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UNCERTAINITY ANALYSIS IN
THE MEASUREMENT OF NITRIFICATION KINETICS IN
URBAN WASTEWATER TREATMENT PLANTS IN TURKIYE

SUMMARY

In this study, relation between the maximum growth rate of nitrifiers and the initial
amount of active biomass placed at the beginning of the nitrification experiment was
investigated by using parameter estimation and uncertainity analysis for four different
wastewater treatment plants, taking into account local conditions. By focusing on these
parameters, critical importance of the effects of initial conditions on the nitfication
experiment is investigated.

To designing and optimising the performance of wastewater treatment plants,
nitrification kinetics play a decisive role. Nitrification directly affects aerobic sludge
age, which is one of the most important parameters to obtain volume calculations.
Understanding of nitrification kinetics will enable predict and control the rates of these
biochemical transformations with greater sensitivity and, in turn, increase the
effectiveness of future nitrogen removal processes. Nitrification is important for the
alleviation of aquatic eutrophication and the minimization of the toxic ammonia
concentration to meet the ever-increasing stringent environmental discharge
regulations. In addition, it has significant impacts on designed advanced treatment
technologies and sustainable practices along the pathways to ensure minimal
anthropogenic impact on the natural ecosystems.

Four different advanced biological wastewater treatment plants across the Marmara
Region of Turkiye are taken into account to highlight the importance of the local
conditions. From these plants daily samples were taken and nitrification experiment
was carried on, and with the results of the experiments and the data generated by the
model are used in this study.

Some assumptions such as assuming the respiration and growth as constant are made
in order to reduce the complexity of the initial conditions and to improve practical
identifiability and lesser uncertainity between the focused parameters.

The nitrification experiment results of the plants, that were modeled using Microsoft
Excel program, used and with the help of sum of squared method, parameter
estimations are performed, and the effect of the initial conditions of the experiment,
and uncertainties are investigated.

According to the results, approximate confidence intervals were visualized as contour
plots based on critical values calculated at a 95% confidence level for each plant. The
effects of local conditions on nitrification kinetics experiments were discussed based
on observed similar trends in approximate confidence intervals.

Nitrifiers growth rates in Turkiye found to be lower than that of standard values, and
errors in maximum growth rate of nitrifiers are calculated to be in the order of 5-10%,
which is acceptable according to the general design margins which is typically range
between 20% to 25%. Also, for the practical applications overdesign is very general
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approach for construction of wastewater treathment plant design and oftenly varies
between 10-30%. Thus, the importance of factors that may arise from the initial
conditions of the experiment was emphasized, and the most suitable experimental
conditions were examined.

In many studies, the significance test of the data can be overlooked; however, this
study focuses on the uncertainty analysis between the maximum growth rate of
nitrifiers and the initial active biomass placed at the beginning of the experiment.
Meanwhile, it is important to acknowledge that this study may be one of the first
investigations to explore this specific subject.
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TURKIYE’DE KENTSEL ATIKSU ARITMA TESISLERINDE
NITRiIFIKASYON KiNETiGi OLCUMUNDE
BELIRSIZLIK ANALIZI

OZET

Bu ¢alismada, nitrifikasyon deneyinin baglangicinda yerlestirilen aktif biyokiitlenin
baslangi¢ miktar1 (Xa) ile nitrifiyerlerin maksimum biiyiime hiz1 (i) arasindaki iliski,
yerel kosullar dikkate alinarak dort farkli atik su aritma tesisi i¢in parametre tahmini
ve belirsizlik analizi kullanilarak arastirilmistir. Bu parametrelere odaklanarak,
baslangic kosullarinin nitrifikasyon deneyine olan etkilerinin kritik 6nemi
incelenmistir. Genelde gozardi edilen verilerin giiven testi bu calismanin temelini
olusturmaktadir ve nitrifikasyon deneyinin baslangi¢ kosullarmnin  6nemi
vurgulanmaktadir. Bu yoniyle tez ¢alismasi, ilgli alanda gergeklestirilen ilk
arastirmalardan biri olma 6zelligini tasimaktadir.

Nitrifikasyon deneyinin baslangicinda beslenen aktif biyokiitlenin baslangi¢c miktari,
nitrifikasyon kinetigini ve  dolayisiyla atiksu aritma siireglerinin verimliligi
etkilemektedir. Baslangi¢ biyokiitle miktarinin yeterli olmasi, nitrifiyerlerin hizli bir
sekilde biiylimesini ve amonyagi nitrata oksitleyen enzimatik aktivitelerin daha
optimum diizeyde gerceklesmesine yardimcit olur. Bu durum, biyokimyasal
reaksiyonlarin kinetigini etkileyerek, siirecin verimli bir sekilde ilerlemesini miimkiin
kilar. Baslangicta yerlestirilen biyokiitlenin miktari, ayn1 zamanda mikroorganizma
poplilasyonunun ¢esitliligini ve yogunlugunu da belirler. Dolayisiyla, baslangic
biyokiitle miktarinin optimize edilmesi, sure¢ ici belirsizliklerin ve potansiyel
operasyonel aksakliklarin minimize edilmesine yardimc1 olur.

Nitrifiyerlerin  maksimum biiylime hizi, nitrifiyerlerin optimum kosullarda
ulagabilecegi en yiliksek ¢ogalma hizin1 ifade eder ve bu hiz, nitrifikasyon
kinetiklerinin temel dinamiklerinden biridir. Bu parametre, sistemin amonyagi ne
kadar hizli isleyebilecegini, dolayisiyla aritma kapasitesini ve etkinligini dogrudan
etkiler. Yiiksek maksimum biiyiime hizina sahip nitrifiyerler, daha hizli nitrifikasyon
stirecleri saglar ve bu da daha diisiik biyoreaktoér hacimleri ve daha kisa hidrolik
bekleme siireleri ile yiiksek verimlilikte aritma gerceklestirilebilmesine olanak saglar.
Nitrifiyerlerin maksimum biiylime hiz1 birgok ¢evresel degiskene ve atiksu
karakterizasyonuna bagli olarak degismektedir, bu nedenle yerel kosullarin goz 6niine
alinmas literatiirdeki farkli cografyalarda ve toplumlarda kullanilan genel kabullerin
kullanilmasindansa daha isabetli olacaktir.

Optimum baglangic kosullarinin  saglanmasi, biyolojik reaksiyonlarin daha
ongoriilebilir ve kontrollii bir sekilde gergceklesmesine olanak tanir. Bu da, proses
kontrolii ve yoOnetimi acisindan Onemli bir avantaj saglar. Baslangi¢ biyokiitle
miktarinin dogru bir sekilde ayarlanmasi, ayn1 zamanda enerji tikketimi ve isletme
maliyetlerinin diisiiriilmesine katkida bulunur, ¢linkii optimum miktarda biyokiitle ile
daha diisiik enerji girdileriyle yiiksek verimlilik elde edilebilir.

Atik su aritma tesislerinin tasarimi ve performansinin optimize edilmesi ig¢in
nitrifikasyon Kkinetikleri belirleyici bir rol oynamaktadir. Nitrifikasyon, hacim
hesaplamalarini elde etmek i¢in en 6nemli parametrelerden biri olan aerobik ¢amur
yasini dogrudan etkilemektedir. Aslinda, nitrifikasyon, amonyanin nitrifiyerlar
araciligiyla nitratlara biyolojik oksidasyonu surecidir ve hem muhendislik
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sistemlerinde hem de dogal sistemlerde azot dongiisliniin 6nemli bir adimudir.
Nitrifikasyon kinetiklerinin anlasilmasi, bu biyokimyasal doniisiim hizlarinin daha
hassas bir sekilde tahmin edilmesini ve kontrol edilmesini saglayacak ve bdylece
gelecekteki azot giderme siireclerinin etkinligini artiracaktir. Nitrifikasyon, sucul
otrofikasyonun hafifletilmesi ve giderek daha siki hale gelen cevresel desar;j
yonetmeliklerine uymak icin toksik amonyak konsantrasyonunun minimize edilmesi
acisindan Onemlidir. Ayrica, ileri aritma teknolojileri ve siirdiiriilebilir uygulamalar
tizerinde 6nemli etkileri vardir ve dogal ekosistemler tizerindeki antropojenik etkilerin
en aza indirilmesini saglamak i¢in 6nemli bir yoldur.

Calismada kullanilan deneysel veriler Marmara Bolgesi'nde bulunan dort farkl ileri
biyolojik atik su aritma tesisiden alinan Orneklere dayanmaktadir. Boylece yerel
kosullarin  nitrifikasyon kinetigi  {izerine etkilerinin  6nemini  vurgulamak
amaclanmistir. Bu atiksu aritma tesisleri kapasiteleri popiilasyon esdegeri atiksu
olarak 1.6 milyondan 2.6 milyona kadar degismekte olup, herbiri ileri biyolojik aritma
tesisleridir. Tesislerden giinliik o6rnekler 8 giinlilk bir periyotta alinmis ve alinan
orneklerle nitrifikasyon deneyleri gerceklestirilmistir. Anlamli sonuglar elde
edebilmek adina numune alimlar1 yaklagik 7.5 saat arayla ve giinde en az iki kere
olacak sekilde gergeklestirilmistir. Deney sonuglar1 kaydedilerek Nitrijen Oksit (NOx)
artiglarint  nitrifikasyon veriminin bir gostergesi oldugu diistiniilmiistiir. Tez
caligmasinda kullanilan ilk veri girdisi olarak, 6lciilen NOx degerleri bu deneylerin
sonuclarindan alinmistir ve olusturulmus olan model ile birlikte calismanin yapi tagini
olusturmustur.

Baslangi¢ kosullarinin karmasikligini azaltmak ve odaklanilan parametreler arasindaki
pratik tanimlanabilirligi ve belirsizligi iyilestirmek icin, biiylime ve 6liim hizlarinin
sabit oldugu kabul edilmistir. Ayrica ototroflarin 6liim hiz1 (ba) igin literatiirde siklikla
kullanilan 0.1, 0.15, 0.17 ve 0.2 degerleri esas alinmistir. Calismanin sonuglarina bu
kabuller dogrultusunda ulasilmis ve belirtilen her ba degerleri ig¢in ayr1 olarak
hesaplanmistir. Ayrica detayli gosterimleri saglamak ve karsilastirmalar
gerceklestirmek igin ba 0.15 degeri secilmis ve gerekli oldugunda ilgili hesaplamalar
bu deger tlizerinden yapilmistir.

