, water plays a crucial role as a political stabilisation factor.
The access to clean water and proper management of water resources are essential for
maintaining peace and stability in many regions of the world. When water resources are limited
or polluted, conflicts can arise between communities and countries, that can escalate into political
tensions. Wastewater management and assuring an equitable access to water resources reduce
the conflict risks and promote international cooperation.

Thus, this PhD thesis has explored the field of modelling and optimal control of wastewater
collecting and treatment systems, by developing a model for a Sewer Network (SN) — full and
simplified versions —, various Wastewater Treatment Plant (WWTP) models using Artificial
Intelligence techniques and two Integrated Urban Wastewater Systems (IlUWS). These models
were further used in developing various optimal control strategies for both subsystems. For the
SN, a series of optimal control strategies have been developed and tested using various
optimization algorithms. The setup providing the best results was integrated into a sliding-window
based approach resulting in an offline optimal control strategy. Further, online optimal control has
been implemented for the SN using a Model Predictive Control (MPC) approach and various MPC
hyperparameters and fitness functions being tested and compared. For the WWTP, a series of
optimal control strategies ranging from MPC to fuzzy logic-base strategies were implemented.
Finally, the effects that controlling the SN has on the WWTP and on the overall IUWS has been
studied. From all these studied aspects, a series of important conclusions can be highlighted:
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o The field of wastewater management is an important one and there is place for a lot of
scientific research that could help to further reduce the wastewater effects on the
environment and public health. This can be achieved when implementing SN and WWTP
control strategies by considering the effects of these strategies on the entire IUWS and
the current world problems: water quality, cost consumption, global warming, extreme
pluvial events, floods, GHG emissions of WWTPS etc.

e Testing the SN model implemented in subchapter 2.2 showed that there are storage tank
outlet controls combinations that could provide a better performance of the SN than the
case when everything is running at 100% resulting the need for optimal control of the SN
in order to find the optimal control combination.

e One of the main challenges related to WWTP models is represented by their high
complexity, leading to high numerical integration time. This can be solved by using
Machine Learning techniques, methods that are able to accurately estimate the dynamics
of the state variables, process values and effluent variables.

e As SN models and WWTP models are created using different tools, usually, the effluent
variables of the SN are different than the influent variables of the WWTP. For this reason,
it can be concluded that for implementing IUWS models, the models of the two subsystems
must be coupled using a conversion block between the two sets of variables.

¢ When dealing with SN optimal control, Particle Swarm Optimisation algorithm proves to
be the best choice, as, statistically, it provides the best results.

e Using a Neural Network model of a WWTP in a MPC strategy showed that if the model is
able to correctly estimate even small variations in the organic substrate dynamics, this can
lead to complex geometry of the fithess space, which implies a lot of local minima,
increasing the chance that the optimization algorithm gets stuck in one of them, leading to
the control algorithm performing worse.

e |t is possible to operate the SN without negatively impacting the WWTP. Moreover, by
integrating a constraint regarding SN outlet valve opening into the SN MPC algorithm, the
performance losses on the SN are not so dramatic, while the performance gains on the
WWTP are major. Combining this, it resulted in a reduction of 55% of the total pollutants
discharged by the integrated system. Additional improvement can be achieved by
dynamically computing the constrain using fuzzy techniques.

In conclusion, wastewater management is a crucial and complex challenge that requires
innovative approaches in order to protect the public health and the environment, and to ensure
political stability. The research results presented in this PhD thesis regarding the modelling and
optimal control of wastewater collecting and treatment systems demonstrate the importance of
an integrated approach of these systems, but also the importance of developing efficient and
flexible control strategies. Throughout the developed strategies, this thesis contributes to the
improvement of the field of wastewater management. The use of an integrated approach and
advanced strategies can enhance the performances of such systems protecting life on Earth,
paving the way for building a safer and more sustainable future.
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4.1. Original contributions

The main original contributions brought by the work presented in this PhD thesis are:

Subchapter 2.1 — SN modelling:

1.

