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ABSTRACT

SIMULATION AND OPTIMIZATION ALGORITHM TO DETERMINE THE
DESIGN PARAMETERS OF NOVEL ALTERNATING ACTIVATED
SLUDGE SYSTEMS FOR REMOVAL OF HEAVY METALS BY USING
MAGNETIC NANOPARTICLE(S)
Buaisha, Magdi
PhD, Modeling and Design of Engineering Systems (MODES)
Supervisor: Assoc. Prof. Dr. Şaziye Balku
Co-Supervisor: Prof. Dr. Şeniz Özalp Yaman
January 2019, 80 pages
Heavy metals in wastewater influence the performance of the treatment plant and if
they are not removed, impact the environment and the human health. In order to
understand the optimal conditions of the removal and the effect of heavy metals on the
wastewater treatment plant, this thesis is presented in two parts. In the first part, a
unique modeling technique is proposed using the most recent approach involving the
application of ANNs (artificial neural networks). In this way, we compare the
predictions obtained with the empirical outcomes and use them as an error predictor
in adsorption process. To develop the model, the experimental data extracted from
three case studies in the literature has been used on the removal of heavy metals from
wastewater by magnetic nanoparticles. The findings reveal that the experimental
results and the predicted ones using ANN are highly compatible with each other. In
the second part of this study, a simulation algorithm is developed using MATLAB to
detect copper (Cu) influence on the aerobic and anoxic growth of heterotrophic and
autotrophic biomass in conventional and alternating activated sludge systems. The
results indicate that presence of Cu inhibits nitrification and denitrification and, hence,
it has a negative effect on the nitrogen removal process in alternating systems. Overall,
the following outcomes are reached. The proposed ANN model can be used as a tool
for the removal of heavy metals by magnetic nanoparticles before biological treatment
of waste water. ASM3 can predict and evaluate the operation of an activated sludge
system that receives the effluent from an industrial plant. However, this is only under
the condition that the model is improved in order to accommodate the effects of
important parameters subject to and depending on the characteristics of the specific
industry.
Keywords: ANN, ASM3, waste water treatment, alternating activated sludge systems,
heavy metals, magnetic nanoparticles
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ÖZ

YENILIKCI DEGISKEN AKTIF CAMUR SISTEMLERINDE MANYETIK
NANOPARCACIKLAR KULLANARAK AGIR METAL TEMIZLENMESI
ICIN TASARIM PARAMETRELERININ BELIRLENMESINDE BENZETIM
VE OPTIMIZASYON ALGORITMALARI
Buaisha, Magdi
Doktora, Mühendislik Sistemlerinin Modellenmesi ve Tasarımı (MODES)
Tez Yöneticisi: Doç. Dr. Şaziye Balku
Ortak Tez Yöneticisi: Prof. Dr. Şeniz Özalp Yaman
Ocak 2019, 80 sayfa
Atık sularda bulunan ağır metaller arıtma tesislerinin performansını düşürdüğü gibi
temizlenmediğinde insan ve çevre sağlığına etki etmektedir. Ağır metalleri atık
sulardan temizlemek için gerekli olan en uygun koşulları ve etkilerini inceleyebilmek
için sunulan bu tez iki ana bölümden oluşmaktadır. İlk kısımda son yıllarda çokca
uygulama alanı bulan “yapay sinir ağları” (ANN) metoduyla literatürde yer almayan
bir modelleme tekniği ilk kez önerilmiştir. Bu yöntem ile basit çıktılardan elde edilen
öngörüler karşılaştırılmış ve bu değerler yüzey tutulumu sürecinde hata göstergesi
olarak kullanılmıştır. Model geliştirmek için manyetik nanoparçacıklar ile atık
sulardan ağır metallerin temizlenmesi ile ilgili araştırmaları içeren üç örnek literatür
çalışmasından veriler seçilmiştir. Elde edilen sonuçlar deneysel ve ANN yöntemiyle
elde edilen verilerin birbiriyle oldukça uyumlu olduğunu göstermiştir. Çalışmanın
ikinci kısmında ise geleneksel ve alternatif aktif çamur sistemlerinde heterotrofik ve
ototrofik biyokütlelerin oksijenli ve oksijensiz ortamda büyümeleri üzerinde bakır
metalinin etkisinin incelenebilmesi amacıyla MATLAB kullanılarak bir benzetim
algoritması geliştirilmiştir. Sonuçlar bakır metali varlığının hem nitratlama hem de
nitratsızlaştırma üzerinde engelleyici bir etkiye sahip olduğunu göstermiştir. Buna
bağlı olarak bakırın alternatif aktif çamur sistemlerinde azot giderme işlevinde negatif
bir etkisi olduğu saptanmıştır. Sonuç olarak; önerilen ANN modelinin atık suların
biyolojik arıtımı öncesinde ağır metallerin manyetik nanoparçacıklar ile
ayrıştırılmasında kullanılabilecek bir araç olabileceği anlaşılmıştır. Ayrıca, ASM3
modeli endüstriyel arıtma tesislerinden beslenen aktif çamur sistemlerinin işlevlerini
önceden tahmin edebileceği ve değerlendirebileceği gösterilmiştir. Bununla birlikte
önerilen model, seçilen endüstriyel alanın karakteristiklerine bağlı olarak bazı önemli
parametrelerin etkilerini uyumlandırarak geliştirilebilir.
Anahtar Kelimeler: ANN, ASM3, atıksu arıtma, alternatif aktif çamur sistemi, ağır
metaller, manyetik nano parçacıklar
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CHAPTER 1