Tesislerin  nitrifikasyon deney sonuglari, MS-Excel programi kullanilarak
modellenmistir. Tez c¢alismasinda girdi olarak kullanilan ikinci set veriler
olusturulmus olan modellerin ¢iktilaridir. MS-Excel’in eklentileri arasinda yer alan
Solver programi ile minimum hatay1 veren p, ve Xa degerleri her tesis igin tespit
edilmis ve modellerin kalibrasyonlar tespit edilen degerler ile en az hatayi verecek
sekilde yapilmistir. Solver’in ¢aligma prensibi yine MS-Excel’in bir eklentisi olan
Visual Basic for Applications (VBA) uygulamasi iizerinden ¢alistirilarak belirli
siirlarda, istenilen siklikla parametreleri degistirerek degisen her noktadaki
hesaplanan kareler toplami hatalarini not alacak sekilde bir makro olusturulmus ve
parametre tahminleri daha sonra ¢izilecek grafikler iizerinden net bir sekilde goriilecek
kadar detaylandirilarak biiyiik veri setleri elde edilmistir. Olusturulmus olan veri
setlerindeki tesis ve ototroflarin 6liim hizlar ile kategorize edilmistir.

Sonuglar arasindaki belirsizligin incelenmesi ve daha kolay anlagilabilmesi igin
verilerin gorsellestirilmesi elzem kabul edilerek Sigma-Plot uygulamasi {izerinden
parametrelerin birbirlerine gére durumlarini ve bu durumlardaki hatalar1 gosterecek
grafikler ¢izdirilmistir. Grafiklerde x ekseni Xa, y ekseni p; ve yiiksekligi belirten z
ekseni olarak da kareler toplam1 hatalar1 yer alacak sekilde kontur grafikleri iki eksenli
koordinat sistemi tzerine ¢izdirilmistir.
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Yaklagik giiven araliklar literatiirde de genel kabul gérmiis bir deger olarak her tesis
icin %95 giiven seviyesinde hesaplanmasina karar verilmistir. Parametre sayilar1 ve
veri sayilar1 goz Oniine alinarak a:0.05 6nem seviyesi i¢in Fisher Tablosu kullanilarak
belirlenen giiven araligindaki kritik degerler hesaplanmistir. Hesaplanan kritik
degerler g6z Oniine alinarak her grafik sadece ¢oziim alanini gosterecek sekilde
kesilmis ve rahatga go6zlemlenebilir hale getirilmistir. Elde edilen grafikler
parametrelerin birbirlerine gore degisim sikliklar1 azaltiralrak daha detayli bir hale
getirilmistir ve gozlemlenen ¢oziim araliklarinin  vurgulanmasi igin  smirlar
belirlenmistir. Boylece olusturulan nihai parametre tahminleri istenilen ¢ozim alanini
daha detayl gosterecek sekilde optimize edilmistir.

Sonug olarak her tesisin, belirlenmis olan ba degerleri goz Oniine alinarak %95 giiven
aralig1 ile anlamli sonug veren Xa ve p, kombinasyonlari; merkezde minimum hata
olmakla birlikte, merkezden uzaklastikga es-hata ¢izgileri oraninda artarak yine de
kabul edilebilir olan son degerlerine (Scrit) dogru artmakta olacak sekilde grafikler
cizilmistir. Yerel kosullar dikkate aliarak ¢izilmis olan grafikler incelenerek deneyin
baglangic kosullarinin nitrifikasyon Kkinetigine etkisi ve parametreler arasindaki
belirsizlikler yaklasik giiven araliklarinda gbzlemlenen egilimlere ve hata
dagilimlarina dayanarak tartigilmigtir.

Yapilmis olan belirsizlik analizi neticesinde tesisler i¢in hesaplanan nitrifiyerlerin
maksimum biiyiime hizindaki ve baslangigta beslenen biyokiitle oranlar1 arasindaki
belirsizlikler %5-15 mertebesinde, genel olarak %10’dan kiigiik olarak yiizde hata
oranlar1 degisse de kabul edilebilir sinirlar dahilinde kaldigi bulunmustur. Tasarim
kriterlerinde literatiirde yer alan emniyet faktori degerleri de genellikle %20 ile %25
arasinda degismekte ve bazi durumlarda %50 mertebesine kadar ¢ikabilmektedir. Bu
hata toleransi da dikkate alindiginda , sonug olarak bulunan degerler tolere edilebilir
olarak goriilmistiir ve kabul edilebilir olarak degerlendirilmistir. Ayrica ba degerleri
g6z oniine alindiginda p, degerlerindeki degisim (u, — b,) degerinin beklendigi gibi
sabit kaldig1 goriilmektedir. Bu ifadenin degismemesi ¢amur yasi1 hesaplarinin dogru
bir sekilde belirlenebilecegini ortaya koymaktadir. Ayrica icin literatiirdeki iki ug
deger bile karsilastirilsa, p, degerlerindeki paralel degisme beklenildigi gibi olmustur.

Pratik uygulamalarda yapilan hesaplamalarin iizerine tolerans pay1 eklenmesi ile
teorik hesaplarin pratikte sorun teskil etmemesi ve gelecek risklerin bertaraf
edilmesinin saglanmasi atik su aritma tesisi tasarimi ve ingaatinda ¢ok yaygin bir
yaklagimdir. Eklenen bu torens payir da goéz Oniine alindiginda bulunan
konsantrasyonlar kabul edilebilir olarak degerlendirilebilir. Elde edilen sonuglara
bakilarak optimum nitrifikasyon deneyi tasarimina bir adim da daha yaklasilmasina
yardimc1 olacagi goriilmektedir. Bu nedenle, deneyin baglangic kosullarindan
kaynaklanabilecek faktorlerin 6nemi vurgulanmis ve en uygun deney kosullar
incelenmistir.

Turkiye'deki nitrifiyerlerin biiylime hizlarinin literatiirde kullanilan diinya genelindeki
standart degerlerden, yaklasik yaris1 kadar, daha diisiik oldugu bulunmustur. Bu farkin,
aritma tesislerine desarj edilen atiksu kaynaklarina ve dolayisiyla atiksu
karakterlerindeki  farkliliklardan kaynaklandigi  disiiniilmektedir. Calismanin
sonucunda, Ozellikle ototroflarin biiylime hizlarindaki dramatik farklar yerel
yaklasimin 6nemini vurgulamistir.

XXV






1. INTRODUCTION

In wastewater treatment plants (WWTPs), nitrification is a crucial process where
ammonia is converted from oxidized to nitrate by the metabolic processes of nitrifying
bacteria. The reduction of nitrogen compounds in effluent waters' negative

environmental effects is largely dependent on this bioconversion process.

Nitrification kinetics are affected by several parameters; however, two key parameters
influencing nitrification kinetics are found to be more outstanding among the others,
which are the growth rate of nitrifiers and the initial active biomass due to their insights
about the critical importance of the initial conditions. Understanding the uncertainties
associated with these parameters is essential for optimizing nitrification processes and

improving the reliability of wastewater treatment systems.

At the beginning of the nitrification experiment, the initial amount of active biomass
supplied significantly influences nitrification kinetics and, consequently, the
efficiency of wastewater treatment processes. Adequate initial biomass ensures the
rapid growth of nitrifiers and facilitates the enzymatic activities that oxidize ammonia
to nitrate at an optimal level. This condition affects the kinetics of biochemical
reactions, enabling the process to proceed efficiently. The amount of biomass
introduced initially also determines the diversity and density of the microbial
population. Therefore, optimizing the initial biomass amount helps minimize process

uncertainties and potential operational disruptions.

The maximum growth rate of nitrifiers represents the highest reproduction rate they
can achieve under optimal conditions and is a fundamental dynamic of nitrification
Kinetics. This parameter directly affects how quickly the system can process ammonia,
thus influencing the treatment capacity and efficiency. Nitrifiers with a high maximum
growth rate enable faster nitrification processes, allowing for high-efficiency treatment
with smaller bioreactor volumes and shorter hydraulic retention times. The maximum
growth rate of nitrifiers varies with numerous environmental variables and wastewater
characteristics, making it more accurate to consider local conditions rather than relying

on general assumptions used in different geographical and societal contexts.
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Ensuring optimal initial conditions allows biological reactions to occur in a more
predictable and controlled manner, providing a significant advantage in process
control and management. Proper adjustment of the initial biomass amount also
contributes to reducing energy consumption and operational costs, as high efficiency

can be achieved with lower energy inputs when the biomass is at an optimal level.

Design and optimization of wastewater treatment plant is strongly related to the
nitrification Kinetics. Nitrification directly affects the aerobic sludge age, which is one
of the most critical parameters for volume calculations. allows for more precise
prediction and control of these biochemical reaction rates, thereby enhancing the
effectiveness of future nitrogen removal processes. Nitrification is essential for
mitigating aquatic eutrophication and complying with increasingly stringent
environmental discharge regulations by minimizing toxic ammonia concentrations.
Additionally, it has significant implications for advanced treatment technologies and
sustainable practices, contributing to minimizing anthropogenic impacts on natural

ecosystems.

To understand a complex processes and optimise them, modeling becomes a
remarkably useful tool, and with the right approach, model presicion can be improved.
In the thesis, generated model is calibrated to get the best fit to the measured data and
have enhanced insgiht. Properly calibrated models have the ability to predict system
behavior and simulate various scenarios, which helps with decision-making and
system planning. Furthermore, precise models help achieve higher treatment
efficiencies while limiting energy consumption, chemical usage, and operational
expenses. Thus, by conducting the uncertainity analysis, the model is enabled to assess
more reliable predictions and improvised performance, while getting clearer sense of

concepts such as optimum experimental design.

In environmental science, engineering, economics, and, among many other disciplines;
identifyability, parameter estimation, and uncertainty analysis are crucial elements of
modeling and data analysis. Such concepts are essential to improving model
predictions, deepening the understanding of complex systems, and helping individuals

make informed decisions.

