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“When Nature finishes producing its own species, man begins with the help of Nature, to create an infinity of species”
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Abstract

Machine learning (ML) is one of the most rapidly growing technical fields, lying at the intersection of
computer science and statistics, and at the core of artificial intelligence (AI) and data science. The effect
of ML is broadly felt across a range of industries concerned with data intensive issues, such as consumer
services, banking, astronomy and empirical sciences, among others. In the field of wastewater treatment,
the origin of vast data generation came along with automation of wastewater treatment plants (WWTP).
Additionally, an increase of the computing and storage capacity, allowed large amounts of information
to be generated in the water sector coming from different sources to be stored. The information from
WWTP, that is generated and recorded involves complex and heterogeneous data sources; on-line from
sensors, on/off control data from pumps and equipment and off-line measurements from laboratories.
Sensors are able to record measurements every few seconds, thus, generating thousands of data points
daily. The data generated in laboratories in wastewater treatment is crucial to evaluate the quality of
the water in any biological wastewater treatment process (bWWTP) and often to validate the sensors
information. However, due to the costs and time involved, the frequency of sampling for laboratory
measurements is often dramatically reduced compared to sensors. Thus, the resulting database (from
sensors and laboratories), involve varying frequencies of sampling and thus a highly heterogeneous
dataset.

Current research on data-driven methods in wastewater treatment has focused mainly on predictive
tasks, to forecast the effluent composition and performance of different bBWVWTP, the latter also widely
studied by activated sludge models (ASM). Although the outcome could be similar with both approaches,
the application and the input information to the models is very different. Data-driven approaches require
enough data to perform an analysis task, they are data driven. However, the nature of ASM models is
phenomenological, which aims to describe the biochemical interaction between the microbial
community in the wastewater system and main pollutants in the wastewater; organic matter, nitrogen,
phosphorus and other dissolved nutrients. Both approaches provide useful and important information
from the process performance, however it is utmost important to distinguish and clarify the differences
and goals of ASM-type models and ML-based tasks in the current framework of wastewater treatment.
The main reasons that moved the wastewater treatment community to apply these methods in predictive
tasks are two-fold; i) is the availability of data gathered from monitoring different BWWTP and ii) the
already mentioned complexity of biological processes. The high adaptability of ML methods to dynamic
systems has conducted the research community to a wide application of these methods. However, a key
issue emerges from the literature. The current studies related to data-driven methods in wastewater
treatment do not explicitly describe the pre-processing techniques applied, the amount of the data used
for analysis, the frequency considered for the data selection and the rationale behind the selection of the
dataset size. The majority of the studies use similar input parameters to those used in ASM-type models,
ignoring the potential use of other parameters which are monitored in any bBWWTP and not necessarily
implemented in the mechanistic models; oxidation reduction potential (ORP), conductivity, turbidity,
etc. Thus, yet, potentialities of data-driven methods are being ignored and on the other side, relevant
information is omitted in most of the studies published.

As previously stated, the diversity of data sources in wastewater treatment is clear. However, the
combination of these data sources for extraction of knowledge is not yet studied in PBWWTP. Hence, the
main goal of this doctoral dissertation is to increase the general understanding of the state of the art ML
methods in wastewater treatment focusing on; i) heterogeneous datasets analysis, ii) the suitability of
data-driven methods for these datasets and iii) novel approaches to extract novel knowledge from these
datasets. This work demonstrates the importance of data selection in heterogeneous datasets to extract
reliable information. The outcome of different data-driven methods change dramatically with different
amount of data considered in analysis. This was evidenced when a municipal WWTP was studied. To
solve this problem, a methodology to extract a significant subset out of a total raw heterogeneous dataset
was developed; optimizing the size of the dataset. The definition of a score-function, allowed the
optimization of a subset which was comprised by a set of representative parameters or features (and
observations) and then applied to build highly accurate models. Although, feature engineering is a well-
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developed field in data-science, not yet explored in wastewater treatment. New engineered features
allowed to build highly accurate models for the prediction of complex BWWTP where data limitation
was an issue. As well, an alternative methodology is proposed in this work to combine even more
heterogeneous data sources to efficiently extract novel knowledge from complex bBWWTP and that can
be applied to similar complex bWWTP.

Although the contributions of this doctoral dissertation are important, yet the main limitation of this
work is the extension of the analysis to similar processes i.e. to evaluate if the knowledge gained from
the processes studied are particular to these systems or similar patterns eco in comparable processes, for
example, do the patterns in all municipal WWTP are similar?

After showing the impact of the amount of data in different data-driven tasks. Existing data quality
metrics for specific data sources in wastewater treatment (except for sensor data) need to be addressed,
since are currently disconnected from the specific contextual characteristics. The need to revise data
quality metrics for different sources of data in wastewater treatment is necessary, mainly when dealing
with heterogeneous datasets. These issues however, are out of the focus of this work.
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Kurzfassung

Das maschinelle Lernen (ML) ist eines der am schnellsten wachsenden technischen Gebiete, das an der
Schnittstelle von Informatik und Statistik liegt und den Kern der kiinstlichen Intelligenz (KI) und der
Datenwissenschaft bildet. Die Anwendung von ML ist in einer Reihe von Branchen, die sich mit
datenintensiven Themen befassen, wie z.B. Verbraucherservice, Bankenwesen, Astronomie und
empirische Wissenschaften usw., weit verbreitet. Im Bereich der Abwasserbehandlung ging der Ursprung
der umfangreichen Datengenerierung mit der Automatisierung von Kldranlagen (KA) einher. Zuséatzlich
ermoglichte eine Erhohung der Rechen- und Speicherkapazitit die Speicherung grofer Mengen an
Informationen aus verschiedenen Quellen auch im Wassersektor. Die von Kldranlagen erzeugten
Informationen umfassen komplexe und heterogene Datenquellen; dazu =zdhlen Daten von
Onlinesensoren, on/off Steuerungsdaten von Pumpen und Gerdten und Offline-Messungen in
Laboratorien. Sensoren sind in der Lage im Sekundentakt Messwerte aufzuzeichnen und so téglich
tausende von Datenpunkten zu generieren. Die Labordaten sind entscheidend fiir die Bewertung der
Wasserqualitdt in den biologischen Stufen einer KA und oft auch fiir die Validierung der
Sensorinformationen. Aufgrund der Kosten und des Zeitaufwands ist die Haufigkeit der Probenahmen
fiir Labormessungen jedoch oft drastisch reduziert. Die daraus resultierende Datenbank (aus Sensor-
und Labordaten) beinhaltet daher unterschiedliche Probenahmehé&ufigkeiten und enthilt somit einen
sehr heterogenen Datensatz.

Die aktuelle Forschung zu datengestiitzten Methoden in der Abwasserbehandlung hat sich hauptsachlich
auf vorausschauende Aufgaben konzentriert, um die Abwasserzusammensetzung und die Leistung von
KAs vorherzusagen, wobei letztere bisher weitgehend mit Belebtschlamm-Modellen (activated sludge
models, ASM) untersucht werden. Obwohl das Ergebnis bei beiden Ansitzen dhnlich sein konnte, sind
die Anwendung und die Eingabeinformationen zu den Modellen sehr unterschiedlich. Datengetriebene
Ansétze benétigen geniigend Daten, um eine Analyseaufgabe durchzufiihren, sie sind datengetrieben.
Die Natur der ASM-Modelle ist jedoch mechanistisch, d.h. sie zielen darauf ab, die biochemischen
Wechselwirkungen zwischen der mikrobiellen Gemeinschaft im Abwassersystem und den
Hauptschadstoffen im Abwasser - organische Substanz, Stickstoff, Phosphor und andere geloste Stoffe -
zu beschreiben. Beide Ansitze liefern niitzliche und wichtige Informationen aus der Prozessleistung, es
ist jedoch dulerst wichtig, die Unterschiede und Ziele von ASM-Modellen und ML-basierten Ansétzen
im aktuellen Rahmen der Abwasserbehandlung zu unterscheiden und zu kldren. Die Hauptgriinde,
warum diese Methoden bei Vorhersageaufgaben Anwendung finden sind zweifach: i) die Verfiigbarkeit
von Daten, die aus der Uberwachung verschiedener Klidranlagen gewonnen wurden, und ii) die bereits
erwahnte Komplexitédt der biologischen Prozesse. Die hohe Anpassungsfahigkeit von ML-Methoden an
dynamische Systeme hat zu einer breiten Anwendung dieser Methoden gefiihrt. Aus der Literatur geht
jedoch eine Schliisselfrage hervor. Die aktuellen Studien, die sich auf datengesteuerte Methoden in der
Abwasserbehandlung beziehen, beschreiben nicht explizit die angewandten Datenaufbereitungsschritte,
die Menge der fiir die Analyse verwendeten Daten, die fiir die Datenauswahl in Betracht gezogene
Haufigkeit des Datenaufkommens und die Begriindung fiir die Auswahl der Datensatzgrof3e. Die
Mehrheit der Studien verwendet #hnliche Eingabeparameter wie in ASM-Modellen, wobei die
potenzielle Verwendung anderer Parameter ignoriert wird, die in jeder Kldranlage tiberwacht und nicht
unbedingt in den mechanistischen Modellen implementiert werden, z.B. Redox-Potential, Leitfahigkeit,
Triibung usw. Somit werden die Moglichkeiten datengesteuerter Methoden ignoriert und andererseits
werden relevante Informationen in den meisten der verdffentlichten Studien ausgelassen.

Wie bereits erwéhnt, ist die Vielfalt der Datenquellen in der Abwasserbehandlung offensichtlich. Die
Kombination dieser Datenquellen fiir die Wissensextraktion wird in der Kldranlage jedoch noch nicht
untersucht. Daher ist das Hauptziel dieser Dissertation die Verbesserung des allgemeinen Verstdndnisses
des Standes der Technik von ML-Methoden in der Abwasserbehandlung mit folgenden Schwerpunkten:
i) Analyse heterogener Datensitze, ii) Eignung von datengetriebenen Methoden fiir diese Datensétze
und iii) neue Ansdtze zur Extraktion neuen Wissens aus diesen Datensdtzen. Diese Arbeit zeigt die
Bedeutung der Datenauswahl in heterogenen Datensdtzen, um zuverldssige Informationen zu
extrahieren. Die Ergebnisse verschiedener datengetriebener Methoden dndern sich dramatisch, wenn
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unterschiedliche Datenmengen bei der Analyse beriicksichtigt werden. Dies wurde bei der Untersuchung
einer kommunalen Kldranlage nachgewiesen. Um dieses Problem zu losen, wurde eine Methode zur
Extraktion einer signifikanten Teilmenge aus einem gesamten heterogenen Rohdatensatz entwickelt,
wobei die GroRe des Datensatzes optimiert wurde. Die Definition einer Score-Funktion ermdglichte die
Optimierung einer Teilmenge, die aus einer Reihe reprédsentativer Parameter oder Merkmale (und
Beobachtungen) bestand und dann zur Erstellung hochgenauer Modelle angewandt wurde. Obwohl das
Feature-Engineering ein gut entwickeltes Gebiet der Datenwissenschaft ist, ist es in der
Abwasserbehandlung noch nicht erforscht. Dank neu entwickelter Merkmale konnten hochprazise
Modelle fiir die Vorhersage komplexer Klaranlagen erstellt werden, bei denen Datenbeschrankungen ein
Problem darstellten. Auf3erdem wird in dieser Arbeit eine alternative Methodik vorgeschlagen, um noch
heterogenere Datenquellen zu kombinieren, um auf effiziente Weise neues Wissen aus komplexen
Klaranlagendaten zu extrahieren, das auf dhnliche komplexe Félle angewendet werden kann.

Die Beitriage dieser Doktorarbeit stellen einen wichtigen Beitrag dar, jedoch mit der Einschrankung, dass
in dieser Arbeit noch keine Anwendungen der Analysen auf dhnliche Systeme erfolgte. Zukiinftig sollte
daher beurteilt werden, ob die Erkenntnisse, die aus den untersuchten Prozessen gewonnen wurden, fiir
diese Systeme oder fiir &hnliche Muster in vergleichbaren Prozessen typisch sind, z.B.: Sind bestimmte
Muster in allen kommunalen Klaranlagen dhnlich?
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Resumen

El aprendizaje automadtico (o popularmente Machine Learning, ML) es uno de los campos técnicos de
mas rapido crecimiento, situado en la interseccién de la informatica y la estadistica, y en el centro de la
inteligencia artificial (IA) y la ciencia de los datos (Data Science). El efecto de ML se deja sentir
ampliamente en toda una serie de industrias que se ocupan de ramos relacionados con la utilizaciéon
intensiva de datos, como los servicios de consumo, bancarios, astronomia y ciencias empiricas, entre
otras. En el campo del tratamiento de aguas residuales, el origen de la vasta generacion de datos llegd
junto con la automatizacién de las plantas de tratamiento de aguas residuales. Ademas, el aumento de
la capacidad de almacenamiento, permitié generar grandes cantidades de informacién en el sector
hidrico procedente de diferentes fuentes. La informaciéon de las plantas de tratamiento de aguas
residuales que se genera y registra, implica fuentes de datos complejas y heterogéneas; datos
procedentes de sensores generados en linea, datos de control de equipos; on/off y mediciones off-line,
datos generados en laboratorios de andlisis de muestras.

Los sensores son capaces de registrar mediciones cada pocos segundos, generando asi miles de puntos
de datos diariamente. Los datos generados en laboratorios son cruciales para evaluar la calidad del agua
en cualquier proceso de tratamiento bioldgico de aguas residuales (bBWWTP; biological Wastewater
Treatment Plants) y a menudo para validar la informacién de los sensores. Sin embargo, debido a los
costos y el tiempo que implica, la frecuencia de muestreo para las mediciones de laboratorio suele
reducirse drdsticamente en comparacion con los sensores. Consequentemente, la base de datos
resultante (de los sensores y los laboratorios), implica frecuencias de muestreo variables y por lo tanto
un conjunto de datos muy heterogéneos.