INTRODUCTION

1.1. Problem Statement
More concern over the issue of the environment today has resulted in new laws to
eliminate pollution caused by treatment plants in the form of organic carbon, nutrient
and heavy metals. There are many heavy metals in wastewater, such as lead (Pb),
cadmium (Cd), chromium (Cr), nickel (Ni), cobalt (Co), zinc (Zn) and copper (Cu).
They all have their own dire impacts on humans and the environment alike [1]. Some
of these are the outcome of industrial operations, for instance mine drainage, metal
processing, petroleum refining, tanning, photographic processing and electroplating;
whereas others are due to the environment itself, for example agricultural runoff and
acid rain [2]. Such heavy metals in wastewater in high amounts are hazardous as they
have a negative effect on the environment doubled by insufficient bio-processing. In
this respect, heavy substance removal is crucial in treatment plants; hence, one has to
define the quantity and quality of these materials accurately once they are released into
water so as to estimate and improve the overall functioning of these wastewater
treatment plants (WWTP). Specifically, these metals also play an important role as
regards the biological treatment of wastewater; lately, it has been shown that the
amount of heavy metal in the activated sludge systems is inhibitory when it comes to
the heterotrophic growth rate constant as well as the lysis rate constant [3]. Other
works reveal this inhibitory effect from copper and zinc on the specific growth rate of
the autotrophic biomass in activated sludge, concluding that copper decreases
nitrification by approximately 50% and zinc by 12% [4].
Treating biologically any wastewater is not quite efficient since there are toxic cation
effects in the biomass when wastewater contains high metal concentrations. The
toxicity of metals, in turn, affects the microbial biomass growth and treatment
efficiency in an inverse way. In case there are metals in low concentrations, some of
them can as micronutrients; yet, if high in concentration, this can bring about cell
1