Designing a SN model for a mid-sized city having approximately 250,000 inhabitants
spread over 250 ha split into five collecting areas. The model was implemented in two
variants: a quality model developed in BSMSewer software package and a simplified flow
model. The simplified model shows a 90 % reduction of the simulation time compared to
the quality model, being an important puzzle piece when developing SN optimal control.

Subchapter 2.2 —= WWTP modelling:

2.

Designing and developing two Neural Network (NN) models for estimating the dynamics
of a WWTP.

Designing and implementing a NN based Soft Sensor for estimating the effluent ammonia
concentration of a WWTP based on other easily measured variables. The implemented
NN model uses a Long-Short Term Memory (LSTM) architecture.

Designing and implementing a NN model for estimating the effluent quality variables of a
WWTP based on influent quality variables and a control variable. The implemented NN
model uses a Long-Short Term Memory (LSTM) architecture.

Subchapter 2.3 = IUWS modelling:

5.

Designing and implementing two IUWS models obtained by combining a SN model
implemented in BSMSewer with a WWTP model based on ASM2d and BSM2G models.
For both IUWS models, a coupling unit between the two subsystems has been
implemented in order to convert between the two sets of variables.

Defining a methodology for assessing the performance of IUWS control in terms of
performances of both subsystems. Firstly, the quality of the SN overflowed wastewater
has been defined in the same way that the WWTP effluent quality is defined. Secondly,
combining the two previously mentioned quality metrics, a “Discharge Quality Index” has
been defined, representing a measure the overall pollutants discharged by the IUWS.
Finally, an integrated performance indicator has been defined for the WWTP, accounting,
besides the quality of discharged water, for the treatment cost and greenhouse gases
emissions.

Subchapter 3.1 — SN optimal control:

7.

Designing and implementing an offline optimal control strategy for the SN. Firstly, a study
has been conducted by implementing and testing a series of 5 optimal control strategies.
Secondly, using the best control strategy identified at the previous step, an analysis
regarding the quantity vs. quality of the overflowed water has been performed by
implementing two versions of a multi-objective optimization algorithm. Thirdly, a series of
four optimization algorithms were implemented and tested showing that Particle Swarm
Optimization provides the best results. All the findings at these three steps were finally
compiled in a Sliding-Window based optimization algorithm for offline optimal control of
SNs. For this algorithm, a method for leaving the SN at the end of each step in a state that

135



Chapter 4. Final Conclusions and Future Work

could be advantageous for the next one is proposed, implemented, and proven to lead to
further improvements of the SN performances.

Designing and implementing an online optimal control strategy for the SN based on a MPC
approach. A method for integrating information about quantity of pollutants in the
minimization criteria when the simplified model is used in the optimization procedure is
proposed. The statistical analysis of the results shows the reliability of the proposed
method, while the computational effort test proved its necessity. Moreover, the proposed
method eliminates the need for expensive sensors to be mounted in multiple points of the
network.

Subchapter 3.2 —= WWTP optimal control:

9.

10.

Designing and implementing a MPC control strategy for a WWTP that uses the NN models
mentioned at point 2 as the process model for improving the plant’s effluent quality while
maintaining a low treatment cost. For setting the values of the control algorithm
hyperparameters, a methodology is defined such as the algorithm provides the best
results with a low computational effort.

Designing and implementing a Fuzzy-Optimal control strategy and an Optimal-Setpoint-
Based Control strategy for WWTP.

Subchapter 3.3 = IUWS optimal control:

11.

12.

Performing an analysis that the effects that SN control has on the WWTP and IUWS
performances, demonstrating the advantages of considering the integrated system when
developing SN control strategies.

Designing a methodology to constrain a SN MPC control strategy in terms of outlet valve
opening in order to improve the performance of the IUWS. The results proven that even if
the constrained control strategy provides a little bit worse in terms of SN performances, it
leads to major improvements in the integrated system. Moreover, it has been proven that
the methodology can be further improved by considering a dynamic way of calculating the
SN outlet valve opening constraint based on the system state.

4.2. Future work

The work presented in this PhD thesis can be further extended in subsequent research as
follows:

Validate the results that were obtained in simulation in real IUWS environments, under
uncertainty conditions.