The capacity to independently ascertain the values of model parameters from empirical

data is known as identificability. Large numbers of parameters are frequently used in
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mathematical modeling to reflect underlying behaviors or characteristics of the system.
Different combinations of parameters, however, may produce comparable model
predictions because not all parameters may be recognized. Identifiability is a crucial

component of trustworthy and understandable model construction.

Finding the values of model parameters that best suit observable data is known as
parameter estimation. Usually, this procedure entails optimizing a selected objective
function, like decreasing the discrepancy between experimental data and model
predictions. For models to be calibrated to real-world data and to increase their
prediction power, accurate parameter estimate is essential. Researchers can verify
model assumptions, improve model structures, and learn more about the underlying
mechanisms influencing system behavior by estimating parameters from observable
data.

The goal of uncertainty analysis is to put a number on the level of uncertainty
surrounding parameter estimations and model predictions. It entails determining the
sources of uncertainty that could result from measurement mistakes, model
assumptions, or intrinsic variability in the system, as well as evaluating how sensitive
the model outputs are to changes in the input parameters. Decision-makers can
evaluate the risks involved in various courses of action by using the useful information
that uncertainty analysis offers regarding the robustness and reliability of model
predictions. Researchers can improve their decision-making, pinpoint regions in need
of more data collection or model improvement, and effectively express the constraints
of their findings by quantifying uncertainty.

To achieve the objectives of this thesis, the parameter estimation process is conducted,
followed by the calculation of contour regions representing a 95% confidence level.
These contour plots, with the sum of square error (SSE) on the z-axis and the
parameters on the x and y axis, were used to visualize the uncertainty and identify
acceptable parameter ranges. The acceptable regions were shown to facilitate a clear

understanding of the parameter interactions and their impact on model accuracy.



1.1 Purpose of Thesis

In many studies, the significance test of the data can be overlooked; however, in this
study, uncertainty analysis between the maximum specific growth rate of nitrifiers and
the initial active biomass fed at the beginning of the experiment is the main focus. This
feature makes the study unique and forms the basis of this study and emphasizes the
importance of the initial conditions of the nitrification experiment. In this respect, the
thesis has the distinction of being one of the first researches carried out in the relevant
field.

The purpose of this thesis is to perform an in-depth uncertainty analysis of the specific
growth rate of nitrifiers and the initial active biomass, which are fundamental to the
nitrification kinetics in WWTPs. This analysis will provide insights into how these
uncertainties affect model predictions and, consequently, the performance of the
treatment process. By utilizing local WWTP data to estimate parameters and validate
the model, this study emphasizes the significance of local conditions in shaping
nitrification dynamics. Also selected parameters help to highlight the importance of

the initial conditions and give comprehensive idea of optimum experimental design.

1.2 Scope of Thesis

The scope of this thesis encompasses several key components. It begins with a
literature review that provides an overview of nitrification processes, their significance
in wastewater treatment, also explains the nitrification kinetics, and the key parameters
affecting nitrification with their typical ranges. Also enviromental modeling and some
model samples are given, its importance of parameter identifiability and uncertainty
analysis are highligted and the concept of optimal experimental design is explained.
Following this, the methodology section details the description of the local WWTPs,
experimental setup and the initial conditions from which data were collected, the
parameter estimation process, and the calculation and interpretation of contour regions
for uncertainty analysis. The results and discussion section presents the optimum
points that have minimum error values for each plant for the growth rate of nitrifiers
and the initial active biomass, along with contour plots illustrating the acceptable
parameter regions with respect to the sum of squared error. Moreover, this section

interprets these results in the context of local WWTP conditions, examines the impact
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of parameter uncertainties on nitrification model predictions, and compares the
findings with other studies to underscore the influence of local environmental factors.
The conclusion summarizes the key findings, discusses the implications for the design
and operation of nitrification processes in WWTPs, and offers recommendations for

future research to further reduce uncertainties in nitrification kinetics.






2. LITERATURE REVIEW

2.1 Wastewater Treatment

Wastewater treatment is the process of eliminating pollutants from both municipal and
industrial wastewater in order to generate a treated effluent that may either be released
into the environment or reused. Treatments consist of a combination of physical,
chemical, and biological methods aimed at eliminating organic matter, nutrients,
pathogens, and other pollutants from water in order to prevent harm to the
environment. From the most basic and primitive methods for waste management
adopted by the ancient civilizations to the most sophisticated and advanced treatment
systems in use today, a lot of development has taken place in the treatment of
wastewaters over the years. The Indus Valley Civilization and the Romans adopted
rudimentary techniques for waste disposal and water management in their respective
eras. It therefore shows that during the 19th century, when the onset of the Industrial
Revolution and rapid growth of urbanization and industrialization took place, some
major developments concerning the wastewater treatment techniques began. In
addition, techniques for primary treatment, such as sedimentation and screening, were
initially adopted for water pollution control. It wasn't until the early 20th century that
the main breakthrough, the activated sludge process, was discovered by Edward
Ardern and W.T. Lockett in 1914. This was the application of aerobic microorganisms
to decompose organic pollutants in wastewater that paved the way for the
modernization of wastewater treatment; it is still being used to this day and is
considered by many as one of the most significant breakthroughs in the advancement

of the industry.

In these days, the process of treating both domestic and industrial wastewater prior to
discharging it into natural ecosystems has gained significance in protecting water
resources (S6zen S. et al., 2009). Discharge standards of countries are becoming more

comprehensive and stringent.



2.2 Biological Nitrogen Removal

The biological process represents the more common method for treatment, and among
others, the activated sludge process is the most widely applied procedure. Conceived
initially to remove organic carbon and prevent deficiencies of oxygen in receiving
waters, practical design of these systems was based on empirical notions until the
1970s.

Substantial progress has been achieved in the field of activated sludge modeling. It has
been acknowledged that in addition to organic carbon, the regulation of nitrogen and
phosphorus is also essential. Unregulated nitrogen inputs can result in detrimental
consequences such as oxygen depletion, mass fish mortality, and eutrophication in the
surrounding ecosystems. A substantial quantity of ammonia nitrogen undergoes
oxidation to form nitrate. This process depletes the oxygen in the water, hence
reducing the amount of oxygen accessible for aquatic life. Moreover, under normal
circumstances, ammonia nitrogen has the ability to transform into free ammonia,
which can be harmful to fish even when present in small amounts. Phytoplankton and
aquatic plants depend on ammonia as a vital nutrient for their survival. If the amount
is insufficient, it ultimately causes eutrophication in the water bodies. Regarding the
research that was conducted on processes, the activated sludge system is considered
the most effective biological approach for nitrogen removal from wastewater, and it is
also one of the most cost-effective options.

The first step of biological nitrogen removal is nitrification, which occurs in aerobic
environments and involves autotrophic species converting ammonia nitrogen into
nitrate. In anoxic conditions, denitrification occurs and involves heterotrophic
organisms converting nitrate nitrogen into nitrogen gas, which is the second step of
nitrogen removal. Activated sludge systems and models have been created to
effectively eliminate both carbon and nitrogen components by building upon the
widely utilized system for these elements (S6zen, 1995).

Biological nitrification is the enzymatic conversion of ammonia to nitrite and
ultimately to nitrate by microorganisms in an oxygen-rich environment. Autotrophic

bacteria perform this process by utilizing inorganic carbon as their carbon source and



inorganic nitrogen as their energy source. The objective is to convert ammonia

nitrogen into nitrate nitrogen through the sequence stated below:

NH** —N - NO* —N > NO3* —N (2.1)

Oxidation processes take place in a two-step process involving distinct types of
autotrophic bacteria. There are a total of five recognized types of organisms capable
of oxidizing ammonia to nitrite. The organisms mentioned are Nitrosomonas europaea,
monocella, Nitrococcus, Nitrospira, Nitrosocystis, and Nitrosgloea. The second phase
involves the oxidation of nitrite to nitrate, a process performed by Nitrobacter and
Nitrocystis species (Sozen, 1995). Nitrosomonas is the predominant species in the
initial stage, while Nitrobacter takes precedence in the subsequent stage (Painter,
1970).

2.3 Nitrification Kinetics

The growth of Nitrosomonas is typically the rate limiting stage in the process of
nitrification. Assuming the dissolved oxygen is not a limiting factor, the growth rate
of the nitrifiying bacteria can be stated as:

£ aN

= _fA7 2.2
Ky + N (22)

Ha

according to Monod kinetics. Where,

U 4: specific growth rate of autotrophs [day™],

@ 4 maximum specific growth rate of autotrophs [day™],

N : rate-limiting substrate concentration [mg/l],

Ky : half-saturation constant of the rate-limiting substratei [mg/1].

Nitrosomonas is primarily limited by ammonia nitrogen, while Nitrobacter is primarily
limited by nitrite nitrogen. Research indicates that the pace at which Nitrobacter grows
is higher compared to Nitrosomonas. Therefore, it is believed that the reaction in which
Nitrosomonas converts ammonia nitrogen to nitrite nitrogen, known as the "oxidation

of ammonia nitrogen to nitrite nitrogen™ reaction, is the phase that determines the
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overall speed of the nitrification process. The Monod phrase can be used in the above

case as:

& aSnu
= 2.3
Ua Kur + Snn (2.3)

Where,

Syy. ammonia concentration [mg/l],

Kyy: half-saturation constant of the ammonia concentration [mg/I].
Changes in the nitrification organisms can be expresses as below:

dX, I aSnn
— 2 = X,—b,X,=———X,—b ,X 2.4
dt |2 0.9\ AA A Kyg + Swn A ARA (2.4)

Where,
X4: biomass concentration of the autotrophs [mgVSS/I].
b,: endogenous decay rate for autotrophs [mg/1].

The reaction stated below represents the endegenous respiration mechanism:

—2L—-_p.X 2.5
dt A4 29
Also, that equation can be stated based on the assumption that substrate removal only
happens during the proliferation process:

dSny 1 dX, 1 I aSnn

dt Y, dt Y, Kyu + Swn

X, (2.6)

Where,

Y, autotrophic yield coefficient [g cells synthesized per g NH4-N oxidized].