Las investigaciones actuales sobre métodos basados en datos o Machine Learning en el tratamiento de
aguas residuales se han centrado principalmente en tareas de prediccién, para pronosticar la
composicion de los efluentes y el rendimiento de los diferentes procesos biolégicos de tratamiento de
aguas residuales, estas tultimas también se han estudiado ampliamente mediante modelos de lodos
activados (ampliamente conocidos como activated sludge models; ASM). Si bien el resultado es similar
con ambos enfoques, la aplicaciéon y la informaciéon de entrada a los modelos es muy diferente. Los
enfoques basados en Machine Learning requieren datos suficientes para realizar una tarea de analisis,
son impulsados por datos. Sin embargo, la naturaleza de los modelos mecanisticos (ASM) es
fenomenoldgica, que tiene por objeto describir la interaccion bioquimica entre la comunidad microbiana
del sistema de aguas residuales y los principales contaminantes de las aguas residuales; materia
orgdnica, nitrégeno, fosforo y otros nutrientes disueltos. Ambos enfoques proporcionan informacion util
e importante sobre el funcionamiento del proceso, pero es sumamente importante distinguir y aclarar
las diferencias y objetivos de los modelos del tipo ASM y las tareas basadas en Machine Learning en el
marco actual del tratamiento de aguas residuales.

Las principales razones que motivaron a la comunidad de tratamiento de aguas residuales a aplicar
métodos basaods en datos en las tareas de prediccion son dos: i) es la disponibilidad de bases de datos
del monitoreio de diferentes procesos bioldgicos relacionados al tratamiento de aguas residuales y ii) la
ya mencionada complejidad de los procesos bioldgicos. La gran adaptabilidad de los métodos basados
en datos a los sistemas dinamicos ha llevado a la comunidad de investigadores a una amplia aplicacion
de estos métodos. Sin embargo, de la bibliografia surge una cuestion clave. Los estudios actuales
relacionados con los métodos basados en datos en el tratamiento de aguas residuales no describen
explicitamente las técnicas de pretratamiento aplicadas, la cantidad de datos utilizados para el anélisis,
la frecuencia considerada para la seleccion de los datos y el fundamento de la seleccion del tamafio del
conjunto de datos, entre otros.

Después de una revisién rigurosa de los estudios en la literatura, la mayoria de los estudios relacionados
con modelos basados en Machine Learning utilizan parametros de entrada similares a los utilizados en
los modelos mecanisticos, ignorando el uso potencial de otros pardmetros como; potencial de reduccién
de oxidacién, conductividad, turbidez, etc. Como consecuencia, se ignoran las potencialidades de los
métodos basados en datos y, por otra parte, se omite informacion pertinente en la mayoria de los estudios
publicados, limitando el alcance de estos modelos y estudios.
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La diversidad de fuentes de datos en el tratamiento de aguas residuales es evidente, previamente
establecido.

Sin embargo, la combinacién de estas fuentes de datos y su uso para la extracciéon de conocimiento no
se ha estudiado atin en el campo de tratamiento bioldgico de aguas residuales. Por lo tanto, el objetivo
principal de esta tesis doctoral es aumentar la comprension general del estado de arte los métodos de
Machine Learning en el tratamiento de aguas residuales, centrdndose en: i) el andlisis de bases datos
heterogéneos en este campo y, ii) la adaptabilidad de los métodos basados Machine Learning para bases
de datos heterogéneos y iii) metodologias innovadoras para la extraccién de informacién relevante de
diferentes procesos biolégicos relacionados con tratamiento de aguas residuales.

Este trabajo demuestra la importancia de la metodologia aplicada para la extracciéon de informacion en
bases de datos heterogéneos. El resultado de los diferentes métodos basados en datos cambia
drasticamente con la cantidad de datos considerados en el andlisis. Lo dltimo fue demostrado en este
trabajo en el estudio de una planta de tratamiento de aguas residuales municipal. Para resolver este
problema, se desarroll6 una metodologia para extraer un subconjunto significativo de un conjunto de
datos heterogéneos; optimizando el tamafio del conjunto de datos.

La definicién de una funcién de scoring, permitid la optimizaycion un dataset heterogéneo; niimero de
parametros y observaciones. Esta funcidn fue aplicada en la construcciéon de modelos de gran precisién,
demostrando la importancia de pasos posteriores en la obtencién de un modelo adecuado.

Aunque el campo de feature engineering es un campo desarrollado el drea de ciencia de los computadoras,
es aun un campo no explorado en el tratamiento de aguas residuales. En este trabajo doctoral, feature
engineering permitié construir modelos altamente precisos para la prediccion de sistemas complejos
donde existia limitacién de datos. Ademas, en este trabajo se propone una metodologia innovadora que
permite combinar conjuntos de datos procedientes de diferentes fuentes para la extraccion eficiente de
conocimiento nuevo de procesos bioldgicos relacionados con tratamiento de aguas reiduales, estos
métodos pueden ser aplicados a sistemas bioldgicos similares.

Al demostrar el impacto de la cantidad en diferentes tareas basadas en datos en el area de tratamiento
de aguas residuales. Es necesario abordar la métrica de calidad de los datos existentes para fuentes de
datos especificas en el tratamiento de aguas residuales (excepto los datos de los sensores), ya que
actualmente estan desconectados de las caracteristicas contextuales especificas. Es necesario revisar las
métricas de calidad de los datos para diferentes fuentes de datos en el tratamiento de aguas residuales,
principalmente cuando se trata de conjuntos de datos heterogéneos. Sin embargo, estos puntos no son
objeto de este trabajo.
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1 Introduction

Machine learning (ML) is one of the most rapidly growing technical fields, lying at the intersection of
computer science and statistics, and at the core of artificial intelligence (AI) and data science (Jordan
and Mitchell, 2015). The effect of ML is broadly felt across a range of industries concerned with data
intensive issues, such as consumer services, astronomy and empirical sciences, among others. In the field
of wastewater treatment, the origin of vast data generation came along with automation of wastewater
treatment plants (WWTP). Additionally, an increase of the computing and storage capacity, allowed
large amounts of information to be generated in the water sector coming from different sources to be
stored. The information from WWTP, that is generated and recorded commonly in SCADA (SCADA: an
acronym for Supervisory Control and Data Acquisition) systems, involves complex and heterogeneous
data sources; on-line from sensors, on/off control data from pumps and equipment and off-line
measurements from laboratories. These large databases allow operators and engineers to monitor
individual equipment and processes performance as well (and most important), the water quality to
comply with environmental regulations. However, further extraction of knowledge from these databases
is challenging without the aid of advanced statistical tools and most important, a clear methodology to
extract actionable and reliable knowledge. Data driven methods based on ML provide a wide variety of
powerful tools for analysis. In this work, these methods have been applied to analyze high throughput
experimental data sources in wastewater treatment in novel ways.

1.1 Objectives

The value that advanced data-driven methods bring to the field of wastewater treatment comes from
expanding the range of data sources analyzed and improving the quality of the analysis for reliable
results. When widening the variety of data sources, the analysis requires more effort than for traditional
data sources; robotics, computer vision, among others. In these fields, the rate to which the data is
generated is often uniform and orders of magnitude higher than for the water sector (except for sensors).
For example, the FaceForensics+ + dataset —a known dataset used for evaluation of new methods for face
recognition —, contains over 1.8 million images that could be used for training and validation (Rossler
et al., 2019) In wastewater treatment processes, the density of data is considerably different. Sensors
are able to record measurements every few seconds, thus, generating thousands of data points daily. The
data generated in laboratories in wastewater treatment is crucial to evaluate the quality of the water in
any biological wastewater treatment process and often to validate the sensors information. However,
due to the costs and time involved, the frequency of sampling for laboratory measurements is often
dramatically reduced compared to sensors. Thus, the resulting database (from sensors and laboratories),
involve varying frequencies of sampling and thus a highly heterogeneous dataset. Additionally, the
suitability and implementation of the methods for these data sources differs to what is observed in the
traditional fields mentioned. After a thorough revision of the literature related to data-driven
applications in wastewater treatment, the suitability and methodology for the application of these
methods in wastewater treatment is questioned. Up to date, the literature has not addressed the nature
of data sources in wastewater treatment, and accordingly, the suitability of the methods for these
different sources of data to make the most out of the data mining process. The consequences of handling
highly heterogeneous datasets lead to more profound issues of data analysis such as the problem of
missing values and data limitation for analysis, which are not explored in the current framework of
wastewater treatment. Therefore, an important contribution from this work is to develop a methodology
based on the different data sources found in wastewater treatment and how to combine them for
knowledge extraction, starting from describing the data generated in wastewater treatment to end-to-
end applications of supervised and or unsupervised ML methods, knowledge extraction and analysis.
Based on the outcomes of earlier research, six major research questions (RQ) are built at the start of this
work:
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RQ1: It is essential to distinguish and clarify the differences and goals of activated sludge models (ASM-
type) models and ML-based tasks in the current framework of wastewater treatment. What is the state
of the art towards the application of data-driven methods in the water sector compared to mechanistic
approaches? Which are the limitations of both approaches in the water sector?

RQ2: The data sources in wastewater treatment have different natures; online from sensors, on/off data
from equipment and off-line data from laboratories. For one particular period of operation, the amount
of information gathered from these sources is significantly different resulting in a heterogeneous dataset;
the amount of data points differs from parameter to parameter. How sensitive are the data-driven
methods to the amount of data and parameters considered for analysis? How the results from a data-
driven task will change with different sizes of data?

RQ3: Following RQ2. Which subset from the total raw data collected would be the most significant for
further data-driven tasks? How this subset can be selected? Is it possible to optimize both the parameters
considered for prediction (input to the model) and the amount of information (size of the dataset)?
RQ4: Following RQ3. When dealing with heterogeneous datasets. How these datasets can be combined
with even small datasets; in biological wastewater treatment processes a good example are biomass
batch activity tests. How these different sources of data can be combined to create a significant dataset
and which tools can be applied to extract knowledge from it?

RQ5: Following RQ3. Given heterogeneous datasets from a bBWWTP with limited amount of data, and
additionally, a process that is not yet well studied from a mechanistic modeling perspective. How can
ML methods be applied to extract knowledge and model this complex bWWTP?

1.2 Outline

To provide a structured answer to the aforementioned research questions, this work is composed of
multiple chapters. Chapter 2 presents an update and thorough revision of the current trends regarding
ASM modeling and data-driven methods based on ML, focusing on the differences of both approaches
for the study of wastewater treatment processes. Chapter 3 is focused on a detailed description of data
generation in wastewater treatment, sources of data, pre-processing of the different databases in
wastewater treatment and dealing with problems such as handling missing values and finally, state of
the art of unsupervised and supervised ML methods which will be applied along the following chapters
of this work. Chapter 4 centers on the integration of different sources of data and the extraction of
knowledge a municipal WWTP. In this chapter, the problem of how data analyses are affected by the
amount and structure of data considered in the analysis is addressed. In Chapter 5, feature selection
methods are optimized towards the selection of the best configuration of features and number of
observations applied in the effluent prediction of two full-scale partial nitritation-Anammox sequencing
batch reactors. Special focus on feature selection and feature engineering processes are discussed.
Chapter 6 illustrates a methodology for knowledge extraction of combined heterogeneous datasets. This
methodology was applied to lab and full scale partial nitritation-anammox systems. Chapter 7 shows the
application of ensemble learning to extract knowledge and build predictive models in advanced
wastewater treatment, where few to non-existing mathematical methods are available. Finally, Chapter
8 summarizes the main outcomes and contributions of this thesis, highlighting future perspectives and
challenges in the current framework of data-science in wastewater treatment. Figure 1.1 summarizes
the outline of this work along the chapters.
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2 Literature Review

2.1 Introduction

Biological wastewater treatment processes (bWWTP) are complex systems where several chains of
interconnected biological reactions occur simultaneously. With the aim of biologists, chemists and
engineers to understand the nature of these processes and optimize them, complex mathematical models
were developed over the years. The activated sludge model 1 (ASM1) was the first internationally
coordinated effort for standardizing activated sludge modeling. ASM1 considers carbon oxidation and
nitrogen removal from wastewater through biological nitrification and denitrification (N-DN). This
mathematical model was developed by a group in the International Water Association (IWA) (Henze et
al., 2000). The ASM1 has demonstrated to be essential in understanding biological nutrient removal in
many WWTP and has been applied to lab, pilot and full-scale systems. Some years after ASM1 was
released, enhanced biological phosphorus removal processes (EBPR) were modeled through ASM2.
These initial models were well received by the community. Experiences of engineers, researchers and
users with these models were key to propose improvements to ASM1 and ASM2, as a result ASM3 and
ASM2d were developed. The constant reinforcement of these models is still proposing modifications and
improvements today, which go along with technology advances that allow a more detailed study of the
complex systems in bBWWTP.

On the other hand, after the first applications of artificial intelligence or Al in different fields of science,
the interest and potentiality in the field of wastewater treatment has increased exponentially in the past
two decades (Corominas et al., 2018). The application of supervised ML techniques to forecast the
effluent composition of biological wastewater treatment processes and the development of intelligent
controllers are by far the most common applications. Data-driven approaches aim to model and extract
new information from the operational data gathered along the operation of a biological process without
detailed information of the kinetics of the process. In data-driven approaches, the key is the acquisition
of data. In wastewater treatment these comprise lab data (parameters analyzed through analytical
methods), online data (mainly data from sensors), on/off Boolean data from equipment and sometimes,
data from batch experiments such as respirometry tests in biomass. The output/outcome from the data-
driven approaches go from optimization of operational conditions to modeling the effluent composition
of a bBWWTP. Figure 2.1 illustrates the main components in each modeling approach and main
characteristics of the input information and which results can be obtained from both.

INPUIT: INPUT:
- Initial conditions (S, and X] - Lob dato: Farameters measured in lab
Configuration of the reactor - Orline dota: data recorded from sensors
- Operational conditions - Batch tests data i.e. Biomass activity
- Dynamic or Steady state? - Equipment data fon/off] Le. Pumps
Kinetic and stoichiometry information

QUTPUT/OUTCOME: OUTPUT/OQUTCOME:
- Effluent compaosition and distribution - Elfluent compasition
of biomass, - New insights on the system operation
- Optimal reactor sze: - Pottems within the different data sets
- Optimal cperational conditiors i.e, high - Hints on the optimization of the system
efficency of removal perfor mance

Figure 2. 1 Comparison between ASM type models and data-driven approaches
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Although the outcome could be similar with both approaches; prediction of the effluent, the application
and the input information to the models is very different. Data-driven approaches require enough data
to perform an analysis task, they are data driven. However, the nature of ASM models is
phenomenological, which aims to describe the biochemical interaction between the microbial
community in the wastewater system and main pollutants in the wastewater; organic matter, nitrogen,
phosphorus and other dissolved nutrients. Both approaches provide useful information from the process
performance.