Extend the WWTP neural model presented in section 2.3.1 to capture more complex
dynamics of the WWTP state variables, but also to capture the effects of other control
variables than the aeration rate (such as recirculation or excess sludge rates) — a more
complex type of NN could be used.
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¢ Extend the neural model that can estimate WWTP effluent quality variables and that was
presented in section 2.3.3 to capture the effects of other control variables than the aeration
rate (such as internal/external recirculation or excess sludge rates).

e Use the neural model presented in section 2.3.3 in a mode-based control strategy (such
as MPC).

o Develop a simplified IUWS model by combining the simplified SN model (presented in
2.2.5) with a neural model of a WWTP. This will require implementing an estimator for the
SN effluent quality variables. The resulting simplified IUWS model could be used in a
model-based control strategy that is able to minimize the environmental effects of the
entire [IUWS.

¢ Include information about GHG emissions in the SN model and update the integrated
performance indicator defined in equation (2.20) by including information about the
operational cost and the GHG gasses related to the SN.

e Extend the MPC used in section 3.3.1 with more complex neural models of the WWTP,
but also improve its performance by using an optimization algorithm that has mechanisms
for avoiding local minima.

¢ Improve the performances of the IUWS when the SN is controlled by the MPC algorithm
constrained in terms of outlet valve opening by dynamically computing the constraint
based not only on the SN state, but also on the actual quality of the WWTP effluent — fuzzy
techniques might be implied.

¢ Redo the experiments presented in subchapter 3.4 related to the effects of SN control on
the WWTP and IUWS performances, by considering various control strategies for the
WWTP. This way it could be studies how the WWTP control strategy accentuates or
diminishes the effects of SN control on the WWTP and overall IUWS performances.

4.3. Results dissemination

The work presented in this thesis has been disseminated in a series of journal articles and
conference papers. The resulted journal articles, in chronological order, are:

1. S.Caraman, L. Luca, . Vasiliev, and M. Barbu, “Optimal-Setpoint-Based Control Strategy
of a Wastewater Treatment Process,” Processes, vol. 8, no. 10, p. 1203, 2020, doi:
10.3390/pr8101203, ISl Indexed, IF 2.8, Q2

2. |. Vasiliev, L. Luca, M. Barbu, R. Vilanova, and S. Caraman, “Optimal Control Strategy of
a Sewer Network,” Water, vol. 14, no. 7, p. 1062, Mar. 2022, doi: 10.3390/w14071062, ISI
Indexed, IF 3, Q2

3. |. Vasiliev, L. Luca, M. Barbu, R. Vilanova, and S. Caraman, “Sewer Network Multi-
Objective Optimization using Genetic Algorithms,” System Theory, Control and Computing
Journal, Jun. 2023, doi: 0.52846/stccj.2023.3.1.49

4. 1. Vasiliev, L. Luca, M. Barbu, R. Vilanova, and S. Caraman, “Reducing the environmental
impact of sewer network overflows using Model Predictive Control strategy,” Water
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Resources Research, vol. 60, no. 1, p. e2023WR035448, 2024, doi:
10.1029/2023WR035448, ISI Indexed, IF 4.6, Q1

5. 1. Vasiliev, L. Luca, M. Barbu, R. Vilanova, S. Caraman, and M. Meneses Benitez,
“Integrated Urban Wastewater System operation: Performance evaluation and Sewer
Network's operation implications,” Water Science and Technology, 2024, under review

The resulted conference papers, in chronological order, are:

1. L. Luca, A. Pricopie, I. Vasiliev, M. Barbu and S. Caraman, “Fuzzy-Optimal Control
Strategies for a Wastewater Treatment Plant,” 24th International Conference on System
Theory, Control and Computing (ICSTCC), Sinaia, 2020, doi:
10.1109/ICSTCC50638.2020.9259792, IEEE, ISI Proceedings

2. |. Vasiliev, L. Luca, M. Barbu, A. Pricopie, and S. Caraman, “Mathematical Model of a
Collecting and Wastewater Treatment Integrated System,” 25th International Conference
on System Theory, Control and Computing (ICSTCC), lasi, 2021, doi:
10.1109/ICSTCC52150.2021.9607086, IEEE, I1SI Proceedings