With the following equation:
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U4 1 K aSnu

fa Yo Yo Kyy + Swu @7
where,
q4: specific ammonium removal rate [g NHs-N/g VSS-day],
this equation can be written:
It =—q AXA (28)

By considering the energy equations, it becomes apparent that the oxidation of 1 mole
of ammonia nitrogen results in the production of 1 mole of nitrate nitrogen (S6zen,
1995). Thus,

dt  dt

(2.9)

can present the relation.

Heterotrophic organisms are less responsive to environmental variables compared to
autotrophic species (S6zen, 1995). The nitrification process is influenced by
environmental conditions such as oxygen levels, pH levels, temperature, the presence
of hazardous substances, and the C/N ratio. In the following sub-sections, some of the

most important conditions are reviewed.

The variations in these conditions can lead to significant differences in observed
nitrification rates, highlighting the importance of precise experimental design and

parameter estimation.

2.3.1 Effects of oxygen levels

The process of nitrification is extremely responsive to changes in the concentration of
dissolved oxygen. Research conducted in small-scale facilities with oxygen
concentrations of 2, 4, and 8 mg/I highlights that the nitrification rate only reduces by
10% at low oxygen levels (S6zen, 1995). By maintaining a concentration of 2 mg/l, it

becomes possible to efficiently operate large-scale facilities, resulting in substantial
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energy conservation (Painter, 1970). The rate of nitrification is influenced by the
dissolved oxygen (DO) content in activated sludge. Unlike the findings regarding the
breakdown of organic compounds by aerobic heterotrophic bacteria, the rates of
nitrification reflect a rise until DO concentrations reach 3 to 4 mg/l (Metcalf & Eddy
etal., 2014).

2.3.2 Effects of pH

Sozen (1995) states that, experimental investigations indicate that the ideal pH range
for growth is between 7.5 and 8.6. There is no notable decline in the rate of nitrification
until a pH of 9.5 is reached, but it ceases entirely below a pH of 6.3. According to the
James & Vijayanandan (2023), the optimum pH range for conventional nitrification
process is 8-8.4. Due to the reseach in simultaneous nitrification and denitrification,

Wang et al. (2020) claims that the neutral pH around 7.5-8 was the optimum condition.

The lower threshold for pH has been determined to be between 6 and 6.5, while the
optimal pH for growth is around 8. There are only minor variations in growth rate
between pH 7.5 and 8.5. Unfortunately, due to the significant variability in the data
obtained from several studies, it was not feasible to determine a factor that accurately
represents the impact of pH on the growth rate constants of ammonia- and nitrite-

oxidizing organisms (Painter & Loveless, 1983).

Metcalf & Eddy et al. (2014) states that, the most efficient rates of nitrification are
observed when the pH levels are between 7.5 and 8.0. Ammonia oxidation rates
decrease substantially when pH values drop below 7.0. The decrease in the rate of
ammonia oxidation at lower pH may be attributed to the decline in the concentration
of free ammonia (NHs). Previous studies have suggested that NH3-N may be the actual
substrate for ammonia-oxidizing bacteria (AOB). At pH levels ranging from around
5.8 to 6.0, the rates of ammonia oxidation can be as low as 10 to 20 percent of the rate

observed at pH 7.0.

2.3.3 Effects of temperature

In activated sludge systems operating below 25°C, the modeling of the process
typically focuses on the AOB rather than the nitrite-oxidizing bacteria (NOB). This is

because the NOB have a faster ability to utilize nitrite, resulting in little presence of
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nitrite-nitrogen (NO2-N). Nevertheless, when the temperature exceeds 28°C or when
the dissolved oxygen concentrations are low (below 0.50 mg/L), it is crucial to take
into account the kinetics of both groups. This is because higher temperatures and low
DO levels promote the growth of ammonia-oxidizing bacteria over nitrite-oxidizing
bacteria, resulting in a lower concentration of NH4-N compared to NO2-N (Metcalf
& Eddy et al., 2014). According to the James & Vijayanandan (2023), the optimum

temperature for conventional nitrification is 22-27 °C.

Several research in the literature have investigated the correlation between maximal
growth rate and temperature fluctuations, and it has been noted that the findings exhibit
considerable variability. research indicate that the rate of proliferation between 7 and
30 °C follows the Arrhenius relationship. It is recommended that pilot-scale research
be conducted outside this temperature range. Therefore, it is crucial to conduct
repeated experimental studies for every type of wastewater and temperature being

investigated in order to ensure accurate assessments (S6zen, 1995).
2.3.4 Effects of C/N ratio

The carbon-to-nitrogen ratio is a crucial factor that influences the rate of nitrification.
The nitrification rate is the quantity of ammonia that is converted into nitrate nitrogen
by a specific quantity of microorganisms within a specific time period. Only
autotrophic organisms are responsible for this process, and the rates are reported based
on total biomass because it is not feasible to assess autotrophic and heterotrophic

organisms individually.

The quantity of autotrophs is determined based on the TKN/BOD (Total Kjeldahl
Nitrogen to Biochemical Oxygen Demand over 5 days) ratio. Augmenting this ratio at
any sludge age enhances the proportion of autotrophs and hence raises the nitrification
rate. When nitrification rates are measured based on total biomass instead of active
biomass, the results vary greatly. Hence, it is imperative to consider that the

nitrification rate lacks significance as a criterion (S6zen, 1995).

In literature, threre are several values for 1, and ba that are used to be able to properly
study with various different wastewater chracteristics. Some of them are shown in the
Table 2.1.
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Table 2.1: yy, and ba values in literature.

™ ba Sources
20°C 15°C 10°C
0.8 - 0.3 0.15-0.2 Henze, Grady, et al.,
1987
0.34-0.65 - - 0.05-0.15 Henze, Grady L. Jr., et
al., 1987
0.69 - 0.4 0.05-0.15 Antoniou et al., 1990
1 - - 0.1 Gujer & Henze, 1991
0.5 044 0.14 - Dogruel & Orhon, 2021
1 - 0.35 0.15 Henze et al., 1999
0.2-1 - - 0.04 Barker & Dold, 1997
0.65 - - - Henze et al., 1999
0.42 0.27 - - Sozen et al., 1996
1 - 0.35 0.17 Gujer etal., 1999
- - - 0.17 Melcer, 2003
- - 0.15 Sozen S. et al., 2009
1 - - 0.1 Katipoglu-Yazan et al.,
2012
0.7 - - 0.1 Katipoglu-Yazan et al.,
2013
- - - 0.15,0.17,0.2  Metcalf & Eddy et al.,
2014
0.65 - - 0.12 Katipoglu-Yazan et al.,
2015
0.5 0.36 - - Insel et al., 2021
0.2-0.9 - - 0.05-0.15 Oztiirk et al., 2017
0.28-1.44 - - - Sozen, 1995
0.768 - - - Grady L. Jr. etal., 2011

2.3.5 Growth rate of autotrophs

The Kinetic constants of nitrifying bacteria are being determined through the
implementation of studies in both batch and continuous systems. These investigations
contain both mixed cultures including autotrophs and heterotrophs, as well as pure
cultures consisting solely of autotrophs. In a controlled environment with only one
type of microorganism, the values for kinetic constants can be calculated by linearizing
the Monod expression and directly measuring the rate at which the substrate is used.
In heterogeneous cultures, due to the inability to quantify the nitrifying bacteria present
in the community of organisms, it is not feasible to ascertain the precise rate of

proliferation or the rate at which certain substrates are removed.
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The growth rate of autotrophic organisms is the crucial parameter in the modeling and
design of systems for nitrogen removal. Insufficient knowledge of this rate prevents
adequate time for organisms to proliferate inside the system, resulting in their removal
from the system. The measurement techniques established for this purpose focus on
determining the quantity of autotrophic organisms in a mixed culture, as well as their

net proliferation rates or particular substrate removal rates.

Despite the fact that only NO:-N is produced in the initial stage, the presence of
Nitrobacters immediately converts this product to NOs-N. Given that the contribution
of NOs-N in the incoming stream may be ignored it can be inferred that the quantity
of NO:-N transformed into NOs-N is also a result of the Nitrosomonas activity.
Consequently, NO3-N + NOs-N measurements are made in the activity measures of
this organism community, indicating the total oxidized nitrogen type, or NOx-N.
Activity studies provide results in the form of g NOx-N/g biomass-time for
Nitrosomonas activity, and g NOs-N/g biomass-time for Nitrobacter. Growth rates in
mixed cultures are typically expressed in terms of Nitrosomonas, which is a group of

organisms that are limiting the maximum rate of growth.

From the equation below:

~
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InS =n— ———
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' Ba— b, a0+ (K 4 4) ( )

The slope of the line, derived by plotting the logarithm of the quantity of oxidized
nitrogen (NOx) against time, indicates the net growth rate of Nitrosomonas. The line
seems to have a slope that is not affected by the initial concentration of active
autotrophic biomass Xa. in real-life scenarios, there is a noticeable rise in NOx levels
in batch systems when using tiny amounts of inoculum from nitrifying systems, or in
fill-discharge systems with low F/M (based on organic matter such as COD, BOD)

ratios and a non-nitrifying inoculum sludge (S6zen, 1995).

Since that substrate production is directly proportional to the quantity of
microorganisms, {4 can be determined by analyzing the graph representing the

quantity of oxidized nitrogen generated over time in the system.
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2.4 Environmental Modeling

The reasons for understanding biological kinetics are far more applied since the
knowledge helps optimize designs and operations of wastewater treatment processes.
It will not only impact reactor sizing but also aeration requirements and sludge
handling strategies. Proper prediction of the nitrification rate will help engineers
design systems that ensure both cost efficiency and meeting environmental
regulations. By understanding the Kkinetics, process conditions can be optimized by
engineers to reduce operational costs and increase overall system efficiency in
wastewater treatment systems. A comprehension of this is also essential for improving
and meeting rigorous discharge standards that are necessary to safeguard aquatic
ecosystems from the overloading of nutrients, and this underscores the practical

importance of such knowledge. (Henze, 2008)

In the optimization of the design and operation of activated sludge systems, modeling
has dramatically enhanced the process. Activated Sludge Model No. 1 (ASM1) was
developed in the 1980s and presents a detailed description of the biological system in
activated sludge treatment, which includes carbon oxidation, nitrification,
denitrification, and endogenous processes. The addition of phosphorus removal to that
model created Activated Sludge Model 2 (ASM2). In Activated Sludge Model 2d
(ASM2d), the modeling of denitrifying phosphorus-accumulating organisms (DPAOS)
was included for systems seeking simultaneous nitrogen and phosphorus removal. The
third model with more modifications is Activated Sludge Model 3 (ASM3), which
includes the detailed representation of biological processes, especially hydrolysis of
particulate organic matter, and adds storage of compounds. (Gujer et al., 1999; Henze,
1995; Henze et al., 1999; Henze, Grady, et al., 1987)

To simulate nitrification kinetics and investigate the model accuracy, there are many
studies that uses traditional models their modified model as well. In senior studies,
such as Marsili-Libelli, (1989), simplified SML model is introduced, and it was
demonstrated to compare effectively with the well-known Monod kinetics, but it has

the structural simplification and numerical consistency that make it more identifiable.