In this chapter, the fundamental concepts underlying activated sludge models, the main problem they
face and their evolution are discussed. Along, in this chapter, state of the art applications of data-driven
methods in wastewater treatment are discussed.

2.2 The activated sludge models

The main bBWWTP studied through ASM models comprise: i) organic matter degradation: biological
oxygen demand (BOD) reduction, often expressed in terms of COD ii) nitrogen removal through N-DN
and, iii) biological phosphorus (P) removal. The nitrification is an autotrophic process i.e. no external
source of carbon is needed in this first stage. The nitrification process involves the oxidation of ammonia
(NH4") further to nitrate (NOs), with molecular oxygen as the electron acceptor. In this process,
ammonia oxidation to nitrite is mediated by aerobic oxidizing bacteria (AOB), some common species
are; Nitrosomonas europea, Nitrosomonas eutropha, and Nitrosomonas halophila and Nitrospira spp.,
while the nitratation process is mediated by nitrite oxidizing bacteria (NOB); Nitrobacter spp. (Vlaeminck
et al., 2010).

Denitrification is a process by which nitrate and nitrite are reduced to di-nitrogen gas (N2). The anoxic
biological denitrification is accomplished with electron donors coming from organic matter (carbon
sources: mainly methanol, acetate and ethanol) (Cheremisinoff, 1997). The denitrification can be held-
on by different heterotrophic denitrifying bacteria which involves the consumption of nitrite (NO2)
and/or nitrate (NOs’). There are numerous genera of denitrifying bacteria identified in activated sludge;
Achromobacter, Escherichia, Neisseria, Acinetobacter, Flavobacterium, Paracoccus, Glucononobacer,
Propionibacterium, Pseudomonas, Bacillus, Thiobacillus, Enterobacter among others (Ni et al., 2016).
Some common species studied in pure cultures are; Pseudomonas denitrificans, Paracoccus denitrificans,
Thiobacillus denitrificans, Comamonas denitrificans. In activated sludge, around 20-80% of all flocculated
biomass and in suspension belongs to heterotrophic denitrifying bacteria (Ni et al., 2016).

On the other hand, the EBPR is one of the most complex wastewater treatment processes due to the
phosphorus based compounds participation in the metabolism of the microorganisms (internal stored
substrates and products) (Smolders et al., 1995). In a biological phosphorus removal system, phosphate
accumulating organisms (PAOs) are enriched and they accumulate large quantities of polyphosphate
(poly-P) in their cells and thus enhance the biological phosphorus removal from wastewater (Cosenza
et al., 2013). The PAOs have a strict requirement of cyclic anaerobic, anoxic and aerobic conditions,
which consequently makes EBPR a more complex ,process compared to the nitrogen (N) and organic
matter (COD) removal (Zuthi et al., 2013).

ASM type models are the mathematical representation of these complex systems, they require a proper
structural identification, knowledge of the process dynamics, a detailed characterization of the
substrates, and the optimization and validation of the kinetic and stoichiometric parameters. The main
ASM applications comprise: i) prediction of the effluent composition and/or establishment of key
parameters in the process (sensitivity analysis), ii) optimization of the operational conditions of the
process, iii) study and evaluation of different operational scenarios and process configurations, and iv)
process control applications.

Mathematical models for bBWWTP, such as the ASM type models, were developed with the aim to
understand the phenomena and dynamics in the activated sludge process. All ASM models are based on
Monod kinetics to predict the consumption/production of dissolved substrates; chemical oxygen demand
(COD), nitrogen, phosphorus and dissolved oxygen (DO) and generation/decay of biomass and other
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particulate matter (Xy, Xs) (Monod, 1949). As a result, the model predicts the composition of the effluent
over time for the incoming substrates and the newly formed products from the biochemical reactions
occurring in the system.

In order to understand the fundamentals of how the models are built, it is necessary to introduce the
concept of control volume (CV). ASM models are based on mass balances; the concept of the mass balance
in a defined control volume approach is illustrated in Figure 2.2. For any mass balance, it is fundamental
to define the system boundaries which then define the CV. The boundaries of the CV will define the
transformation of the species contained in this system i.e. the CV could be defined either with a recycle
to the system in or out of the CV, and as a result, the equations describing the mass balances will change.
Within the CV, the species can be transformed into new species (generation) and therefore, the old
species will disappear (consumption). Both of these phenomena occur within the boundaries of the CV.
The system also experiences perturbations from external sources. In Figure 2.2, the system experiences
mass flow into the CV, this mass flow is composed of different species which could or could not interact
with the system (reactive or inert matter). The system also experiences loss of mass due to convection.
The environment where the ASM are defined comprise three physical phases; solid, liquid and gaseous
and therefore, it is a heterogeneous reaction problem (Levenspiel, 1999). The general balance equations
in ASM models will be applied to both particulate (Xi) and dissolved (Si) species (Equation 2.1).

ACC.CV = MCVin - Mcvout + Gen.CV_ ConS.CV Equation 2.1

where M.y in 18 the mass flow rate entering the CV and My, out 18 the mass flow rate leaving the CV, the
terms Gen.cy and Cons.cy, are the generation and consumption rates in the CV.

Generation

System

V. X S,
\_/

Consumption ( 7

Control Volume
boundaries

External
perturbations

Figure 2. 2 Diagram of the system and control volume (CV). The irregularity of the System aims to illustrate the complexity of
the process in study: continuous, batch and semi-discontinuous.

In ASM models, the wastewater is characterized in terms of many dissolved and particulate components
(subjected to the type of ASM model) that are used to describe biomass groups, fractions of COD (organic
matter slowly and readily biodegradable, soluble and non-biodegradable), nitrogen, phosphorus species
and DO. The alkalinity is also included as part of the wastewater characteristics.

The objective of the ASM models is to transform the general mass balance in Eq. 2.1 to mathematical
statements that are specific to the quantity of interest i.e. dissolved and particulate species. In ASM
models, the consumption of substrates follow Monod kinetics and the stoichiometry is presented using
the Petersen or Giijer matrix notation (Henze et al., 2000). Figure 2.3 illustrates the structure of the
matrix and the interpretation of the mass balance equation for one particulate species, X;. This
interpretation extends to other particulate and dissolved species.
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Figure 2. 3 Example of Petersen matrix notation and interpretation for two processes: growth and decay.

The processes studied in ASM1 and ASM3 are N-DN processes and aerobic oxidation of organic matter.
In both ASM1 and ASM3 approaches, the nitrification considers a one step nitrification process instead
of a separate nitritation and nitratation i.e. the production of both nitrite and nitrate (NOx-N). Table 2.1
summarizes the processes involved in ASM1 and ASM3 for both particulate and dissolved species.

Table 2. 1 Biochemical processes involved in ASM1 and ASM3 models for dissolved and particulated species.

No. Process ASM1 ASM3

1 Hydrolysis of entrapped organics X X*

2 Hydrolysis of entrapped organic nitrogen X

Heterotrophic organisms, aer. and den. activity

3 Aerobic storage of readily biodegradable X
substrate (SS)

4 Anoxic storage of SS X

5 Aerobic growth X X

6 Anoxic growth (Denitrification) X X

7 Aerobic endogenous respiration X

8 Anoxic endogenous respiration X

9 Aerobic respiration of cell internal storage X
product of heterotrophic organisms

10 Anoxic respiration of cell internal storage X
product of heterotrophic organisms (Xsto)

11 Decay of heterotrophs X

Autotrophic organisms, nitrifying activity

12 Aerobic growth of nitrifying organisms, X X
Nitrification

13 Aerobic endogenous respiration X

14 Anoxic endogenous respiration X

15 Decay of autotrophs X

16 Ammonification of soluble organic nitrogen X

*In ASM3 only one hydrolysis is acknowledged for the readily biodegradable organic matter.

On the other hand, ASM2 and ASM2d additionally cover the process of biological phosphorus removal
from wastewater or EBPR. Table 2.2 summarizes the processes involved in ASM2 and ASM2d.
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Table 2. 2 Biochemical processes involved in ASM2 and ASM2d models

No. Process ASM2 ASM2d
1 Aerobic hydrolysis X X
2 Anoxic hydrolysis X X
3 Anaerobic hydrolysis X X

Heterotrophic organisms: Xy

Growth on fermentable, readily biodegradable

4 organic substrates (SF) X X
Growth on fermentation products (acetate)
5 X X
(SA)

6 Denitrification with SF X X
7 Denitrification with SA X X
8 Fermentation X X
9 Lysis X X
Phosphorus Accumulating organisms (PAO): Xpao

10 Storage of poly-hydroxy-alkanoates (Xpra) X X
11 Aerobic storage of polyphosphate (PP) X X
12 Anoxic storage of PP X
13 Anoxic growth X
14 Aerobic growth X X
15 Lysis of Xpao X X
16 Lysis of Xpp X X
17 Lysis of Xpua X X
Nitrifying organisms (autotrophic organisms): Xaur

18 Aerobic growth X X
19 Lysis X X

Simultaneous precipitation of phosphorus with ferric
hydroxide, Fe(OH)3

20 Precipitation

21 Redisolution

The family of ASM models comprises a thorough work on the phenomenological understanding of
biochemical processes occurring in wastewater treatment processes. They establish the fundamentals for
further studies and improvements to these models. In this review, these further applications and derived
models such as the ASM3+Bio-P developed by the Swiss Federal Institute of Aquatic Science and
Technology (EAWAG) (Rieger et al., 2001) or the ASMN by Hiatt and Grady, (2008), which will be
discussed in the following section.

2.2.1 Application and evolution of ASM models

Both ASM and data-driven approaches are very powerful tools for studying complex bWWTP. In
addition, dynamic simulations of WWTP are also useful for selecting operational strategies to improve
process stability, effluent quality and save operational costs (Ni et al., 2010).

This work provides a comprehensive survey on the different applications of both approaches. The
applications and evolution of the deterministic ASM type models with respect to COD, N and P removal
are discussed with special focus on the modifications made to the models over time, but also evolution
of the research questions and interests from the wastewater community.
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2.2.2 ASM1 and ASM3

In the early 1980’s, Dold et al., (1980) and Batchelor, (1983) developed kinetic models to describe the
most important microbial reactions in a single sludge treatment system for N-DN. Both studies involve
Monod type kinetics and acknowledge endogenous respiration. Since these early approaches, the oxygen
utilization rate was identified as the most sensitive parameter. Both Dold et al., (1980) and Batchelor,
(1983) models were validated with experimental data. Moreover, Batchelor, (1983) applied the model
to study the influence of the aeration fraction (AF), modifications of solids and hydraulic retention time
and influent concentration of organic matter in the total nitrogen removal efficiency. In this first
approach, the set of equations were modified to account for the effect of dissolved oxygen concentration
on microbial growth. The main results suggested that low values of AF (<0.5) favor denitrification which
results in low concentration of nitrate in the effluent.

Some years after, the International Association on Water Pollution Research and Control (IAWPRC) task
group developed the Activated Sludge Model No. 1 (ASM1) Henze et al., (1987). Dold and Marais,
(1986) studied the background of the ASM1 model proposed by the IAWPRC task group and compared
it to their previously developed model.

The main differences between both models are discussed in Dold and Marais, (1986). Key differences
comprise: i) the degradation of slowly biodegradable organic matter (SBOM) which according to Dold
et al., (1980) is hydrolyzed, adsorbed and stored in the cells, instead in the ASM1, the SBOM is
hydrolyzed directly to readily biodegradable organic matter (RBOM). Nonetheless, both models provide
similar results. ii) the ASM1 does not attempt to account for the observed difference between the filtered
total Kjeldahl nitrogen (TKN) and ammonia concentrations.

The ASM1 considers all biodegradable organic nitrogen to be particulate so that no soluble organic
nitrogen is predicted and hence the model always under predicts the observed soluble TKN. In ASM1 a
single decay process (lysis) was introduced to describe the sum of all decay processes under all
environmental conditions (aerobic, anoxic). Two main reasons rely behind this assumption: i) when the
ASM1 was released, endogenous respiration was assumed as the decay of cells and subsequent
consumption of the decayed cells to form new biomass (Van Loosdrecht and Henze, 1999). The ASM1
used this death-regeneration concept in the activated sludge model because it could best fit the
experimental observations. ii) Another issue was that at time (~1985), computing power was scarce and
this simplification saved computation time. After the ASM1 was released, the decay processes were
conceptualized into death and lysis, which can occur simultaneously or sequentially.

Since the ASM1 was built, several works have proposed applications and modifications. Up to date,
around 300 articles cited the ASM1 by Henze et al., (1987) and on average 10 articles per year cite this
study since 1988. Van Loosdrecht et al., (2015) developed a thorough study on the current advances of
ASM1, perhaps more in depth than in this work. This study rather focusses to address those articles that
were fundamental in the evolution of ASM1 and introduces applications from highly cited studies.

The initial concerns after the ASM1 was released were: the calibration, determination, and validation of
the kinetic parameters in the model and the implementation of the ASM1 equations as a computer
program. These topics extent up to today’s discussion with more complex ASM type models. Just a year
after the ASM1 was released, Bidstrup and Grady, (1988) developed a user friendly program in Turbo
Pascal that aimed to model different configurations of activated sludge processes while using ASM1, the
simulations were developed in steady state. Lesouef et al., (1992), Vanrolleghem et al., (1999) and
Petersen et al., (2002), focused on experimental methods and techniques used to calibrate ASM1 kinetic
parameters. In Lesouef et al., (1992), growth rate of autotrophic bacteria and the inert wastewater
fractions were measured by simple methods, both in laboratory, pilot and full scale. Moreover, different
configurations of plants were investigated including conventional recirculation, sludge re-aeration and
step feed alternate zone denitrification. Based on several works in the literature, Vanrolleghem et al.,
(1999) summarized methods for determining kinetic and stoichiometric parameters in the ASM1, while
Petersen et al., (2002) developed and evaluated a systematic model calibration procedure and a
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sensitivity analysis on the influence of model parameters and influent component concentrations on the
model output.