break-off. As some enzymes inhibit irreversibly, heavy metal concentrations at ppm
level (mgL-1) have proved to be toxic. Numerous works have shown efforts to
determine the precise inhibitory effects of heavy metals in treatment processes. For
one, Çeçen [5] examined the effect of Cr, Pb, Hg, Cd, and Ag on nitrifying sludge
respiration, concluding that Ag had the most inhibitory effect and chromium the least.
Also, whether trivalent or hexavalent, they both have similar effects. Heavy metal ions
can be reduced using different conventional techniques such as chemical precipitation,
reverse osmosis, electrochemical treatment, ion exchange, membrane filtration,
coagulation, extraction, irradiation, and adsorption [6]. The latter technology has
offered numerous benefits such as reduced cost and increased efficiency. Henceforth,
adsorption is regarded as among the best novel ways at hand compared to the rest.
Using nonmaterial as the adsorbents for heavy metals has also been given a lot of
attention because of their unique features, namely high surface area, surface
modifiability, superb magnetic properties, outstanding biocompatibility, ease of
separation using external magnetic fields, reusability and relatively less expense [7].
In this respect, mechanistic models also offer a better understanding of the chemical
and physical properties related to heavy metal adsorption. Though not simple
mathematical equations, they are based on a number of hypothetical chemico-physical
reactions among active locations within the biomass and ions in the solution at hand.
Properly arranged adsorption operations offer advanced efficiency, causing high
quality effluent after treatment. For this reason, it makes sense that studying sorption
kinetics in wastewater treatment has become widespread since it offers important clues
related to reaction processes and mechanisms. What’s more, these kinetic features
explain the solute uptake rate which, in turn, is responsible for the residence time of
sorbate uptake at the solid-solution interface. Hence, one has to forecast the rate at
which a pollutant is taken away from aqueous solutions so as to arrange better sorption
treatment plants [8]. For the purpose of applying efficient control systems within a
chemical or adsorption process, a comprehensive process model is needed to describe
the relationship of the relevant inputs and outputs [9, 10].
Owing to heavy metal inhibition to heterotrophic and autotrophic bacteria activities in
treatment plants, two important tasks become evident, thereby setting the main
obejctives of the present thesis: First, to study the operation of heavy metal removal
before any biological treatment and modeling of adsorption processses; second, to
2