The model employed by Barker & Dold, (1997), which investigated respiration and

growth are presumed to be constant, while decay rate is disregarded despite its
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significance. Nevertheless, this approach results in a reduction in the complexity of the
initial conditions and model structure, which in turn facilitates the investigation of

identifiability applications.

Moreover, some of the studies are focused into modification of existing models, since
the representation of unique conditions would be improved. An example can be given
as Zhao et al. (2013), that used a traditional model Qual2E as Model A and modified
model as Model B. In summary, the validation results demonstrate that, when
compared to the traditional Qual2E nitrification model, the nitrification model
modified to incorporate bacterial growth functions based upon basic VSS
measurements and nitrate-nitrogen assimilation was able to better predict the
concentrations of ammonia, nitrate, and organic nitrogen constituents. Specifically,
Model B's capacity to replicate the variations in NO3-N and Org-N highlights the
importance of bacterial growth functions (Zhao et al., 2013).

In the study, used model was generated from Monod Equations accordingly to the
Melcer et al. (2003) to avoid over-parameterization and provide more identifiable
structure to have proper uncertainty analysis between selected parameters.

2.5 Uncertainity Analysis

Uncertainty analysis is a systematic approach to quantify the uncertainty in model
parameters and predictions. It is crucial for identifying the sources of variability and
their impact on model outcomes. In the context of nitrification kinetics, uncertainty
analysis helps examine how variations in parameters, such as the maximum growth
rate of nitrifiers and the initial active biomass, affect the accuracy of parameter

estimation and model predictions.

The relationship between the maximum growth rate of nitrifiers and the initial active
biomass is a critical focus in nitrification studies. At the beginning of an experiment,
the initial conditions can significantly influence the observed Kkinetics and the
subsequent parameter estimation results. For instance, if the initial biomass
concentration is too low, it may lead to underestimation of the maximum growth rate,

while a high initial biomass concentration might result in overestimation. Uncertainty
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analysis allows researchers to systematically vary these initial conditions and assess
their impact on the estimated parameters.

Several studies have employed uncertainty analysis to investigate nitrification kinetics.
For example, a study by Moradkhani et al. (2005) applied Bayesian recursive
estimation to assess the uncertainty in hydrologic model states and parameters. This
approach enabled the researchers to incorporate prior knowledge and quantify the
uncertainty in model predictions, which is particularly useful in dealing with complex
environmental systems. Similarly, Renard et al. (2010) highlighted the challenge of
understanding predictive uncertainty in hydrologic modeling and emphasized the

importance of robust uncertainty analysis frameworks for accurate model predictions.

The necessity of a comprehensive uncertainty analysis framework in evaluating
nitrification Kinetics cannot be overstated. Such a framework enables systematically
quantifying the impact of various sources of uncertainty on model predictions. This is
crucial for optimizing the design and operation of urban wastewater treatment plants,
as it helps ensure that the treatment processes are robust and reliable under varying

conditions.

Key considerations for optimizing the design and operation of WWTPs through
uncertainty analysis include the identification of key parameters. This involves
determining which parameters have the most significant impact on model predictions
and focusing efforts on accurately estimating these parameters. By pinpointing these
crucial elements, the accuracy and reliability of the models can be significantly
promoted.

2.6 Optimal Experimental Design

Parameter estimation is a crucial procedure in developing mathematical models that
precisely depict real-world systems. The process entails ascertaining the values of
unidentified parameters within a model by utilizing experimental or observational
data. Precise parameter estimation is essential for the predictive efficacy and

dependability of the model.
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Simulations with different scenarios, it is possible to understand how variations in
environmental conditions and operational parameters affect nitrification kinetics and
overall WWTP performance. This analysis helps in designing robust systems capable
of performing well under a range of conditions, ensuring consistent and reliable
treatment outcomes. (Brun et al., 2001; Draper & Smith, 1998; Jacquez, 1991, Petersen
etal., 2001)

Prior to determining the most suitable model structure and optimal parameter values
based on experimental data, it is essential to first test the identifiability and
distinguishability of nonlinear parametric model structures to ensure meaningful
conclusions about significant parameters or state variables. These strategies can be
applied even before data collection. If model structures are indistinguishable or not
uniquely recognizable, additional tests or hypotheses can be designed to resolve
structural ambiguities, known as qualitative experimentation design. Once structures
are clearly identified and differentiated, specific experiments should be selected to
optimize input shapes and measurement schedules, thereby providing the most
pertinent information and achieving high precision in parameter estimation, a process

referred to as designing experiments with quantitative data (Walter & Pronzato, 1996).

The process of designing an experiment for parameter estimation consists of two
distinct parts. The first method is qualitative and involves choosing an appropriate
arrangement of the input/output ports in order to identify, if feasible, all the relevant
characteristics. The second step involves a quantitative approach that focuses on
optimizing a suitable criterion, taking into account factors such as input shapes and
sample schedule. The goal is to extract the maximum amount of information from the
data that will be collected. When the parameters of the model are nonlinear, which is
often the case with phenomenological models, both steps of the analysis provide

unique challenges. (Walter & Pronzato, 1990).

Grady et al. (1996) emphasises variation even in the pure cultures in the literature
regarding the values of the kinetic parameters and gives three factors seem to be
particularly significant as: cultural history, parameter identifiability, and the

methodology used to quantify the parameters.

Such as the maximnum growth rate of nitrifiers and initial active biomass
concentration studied in the thesis. The mathematical relationship between two
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parameters is such that they are interdependent, it will be unattainable to produce
separate estimates for them, regardless of the level of precision in conducting the test.
Furthermore, the characteristics of the test significantly affect the capacity to

determine specific parameters. (L. Grady et al., 1996).

A method for optimal experimental design in parameter estimation for unstructured
growth models is examined by Baltes et al. (1994). This method used for fed-batch
processes, underscores the significance of model validity, as unstructured growth
models are frequently rendered invalid under transitory conditions. As a result, a
composite objective function has been implemented to evaluate the accuracy of the
estimated kinetic parameters and the validity of the model. The results obtained from
the application of this method to fed-batch processes have been satisfactory. Various
fed-batch strategies are examined in terms of the quality of parameter estimation and
the validity of the model. Furthermore, yeast fermentations were implemented to

execute experimental verification.

Optimal experimental design is crucial for improving the accuracy and efficiency of
model-based studies, particularly in fields such as engineering and biochemistry. A
state-space model, which is linear and time-invariant, is a common choice for these
applications. Duarte et al., (2021) highlight the systematic approach to optimal
experimental design for this model category. Their method involves generating locally
D-optimal designs by integrating the calculation of the Fisher Information Matrix's
determinant and parametric sensitivity computation into a Nonlinear Programming
formulation. A global optimization solver addresses the numerical problem that arises,
ensuring that the model is identifiable through the Fisher Information Matrix when the

model converges.

A recent study from Gutiérrez et al. (2024), investigated the effects of varying sludge
age and temperature on nitrification performance using optimal experimental design.
By systematically altering these parameters, they developed a robust model that
accurately predicts nitrification under different operational scenarios. This study
underscores the importance of considering environmental and operational factors in
the design of nitrification experiments to ensure the reliability and applicability of the
model predictions.
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In the literature, similar studies are carried on by focusing on OUR batch tests. For
example, Insel et al. (2003) investigated the kinetics of hydrolysis in surface-saturation
conditions using respirometric measurements. It considered the identifiability of
mathematical models both in theory and in practice. The identifiable parameters of a
selected model were obtained from respirograms. In addition, the data obtained from
the experiments was analyzed using OED approach, considering several initial

circumstances of the batch respirometric experiment.

Another study by Hidalgo & Ayesa, (2001) et al. presents a mathematical tool for
analyzing local identifiability in high-order state-space nonlinear systems. This tool
may be simply applied and implemented in simulators using a discrete-time method.
The concept relies on recursively evaluating a reduced information matrix while
simulating a calibration experiment and establishing a set of information parameters
based on geometric interpretations of this matrix. For instance, the suggested
methodology has been applied to analyze an OUR batch test in terms of ASM No. 1

calibration.

Also, one of the key studies that was taken as an example for this study is Insel (2005).
Similarly to Insel (2005), this study based on the empirical data collected from
laboratory-scale setups, and the dependability of the produced solutions was evaluated
by employing uncertainity analysis. The examination of the impact of starting
experimental conditions on the estimate of model parameters was done to demonstrate
the experiment's information content. However, the thesis focuses on nitrification
kinetics by the means of maximum specific growth rate and initial active biomass
concentration. Thus makes the study unique in the way that execution of the
uncertainity analysis into these parameters with the OED perspective.

These approaches demonstrate the significance of optimal experimental design in
enhancing the accuracy and reliability of environmental models. By considering OED
concept and uncertainity analysis; parameter estimation, model identifiability, and
validity can be improved. Therefore, by considering local conditions, the estimation
of the kinetic constants, which are crucial for understanding and predicting the

behavior of biochemical systems, can be investigated more precisely.
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3. MATERIAL & METHODS

The experimental procedures and model creation are carried out accordinly to (Melcer
et al., 2003). The study based on data from the nitrification experiment’s results as

measured NOx, and modeled data that is generated by the model.

In the sections 3.1 and 3.2 related information about the used data is given. Starting
from the section 3.3, following sections that constitute the main subjects of the thesis
begin.