Other works focused on different modifications of the ASM1; Oles and Wilderer, (1991) adapted the
ASM1 for modeling a sequencing batch reactor (SBR), changes of COD, ammonia and NOx (sum of NOs’
and NOy) during the SBR process cycle were predicted, for the determination of model parameters
special batch experiments were carried out. Griffiths, (1994) proposed a modification for the ASM1
which allows predetermination of denitrification rates, division of the heterotrophs into four fractions,
including poly-phosphates (poly-P), here presence of poly-P accumulating organisms is elucidated,
similar observations were published elsewhere (Wentzel et al., 1992). Coté et al., (1995), presented an
hybrid model that combined ASM1 and artificial neural networks (ANN) to forecast the effluent of an
activated sludge process. The error between the experimental data and the ASM1 results were modeled
by feed forward ANN. This study was the first to demonstrate the potentiality of ANN in combination
with ASM1 to predict effluent composition in activated sludge processes. Argaman et al., (1999) on the
other hand, applied ASM1 at steady state, BOD instead of COD was considered as carbonaceous organic
matter following a zero order consumption rate, this study verified the consistency of ASM1 with
experimental results and proposed a mathematical procedure to calibrate the set of kinetic coefficients
in ASM1. Ekama and Wentzel, (2004) proposed a simple model for studying activated sludge processes
where N-DN was conducted in excess of phosphorus, the contribution was the combination of ASM1 and
ASM2 to model this process, however, the chemical precipitation process was not considered. Insel et
al., (2011) studied the stability of N-DN processes in membrane bioreactors (MBR) focusing on oxygen
diffusion. The main results from this work indicate that the optimal DO set-points increased with higher
biomass concentrations due to higher mass transfer limitation, and they remained operative in a wider
DO range. In this study, both ASM1 and ASM2 were applied. Le Moullec et al., (2011) compared
different modeling approaches such as computational fluid dynamics (CFD) and compartmental
modeling applying ASM1 kinetics. The results showed that the ammonium concentration was not
predicted accurately with ASM1 under these conditions. Biirger et al., (2016) provided an extension to
a well-known sedimentation model -Biirger-Diehl settler model (Biirger et al., 2011)- to include
biological reactions from ASM1 and study denitrification during sedimentation in secondary settlers in
WWTPs. Other applications of ASM1 involved the feasibility to use model predictive control (MPC) in
N-DN processes (Holenda et al., 2008; Wu et al., 2014). Holenda et al., (2008), demonstrated the
feasibility of applying the MPC to control the DO concentration in an aerobic reactor of a WWTP, the
ASM1 was used to simulate the case studies and the MPC was adapted accordingly. On the other hand,
Wu et al., (2014) studied the MPC controller to optimize the aeration and the external carbon source
addition in N-DN systems where the carbon source was limited. Smets et al., (2003) proposed a strategy
to reduce the complexity of the ASM1 by linearization. The ASM1 was linearized following a time-varying
reference trajectory; the model obtained suggested the application of MPC for on-line control strategies.
With the aim of improving the ASM1, the IAWPRC group developed the ASM3 in 1999 (Gujer et al.,
1999). The most important modification to ASM1 deals with the introduction of endogenous respiration
which replaces the lysis (decay) process. When the ASM3 was introduced, the computation power was
not a limiting factor (as it was with ASM1), and thus, a more realistic description of decay processes was
introduced. Endogenous respiration refers to the basic underlying oxygen consumption of the biomass.
A significant fraction of the oxygen consumption occurring under endogenous conditions can therefore
be related to consumption of internal substrate. There is a shift of emphasis from hydrolysis to storage
of organic substrates. Taking substrate storage into account in the ASM3, affects the sludge yield (it will
decrease and become similar to normal bacterial yields). It will further affect the decay or lysis rate
(because a significant fraction of the "lysis" is turnover of stored substrate) and the hydrolysis process
(for the same reason). Thus, the ASM3 approach, presents a more detailed mathematical representation
of the activated sludge process in terms of the endogenous processes.

Several variations of ASM3 have been proposed since this model was developed. lacopozzi et al., (2007)
proposed an extension of the ASM3 by considering two step nitrification, i.e. nitritation by AOB, and
subsequent oxidation of nitrite to nitrate by means of NOB. The new model was denoted as ASM3 2N.
In ASM3 2N, 16 new kinetic rate expressions are included. The modification also accounts for the
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growing number of applications in advanced nitrogen removal, i.e. (partial) nitritation processes such
as SHARON (Single reactor High activity Ammonia Removal over Nitrite) and anaerobic ammonium
oxidation (Anammox) processes (Hellinga et al., 1998; Mulder et al., 1995), became relevant. The
ASM3 2N has been applied by Hoang et al., (2012) for modeling partial nitritation and denitrification
in a SBR reactor treating leachate. In that case, nitrite accumulation was noticed due to high pH and
alkalinity causing inhibition of NOB. A year later, Zhou et al., (2013) modeled a granular SBR reactor
comparing ASM3 and ASM3_2N. Improvements to the regular ASM3 for the prediction of total nitrogen
were demonstrated. Novak and Horvat, (2012) applied the ASM3 2N and an oxygen electrode model
to optimize the position of this device in a N-DN system. A sensibility analysis showed that the model
was sensitive to: oxygen consumption per unit of BODs, specific consumption rate of adsorbed BODs,
volumetric coefficient of oxygen transfers rate and wastewater inflow. The best place for positioning the
oxygen electrode was the bioreactor instead of the outlet shaft; this resulted in shortening of the
oxic/anoxic cycle by 13% and the daily working time of aerators. Other ASM3 modifications focused on
describing simultaneous storage and growth processes occurring in activated sludge systems under
aerobic conditions (Gao et al., 2017; Sin et al., 2005; Vazquez-Padin et al., 2010; Zhao et al., 2016). Sin
et al., (2005) developed a mechanistic model based on ASM3, to describe simultaneous storage and
growth processes occurring in activated sludge systems under aerobic conditions. A second order model
was proposed for the description of the degradation of the storage products under famine conditions.
Vazquez-Padin et al., (2010) modeled an aerobic granular SBR reactor using a one-dimensional biofilm
model. In this model, simultaneous growth and storage of organic substrates by heterotrophic biomass
and inclusion of nitrite as intermediate compound were considered. Moreover, different COD to nitrogen
ratios were tested. The modeling results showed that the largest fraction of particulate compounds in
the granules corresponded to the inert particulate organic material. Zhao et al., (2016) also studied high
COD and nitrogen loads from piggery waste through N-DN considering simultaneous storage and growth
in the heterotrophic nitrification and aerobic denitrification process. Gao et al., (2017) modeled a cyclic
activated sludge system. The ASM3 was modified by combining the process of simultaneous storage and
growth, and the kinetics of soluble microbial product and extracellular polymeric substances (EPS). The
modified model showed improvements in comparison to ASM3. Xu et al., (2017) combined the ASM3
and the anaerobic digestion model 1 (ADM1) to successfully describe simultaneous C-N and S removal
in activated sludge systems.

Along with the multiple variations of ASM1 and ASM3 models, the Anammox process was discovered
(Mulder et al., 1995). The potentialities of modeling partial nitritation-Anammox (PN-A) systems arouse
(Hulle et al., 2010), and mathematical modeling served as a useful tool for studying this new technology.
To date, the dynamic nature of the PN-A process has been studied through simulations based on
deterministic mathematical models. The most widely used models for PN-A in literature are the
ASM3 2N and variations of the ASM1 to consider the Anammox process (Dapena Mora et al., 2004; Hao
et al., 2005; Hao et al., 2002; Hellinga et al., 1998; Magri et al., 2007). Extending the ASM3 or other
ASM type models by Anammox has the advantage of studying intrinsic characteristics of the process,
such as: oxygen consumption, inhibition, pH and temperature effects. ASM3 type models also help in
the validation of hypothesis and scaling-up (based on bench scale reactors conditions). Below, I discuss
some of the studies that extended ASM1/ASM3 to study PN-A processes. The main focus of these studies
are; temperature, oxygen diffusion/aeration in biofilms, adaptation of PN-A systems to different carbon
to nitrogen ratios and different reactor configurations.

Koch et al., (2000) applied an extended ASM3 with two step nitrification and the Anammox process.
The autotrophic nitrogen removal in a rotating biological contactor (RBC) treating ammonium rich
wastewater was studied through modeling and microbial analysis. The results showed that AOB and
NOB are dominant in the upper aerobic 100-200 um of the biofilm. The nitrite is assumed to diffuse into
deeper anoxic layers of the biofilm, where it is reduced anaerobically in parallel with ammonium
oxidation through the Anammox process. Hao et al., (2005) and Hao et al., (2002) adapted the ASM3
to model a one-stage PN-A process and studied the influence of oxygen consumption and temperature
fluctuations on the process performance, respectively. Since the efficiency of PN-A processes depends
greatly on good aeration strategies (limiting nitrification to an optimal nitrite: ammonia ratio), several
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studies have addressed this phenomenon through modeling (Corbald-Robles et al., 2016; Mattei et al.,
2015; Vangsgaard et al., 2012b; Volcke et al., 2005; Wyffels et al., 2004b). Wyffels et al., (2004) studied
nitrite accumulation in a membrane bioreactor for the treatment of sludge reject water under continuous
aeration at low DO concentrations (0.1 mg DO 1). Nitritation and nitratation in a MBR were modeled
and the model was calibrated. The oxygen transfer coefficient and the ammonium loading rate were
shown to be the appropriate operational variables to describe the experimental data accurately.
Simulation results indicated that stable nitrite production from sludge reject water was feasible at
relatively low temperatures of 20°C with an HRT of 0.25 days. Volcke et al., (2005) studied a SHARON-
Anammox process through simulation in order to achieve optimal conditions with respect to the
ammonium to nitrite ratio. Results showed that it was possible to control the nitrite: ammonium ratio
by means of a cascade feedback control. The controller consisted of a master controller, which allowed
to maintain the desired nitrite: ammonium set-point at 1.2 at an oxygen set-point between 0-8 g m,
for the slave controller that acted by adjusting the air flow rate, limited between 36-20,000 m* h’.
Vangsgaard et al., (2012) and Volcke et al., (2012) developed models separately in order to study the
consumption of substrates considering mass balances in PN-A systems; in the reactor (macro-scale) and
in the biofilm (micro-scale), this means, considering the diffusional restrictions. These studies, however,
were not validated with experimental data due to the complexity of measuring the substrates in the inner
part of the biofilm. Nevertheless, the information within the results of the studies mentioned were
important from an operational point of view. On the other hand, Volcke et al., (2012) developed a micro-
scale model to study the effect of the granule size distribution on the performance of a granular sludge
reactor in which autotrophic nitrogen removal was developed through a one-stage PN-A reactor. The
results found by Volcke et al., (2012) show the importance of considering a granule size distribution in
the mathematical modeling of these type of processes. Mattei et al., (2015) developed a mathematical
model based on the multispecies modeling approach by Wanner and Gujer, (1986). The analysis and
prediction of microbial interactions within multispecies biofilms including Anammox pathways were
modeled. The results showed that the biofilm never experienced a fully penetrated oxygen profile and
the Anammox bacteria could always survive in the inner part of the biofilm. However, prolonged
exposure to a DO level of 5 mg O I'! would lead to the loss of Anammox activity. Corbald-Robles et al.,
(2016) evaluated the effect of aeration pattern in a granular SBR PN-A with flocculent biomass through
modeling. The results showed that most of the ammonium oxidation potential would occur by means of
the biomass in suspension rather than in granules. The aeration pattern had an important impact on the
TN removal: a better performance was suggested for continuous aeration than for intermittent aeration.
Other modeling approaches for biofilm PN-A systems were applied in the study of membrane aerated
biofilm reactors (MABR) (Lackner et al., 2008; Terada et al., 2007). These studies focused on the analysis
of the performance of MABRs in comparison to moving bed biofilm reactors (MBBR). The aeration
patterns in the biofilm were compared, i.e. co-diffusion and counter diffusion. The model developed by
Terada et al., (2007), considered only three bacterial metabolisms (AOB, Anammox, and NOB); growth
and endogenous respiration were considered. The main results from this model demonstrated the high
efficiency in TN removal of MABR in comparison to MBBR systems. Moreover, the model allowed to
study the distribution of the biomass species and substrates along the biofilm. On a similar approach,
the effect of heterotrophic biomass in both MBBR and MABR systems was studied by Lackner et al.,
(2008). The main results from this work suggest that in presence of organic matter (and as a
consequence the presence of heterotrophic bacteria (HB)), the counter diffusion configuration (MABR)
efficiency decays for COD:N>2. On the other co-diffusion (MBBR) systems were more stable.

Due to benefits that PN-A systems presented over N-DN processes for the treatment of wastewaters with
high concentrations of ammonia and low ones for organic carbon, several works in the literature have
explored to which extent PN-A systems could work efficiently and under different organic matter
concentrations. Dapena Mora et al., (2004) applied the two step nitrification-denitrification ASM1
extended to an Anammox model for studying an SBR. The main goal of this study was to prove the
feasibility of enrichment of Anammox bacteria from municipal sludge employing a SBR. The modeling
results revealed that heterotrophs still remain in the system after the start-up of the reactor and can
protect the Anammox bacteria from a negative effect of oxygen. Bi et al., (2015) developed a model for

Literature Review 12



describing the nitrogen and organic carbon removal via simultaneous Anammox and heterotrophic
denitrification process (SAD), and found that an organic carbon to nitrogen ratio of 1.5-2 was suitable
for a batch SAD process. The most influential parameters were the half saturation constants for nitrite
of heterotrophic bacteria and anammox bacteria and the anoxic reduction factors of HB and anammox
bacteria.

In the past decade modeling the emissions of N-O in both N-DN and PN-A systems gained attention. In
the study of N-DN modeling, the existing approaches focused on the enhancement of ASM1/ASM3 type
models to better describe N>,O emissions from denitrification processes. Some approaches consider four
separate processes for denitrification and are therefore able to explain the N>O emissions from N-DN
processes (Lu et al., 2018). The model proposed by Hiatt and Grady, (2008) was based to great extent
on the ASM1. This model is known as the Activated Sludge Model Nitrogen or ASMN. The nitrification
process incorporates two nitrifying populations; the AOB and NOB, however, free ammonia (NHs) and
HNO, are considered as the true substrates, respectively. ASMN takes into account four steps in the
denitrification process using individual rate equations. The four processes describe anoxic heterotrophic
growth using nitrate, nitrite, nitric oxide, and N2O respectively, as the terminal electron acceptor. The
14 and nyparameters from ASM1 are extended to four 7, in the ASMN. Four separate 7); parameters were
used, one for each step in denitrification. These parameters took into consideration the fraction of
heterotrophic bacteria accomplishing each step of denitrification and the reduced maximum specific
growth rate under anoxic conditions. The ASMN was verified with experimental data and provided
accurate results.