3. |. Vasiliev, L. Luca, M. Barbu, R. Vilanova, and S. Caraman, “Sewer Network Model of a
City with a Medium Sized Population,” 23rd International Carpathian Control Conference,
Sinaia, 2022, doi: 10.1109/ICCC54292.2022.9805864, IEEE, ISI Proceedings

4. 1. Vasiliev, L. Luca, M. Barbu, R. Vilanova, and S. Caraman, “Multi-objective Optimization
of a Sewer Network,” the 10th Edition of the Scientific Conference of the Doctoral Schools
from the “Dundarea de Jos” University of Galati, Galati, Romania, Jun. 2022

5. 1. Vasiliev, L. Luca, R. Vilanova, and S. Caraman, “Sewer Network Modelling and Control
— A Literature Review,” in 2022 26th IEEE International Conference on System Theory,
Control and Computing (ICSTCQ), 2022, pp. 58-63. doi:
10.1109/ICSTCC55426.2022.9931870, IEEE, ISI Proceedings

6. I. Vasiliev, L. Luca, R. Vilanova, and S. Caraman, “Optimal Control of a Sewer Network,”
in 2022 26th IEEE International Conference on System Theory, Control and Computing
(ICSTCC), 2022, pp. 58-63. doi: 10.1109/ICSTCC55426.2022.9931810, IEEE, ISI
Proceedings

7. . Vasiliev, L. Luca, M. Barbu, R. Vilanova, and S. Caraman, “Sliding Window-based
Particle Swarm Optimization Algorithm for a Sewer Network,” in 21st IFAC European
Control Conference, Jun. 2023, doi: 10.23919/ECC57647.2023.10178171, IFAC, ISl
Proceedings

8. |. Vasiliev, L. Luca, M. Barbu, R. Vilanova, and S. Caraman, “An analysis towards
integrated control of wastewater collecting and treatment systems,” in 2023 27th
International Conference on System Theory, Control and Computing (ICSTCC), 2023, pp.
233-238. doi: 10.1109/ICSTCC59206.2023.10308495, IEEE

9. A.E.Tiru, I. Vasiliev, L. Diaconu, R. Vilanova, D. Voipan, and H. Ratnaweera, “Integration
of ANN for Accurate Estimation and Control in Wastewater Treatment,” in 2023 IEEE 28th
International Conference on Emerging Technologies and Factory Automation (ETFA),
Sep. 2023, pp. 1-4. doi: 10.1109/ETFA54631.2023.10275569, IEEE
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10. I. Vasiliev, I. Luca, L. Condrachi, L. Luca, M. Barbu, R. Vilanova, and S. Caraman, “Model
Predictive Control of a wastewater treatment process using neural networks,” in 2023
IEEE 28th International Conference on Emerging Technologies and Factory Automation
(ETFA), Sep. 2023, pp. 1-7. doi: 10.1109/ETFA54631.2023.10275488, IEEE

11. D. Voipan, I. Vasiliev, L. Condrachi, A.-E. Voipan, and M. Barbu, “Enhancing effluent
quality predictions in wastewater treatement with LSTM neural network,” in 2024 28th
International Conference on System Theory, Control and Computing (ICSTCC), 2024,
accepted

Besides the papers disseminating the work presented in this thesis, two more conference
papers were published in the field of system engineering:

1. I. Vasiliev, L. Frangu, and M. L. Cristea, “Pump Fault Detection Using Autoencoding
Neural Network,” 23rd International Carpathian Control Conference, Sinaia, 2022, doi:
10.1109/ICSTCC55426.2022.9931848, IEEE, ISI Proceedings

2. |. Vasiliev, L. Frangu, M. L. Cristea, and M. Cristian Costea, “Pump Fault Classification
based on Autoencoding Convolutional Neural Network Residuum,” in 2023 IEEE 28th
International Conference on Emerging Technologies and Factory Automation (ETFA),
Sep. 2023, pp. 1-7. doi: 10.1109/ETFA54631.2023.10275399, IEEE
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