evaluate the behavior of WWTPs with and without heavy metals in activated sludge
systems.
1.2. The Purpose of the Study
The present thesis is based on achieving the following goals:
 Understanding the process of removing heavy metals using nanoparticles and to
determining the concentration of heavy metals in wastewater before entering a
biological system;
 Examining the behavior of WWTPs with and without heavy metal presence by
simulation.
The purpose of this study is to develop models to achieve our goals arranged in two
seperate parts as explained in the following;
 Part One
Conventionally, this can be achieved via analysis using differential equations based on
a-priori knowledge of the physicochemical properties. Such an overtly general
perspective cannot work in bioprocess engineering since not enough knowledge is
available; hence limiting the definition for complex nonlinear time-variant relations.
Nevertheless, in the adsorption processes there are other sources of information that
can be referenced. Alternatively, heuristical knowledge of process engineers and
operators or measured process data can be useful thought not directly available for
transfer into computer-assisted process-modelling systems. Therefore, less generalized
or concentrated knowledge of chemometric and cognitive techniques can be set up to
serve as process identification methods [11]. Other methods include estimating the
concentration of heavy metals in wastewater using artificial neural networks (ANN)
models as a useful tool in experimental modelling, optimisation and control of
adsorption processes given their ability to represent complex nonlinear processes [12].
ANNs do not need advance knowledge of the process which can serve as an advantage.
Though, if available, a-priori knowledge should be disregarded when using ANN.
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Also, owing to the 'black box' character of nonparametric models such as ANNs,
determined parameters do not hold any reference to physical parameters, an issue that
can always create problems in model interpretation [13]. Langmuir and Freundlich
models were formed in accordance to certain theoretical background on physical
systems, where advance knowledge is needed related to the system. However, ANNs
are black box models, hence free of such needs.
Another advantage of ANNs is that one can simply relate input and output variables.
A drawback, though, can be that no information can be available on how various
parameters influence the adsorption quantity. Therefore, the main focus is directed
towards the use of the statistical approach to forecast the interactive impacts of
combined adsorption variables on the complex adsorption process using the ANN
modeling approach. Based on this, the purpose of first part is to estimate the residual
soluble metal concentration after adsorption using the experimental data previously
obtained in three other works using ANN.
 Part Two
To model activated sludge systems, many other mathematical models are proposed
while studying the effects of heavy metals on the performance of the activated sludge
systems in terms of the growth rate. Still, not much has been done as to the lysis rate
constants. Paiet et al. [3] indicate that in the presence of heavy metals the lysis rate
constants have to be examined, and to assess the effects on heterotrophic growth and
lysis rate, the researchers set up an original concept, concluding that this growth rate
dropped while decay rate increased. In their work, heavy metal concentration and the
inhibition coefficients were 1.21 and 1.82 mgL-1 for Cu and Cd, respectively. Juliastuti
et al. [4] also studied the inhibitory effects of copper and zinc on autotrophic bacteria,
determining the net maximum specific growth rate as a function of concentrations of
heavy metals. Their conclusion was that the inhibitory effect of Cu was higher than Zn
and that the nitrification process was entirely inhibited at 1.2 mgL-1 for Cu and Zn.
IC50. The median inhibition concentration values were 0.08 mgL-1 and 0.35 mgL-1 for
Cu and Zn, respectively.
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A dynamic model based on ASM3 proposed by Henze et al. [14] is applied to
investigate the behavior of the activated sludge process at a full-scale domestic
wastewater treatment plant. In effect, activated sludge models merely address
domestic wastewater treatment; yet, if extended to deal with the growth and lysis rates
of heterotrophic and autotrophic bacteria with metal presence, they can also be used in
the field of industrial wastewater treatment where there is heavy metal present.
The combination of industrial and domestic wastewater in municipal WWTPs is
perhaps beneficial in economic terms for treatment purposes; however, there are direct
consequences when the subject is related to treatment of water and also unanticipated
effects on biomass and end-product. For this reason, the behavior of WWTPs has to
be carefully addressed with and without heavy metals in activated sludge systems. The
models in this respect are derived for domestic wastewater treatment systems; though
they can also be applied in industrial terms and for the same purposes. Combining
industrial and domestic wastewater in municipal WWTPs can be economically
profitable – as stated before – but there will be an increase in the difficulty of treatment
as well as certain detrimental effects on the biomass and formation of low-grade final
effluent. Under light of the above-stated background, the second part aims to
investigate the influnce of heavy metals’ presence in conventional and alternating
activated sludge systems using ASM3 (activated sludge model No.3).
1.3. The Aims and Objectives
The aims of this study are to predict the concentration of heavy metals in wastewater
prior to entering the biological system as well as to examine the behaviour of heavy
metals in conventional and alternating activated sludge systems. To achieve these
aims, we set some specific objectives as follows:
 Developing an ANN approach to estimate the residual soluble metal concentration
by nano- adsorption using the experimental data extracted from three case studies
in the literature; and
 Improving the waste water treatment model for conventional and alternating
systems in the presence and absence of heavy metals (case study for copper) by a
simulation algorithm for ASM3 (activated sludge model No.3)
5

1.4. The Scope of the Study
The scope of the study is to obtain first-hand knowledge about the developing models
in wastewater plants, as well as to understand the behavior of the removal and effect
heavy metals in conventional and alternating activated sludge systems.
1.5. Thesis Outline
The thesis is organized as follows:
It begins with an introduction section as above in chapter one. Chapter two offers the
literature survey is reviewed about heavy metal removal and the mathematical
modelling of biological waste water treatment. Chapter three explains the research
methodology to represent the work in detail using flowcharts and the supporting steps
of the work from previous literature review, and also by the illustration of modeling
and simulations performed in the matlab environment using the ANN technique and
code programming. Chapter four presents the results and discussions. Finally, chapter
five presents the conclusion and offers recommendations for future work and
limitations