Other N-DN models developed by Pan et al., (2013) focused on the improvement of the denitrification
modeling based on previous experimental studies, this model is known as the activated sludge model
with indirect coupling of electrons or ASM-ICE. The model decouples the carbon oxidation and the
nitrogen oxide reduction processes. For this purpose, electron carriers are introduced as new components
in the model to link carbon oxidation to nitrogen oxides reduction, the so called Mred (reduced mediator)
and Mox (oxidized mediator), defined as the reduced and oxidized forms of electron carriers,
respectively. The main contribution of the ASM-ICE was the accurate prediction of the N>O accumulation
during the denitrification process. This approach was later compared by the same authors in Pan et al.,
(2015) with the ASMN model for the N.O accumulation, being differentiated as the direct and indirect
electron coupling approaches, respectively. The results showed the great accuracy of the ASM-ICE in the
prediction of N»O accumulation in comparison to the ASMN. Moreover, within the four systems studied,
the ASM-ICE was able to represent the experimental data well, while the ASMN only had accurate results
in one system. Domingo-Félez and Smets, (2019) developed a simplified approach that aims to describe
the electron denitrification rates as current flow in electric circuits. The model has fewer parameters
than existing models (ASM-ICE and ASMN) and can be integrated in existing model structures.

In PN-A systems three production pathways of N>O are known; heterotrophic denitrification and two
processes mediated by AOB, that is, NH4;" oxidation via NH>,OH and autotrophic denitrification (NOB -
nitrite and nitrate reduction enzymes) (Lu et al., 2018). Some modeling studies have addressed this
issue and the conditions where N>O is produced. Ni et al., (2013) employed a multispecies one-
dimensional biofilm model considering nitric oxide (NO) and nitrous oxide (N2O) productions in PN-A
membrane aerated biofilm reactors (MABR), it was found that intermittent aeration can reduce NO and
N-O emissions in MABR systems and simulations showed that over 3.5% of the removed total nitrogen
could be featured to NO and N.O production under operational conditions optimal for total nitrogen
removal. Lu et al., (2018) developed a mechanistic model based on ASM1 to describe N>O production
in a granular lab-scale PN-A SBR reactor. The three pathways mentioned previously were considered
and kinetic parameters in the extended model were validated with experimental data obtained from
batch experiments. The results showed that heterotrophic denitrification became a greater contributor
to N2O emission compared to the oxidation of ammonium via NH>OH and autotrophic denitrification
pathways. On the other hand, Wan et al., (2019) found through modeling studies that the main
production of N,O in a granular single stage PN-A reactor was due to nitrifier denitrification in the outer
layer of the granules (pathway of nitrification in which ammonia is oxidized to nitrite followed by the
reduction of nitrite to nitric oxide, N2O and molecular nitrogen (N2) (Wrage et al., 2001)).
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Several mathematical models have been developed to understand the phenomenological processes
occurring in biological nitrogen removal processes. The research has evolved from adapting the
traditional ASM1 and ASM3 to add two step nitrification and four step denitrification, considering the
Anammox process, and to study N>O emissions in these systems and the many applications to different
reactor configurations.

2.2.3 ASM2 and ASM2d

Modeling approaches previous to the ASM2, that aimed at explaining the kinetics within the bio-P-
removal process were first published in the early 1990s (Ante et al., 1994; Smolders et al., 1995, 1994;
Wentzel et al., 1992). These first approaches followed the ASM1 fashion for the representation of the
systems. Smolders et al., (1994) developed a metabolic model to describe the stoichiometry and kinetics
of the EBPR process. In this early approach all relevant metabolic reactions underlying the metabolism,
considering also components like adenosine triphosphate (ATP) and nicotinamide- adenine dinucleotide
(NADH,) are described based on biochemical pathways. On the other hand, the industrial standard for
modeling EBPR is the ASM2 (Gujer et al.,, 1995; Henze et al., 2000). The ASM2 comprises many
biochemical reactions occurring simultaneously such as: organic oxidation, nitrification, denitrification
and phosphate release and uptake (Table 2.2) (Kim et al., 2001). The focus of the ASM2 is the
representation combined biological processes for COD, Nitrogen and Phosphorus removal and also
considers chemical precipitation. The main difference between the ASM1 and ASM2 is that the biomass
has internal structure and therefore its concentration cannot simply be described with the distributed
parameter of concentration of biomass (the phosphorus participates in the metabolism of the
microorganisms), as well, the chemical precipitation process and the total suspended solids (TSS) are
introduced in the kinetics of the model.

ASM2 was first adapted by Isaacs et al., (1995), who introduced denitrification by phosphorus
accumulating organisms (PAOs). Additionally, Mino et al., (1995) proposed the kinetics of processes
associated to glycogen accumulating organisms (GAOs), introducing new parameters such as Xgy which
denotes the intracellular stored glycogen and serves as a carbon source for poly-hydroxy-alkanoates
(PHA) storage processes. Kuba et al., (1996) and Murnleitner et al., (1997) made progress in establishing
metabolic modeling of phosphorus removal in biological wastewater treatment processes. Furumai et
al., (1999) applied the ASM2 accounting denitrification by PAOs in a long-term operation of an SBR. In
the same year, the ASM2d was developed, this model aims to correct some pitfalls in ASM2 and
considered the denitrification by PAOs (Henze et al., 1999). Manga et al., (2001) acknowledged the
competition between PAOs and GAOs and suggested kinetic expressions for this competition process for
ASM2. A couple of years later, the EAWAG Bio-P or ASM3 Bio-P was developed by Rieger et al., (2001)
and Siegrist et al., (2002). The ASM3 Bio-P acknowledged some processes from ASM2d, however it was
based on the ASM3. The ASM3 Bio-P neglected the fermentation of readily degradable substrate and
accounted for biomass decay as an endogenous respiration process. Four additional state variables were
added to the ASM3, and the kinetics of GAOs were not considered. However, the competition between
GAOs and PAOs was still subject of further studies, Zeng et al., (2003) developed a model that described
the competition of GAOs and PAOs which was derived from an experimental study with mixed cultures
of PAO and GAO under anaerobic conditions. The activity of both was studied and kinetic and
stoichiometric parameters were identified. Yagci et al., (2004) also modelled the competition between
PAOs and GAOs for acetate uptake in an SBR. The stoichiometry and kinetics related to GAOs were
presented in detail, and the model is calibrated. The structure of the extended model was similar to
ASM2d. The same authors, evaluated the performance of ASM2d with varying phosphate concentrations
in the influent of a bench scale SBR (Yagci et al., 2006). The main results suggested that competition
between GAOs and PAOs should be added to the ASM2d.

The EBPR in membrane bioreactors was also studied through modeling. Jiang et al., (2008) proposed
the ASM2d-SMP (soluble microbial products; SMP) process accounting for two new state variables Suap
and Sgap, which are the biomass associated products (BAP) and utilization associated products (UAP).
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Later, Cosenza et al., (2013) would integrate the ASM2d-SMP and the model developed by Mannina et
al., (2010) to account for the variation in membrane filtration characteristics and the influence on the
COD removal in the process. Zuthi et al., (2013) developed a rigorous study regarding the core issues of
biological phosphorus removal in activated sludge processes and membrane reactors, which as well
provides both modeling approaches for EBPR; metabolic modelling and ASM2 and ASM2d models.

Table 2.3 summarizes more applications of ASM2 and ASM2d, and the conditions under which these
studies were performed.

Table 2. 3 Different mathematical modelling approaches for P removal and operational conditions.

3 COD T ]
Approach P [gP m?] [gCODmY  [°C] pH [-] Type of system Ref.
Based on the ASM1 8.8 61 25 7.0 Activated sludge system: 1o o o1 1994)
4 combined bioreactors

. . SBR reactor: only
Anaerobic metabolism of P 15 400 20 7 anaerobic phase was (Smolders et al., 1994)
removal .

studied

Aer. and Anaer. P removal: SBR reactor: both
ATP prod. involved in the 15 400 20 7 anaerobic and aerobic (Smolders et al., 1995)
stoichiometry and kinetics phases were studied
Based on ASM2: Pilot scale activated
accounting den. by PAO 4 20 sludge plant (Isaacs et al., 1995)
TU Delft P model
ATP/NAHD ratio based on 15 400 2025 ~7 Bench scale SBR ;ﬁ’lﬁeit;’; eta;i’ . 919979)6’
Smolders et al., (1995) ?
Influence of COD
concentration and biofilm 17 400-600 g Sequencing Biofilm  (Morgenroth and
thickness is studied: Based Acetate m?® Bioreactor (SBBR) Wilderer, 1998)
on ASM2
Based on ASM1 model. 14 664 14.5 ~7 Pilot plant (Nolasco et al., 1998)
Modelling - of P I.IOSPhate - - Batch experiments (Fytianos et al., 1998)
removal by precipitation
Simplified ~ASM2 and ¢ g 296 20 ~7 SBR reactor (Zhao et al., 1999)
Neural Nets
’S:lg[Zd: ASM2 + den. by 6 260 10-20 ~7 Activated sludge (Henze et al., 1999)
ASM2d and ASM3:
without fermentation of . .
ready degradable 4.14-10.01 250-380 20 ~7 Pilot plant (Siegrist et al., 2002)
substrate: ASM3+BioP
Based on ASM3: Account g4 2430 27 6.8 Pilot Scale SBR (Ky et al., 2001)
of Mg limitation
Based on ASM2: linear .
version of ASM2 6.4 366 25 ~7 Bench-scale SBR (Kim et al., 2001)
Based on ASM2 and TU
Delft P model: model for Bench scale results from
denitrifying 15 400 20 ~7 Kuba et al., (1996) (Hao et al., 2001)
dephosphatation
Based on ASM2 model: ..
Effect of COD on the PAO 30 300 23 ~7 Bench scale SBR (Soejima et al., 2008)
Metabolic model based on
TU Delft P model:
competition between 22 400° 1822  ~7 Bench scale SBR (Oehmen et al., 2010)
PAO and glycogen
accumulating organisms
(GAO)
Based on ASM2: MBR
modeling and soluble , ; 327 21 7.6 Pilot Plant MBR (Cosenza et al., 2013)
product approach, based
on (Jiang et al., 2008)
Based on (Murnleitner et
al., 1997; Smolders et al., 10.5 110 20 7-8.9 Bench scale SBR (Acevedo et al., 2014)

1994) models.
Continue...
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Model for N,O Production

during  denitrifying P 7.2° 240° 20-22 ~7 Bench scale SBR (Liu et al., 2015)
removal

Extended ASM2: Role of

EPS in Biological P 6-20 150-400 20 7.5 Bench scale SBR (Yang et al., 2017)
removal

[a] based on the work of Zeng et al., (2003)

[b] based on Wang et al., (2011)

(*): Processes carried out by PAO: two anaerobic processes (acetate uptake and anaerobic maintenance) and four aerobic processes (PHA
degradation, poly-P formation, glycogen accumulation and aerobic maintenance))

Some of the operational conditions in Table 2.3, are far from the operational conditions and composition
recommended initially by Henze et al., (1999). The existing models have significant differences among
the assumptions and kinetics involved. Therefore, the reactions of the metabolism can only represent
the reaction stoichiometry based on the assumed biochemical pathways. As consequence, the parameter
calibration for each model will result in very different kinetic values. Recent works are focused on
modelling N-O production in EBPR (Liu et al., 2015; Wisniewski et al., 2018). The production of N2O in
EBPR is mainly featured to accumulation of nitrite and as a consequence, a decreased consumption of
phosphate.

In this work, the evolution of ASM models is understood as the improvements and modifications made
to the initial ASM models developed by the IWA.

From the applications above, the literature survey shows that new biochemical pathways were
discovered which came along with the technology advances for a more detailed study of the bWWTP
occurring within. Figure 2.4 summarizes the evolution of ASM models for modeling C, N and P removal
from wastewater. Some of the most common commercial and free softwares for modeling ASM type
models are summarized in the section A.1 in the Appendix.
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2.2.4 Challenges

Over the years, several modifications to the initial ASM1, ASM2 and ASM3 were proposed with the aim
to overcome limitations identified in these models. From a biochemical perspective, these upgrades
range from one to two step N-DN, the integration of N>O kinetics and Anammox in ASM1 and ASM3, to
account for the kinetics of GAOs and denitrifying PAOs in EBPR, e.g. in ASM2 type models. However,
some limitations are still relevant when ASM-type models are applied.

The initial ASM-type models were developed to model a conventional activated sludge process. New
technologies such as MBR and MBBR, suggested the adaptation of the ASM models to these new
technologies, adding complexity to the modeling process. The literature has vastly addressed that there
exist large differences in the type the biomass and biokinetic processes in these different systems; due to
the stratification of the biomass. In MBR systems, not only the biokinetics are different, but the
mechanical processes involved; the filtration process, backwashing and fouling (Fenu et al., 2010;
Naessens et al., 2012a, 2012b). For MBR (as for other configurations), the characterization of the
biomass is crucial for building a realistic model when based on ASM type models (Cosenza et al., 2013;
Jiang et al., 2009). It has been demonstrated that the active heterotrophic biomass in the influent
wastewater that, although usually neglected in the conventional activated sludge modeling (initial ASM
models), needs to be better addressed when modeling MBRs. In fact, from a theoretical point of view,
longer sludge ages lead to decreases in the percentage of active biomass and thus, the higher the SRT,
the less negligible the new biomass entering the plant via the influent becomes. Other studies have also
addressed the necessity to add solubilization of inorganic solids entering the system when modeling
MBR with high SRT (Spérandio and Espinosa, 2008). Further studies have addressed the differences of
growth rate for MBR nitrifiers compared to those in conventional activated sludge systems, experiments
showed the inhibition of soluble microbial products on the nitrifiers in MBR systems (Jiang et al., 2009).
On the other hand, in biofilm systems, a key drawback of the implementation of ASM type models is the
oversimplification of the mass transfer. The literature has demonstrated that mass transfer mechanisms
are different to those proposed in the initial ASM type models. In specific, the oxygen diffusion is a
process that is usually oversimplified in the ASM models, leading to a misinterpretation of “optimal” DO
oxygen concentrations. Horn and Hempel, (1997) studied the mass transfer in an autotrophic biofilm,
the results from this study showed that the kinetics such as decay, cannot be considered the same along
the biofilm and the distribution of the liquid phase in the biofilm is not uniform. Other studies that have
addressed diffusional effects are Vangsgaard et al., (2012b) and Picioreanu et al., (2016). Picioreanu et
al., (2016) studied the effect of nitrifying biomass distribution on the oxygen affinity coefficient of NOB
and AOB. This process was studied in a 3D modelling approach which demonstrated the need of
accounting for the distribution of biomass along the geometry of the biofilm. Nopens et al., (2015)
suggest the need of the application of population balance models for integrating the effect of granule/floc
size distribution and the consumption of nutrients in activated sludge processes.