3.1 Wastewater Treatment Plants

Sampling for the nitrification experiments were carried on four different advanced
biological treatment plants. They are all located in Marmara Region Turkiye, and have
comperabily higher treatment capacities from the other treatment plants in the region.
They have capacities ranging between 1.6 million to 2.6 million population equivalent

wastewater.
Brief information about the WWTPs are stated below:

Plant 1 has a capacity of 400,000 m3; It treats the wastewater of approximately
1,600,000 people in With the facility, 54,750 tons of sludge is prevented from being

dumped into the sea and 146,000,000 m? of wastewater is purified annually.

Plant 2 has advanced biological treatment capacity of 600,000 m3/day m3/day. It serves
to the population of 2,400,000 people. In principle, the facility has an advanced

biological process with Nitrogen - Phosphorus removal.Plant 3

Plant 3 has a daily treatment capacity of 200,000 m3; there is also an MBR Recovery
Unit that carries out advanced treatment with a capacity of 20,000 m3/day. At its final
capacity, the treatment plant, together with other facilities in the planning stage, will
treat wastewater from a population of 800,000 people with a flow rate of 500,000

m3/day.

Plant 4 is constructed with the capacity is 150,000 m3/day as the 1st and was put into

service in 1998, the capacity of the 2nd stage is 100,000 m3/day in 2009, and the
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capacity of the 3rd stage is 400,000 m3¥/day and was put into service in 2022. The
facility, whose total capacity reaches 650,000 m3/day, treats wastewater from a

population equivalent to approximately 2.6 million.

3.2 Experimental Design and Modeling Approach

Experimetal setup that is used each and every nitrification experiment shown as below

as Figure 3.1.
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Figure 3.1 : Experimental setup.

Initial conditions of the nitrification experiment are given in the Table 3.2 below.

Table 3.1: Initial conditions of the nitrification experiments for each WWTPs.

Plant 1 Plant 2 Plant 3 Plant 4
MLSS 8870 9540 7030 5180
pH 7.2 7.2 7.2 7.2
DO 8.6 8.6 8.6 8.6
Volume 4 4 4 4
NO2-N +NOs-N 5 1 2.6 2.6
NH4-N 0.3 0.3 0.3 0.3
Added NH4 70 mg/L 70 mg/L 70 mg/L 70 mg/L
Added Biomass 70 mL 60 mL 70 mL 100 ml
Added 3.363gr 3.363gr 3.363gr 3.363gr
Alkalinity NaHCO:s NaHCOs NaHCOs NaHCO:s

In seven-eight days period several samples were taken from the WWTPs and after the
experiment measured NOx concentrations are noted. As mentioned in the equation

2.10, nitrification rates can be measured by observing the NOx concentrations.
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After the experiment’s results are noted and used as inputs, a simple model is created
accordingly to the Melcer et al. (2003) to mimic the process. Then, with the model
results, sum of squared error (SSE) is calculated in each point. As an example, Plant

3’s measured and model data is shown in the Table 3.2 with the sum of the squared

errors.
Table 3.2: Data used for the Plant 3 with SSEs.

Time NOx measured NOx model SSE
Days mgN/L mgN/L
0.00 5.3 5.00 0.1
0.69 7 7.75 0.57
1.00 9 9.15 0.02
1.69 11.6 12.56 0.92
2.00 13.8 14.29 0.24
2.69 17.8 18.52 0.52
3.00 19.8 20.66 0.74
3.69 25 25.91 0.83
4.00 28.7 28.57 0.02
4.69 35.5 35.08 0.18
5.00 39.5 38.37 1.27
5.69 47.1 46.45 0.43
6.00 52.2 50.53 2.78
6.69 60.4 60.54 0.02
7.00 64.1 65.61 2.28

From the literature, many endogenous decay rate coefficients are found for autotrophs,
and some of the ba values that are used in the environmental models shown in the
Table 3.3.
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Table 3.3: Endogenous decay rate values in several models.

Models ba Temperat Source
value ure °C
ASM1 Activated Sludge Model 0.15 - 20 Henze, Grady, et al.,
No. 1 0.20 1987
ASM2d Activated Sludge Model 0.15 20 Henze et al., 1999
No. 2d
ASM3 Activated Sludge Model 0.17 20 Gujer et al., 1999
No. 3
IWA STR Model 0.2 20 Orhon et al., 1999
Methods for wastewater 0.17 20 Melcer, 2003
characterization in activated sludge
modeling
Model based process optimization ~ 0.15 20 Sozen S. et al., 2009
of enhanced wastewater treatment
plants

After considering the values; ba values are selected as 0.1, 0.15, 0.17, and 0.2 to be

able to give an extended point of view. These values are used in the following sections.

3.3 Parameter Estimation

Daily samples taken from each facility were examined under the same conditions and
nitrogen concentrations were measured. To perform parameter estimation, the sum of
squared error (SSE) method was chosen as the appropriate method considering the
current conditions and the measured data and model generated data were compared.
Although automatic methods for model calibration have become widespread (Wagener
et al., 2003), manual calibration for the created model has been deemed sufficient due

to the simplicity of the model and curve-fitting method is used.

To calibrate the model, Solver Add-in is used to determine at which concentrations of
1, and Xa results with the minimum error. Firstly, from Excel Options, “Add-ins” is
selected and Solver Add-in should be enabled. After that, from “Developer” section,
Solver should appear in the list of “Excel Add-ins”. By doing that Solver can be found
under the “Data” section. In Solver, objective function is selected as sum of squared
error cell to minimum, by changing variable cells ., and Xa. After running the Solver
final values of 1, and Xa are set to the model, so model calibration is done as achieving

the minimum possible error.
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At that point, the Solver’s working principle is found to be suitable to generate a macro
to perform larger volume of parameter estimations, which enables to higher resolution
in the result graphs. Its default principle includes series of trials by using variable cells
within the fixed constraint precision to reach the objective function’s determined
destination. With the help of the Visual Basic for Applications (VBA) in Microsoft
Excel (MS-Excel), working principle of the Solver can be integrated into a macro and
the parameter estimation process is automatized. In VBA, the Solver can be modified
to set ranges and step size to each variable and note every single result as objective
function which is selected as sum of squared error cell. Thus, each and every
combination between variables can be seen and a three-dimensional graph can be

drawn by using the parameter estimation.

VBA is a tool in Visual Studio for Excel, it needs to be enabled in the Excel Options
same as the Solver, and after that it can be found under the “Developer” section. T0O
integrate Solver to the VBA, “References” should be opened, which is under the

“Tools” section in VBA. Figure 3.2 can be seen.

ﬁ Microsoft Visual Basic for Applications - Plant 1.xlsx

File Edit View Insert Format Debug Run | Tools | Add-Ins Window Help
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i @ Solver (SOLVER.XLAM) VBAProject Properties...
+- &% VBAProject (FUNCRES.XLAM) Digital Signature...
- &% vBAProject (Plant 1.xisx)
- £55 Microsoft Excel Objects

Figure 3.2 : Demonstration the location of references in VBA.

In the “References”, the Solver should be enabled as shown in the Figure 3.3 below.
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Figure 3.3 : Demonstration of enabling the Solver in VBA.
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After that from “Insert” section, a new module should be added. Then, macro is
generated. The objective function is selected as the sum of squared error and
parameters are set to change in determined step size and range, and examination of the
parameters in certain ranges are proceed relative to each other and the outputs can be
seen together for each value calculated sequentially. The sum of squared errors given
by the changing values for each step were are noted next to the relevant parameter

values. After a series of trials, the parameter ranges and step size were determined.
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As an example, generated macro for Plant 1 is given in the Figure 3.4 below with the

necessary explanations:

Sub RunSolverWithRecording()
Dim ws As Worksheet
Dim varlCell As Range, var2Cell As Range
Dim varlValue As Double, var2Value As Double
Dim rowNum As Long ' Change from Integer to Long
Application.ScreenUpdating = False ' To increase the process speed
' Set your worksheet
Set ws = ThisWorkbook.Sheets("Plant1") ' Change "TheSheetName" to the actual sheet name

' Set ranges for variables
Set varlCell = ws.Range("K2") ' Change "K2" to the first variable cell
Set var2Cell = ws.Range("K4") ' Change "K4" to the second variable cell

' Set ranges for recording variables and results

Dim varlRecordCell As Range, var2RecordCell As Range, objValueCell As Range, objRecordCell As
Range

Set varlRecordCell = ws.Range('C40") ' Change "C40" to the first variable record cell

Set var2RecordCell = ws.Range("D40") ' Change "D40" to the second variable record cell

Set objValueCell = ws.Range("G22") ' Change "G26" to the specific objective value cell

Set objRecordCell = ws.Range("E40") ' Change "E40" to the objective value record cell

' Set step size for variables

Dim stepSizel As Double, stepSize2 As Double

stepSizel = 0.0004 ' Change the step size for the first variable
stepSize2 = 0.005 ' Change the step size for the second variable
rowNum = 0 ' Start recording in row 40

' Loop through variable ranges and perform calculations
For varlValue = 0.33 To 0.4 Step stepSizel
For var2Value = 1.96 To 3.04 Step stepSize2
' Set variable values
varlCell.Value = varlValue
var2Cell.Value = var2Value

' Record variables and objective value in specified columns
varlRecordCell.Offset(rowNum, 0).Value = varlValue
var2RecordCell.Offset(rowNum, 0).Value = var2Value
objRecordCell.Offset(rowNum, 0).Value = objValueCell.Value ' Record the objective value
rowNum = rowNum + 1
Next var2Value
Next varlValue
End Sub

Figure 3.4: Generated macro for the parameter estimation for Planl at ba=0.15.