6

CHAPTER 2

LITERATURE SURVEY

2.1. Heavy Metals’ Effect on the Environment
2.1.1. Chemistry of Heavy Metals
Rochow [15] holds the degree of toxicity in any heavy metal relies on the chemical
forms. Organometallic complexes can sometimes have bioconcentration owing to
higher degrees of solubility and, for this reason, preferential uptake of the substance
in lipid instead of water. Briefly, toxicity related to metal exposure, which remains
unidentified or poorly addressed, can cause major health issues with greater degrees
of death toll. With extensive applications in local, industrial, as well as farming
initiatives, thespread of toxicity in an environment causes major worries regarding
possible health hazards on individuals. In spite of occurence due to unexpected contact
with major amounts of metals- such as in workplace–toxicity can affect numerous
body organs, and the degree of its seriousness in terms of consequences rely on kind
of elements, direction and length of contact and an individual’s degree of susceptibility
[16].
2.1.2. Effects of Heavy Metals on the Environment
As the world population increases by the year, it creates more need for natural
resources. Industrial activities contribute to polluting such resources and depleting
future stocks. The impact of heavy metals on the environment and public health has
for quite a long time attracted the attention of researchers. Microorganisms, aquatic
flora and fauna are among the locations where heavy metal residues can collect, some
in micronutrient forms as needed in trace amounts by such organisms for routine
metabolic activities. Yet, in high amounts within the environment, these substances
can have toxic effects. Cadmium and mercury, for example, are known to have no
metabolic function and, hence, can have some toxicity given any amount.
7

Most organisms are unable to process the toxic effects of heavy metals because the
evolutionary selection pressures have been absent, thereby no such mechanisms are
developed [16]. Apart from being a direct cause of non-infectious diseases in humans,
heavy metals can also have major influences on the environment if released into it as
they are regarded as serious and persistent polluting factors in land and water
ecosystems [17]. These substances can potentially find their way into the human food
chain and cause health problems. Some examples of these incidents include chromium
poisoning that generates skin disorders and liver disruption [18]. A lot of organic
compounds may be degraded, but they cannot be eliminated entirely from the
biosphere. Soil contamination is also a long-persisting hazard, and half-life
measurements of some of the elements in soil stand at 15 to 1100 years for cadmium,
310 to 1500 years for copper and 740 to 5900 years for lead. Such long ranges are due
to different soil mixtures and settings [19].
2.1.3. Sources of Heavy Metals in Wastewater
There are heavy metals as trace elements in most materials; but the more-concentrated
sources can be seen in fossil fuels and mineral ores. Anthropogenic sources
significantly help to speed up biogeochemial cycles of heavy metals [20]. In general,
atmospheric release can disperse contaminants, such as lead, from the presentlybanned use of tatraethyl lead as an “anti-knocking” agent in petrol. Other pollutants
can be found in more concentrated forms at the local level; for example, cadmium in
pre-industrial mining and smelting operations [16]. Heavy metals such as copper, zinc,
nickel, cobalt, silver, cadmium and chromium can also find their way out into the
environment during electroplating, metal processing industries, and mining operations
all within metal-work and finishing industrial effluents as well as corrosion of
galvanised pipings. Such substances, alongside others such as barium, lead, iron and
mercury are commonly used to produce printed circuit boards, paints, plastics,
batteries, alloys, refractors, scientific instruments and paper [18]. Excessive amounts
of nickel can be disperesed, especially from mining and metallurgy processses of
nickel, stainless steel, nickel electroplating, battery and accumulator manufacturing.
Pigments and ceramic industries wastewaters, too, contain undesired amounts of
nickel (II) ions. All such operations depend on using heavy metals as process reagents;
8