Along the evolution of the biochemical processes in ASM type models, a clear need for a new modeling
framework for each technology has emerged (Rieger et al., 2012). However, still today, several works
in the literature still ignore this fact (Hauduc et al., 2009). A general problem of ASM type models is
their difficulty to adjust a significant set of kinetic and stoichiometric parameters for a respective system.
The settings of the kinetic parameters should be characteristic to each biochemical process and
wastewaters (industrial or municipal). However, to achieve an accurate characteristic model, parallel
experiments are necessary to determine kinetic and stoichiometric parameters, which is time consuming
and expensive. Hauduc et al., (2013) developed a detailed study on the limitations of ASM type models
from a biochemical perspective, where more careful selection of the set of kinetic parameters and
selection of ASM modifications are recommended.
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2.3 Data-driven approaches in wastewater treatment

Data-driven methods in the field of bBWWTP have focused on three main applications:

i) forecast the effluent/influent composition of a process through regression models (aka.
supervised ML)

ii) process understanding and knowledge discovery i.e. looking deeper into the available
data to discover new information and valuable correlations within the data (unsupervised
ML).

iii) application of intelligent control systems in wastewater treatment facilities such as

adaptive neuro fuzzy interference systems (ANFIS).

The complexity of biological process involved in wastewater treatment together with the vast amount of
data generated while monitoring the process performance present an opportunity for the application of
data-driven methods in bBWWTP. A main advantage of data-driven methods over mechanistic models
based on the ASM approach is the high adaptability and accuracy when applied for prediction tasks of
highly complex processes. Still, the application of data-driven methods is somehow a mystery in the
water sector. The perception that the community has on methods based on ML, and in general the
application of these methods in wastewater treatment, shows that they are almost magical methods that
give very good results. Current studies that use these methods do not provide a detailed explanation of
the methodology behind obtaining these models and their limitations. Thus, data-driven approaches are
commonly referred to black-box (Hutson, 2018).

Several works indistinctively address artificial intelligence or Al, ML and data mining, although they are
different concepts and it is important to clarify the relation within these fields. Thus, these concepts are
briefly reviewed before the revision of the literature on the applications of data-driven methods in
wastewater treatment.

For humans, intelligence is one of our most important features to which the advances in several fields of
science and technology we have today can be featured. The field of Al attempts to understand and build
intelligent entities. This concept can be understood from two different approaches; reasoning (thinking
or acting rationally) and behavior (acting or thinking humanly). For Al to succeed, two elements are
necessary: intelligence and an artifact. The computer has been the artifact of choice in this field (Russell
et al., 2010). Al has numerous subfields that cover the approaches mentioned previously, an example:
robotics is a sub-field of Al which focusses on building machines that behave humanly or perform a
human task better than us. When we refer to machine learning or ML, this field comprises methods built
so when programmed in a computer, they are said to learn from experience with respect to some class of
task and the quality of the learning performance is evaluated by a performance measure. The computer
will be said to learn from experience, only if the performance measure improves (Mitchell, 1997). ML
draws ideas from different disciplines; Al, probability and statistics. ML is especially useful in data mining
problems, a field which deals with large databases which contain relations that can be discovered
automatically with ML. A simple example applied to PBWWTP is to develop a computer program to learn
general rules from data to identify rain events in WWTP. The three fields are related to each other, but
not the same.

ML provides methods for modeling and extracting knowledge from data. The terms supervised and
unsupervised refer to two branches of ML. In supervised ML, a model is provided with examples of data
for training. This past experience will be used to fit the model that relates the predictors (input
parameters) to the response (output parameters) (James et al., 2013). Afterwards this model can be
applied for further validation with new unseen data. The opposite occurs in unsupervised ML. There, no
data is provided to a model to learn, since the outcome is unknown in unsupervised ML, these methods
are applied for extraction and discovery of new and relevant knowledge from a dataset. Contrary to
supervised ML, the problem is not guided by a key variable to be modeled or classified into a category,
but rather to find patterns. However, before the application of any supervised or unsupervised method
to the data, several previous steps should be followed. These steps are briefly summarized in Figures 2.5
and 2.6, and will be thoroughly discussed and explained in Chapter 3. The main motivation behind the
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brief introduction and clarification of some concepts so far is to be able to identify the gaps in the
methodology in the further studies reviewed in the following section.
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2.3.1 Data-driven methods in wastewater treatment

In this section, the applications of data-driven methods based on ML in wastewater treatment processes
are outlined. Table 2.5 summarizes different studies that applied ML methods in different wastewater
treatment related processes.
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Table 2. 4 Studies that applied machine learning methods in prediction tasks in wastewater treatment processes and the methods used.

Applied ML studies to WWT Feature Selection (FS) ANN ANN+Other Other
Coté et al., (1995) ASM1 and ANN to improve the prediction of
the effluent
Lee and Park, (1999) ANN to predict PO4-P, NH4-N and
NOs-N in a WWTP
Zhao et al., (1999) ASM2 improve the prediction of the effluent
Lee et al., (2002) Prediction of error with ANN from ASM1:
species predicted COD, MLSS, Cyanide and
SS
El-Din and Smith, (2002) Influent of a WWTP is predicted
including rain events
Hamed et al., (2004) BOD and SS in the effluent of a
WWTP are predicted
Mjalli et al., (2007) BOD, COD and TSS are predicted
in the effluent of a WWTP
Hong et al., (2007) Forecast of PO4P, NH;-N and
NOs;-N in a SBR bench scale
reactor.
Pai et al., (2007) SS and COD were predicted from
a WWTP treating hospital
wastewaters.
Réaduly et al., (2007) COD, BODs,TSS and NH4;-N were
predicted in a WWTP
Dixon et al., (2007) VFA are predicted with ANN in
an Anaerobic digestion process
Akratos et al., (2008) PCA BOD removal in a constructed
wetland
Aguado et al., (2009) Online P concentration
prediction in a SBR and further
soft sensor application
Oehler et al., (2010) BRT BRT and ANN are applied for modeling
denitrification process effluent: NOs; NO,
and N,O
Elmolla et al., (2010) COD removal in a Fenton process
was predicted
Giiclii and Dursun, (2010) MLSS, SS and COD are predicted
in the effluent of a WWTP
Kashani and Shahhosseini, (2010) MPCA COD and VSS concentration in

the effluent of 14 SBR reactors
was predicted
Diirrenmatt and Gujer, (2012) PCA GLSR, ANN, RF, and SOMs were applied for
modelling two full scale bWWTP and
building of soft-sensors based on the
information of the models.
Abbasi et al., (2012) PLS Municipal solid waste
predicted with SVM
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Boniecki et al., (2012)

Kusiak et al., (2013b)

Kusiak et al., (2013a)

Verma et al., (2013)

Han and Qiao, (2013)

Prediction of NH, generated in
composting sewage sludge.

SVI is predicted in a WWTP
through EELM-HRBF-ANN

A pumping system in a WWTP is predicted
through MLP, CART, MARS, SVM, and RF.
Two parameters are input variables: Energy
consumption and flow rates after the
pumping system

Carbonaceous BOD in the influent of a
WWTP is predicted through different data
mining methods: MLP, CART, MARS and RF
TSS in the influent of a WWTP is predicted
through MLP, MARS, SVM , KNN and RF

Kusiak and Wei, (2014) BT Methane production in a WWTP is predicted
through ANN, ANFIS and SVM
Vega De Lille et al., (2015) NH, prediction based on pH online data and
ASM1 .in an Anammox SBR
Guo et al., (2015) TN prediction from a WWTP with ANN and
SVM
Bagheri et al., (2015) SVI is predicted to study sludge
bulking in WWTP
Zhang et al., (2016) System pump modeling with
ANN
Granata et al., (2017) BOD, COD, TSS and TDS in the
effluent of a WWTP are
predicted with SVM and CART
Xie et al., (2017) PCA ANN to predict NH4 from an
Anammox reactor
Asadi et al., (2017) BRT KNN, ANN, MARS and RF were applied for
the prediction of BOD, TSS and DO in a
WWTP for optimization of aeration.
Alejo et al., (2018) RF SVM and ANN were applied for the
prediction of the effluent of a two stage AD
process
Torregrossa et al., (2018) RF ANN and RF were applied for evaluating

Huang et al., (2009)

parameters in a WWTP that would have the
highest influence in the energy cost.

Partial least squares-SVM to
predict the effluent of a WWTP:
COD, BOD, TN, NH,,

ML: machine learning; WWT: wastewater treatment; ANN: artificial neural networks; SOM: Self Organizing maps; RF: Random Forest; PCA: Principal component analysis; MPCA: Multiway PCA; BRT:
Boosted Regression Trees; ANN: Artificial Neural Networks; SVM: Support Vector Machines; LS-SVM: Least Squared SVM;GLSR; Generalized linear squared regression; MARS: multivariate adaptive
regression spline; MLP: Multilayer perceptron; EELM-HRBF: extended extreme learning machine- hierarchical radial basis function.
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Most of the studies applied ANN for predictive tasks, the most common software or platform for
developing these models is the Matlab Neural Network Toolbox™. Most methods applied belong to
supervised ML, except for self-organizing maps and principal component analysis, which are
unsupervised learning methods. When compared to the methodology proposed in Figures 2.5 and 2.6,
few studies developed feature selection, which as it will be discussed in further chapters in this work, is
key to reduce the complexity of data-driven models and obtaining accurate results. Few of the studies
discussed focused on explaining pre-processing of the data and the quality of the data for analysis, which
is key to select an appropriate method and to evaluate the consistency of the results.

Table 2.5 summarizes some applications of ANN in wastewater treatment systems, focusing on the
prediction goal and the software used for analysis.

Table 2. 5 Use of artificial neural networks in modeling different wastewater treatment processes.

Purpose of study

System

Prediction with ANN

Software

Reference

Optimization of effluent prediction
by ASM1 model

Effluent prediction with the on-line
information.

Prediction of the effluent of an SBR
P removal system through a
simplified ASM2 model and ANN

Activated Sludge

SBR bench scale
reactor,
activated sludge
system.
SBR P removal
system

Error of VSS, SS

PO437, NO;;?, and
NH,* in the effluent.

Effluent COD, PO4-
and NO;~

Not mentioned

Matlab

Not mentioned

(Coté et al., 1995)

(Lee and Park, 1999)

(Zhao et al., 1999)

ASM1 model was combined with Full-scale coke ASM1 error of Matlab (Lee et al., 2002)
ANN to predict the effluent. plant prediction of pH,
wastewater COD, Qin, and
treatment by a cyanide
activated sludge concentration.
unit.
Predictions of inflow rate in a WWTP Influent flow rate NeuroShell 2 (El-Din and Smith,
WWTP 2002)
The effluent of a WWTP was WWTP Egypt BOD and Suspended Not mentioned (Hamed et al., 2004)
predicted. Solids in the effluent
Effluent prediction of a WWTP WWTP TSS, COD and BOD in  Matlab (Mjalli et al., 2007)
the effluent
Real-time estimation of PO, SBR bench scale PO,*>~, NO;~ and Matlab (Hong et al., 2007)
NO;~ and NH,* concentrationsina reactor, P and N NH,4" in the effluent.
SBR with online information. removal.
Effluent composition prediction. SBRin a hospital COD and Suspended Matlab (Pai et al., 2007)
WWTP solids in the effluent.
ASM3 and ANN were applied for WWTP Ammonium, BODs, Matlab (Raduly et al., 2007)
the prediction of a WWTP TSS, TKN, and COD
Prediction of the effluent of an Anaerobic VFA concentration in  Clementine (Dixon et al., 2007)
anaerobic digester digestion reactor  the digester
Constructed wetlands modeling. Constructed BOD StatSoft (Akratos et al., 2008)
wetlands Statica version
7

Prediction of P in the effluent for

SBR bench scale

P in the effluent

Not mentioned

(Aguado et al., 2009)

building a soft-sensor in a SBR for EPBR
reactor
Denitrification in soil was modeled.  Soil TN emissions from R (Oehler et al., 2010)
soil
Antibiotic degradation in aqueous FENTON process COD removal Matlab (Elmolla et al., 2010)
solution by the FENTON process
modeled
Effluent prediction of a WWTP WWTP COD, SS, MLSS Matlab (Giiglii and Dursun,
2010)
SBR reactor effluent was modeled  Bench scale SBR  COD and VSS Matlab (Kashani and
reactor Shahhosseini, 2010)
Modeling ammonia emissions in Composting Ammonia Statistica v.7.1  (Boniecki et al,
composting sewage sludge sewage sludge 2012)
process
Prediction and optimization of WWTP Methane production Not mentioned (Kusiak and Wei,
methane production. 2012)
Carbonaceous biochemical oxygen ~WWTP CBOD GESCONDA (Kusiak et al., 2013a)

demand (CBOD) in the influent is
predicted since is a parameter not
frequently measured.
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Continue...

A pumping system in a WWTP was WWTP Energy consumption Not mentioned (Kusiak et al., 2013b)
modeled following and wastewater flow

TSS in the effluent of a WWTP is WWTP TSS in the effluent Not mentioned (Verma et al., 2013)
predicted due to infrequent

measurements

In order to quantify sludge bulking, =WWTP SVI and BOD Not mentioned (Han and Qiao,
Sludge Volume Index (SVI) and 2013)

BOD of wastewater treatment
process is predicted

Methane production predictionina WWTP, Methane production Matlab (Kusiak and Wei,
WWTP anaerobic 2014)

digester
Ammonium concentration in a SBR  Anammox Ammonium in the Matlab (Vega De Lille et al.,
reactor using pH online reactor effluent 2015)
measurements was performed.
TN in the effluent of a WWTP was WWTP Total Nitrogen Matlab (Guo et al., 2015)
predicted effluent
Prediction of SVI through ANN and WWTP SVI Matlab (Bagheri et al., 2015)

GA is done. GA was used in order

to optimize the weights and

thresholds of the ANN

Least squares support vector Different CO, emissions Matlab (Sun and Liu, 2016)
machines and ANN are applied to industries

predict different types of carbon emissions

dioxide emissions and from which

industry come from.