Firstly, the variables are introduced. “ws” is the worksheet object, “varlCell” and

“var2Cell” are the cells where the variables will be set, “varl Value” and “var2Value”
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are the values for those variables, and “rowNum” is used to keep track of the current
row for recording the results. After that, according to the aimed data’s properties, the
most suitable definition should be selected. For instance, if all of the data consists of
integers and the volume of the dataset considerably small (number of iterations are
low) “integer” can be selected, because it needs lesser memory usage. However, the
data is limited and in longer datasets it may cause “overflow” error. As in the study’s
case, since the dataset is planned to be in high volumes (humber of iterations are large),
“long” is selected to avoid errors. Then, screen updating is turned off to increase the
macro execution speed. If it is not turned of, each and every change in the parameters
and objective function can be seen via related excel sheet. Selecing worksheet is done
by “ws” command and “Plant1” is selected. The worksheet should be entered based
on the exact spelling. To proceed, variable cells are introduced due to their location in
the related worksheet. Until now inputs are mainly defined, so outputs need to be set.
After the entering the record cells, macro is now able to note the outcomes beginning
with the introduced cells, and along with the step size and ranges it will continue to
record the results. Thus, after defining the record cells, step size and ranges are
selected. Here, considering the basics of parameter estimation and the confidence
regions (see eq. 3.1), several trials are executed to find the most suitable ranges and
step sizes that gives the proper resolution in the contour plots. Smaller volumes of data
is preferred in this step, so the visualization and optimization processes can be done
conveniently. After obvering the proper ranges, step size can be lowered to have more
detailed results and final parameter estimates can be generated.

In conclusion, this nested loop iterates across the ranges of “varlValue” and
“var2Value” using the supplied step sizes. For each combination of values; the variable
values are assigned in the “varlCell” and “var2Cell”, the values and the output from
“objValueCell” are recorded in the designated columns, and the value of the row

counter “rowNum” is increased.

Final data ranges and quantities are shown in the Tables 3.4 and 3.5.
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Table 3.4: Ranges of parameters and approximate data quantitities generated for
Plant 1 and Plant 2.

Plant 1 Plant 2
Graph bAO0.1 bAO0.15 bAO0.17 bAO02 Graph bA01 bAO0.15 bAO0.17 bAO.2
Limits Limits
Xa 2.26 1.98 1.88 1.76 Xa 0.158 0.137 0.13 0.12
3.55 3.01 2.84 2.62 0.333 0.284 0.268  0.247
Wy 0.282  0.332 0.352  0.382 ™ 0.284 0.334 0.354 0.384
0.348 0.398 0.418 0.448 0.326 0.376 0.396 0.426

Data 50k 38k 35k 29k Data 53k 42k 49k 55k

Table 3.5: Ranges of parameters and approximate data quantitities generated for
Plant 3 and Plant 4.

Plant 3 Plant 4
Graph bA 0.1 bAO0.15 DbAO0.17 bAO0.2 Graph bAO0.1 bAO0.15 DbAO0.17 bAO0.2
Limits Limits
Xa 1.58 14 1.338 1.25 Xa 1.28 1.12 1.06 0.99
25 2.16 2.04 1.892 2.22 1.87 1.76 1.62
Wy 0.312 0.362 0.382 0.412 Wy 0.27 0.32 0.34 0.37
0.376  0.426 0.446  0.476 0.343  0.393 0.413  0.443

Data 30k 30k 28k 35k Data 69k 88k 94k 74k

3.4 Confidence Contours

To visualize the results, contour plot graphs were created using the "Sigma Plot"
application. Critical values were obtained according to the Draper & Smith (1998) at

a=0.05 significance level. From the following equation:

p
Sc = Smun[1 + (m) Fyn—p] (3.1)

Where,

Sc: is the critical value of SSE at the boundry of the confidence contour,
Siin: 15 the minimum value of the SSE,

p: number of parameters,
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n: number of observations,

E

»n—p- 1S the critical value form the Fisher’s Table (for a:0.05)

Confidence regions are calculated for each WWTP. Related calculations can be seen

below:

For Plant 1;
Spin: 10.9057,
p: 2,

n: 15

F,1,: 3.885 [at a: 0.05]

S, =10.9057 [1+ (15 — 2) 3.885]
S. = 17.424
For Plant 2;
Spin: 168.08609,
p: 2,
n: 28
F,,5:3.39 [at a: 0.05]
S, = 168.0869 [1+ (28 — 2) 3.39]

S, = 211919
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For Plant 3;
S,in: 16.9487
p: 2,

n: 16,

F, 15: 3.806 [at a: 0.05]

S, =16.9487 [1+ (16 — 2) 3.806]
S. = 26.164
For Plant 4;
Smin: 12.0820
p: 2,
n. 17,
F,14:3.682 [at a: 0.05]
S, =12.0820 [1+ ( 2 )3.682]
17 -2

S, = 18.014

Since the effect of changes in the ba values on the minimum SSE values is remarkably

minor, Smin Of the plants are calculated by assuming ba= 0.1 and further calculations

for 0.15, 0.17 and 0.2 are neglected. For example, at ba= 0.1, Smin is calculated as
12.0820512, which is 12.0820505 at ba= 0.2. Thus, difference between Smin values is

considered as negligible.

The calculated critical values were used to cut the error level-based graphs, and as a

result, solution areas for 95% confidence intervals were obtained. These procedures

done for each WWTP with determined ba values.
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4. RESULTS & DISCUSSION

Contour plots are generated by using sum squared errors of i, and Xa and illustrated
in the two dimentional-coordinate system. SSE is at lowest in the center of the contours
and gradually increases.

Center of the graphs shows higher accuracy estimations; since the contour plots are
limited by setting the error range Smin t0 Scrit to show only the intervals higher than the
acceptable error margin as the confidence region. In this way, all of the drawn parts of
the graphs illustrates the accurate estimates with 95% confidence level. However, in
order to have the most optimum values that could be obtained the middle of the inner

circles should be observed where the SSE is at its lowest, Smin.

In the Tables 4.1 and 4.2, the optimum p; and Xa values of the WWTPs are shown at

the minimum SSE points with respect to their ba.

Table 4.1: p;; and Xa values at minimum SEEs for Plant 1 and Plant 2.

Plant 1 Plant 2
Min Error Points Min Error Min Error Points Min Error
b0.1 ;*(/; gg;gi 10.9057  bA 0.1 ;‘(f/: 8:22;‘3 168.0869
b0.15 ;*(/: g:iiii 10.9057  bA0.15 ;‘(f/: 8233‘51 168.0869
b0.17 ;*(/; ggigg 10.9057  bA 0.17 ;‘(f/: 8;?;3? 168.0869
b.0.2 ;*(/; g:ﬁ?? 10.9057  bA.0.2 ;‘(f/: 8;‘113‘512 168.0869

35



Table 4.2: p, and Xa values at minimum SEEs for Plant 3 and Plant 4.

Plant 3 Plant 4
Min Error Points Min Error Min Error Points Min Error

bAO0.1l 0.3445 16.9487 bAO1 0.3068 12.0821
Xa 1.9876 Xa 1.6843

bA0.15 pj 0.3945 16.9487 DbAO0.15 0.3568 12.0821
Xa 1.7356 Xa 1.4482

bA0.17 0.4145 16.9487 DbAO0.17 0.3768 12.0821
Xa 1.6520 Xa 1.3714

bA.0.2 0.4445 16.9487 bA.0.2 0.4068 12.0821
Xa 1.5404 Xa 1.2702

On the following pages, contour plots are presented. At first, in the Figures 4.1, 4.2,

4.3, 4., 45, 4.6, 4.7, and 4.8 are given in order according to plant numbers and ba

values. In this part, plots are shown separately to provide more detailed visualization.

Thus, the changes in the shapes and trends of the contour plots can be seen more
efficiently. After that, in the Figures 4.9, 4.10, 4.11, and 4.12, plots are placed in the

same Plant-wised two dimensioned-coordinate systems to see the effects of variations

in ba values. Furthermore, it has become more convenient to detect alterations in the

entire contours.
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Figure 4.1: Contour plots of the initial active biomass (x-axis), the maximum specific growth rate of autotrophs (y-axis), and SSE values (z-axis) for Plant 1 are shown; where
the ba: 0.1 and 0.15 (only acceptable region is shown as the confidence region, Smin-Sc).
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Figure 4.2: Contour plots of the initial active biomass (x-axis), the maximum specific growth rate of autotrophs (y-axis), and SSE values (z-axis) for Plant 1 are shown;
where the ba: 0.17 and 0.2 (only acceptable region is shown as the confidence region, Smin-Sc).
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Figure 4.3: Contour plots of the initial active biomass (x-axis), the maximum specific growth rate of autotrophs (y-axis), and SSE values (z-axis) for Plant 2 are shown;
where the ba: 0.1 and 0.15 (only acceptable region is shown as the confidence region, Smin-Sc).
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Figure 4.4: Contour plots of the initial active biomass (x-axis), the maximum specific growth rate of autotrophs (y-axis), and SSE values (z-axis) for Plant 2 are shown;
where the ba: 0.17 and 0.2 (only acceptable region is shown as the confidence region, Smin-Sc).
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In Figures 4.1 and 4.2, contour plots for Plant 1 can be seen. Although the data ranges
that are used to plot the graph varies from 60 000 to 120 000, graphs resolution seems
similar and can be considered as smooth enough to show the ellipsoid shapes of the
contour plots. The direct impact of bA values on maximum specific growth rate can
be seen easily between the plots. Also, Xa values changing similarly in the opposite
direction. Despite the fact that confidence region covers all of the area of solution in
95% probability, the center (minimum error points) is not symetrical. As the observed
minumum SSE area closer to the top-left of the graphs, it indicates for the optimal
design perspective slightly higher p; values and slightly lower Xa concentrations may

result with lower errors in the confidence region.

In Figure 4.3 and 4.4, contour plots for Plant 2 are are shown. Among the advanced
wastewater treatment plants that are examined in the study, Plant 2 has the highest
measurement number. It was expected to see lower SSE errors and wider confidence
region; however, Plant 2 has the maximum SSE. It may be caused by the quality of the
data. Also, another reason can be the initial active biomass concentration, which is
quite low comparing to the other WWTPs. Thus, as can be seen in the Figure 4.17,

increase in the NOx concentration is slower than the others.
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Figure 4.5: Contour plots of the initial active biomass (x-axis), the maximum specific growth rate of autotrophs (y-axis), and SSE values (z-
axis) for Plant 3 are shown; where the ba: 0.1 and 0.15 (only acceptable region is shown as the confidence region, Smin-Sc).
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Figure 4.6: Contour plots of the initial active biomass (x-axis), the maximum specific growth rate of autotrophs (y-axis), and SSE values (z-axis)
for Plant 3 are shown; where the ba: 0.17 and 0.2 (only acceptable region is shown as the confidence region, Smin-Sc).
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Figure 4.7: Contour plots of the initial active biomass (x-axis), the maximum specific growth rate of autotrophs (y-axis), and SSE values (z-
axis) for Plant 4 are shown; where the ba: 0.1 and 0.15 (only acceptable region is shown as the confidence region, Smin-Sc).
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Figure 4.8: Contour plots of the initial active biomass (x-axis), the maximum specific growth rate of autotrophs (y-axis), and SSE values (z-
axis) for Plant 4 are shown; where the ba: 0.17 and 0.2 (only acceptable region is shown as the confidence region, Smin-Sc).