otherwise, they are also found as contaminants in raw materials. To remove these
compounds from so many waste sources can be either impossible or unnecessarily
cost-ineffective. However, heavy metal pollution can fortunately be traced back to a
specific spot in most cases.
2.1.4. Legislation
As a result of much attention due to the effect of human activities, many international
agreements were made to limit the use of resources and put a cap on environmental
pollution. Given these concerns, new regulations are now in place which not only
demands installations to satisfy certain discharge criteria, but also to heed Best
Environmental Practice, (BEP), Best Available Technology (BAT), and Integrated
Pollution Prevention and Control (IPPC). To bring into effect such laws, related
authorities need a kind of criteria or indicator to assess the inflicted environmental
damage. In the same way, to abide by such regulations, those in charge of polluting or
potentially polluting establishments are likely obliged to apply some form of
environmental management scheme.
The subject heavy metals, as determined by the European Union and US legislation,
are those present in sufficient amounts in the earth’s crust and can be sufficiently
solved in water so as to be classified as an environmental hazard. The EU Directives
related to these dangerous substances include the items as being of important in the
aquatic environment [16]. The application of heavy metals in different industrial
sectors is supervised by health and safety, transportation and storage legislation, all of
which address the operators of wastewater treatment facilities at the same time. In this
respect, the Directive 2000/60/EC integrates present water quality legislation (EU,
2000a). There is enforcement on member states to guarantee that surface and ground
waters maintain satisfactory conditions by 2010. In the meantime, polluters will be
charged against the full cost of any damage incurred, instead of allowing the costs to
be passed on to the society.
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2.2. Heavy Metal Removal
There has been added concern for the environment in recent years which has resulted
in new laws to be passed to eliminate polluting factors, namely organic carbon, nutrient
and heavy metals, from industrial operations. As there are numerous substances like
these in wastewater including lead (Pb), cadmium (Cd), chromium (Cr), nickel (Ni),
cobalt (Co), zinc (Zn) and copper (Cu), they all have unfavourable effects on people
and the environment [1]. Some originate from industries such as mining, metal
processing, petroleum refining, tanning, photographic processing and electroplating;
while the rest are due to the environment’s workings such as agricultural runoff and
acid rain [2].
The high amounts of these substances in wastewater is a matter out of the question as
their toxicity can damage the environment coupled with a lack of biological treatment
to counter-act. Metal removal is essential in this regard when it comes to treatment
plants; hence the need for clearly defining the quantity and quality of these materials
once released into the water so as to estimate and develop operational activites in
WWTPs.
Specifically, these metals can impact the biological treatment of wastewater as latest
studies reveal heavy metal in activated sludge systems to be inhibitory in terms of the
heterotrophic growth rate constant as well as the lysis rate constant [3]. Another
research has been focused on these inhibitory effects in case of copper and zinc on the
specific growth rate of the autotrophic biomass in activated sludge, with the conclusion
that copper decreases the nitrification process by up to 50% and zinc by 12% [4]. For
this reason, it is important to remove such substances from wastewater using different
traditional methods including chemical precipitation, reverse osmosis, electrochemical
treatment, ion exchange, membrane filtration, coagulation, extraction, irradiation, and
adsorption [6]. The technology in the field of adsorption offers many benefits such as
low cost and high efficiency, thus making the method a choice preferred over the rest.
Whereas conventional sorbents such as activated carbons, clay minerals, chelating
materials, and chitosan/natural zeolites offer lower sorption capacity. Therefore,
nanomaterials come to the fore as a choice to eliminate heavy metal ions in wastewater
[21]. Stability and size are two important factors affecting the application of magnetic
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nanoparticles. To provide an example, as stability elevates so does adsorption; This is
while as size increases, adsorption can drop due to the particles performing more
favourably once nanoparticles are smaller than 10-20 nm [22].