Improving the performance of Wastewater Pumped wastewater Not mentioned (Zhang et al., 2016)
wastewater pumping systems pumping flowrate and energy

systems consumption
Prediction of ammonia in the Bench scale Ammonia in the Notmentioned (Xie etal., 2017)
effluent of an Anammox reactor Anammox effluent

reactor
Optimization of the aeration Aeration system Blower energy Not mentioned (Asadiet al., 2017)
system (blowers) in a large scale in a WWTP consumption
WWTP
Prediction of a two stage anaerobic  Bench scale Ammonia production WEKA and R (Alejo et al., 2018)
digestion process anaerobic in the effluent

digestion system
Generate high-performing energy =~ WWTP Energy cost Not mentioned (Torregrossa et al.,
cost models for WWTP, using a information of 2018)

database of 317 WWTP located in  consumption
north-west Europe.

The highly accurate results obtained with ANN in comparison to other statistical methods, made ANN
an attractive tool for predicting tasks in wastewater treatment. Asadi et al., (2017), Kusiak et al., (2013a,
2013b), Kusiak and Wei, (2014, 2012), Verma et al., (2013) and Zhang et al., (2016) applied different
supervised ML methods for aeration optimization, carbonaceous biochemical oxygen demand in the
influent, pumps energy consumption and water inflow, methane production in both studies total
suspended solids and pump energy consumption and flow rate, respectively. In all these studies, different
supervised statistical learning and ML methods were tested where in most of them, ANN delivered the
highest performance, achieving squared correlation coefficients higher than 0.9 (R?>0.9). These studies
did not clearly justify the application of these methods. Was it based on the nature of data-generation
process? Was it based on the (close to) normal distribution of its parameters? Since the calibration of
the parameters and selection of the training datasets were not properly described, it is not possible to
know whether the ANN was overfitting. No clear description on which tuning (adjustment of
hyperparameters in the ANN model) methods were applied when obtaining the models.

Interesting results can be found in the literature on the application of other supervised ML models such
as: random forest, support vector machines, boosted tree regression, generalized least squares
regression, least squares support vector machines, multivariate adaptive regression spline, among others
(Abbasi et al., 2012; Alejo et al., 2018; Diirrenmatt and Gujer, 2012; Granata et al., 2017; Guo et al.,
2015; Sun and Liu, 2016). Abbasi et al., (2012), Guo et al., (2015) and Alejo et al., (2018) applied
support vector machines for the accurate (R*>0.9) prediction of municipal waste generation, ammonia
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concentration in the effluent of an anaerobic digestion system and the total nitrogen concentration in
the effluent of a WWTP, respectively. Diirrenmatt and Gujer, (2012) applied generalized least squares
regression, self-organizing maps ANN and random forest to predict COD and ammonia in a WWTP and
gained knowledge from the data analysis in the system. Granata et al., (2017) applied regression trees
and support vector machines for predicting TSS, COD and BODs in storm water. Support vector
regression showed a better performance than regression trees.

Some applications that combined deterministic models (ASM type models) and ML methods were also
developed (Coté et al., 1995; Lee et al., 2002; Vega De Lille et al., 2015; Zhao et al., 1999). Coté et al.,
(1995) improved the accuracy of the ASM1 by predicting the remaining errors of the optimized
mechanistic model, 5 variables were considerably improved; VSS, COD, NH4, DO and returned activated
sludge (RAS). Lee et al., (2002) applied four different strategies for modeling a coke-plant WWTP; only
ANN, ASM1 in parallel and in series with ANN and only ASM1. The results showed that the parallel
hybrid modeling approach achieved much more accurate predictions with good extrapolation properties
as compared to the other modeling approaches even in the case of process upset caused by shock loading
of toxic compounds. The accuracy increased from around R>=0.7 using only ASM1 to R>=0.95 using the
hybrid model for MLVSS, COD and cyanide concentrations. In a similar approach, Zhao et al., (1999)
proposed a simplified ASM2 and applied ANN for improving the accuracy in the prediction of the PO4*~
and NOs;~ Vega De Lille et al., (2015) first applied ANN in an Anammox SBR to predict the ammonium
concentration in the effluent of the reactor using online pH measurements. The lab data was used to
calibrate the ASM type model of the system instead of feeding it to the ANN. By doing this, the amount
of data for ANN increased. Once the ASM was successfully calibrated, the simulation results regarding
the ammonium concentration were used as the target data for training the ANN. The previous action
improved the learning capacity of the networks by considerably increasing the amount of data in
comparison with the available experimental measurements, and the accuracy in the prediction of
ammonia increased to 0.99 (R?).

Although data-driven methods have been applied in a variety of bWWTP with highly accurate results,
the main concern that remains is the lack of detail in the methodology when the results are reported.
Steps such as data pre-processing, data normalization, amount of data considered for analysis are often
missing. The main application of these methods in literature has focused on software tools for developing
these models without explicit information on data pre-processing. The relevance of these preparatory
steps is key in order to develop highly accurate and characteristic models, and more important, to
comprehend the limitations of the models proposed (Blum and Langley, 1997; Kohavi and John, 1997).
Clearly, the motivation behind the application of data-driven methods and their popularity in bBWWTP
is its highly adaptable nature and (usually) computationally faster than other methods, such as ASM. By
adaptability, we understand that they can handle the dynamic behavior and complexity of the process
well when enough data is provided for training.

2.3.2 Challenges

Although the extent to which ML methods have been applied in different bBWWTP is wide, important
issues and limitations have been identified and are listed below.

e Most of the studies previously reviewed which applied ML methods for modeling bBWWTP have
the main disadvantage that several steps prior to building the predictive models are not
sufficiently explained. The latter leads to a misinterpretation of results and wrong conclusions
from the system operation. For proper data analysis, it is fundamental to know the data and
carefully pre-process it, since both the amount of data and the pre-processing steps performed
are key to extracting relevant information from a system.

e The nature of the data used for analysis is mostly not described in detail. In wastewater treatment
processes, heterogeneous datasets are generated: online, off-line and Boolean type parameters.
However, the detail on the nature of the data sources, the amount and the quality for analysis,
is still missing in the literature.
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e Most of the studies in the literature that built predictive models based on supervised ML methods
(most of the applications), applied input parameters similar (if not the same) as for ASM type
models. Contrary to ASM models, data-driven methods aim to cover most of the data available
so new information from the process can be discovered. The great variety of parameters
monitored in wastewater treatment can bring relevant information to data-driven models and to
data analysis. Parameters such as oxidation reduction potential (ORP), conductivity, acid
capacity, turbidity, among others, that could be applied for building more robust models, mostly
been overlooked so far.

e The diversity of data sources in wastewater treatment is clear. However, a combination of these
data sources for extraction of knowledge is not yet studied. For example; the combination of
batch experiment data or online and lab data to study process performance and operation has
not been investigated so far.

2.4 Outlook and chapter conclusions

A survey through highly cited and recent novel research papers demonstrated that mathematical
modeling and ML approaches are important tools for the study, performance, optimization and design
and prediction of biological wastewater treatment processes under different operational conditions and
configurations. In this work, carbon oxidation and biological nitrogen and phosphorus removal are
studied and reviewed from a modeling perspective. The application of mathematical models has started
in the beginning of the 1980’s, and ever since, the increase of the publications and their use (citations)
has increased rapidly over the years.

Initially, N-DN was modeled by ASM1, where 8 biochemical reactions were described, afterwards, an
improvement to this model came along with the ASM3 with the main difference of considering
endogenous respiration. During the last decade, interest has been directed towards modeling of N.O
emissions and some important modifications to the models, considering more of the intermediate steps
in denitrification in ASMN and ASM-ICE. With the discovery of Anammox, the need to incorporate these
processes into the ASM1 and ASM3 arose. Different applications were developed, mainly to better
understand the dynamics of the bacterial groups and substrates in Anammox based systems for
developing efficient operation strategies. As for the models that include the removal of phosphorus, the
models evolved in the direction of the inclusion of different processes and compounds, such as
denitrifying PAOs, GAOs, and competition between PAOs and GAOS. Nowadays, the production of N.O
by denitrifying PAOs is studied. On the other hand, different works that used data-driven methods in
modeling bBWWTP have applied these methods mainly to predict the influent and effluent of these
systems. However, the methodology, background, nature of data sources and limitations of the models
are poorly described in most of the studies. The main software for data-driven methods implementation
is the Neural Networks toolbox in Matlab and few to none of the limitations of the approaches are
addressed. One of the main goals of this work were to overcome the limitations mentioned in the
previous section, for which Chapter 3 shows a detailed study of the steps towards the application of data-
driven processes focused on wastewater treatment. Due the increasing interest of the wastewater
treatment community in the application of these methods, a benchmark for the application of these
models is necessary.
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3 Data-driven methods in wastewater treatment

3.1 Introduction

The current trend towards the use of computer-controlled equipment and more sophisticated
instrumentation comes along with large amounts of information generated and recorded commonly in
SCADA systems. SCADA platforms are used to monitor and manage a plant or equipment in different
industry sectors like telecommunications, water and waste control, energy, transportation, among
others, and play an important role in computer based control systems (Dieu, 2001). In wastewater
treatment, plant automation came along with the birth of mass production of programmable logic
controllers or PLC and of instrumentation control and automation technology (ICA.). Both were
important to improve operation for water and wastewater systems and to satisfy both quality of the
effluent and efficiency of the operation (Ecob et al., 1995; Olsson, 2012). Both, SCADA systems and ICA
are vital nowadays for any WWTP operation; PLC’s and remote technical units (RTU’s) interpret
information from connected sensors and transmit it to the SCADA master. In turn, the PLC and RTU
receives control commands in protocol format from the SCADA master, and forward these commands to
the appropriate control devices (Ecob et al., 1995). This allows the SCADA master to control specific
operational processes all through the network from a single location. Another key development involves
the computing and storage capacity, that allows the storage of the large amount of information generated
in a WWTP. The vast amount of information generated and recorded in SCADA systems from WWTP
involves complex and heterogeneous data sources; on-line from sensors, on/off control data and off-line
from laboratories. These large databases generated allow operators and engineers to monitor individual
equipment and process performance as well as the water quality to comply with environmental
regulations. However, further extraction of knowledge from these databases is challenging without the
aid of advanced statistical tools and most importantly, the methodology followed to properly apply these
methods.

This chapter aims at covering different topics related to data-driven methods and their application to
bWWTP datasets.

3.2 Data acquisition and management in wastewater treatment
3.2.1 Description data and sources for its generation

Generation of data in wastewater treatment arose from the need of monitoring and controlling the
quality of water and removal of pollutants in bWWTP to meet with the environmental regulations (Hreiz
et al., 2015; Rieger et al., 2010). In bBWWTP from different scales (lab, pilot or full-scale), large amounts
of data are generated daily. As briefly described in the previous sections (see Section 2.3 and 3.1), these
databases can be classified into; online from sensors and analyzers, on/off online data from controllers
(on/off equipment data), and off-line data from laboratory measurements. The measurement interval of
online sensor data ranges from seconds to hours, while on/off control data provides Boolean values,
which produce non-linear effects on models. Finally, parameters measured in laboratories (off-line data)
such as; organic carbon (COD), phosphorus species (PO4-P), ammonium (NH4-N), among others, are
often measured few times a week or month to monitor the water quality and validate sensor information
(if available). Figure 3.1 illustrates examples of the different data sources; online from sensors, on/off
data from controllers and laboratory data.

Figure 3.1 clearly shows the significant differences between the data sources. Data is the core for data-
driven methods. The amount and quality of the data will have a significant impact on the results of data-
driven methods and at the same time, the applicability of these methods will be subject to both the
amount and quality of data (James et al., 2013). Therefore, the understanding and characteristics of
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knowledge of the process (process engineers, plant operators). The nature of bBWWTP processes is
dynamic due to its biological components and the variability of the influent wastewater composition. As
a result, the data is equally complex and dynamic. A good practice for detecting noise in bWWTP is
studying the dispersion, i.e. the degree to which numerical data tend to spread, or variance of the data.
The most common measures of data dispersion are range, the five-number summary (based on
quartiles), the interquartile range, and the standard deviation. Boxplots can be built based on the five-
number summary and are a useful tool for identifying outliers. However, the removal of noise will highly
depend on the expert knowledge for verification. In this work, the anomalies/outliers/noise were
detected through clustering techniques and the described methods above. The noise was only removed
when verified by expert knowledge.

3.2.4 Missing data and multiple imputation

Even in well-designed experiments, missing data occur in almost all research. Missing data often restrict
the inference power, producing biased estimates and leading to invalid conclusions. Most statistical
methods require a complete dataset to be able to make inferences and extract knowledge from it.
Unfortunately, the ubiquity of missing data limit this analysis. However, there are some tools and
concepts that must be considered and are helpful when dealing with missing data. The concepts and
rationale behind missing data were first introduced by Rubin, (1976) who has spawned great amount of
statistical literature on this topic up to date and its implications in different fields of research. However,
these concepts have been overlooked in the context of data analysis in bBWWTP which will be focus of
study in this section and reappear in different chapters of this work.

i Rationale behind missing data

All datasets consist of a series of variables or features which provide information on a series of items or
observations that can be numerical or categorical (characters) (Carpenter and Kenward, 2012). To
explain the nature of missing data or missing values further, the structure of a dataset is described.
Figure 3.3 shows an example of a small m-dimensional dataset (m features) and a set of m dimensional
data-points. Each m-dimensional data-point in the dataset is a tuple (t-j) i.e. a finite ordered list or
sequence of elements. In Figure 3.3., the dataset consists of n-tuples, each tuple has m dimensions (equal
to the number of m features). In bBWWTP, the initial row commonly describes the variables or features
names in a dataset, in our example; Var 1, Var 2, Var i,...,Var m, followed by the m dimensional data-
points or tuples in the rows below.
m dimensional dataset

Varl | Var2 | Vari-1 | Vari |Vari+l | Varm 3
t-1 75.9 226 7.02 0.599 234 N
-2 239.4 8.17 0.606 248 §
t3 218 78 0.338 250 3
g
252.6 7.15 0.103 260 §
. 5
tj 83.1 65.2 241.2 10.2 0.39 252 *@
t+1 235.8 10.3 0.121 246 §-
tn 244 9.51 0.091 254 (23

Figure 3. 3 Example of a common dataset structure in bWWTP. Missing values are represented as grey and hatched cells.
This dataset is composed by m variables (Var m) and n tuples (t-n).