45



The shape of the graphs indicates that the uncertainy analysis process is not
problematic, because the results are obtained as expected and similar to the literature.
Figures 4.5, 4.6, 4.7, and 4.8 demonstrate that the contour plots of Plants 3 and 4
exhibit similar features to those of Plant 1. Also, for the Plant 1, 3, and 4, the center
points that are found to be closer to the upper left which means that the lowest error
values are found slightly less than the middle value of Xa, and lightly higher than the
middle value of . Despite the plot center's similar location to the other plants for

Xa, the minimum error was slightly lower than the middle value of ., in Plant 2.
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Figure 4.9: Contour graphs of Plant 1 are shown in the same coordinate system.
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Figure 4.10: Contour graphs of Plant 2 are shown in the same coordinate system.
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Figure 4.11: Contour graphs of Plant 3 are shown in the same coordinate system.
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Figure 4.12: Contour graphs of Plant 4 are shown in the same coordinate system.
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From the Figures 4.9, 4.10, 4.11, and 4.12; effects of ba values can be seen clearly.
Furthermore, the sizes of the confidence regions can be compared. After examination
of the graphs, the largest confidence regions of WWTPs are observed at ba 0.1. Plants
1, 3 and 4 looks similar in many ways: however, the slope of the Plant 2 seems

different.

To be able to see the possible outcomes by the difference in the data quantities, some
detailed contour plots are generated with lower step sizes at ba 0.15. Figures 4.13,
4.14, 4.15, and 4.16 can be found on this purpose. These contours have smoother
curves and more circular ellipsoid lines, so they can reflect the boundaries, trends and

details of the graphs more clearly.
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Figure 4.13: SSE contour plots of Plant 1.

For the Plant 1, around 485 thousand steps included to be able to obtain sufficient point
of view. Minimum error value is found to be 10.9 where the critical value is 17.42.
Within the acceptable confidence region with 95% confidence p; values are observed
to change approximately 7% for the both sides where Xa values varied nearly 15%

around the minimum error point.
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Figure 4.14: SSE contour plots of Plant 2.

In the Figure 4.13, detailed contour plot of Plant 2 can be seen. More than 400
thousand different iterations are made with the estimated points, and taken into
consideration to plot the contours. Minimum SSE value is found to be 168.09 and the
critical value is 211.92. In this particular figure, higher SSE values are observed in

comparison to the other plants.
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In the Plant 3, wider intervals are observed, it can be seen in the Figure 4.15. The
optimum value is close but lower than the 2 mg/L of initial active biomass and near to
the p, 0.345 day™.
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Figure 4.15: SSE contour plots of Plant 3.

To be able to conclude with a sufficient results, more than 410 thousand of parameter
estimation combinations are compared and errors in each points are noted. According

to the calculations, the minimum SSE is found as 16.95 where the critical SSE is 26.16.
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Figure 4.16: SSE contour plots of Plant 4.

Figure 4.16 illustrates the contour graph of the Plant 4. Over 390 thousands of
calculated steps are generated for the figure and Smin is found to be 12.08 where the
Scrit is 18.01. Approximately, between the 0.385 - 0.325 for ., and between 1.2 — 1.8
for Xa values, the region in the figure can be considered as acceptable with 95%

confidence.
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In general the figures shows similar trends and the shapes of the contour plots are
ellipsoid shaped. These shapes of contour plots are preferable condition that indicates

the parameter estimations are seems to be accurate.

Using the Smin values of each plant, the models are calibrated, and best fits to the
measured data are acquired. As in the Eg. 3.1, changes in the ba values are considered

to be insignificant and graphs are drawn at ba= 0.15.

In the Figure 4.17, calibrated models of the WWTPs can be seen with respect to the

measured data from the nitrification experiments.
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Figure 4.17: Calibrated model graphs of Plant 1 (top-left), Plant 2 (top-right), Plant 3 (bottom-left), and Plant 4 (bottom-right).
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Figure 4.17 demonstrates that the measured data points and the model created match
each other. In addition, it can be seen how the initial low Xa values for the Plant 2
affect the NOx output. After a preparation phase of approximately one week,
nitrification started more effectively. These conditions can be considered as a reason

for the high error values calculated for the Plant 2.

After the model calibration, the difference between the kinetic coefficients determined
for sample facilities in Turkiye and the values accepted in the literature ASM1, ASM2d
(Henze et al., 1999; Henze, Grady, et al., 1987) and world-renowned design methods
from the literature (Grady L. Jr. et al., 2011; Wichern et al., 2003; Gujer et al., 1999;
Barker & Dold, 1997) have been demonstrated. Comparison can be seen for the growth
rate of nitrifiers in the following Figure 4.18. The related calculations are done by

using 0.15 as ba.
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Figure 4.18: Comparison of the maximum specific growth rates of
nitrifiers.
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The maximum specific growth rates of nitrifiers in TUrkiye are found to be lower than
that of standard values in each plant nearly by half.

As a result, considering the determined bA values of each facility, Xa and p
combinations that give significant results with a 95% confidence interval are

visualized.

Consequently, the calculated and visualized combinations of Xa and . that yielded
significant findings with a 95% confidence interval were determined based on the
given bA values of each facility. Upon examination of the contour plot graphs, it is
observed that the graphs are not perfectly symmetrical, the SSEs tent to decrease and
reach the minimum towards their center. As one moves away from the center, the error
increases in proportion to the iso-error lines and continues to increase towards the
acceptable final drawn values (Sc). Outside of the Sc is not visualized. The study
analyzed the graphs that considered local conditions to investigate how the initial
conditions of the experiment influenced the nitrification kinetics. It also examined the
uncertainties in the parameters by analyzing the observed trends and error distributions
within approximate confidence intervals.Furthermore, it has become more convenient

to detect alterations in the entire graph.

By examining the graphs drawn taking into account local conditions, the effect of the
initial conditions of the experiment on the nitrification kinetics and the uncertainties
between the parameters were discussed based on the observed trends and error

distributions in approximate confidence intervals.

As a result of the uncertainty analysis, it was found that the uncertainties between the
maximum growth rate of the nitrifiers calculated for the facilities and the initially fed
biomass rates remained within acceptable limits, although the percentage error rates
varied between 5-15%. The safety factor values in the design criteria and literature
generally vary between 20% and 25%, and in some cases can go up to 50%.
Considering this error tolerance, the resulting values were deemed tolerable and
acceptable. Moreover, considering the bA values, it is seen that the change in p, values
(1y-ba) remains constant as expected. The fact that this expression does not change
reveals that mud age calculations can be determined accurately. Moreover, even if the
two extreme values in the literature are compared, the parallel change in p, values is

as expected.
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Adding a safety margin to the calculations made in practical applications, ensuring that
theoretical calculations do not pose problems in practice and future risks are eliminated
is a very common approach in wastewater treatment plant design and construction.
This margin can vary from 10% to 50% in some cases. Insel et al. (2021) gives safety
factors of 1.2 and 1.25 to avoid risks, also according to the Oztiirk et al. (2017), margin
can be 50% for the aerobic sludge age calculations with the factor of 1.5.

Considering this added tolerance levels, the concentrations found can be considered
acceptable. Looking at the results obtained, it is seen that it will help to get one step
closer to the optimum nitrification experiment design. For this reason, the importance
of factors that may arise from the initial conditions of the experiment was emphasized

and the most suitable experimental conditions were examined.

It was found that the growth rates of nitrifiers in Turkiye were approximately half
lower than the worldwide standard values used in the literature. It is thought that this
difference is due to the differences in the wastewater sources discharged to the
treatment plants and therefore the wastewater characters. As a result of the study, the
dramatic differences in the growth rates of autotrophs emphasized the importance of

the local approach.
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5. CONCLUSION

In the study, the importance of factors that may arise from the initial conditions of the
experiment was emphasized and the most suitable experimental conditions were

examined.

The contour plots give reliable insights into the uncertainties of the selected parameters
realite to each other. Error in maximum growth rate of nitrifiers is in the order of 5-
15% among the plants. From the circular shape of the contour intervals, parameter

estimation processes may considered as accured.

Results show that, consideration of initial conditions and performing significance test
in the implentation of the experimental approaches, the model accurancy can be

improved and error can be lowered by almost 15%.

Considering the added safety margins that are used in environmental design
applications, the concentrations found can be considered acceptable. Looking at the
results obtained, it is seen that it will help to get one step closer to the optimum

nitrification experiment design.

Error could be minimized by optimizing sampling points and initial biomass
concentrations. Moreover, increasing number of samples could assist to error
minimization as well. Also, starting with lower Xa concentrations can result with

higher errors.

That should be noted, to increase the identifiability of the model parameters several
assumptions are made. Thus the results are not extensive for general use, but simplicity

may also result with more comprehensive point of view about the uncertainty.

It was found that the growth rates of nitrifiers in Turkiye were approximately half
lower than the worldwide standard values used in the literature. It is thought that this
difference is due to the differences in the wastewater sources discharged to the
treatment plants and therefore the wastewater characters. As a result of the study, the
dramatic differences in the growth rates of autotrophs emphasized the importance of

the local approach.
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Many studies tend to overlook the significance test of the data, but this study
concentrates on analyzing the uncertainty between the maximum growth rate of
nitrifiers and the initial active biomass at the start of the experiment bu considering
local conditions. Nevertheless, it is worth noting that this study could potentially be

one of the first investigations to examine this particular subject.

For the future applications, considering the optimum experimental design may help to
improve local design standard of the WWTP’s design and reducing the parameter

uncertainty.
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