Figure 3.3 clearly illustrates an incomplete dataset i.e. incomplete tuples or missing values. Missing data
(or missing values) is defined as the data values that are not stored but planned (missing observations).
In our example, each tuple was intended to be complete (the side rows contain values), however, for
different reasons, these values are missing. The rationale behind the missing data is wide and varies
from field to field, however, listed below are few common reasons of missing values in bBWWTP (there
are definitely more):
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- Irregular sampling, a variable is occasionally recorded for validation/monitoring purposes; twice
a week to few times a month. Therefore, in a dataset containing daily values, most days will be
empty.

- The data values are under or over the detection limit of the equipment or sensor, as a result the
values are not recorded.

- Variables that are measured only over a period of time, result in missing values.

- Typographical errors when saving data (mainly from laboratories), characters such as: #, &, /,
$, -, etc.

The problem of missing data is relatively common in almost all research fields and can have a significant
effect on the conclusions that can be drawn from the data analysis. There are two main problems that
rise from missing data; loss of efficiency and bias. Loss of efficiency is inevitable since it is impossible to
infer from a missing value (unknown measurement) and bias, since the subset of complete tuples may
not be characteristic of the whole dataset of study. In Figure 3.3 only one tuple is complete, and it would
be impossible to infer from only one data point and extend this knowledge to the complete dataset. The
extent of such bias depends on the statistical behavior of the missing data. Missing data can be
statistically classified into three categories; missing completely at random, missing at random and
missing not at random. A detailed description of these types of missing data is in the section A2 in the
Appendix.

ii Imputation and multiple imputation

Obtaining a complete dataset is often challenging, especially in the field of PBWWTP. Due to the reasons
previously explained, it is inevitable avoiding to deal with missing data or incomplete datasets. There
are two methods for dealing with missing data; removing the tuples with missing data or filling in the
missing values (i.e. imputation). Eliminating tuples with missing data is a common practice and likely
encountered in data-analysis software tools such as Matlab, R, or Python. Deleting missing values
requires the MCAR mechanism and will produce biased parameter estimates when this assumption does
not hold. Even if the MCAR assumption is plausible, eliminating data is wasteful and can dramatically
reduce the inference power. Consequently, this practice is not recommended unless the proportion of
missing data is trivially small. Moreover, in a report from the Task Force on Statistical Inference echoed
this sentiment, stating that “the two popular methods for dealing with missing data that are found in basic
statistical packages, list wise and pairwise deletion of missing values, are among the worst methods available
for practical applications” (Wilkinson and Task Force on Statistical Inference, 1999).

It is evident that the primary benefit of list wise deletion (complete deletion of tuples with missing
values) is convenient. Restricting the analysis to the complete cases eliminates the need for specialized
software and complex missing data handling techniques.

Statistical methods whose main purpose is dealing with missing values is called imputation. There are
two general methods for imputation; single and multiple imputation. Single imputation generates a
single replacement value for each missing data point. Multiple imputation (MI) on the other hand,
imputes missing values with plausible estimates of the missing values for multivariate datasets.

The most common single imputation method is the arithmetic mean imputation or mean substitution,
the method suggests the replacement of the missing values with the arithmetic mean of the observed
values of the variable of study, i.e. Var, o (See Appendix, A2). However, the arithmetic mean imputation
considerable distorts the resulting analysis even when the missing data follows the MCAR mechanism.
The main drawback of arithmetic mean imputation is its attenuation effect on covariance and
correlations between variables in a dataset, since the imputed data will not follow the correlation of the
observed data between two parameters, this has a greater effect when there are associations between
two variables.

MI on the other hand, was designed to take the errors of the estimation process of Expectation
Maximization (EM) algorithms also used for imputation (Carpenter and Kenward, 2012). The
advantages are that MI is a less biased imputation method, at the cost of being computationally more
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expensive. MI is a Monte Carlo approach in which multiple values are generated from the observed data
in a way that the incomplete data is filled by repeatedly solving the observed data, the methods to
complete or fill the empty values can go from; linear regression methods to decision trees and random
forests (Buuren and Groothuis-Oudshoorn, 2011). The main difference with EM is that MI performs
several imputations that yield several complete datasets. This repeated imputation can be done thanks
to the use of Markov Chain Monte Carlo methods, as the several imputations are obtained by introducing
a random component, usually from a standard normal distribution. In a more advanced fashion, MI also
considers that the parameter estimates are in fact sample estimates. Thus, the parameters are not directly
estimated from the available data but, as the process continues, they are drawn from their Bayesian
posterior distributions given the data at hand.

3.2.5 Data scaling

Data scaling is one of the most important steps in the pre-processing of data before the application of
data-driven methods. Once imputation is performed, the dataset is complete and ready to analyze it with
data-driven methods. However, scaling is crucial for some methods in ML. The scaling process allows
the transformation of features from different domains to a domain where they are distributed over the
same range and order of magnitude. In bBWWTP, the monitored parameters are usually characterized
with marked skewness or kurtosis. Therefore, it is recommended to transform or scale them for a close
normal distribution. The basic idea behind scaling these parameters, is that the expected mean value
between each variable should be one (Salama et al., 2010). There are different scaling techniques, most
of them are related to the application of the statistical mean and standard deviation of the variables, i.e.
subtract the mean from each value, and divide the result by the standard deviation. This process is called
standardizing a statistical variable and results in a set of values whose mean is zero and standard
deviation is one (Witten et al., 2011). Other scaling methods involve adjusting the variables in the range
between 0 and 1, these can be unit range (normalize by the maximum value of each variable) and unit
variance (zero mean and unit variance) (Aksoy and Haralick, 2001). It is important to notice that
normalization is commonly used interchangeably with standardization. Although, both concepts involve
the transformation of data scale, the definitions of both are different. Normalization is the process of
rescaling features in the range of 0 to 1 (being O the lowest and 1 the highest value). Standardization
refers to rescale data to have a mean of 0 and a standard deviation of 1(unit variance).

The datasets studied in this work were standardized, the mean and standard deviation were applied. Eq.
3.1 describes the formula applied for this scaling technique. Given a certain dataset
{Var,,Var,,Var;,...,Var,,} wherei = 1,2, ..., m. For a certain variable Var;, the standardization of each
observation in Var; is defined as follows,

_Varg; -y

Var; oo = Equation 3. 1

O

where y; and o; are the statistical mean and standard deviation of Var;, respectively. The importance of
scaling relies on two reasons: i) most data-driven methods from both supervised and unsupervised ML
are sensitive to raw datasets without scaling ii) to avoid the domination of one feature over others,
usually caused by differences in orders of magnitude among the feature in a dataset.

3.3 Data-driven methods based on machine learning

Statistics provide us tools to build, or more accurately, to find associations between variables in a dataset.
These associations are conquered by means of models. For example, given variables; X = {xy,... ,x,}
and Y = {y,, ..., yn}, where n is positive and finite. It is possible to find a correspondence between X and
Y, X > Y. X is called the input, independent variable or feature and Y is the output or dependent
variable. There exists some association between X and Y,
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Y=fX)+e€ Equation 3. 2

Where f is some unknown function of X and e is an error not associated to X. f represents the systematic
information that X provides about Y. The relation between X and Y drawn from f is relevant for two
reasons; prediction and inference. Prediction is when knowing the exact form of f is less relevant than
knowing the value of Y. In this case, f can be treated as black-box because the exact form of f is not
relevant, but rather obtaining accurate values of Y. On the contrary, when the form of f is relevant; our
interest is to understand how Y changes with X, we are interested in the inference. ML refers to the set
of methods that allows the estimation of f and inferring from f, the field of ML is often considered as
the evolution of statistical methods (like linear regression) to more complex methods; regression trees,
ANN, among others. ML methods require two components, a machine and the ability to learn. The
machine chosen by excellence is the computer, it allows to build computer learning programs (ML
algorithms.). But how does a computer program learn? Mitchell, (1997) refers to a computer program
that learns when this program is able to learn from experience with respect to some task, this is, the
performance of learning from the task improves with the experience. However, how this computer
learning program differentiates with a regular computer program? Figure 3.4 aims at illustrating this
difference; Figure 3.4a is a regular computer program and Figure 3.4b is a learning program.
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Figure 3. 4 Difference between a regular (a) and a learning (b) computer program

A simple example is a regression problem. In bBWWTP, it is often desired to automatically predict the
effluent composition of a particular process (like an activated sludge system). ASM models are complex
and require time and often a measuring campaign to be able to build and validate an accurate model to
predict the effluent of the activated sludge system. Given the conditions where building an ASM model
is not feasible, an alternative approach would involve creating a computer program based on rules on
expert knowledge (Figure 3.4 a). The problem is not trivial, the computer program would be composed
by an extensive amount of if-then rules to predict the effluent of the activated sludge process and
probably will be less accurate than an ASM model. Another alternative is to build a computer learning
program, a program that is able to i) use data of the WWTP and ii) based on a performance measure
(for example, root mean squared error) is able to improve the prediction of the effluent when more data
is provided for training (Figure 3.4b). As a result, the program improves its prediction of the effluent
when more historical data is fed; it allows to adjust the program parameters, re-compute the measure of
performance and repeat iteratively until a threshold is met (minimum error between the predicted and
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experimental value). When a program is built under these conditions, we refer to this program as ML
algorithm.

ML methods can be classified based on the amount of whether they require training data or not.
Following this criteria, ML can be classified in four categories; supervised, unsupervised, semi-supervised
and reinforcement learning. The example above is part of supervised ML. In this work, methods from
supervised and unsupervised ML to analyze data from different bBWWTP to find patterns and accurately
predict the effluent of highly dynamic and complex processes were applied.

3.4 Supervised machine learning

The applications in which the training data comprises samples involving pairs of input data and target
are known as supervised learning problems (Bishop, 2006). There are two (main) types of supervised
learning problems: classification (categorical features) and regression (numerical features).
Classification involves qualitative prediction, predicting a class label; colors, species, weather (rainy,
sunny). In bBWWTP, categorical features are less common than numerical features. Regression involves
quantitative prediction, the literature on the applications of ML in bWWTP has mainly focused on
regression and the development of predictive models to forecast the effluent of different processes in
different scales (Chapter 2). In both classification and regression problems, more than one input and
output variable can be obtained.

A set of steps to obtain an accurate regression model is independent of the method applied; regression
trees, logistic regression, neural networks, etc. Figure 3.5 summarizes these steps.
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Figure 3. 5 Steps for building a supervised machine learning model

The pre-processing and data scaling are explained in detail in section 3.2. Data partition refers to the
selection of an adequate training dataset. Feature selection is discussed in detail in Section 3.6. When
building a supervised ML model, many models are usually evaluated and the one with the best
performance in the validation set is selected. In this work, different supervised ML methods were applied
for prediction purposes. Table 3.1 summarizes which methods from supervised ML were used along this
work.
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Table 3. 1 Distribution of supervised machine learning methods applied in this work.

Study

Method

Purpose

Nitrite  accumulation in
winter seasons in a WWTP
(Chapter 4)

Effluent prediction of full-
scale SBR systems (Chapter
5)

Extraction of  relevant
parameters in PN-A systems
(Chapter 6)
Advanced wastewater
treatment, modeling
extreme low levels of
phosphorus (Chapter 7)

Random forest

Deep neural networks,
support vector machines
and ensemble learning

Random forest and recursive
feature elimination

Ensemble learning based on
support vector machines
and convolutional neural
networks

nitrite
winter

Prediction of
accumulation in
seasons

Develop predictive models
with  feature  selection
optimization

Combination of
heterogeneous datasets to
extract relevant information
from lab and full-scale PN-A
systems

Prediction of extremely low
levels of phosphorus

The nature of the data analyzed in bBWWTP is highly dynamic due to the; variability in the influent
composition and complexity of the biochemical reactions occurring within the processes. Thus, the
criteria on the selection of the methods from supervised ML to model these systems was based on their
adaptability to dynamic data, their ability to handle high non-linearity and perform appropriately with
limited data for training. The methods described in this section meet these requirements and were used
in this work to model different bWWTP.

3.4.1 Data partition; training and validation datasets

To build a supervised ML model it is necessary to provide a certain amount of examples for the model
to learn. After selection of the most relevant features, the next step towards building a supervised ML
model is data partitioning into training and validation datasets. The training dataset is comprised of the
examples or past experience for the model to learn (to adjust parameters in the model). Once a threshold
is met, the model will be evaluated with unseen data i.e. the validation dataset. The partitioning of data
can be arbitrary, however, it is recommended that when the amount of data is considerable (thousands
of observations), then it is common to hold out one-third of the data for validation and use the remaining
two-thirds for training (Witten et al., 2011). A good practice to select the training and validation datasets
is k-fold cross-validation (Fushiki, 2011). The k-fold cross-validation is a resampling procedure used to
partition the datasets. The procedure has a k parameter, that refers to the groups that the datasets will
be split into. Therefore, the procedure is called k-fold cross-validation. A k value of 5 or 10 is
recommended, these values are found through experimentation to generally result in a model skill
estimate with low bias and modest variance (Witten et al., 2011). In this work, k-fold cross validation is
used for the selection of the training and validation datasets.

3.4.2 Support vector machines and nii support vector machines

Support Vector Machines (SVM) are discriminative classifiers formally defined by a separating
hyperplane. In this work, SVM were applied for prediction purposes in Chapters 5 and 7. Given labeled
training data, the method computes an optimal hyperplane (the model) which categorizes (or predicts)
new examples (Cortes and Vapnik, 1995). An SVM model is a representation of the examples as points
in space, mapped via a non-linear kernel function so that the examples of the separate categories are
divided by a clear gap that is as wide as possible. Typical kernel functions include linear, polynomial,
spline, and radial basis. SVM can also be applied to regression problems, then are referred as support
vector regression or SVR. Let x to denote the input vector of the SVM and z to denote the feature space
vector which is related to x by a transformation, z = ¢(x). Let the training set {x;, y;}, consist of m data
points where x; is the i*" input pattern and y; is the corresponding target value, y; € R. The function
f(x) is represented using a linear function in the feature space,
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