Applying

nanomaterials in removing heavy metals is still a success due to the advantages like
these [23].
2.2.1. Nanomaterials for Adsorption
Inorganic material can also be used for heavy metal removal; carbon nanotubes
(CNTs), for instance, enjoy high sorption abilites [21]. Other forms of nanoparticles
from metal oxides, called “inorganic nanomaterials”, can also reduce heavy metal ions
in wastewater. Examples are silver nanoparticles, iron oxide, manganese oxide,
titanium oxide, magnesium oxide, copper oxide, cerium oxide, etc. All such oxides
have wide surface areas, less solubility, increased separation efficiency in wastewater,
and more importantly zero environmental pollution effect. Particularly, recent works
show that particle size is essential to achieve ideal heavy metal separation during
wastewater treatment processes [6].
2.2.2. Optimization of Adsorption Parameters
Nanomaterials (NPs) of different form each have a specific adsorption level which
relies on the pH, temperature, the initial heavy metal concentration, adsorbent dosage,
and other possibly co-existing ions. Due to this, adsorption performance and capacity
can both elevate should such factors change. As per the available literature, it can be
seen that there are some studies which aim to determine the optimum values of the
adsorption parameters. Forexample, the adsorption capacity of Fe3O4 nanoparticles
rise with increased pH in the solution give details [24]. Another study shows that major
quantities of Cu(II) can be taken away with CMNP (chitosan-coated magnetic
nanoparticles) at pH 6 [26]. Also, the removal percentage of Cr(VI) with Fe3O4@nSiO2 NPs can be increased to 2% merely with elevated temperatures from 25 to 45 ºC
and maintaining all other variables at a fixed level [25]. One more element in this
regard is the dosage affecting adsorption capacity in all nanomaterials. Based on the
work by Neeraj et al. [26], the ratio of Cu(II) ion removal from wastewater rises as the
dose of CMNP is added. Finally, the contact time can be deterimental in the
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equilibrium time and the kinetics as regards heavy metal removal. For example,
stretching the contact time also extends the effectiveness of CMNP in Cu(II) ion
separation.
2.2.3. Adsorption Isotherm
Adsorption isotherm defines adsorbent and adsorbate interactions, thereby rendering
it an essential factor in process optimization. Countless such adsorption isotherm
models are at hand which explain the related equilibrium; these are Langmuir,
Freundlich, BET, Toth, Tempkin, Redlich–Peterson, Sips, Frumkin, Harkins–Jura,
Halsey, Henderson and Dubinin–Radushkevich. According to the studies reviewed for
the purpose of the present work, the Langmuir and Freundlich isotherm models are
regarded as the most ideal and fitted models for Cr(VI) adsorption onto iron oxide
nanosorbents [25].
2.2.4. Adsorption Kinetics and Artificial Neural Network Model for Heavy
Metal Removal
2.2.4.1. Adsorption Kinetics
By adjusting the experimental data to various kinetic models, one can examine the
adsorption rate, process type, and product information on the adsorption as the type of
data otherwise known as ‘physisorption’ or ‘chemisorption’. Most common kinetic
models include Lagergren pseudo-first order and pseudo-second order kinetics, out of
which the latter is considered as the best fitted model with regarding aqueous
chromium adsorption onto different magnetic nano-sorbents [25], aqueous Zn(II) ions
adsorption onto Fe3O4 nanoparticles [24] (), and aqueous Cu(II) ions adsorption onto
CMNP [26].
2.2.4.2. Artificial Neural Network
Neural networks comprise plain elements which function in parallel and are based on
biological nervous systems. Similar to the natural world, the network function can be
arranged to a large extent using the connections among different elements. Neural
networks are possible to be trained so as to do a given task by arranging the values of
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the connections (weights) among the elements. In general, neural networks are
adjusted, or trained, such that a certain input can lead to a desired end output. Figure
2.1 shows an example in which a network is adjusted in accordance to a comparison
between the output and the target up to the point when the network output matches the
target. Countless such input/target output pairs are commonly applied so as to train a
network. In this respect, batch training is done using weight and bias changes set in
accordance to an entire set (or batch as the name implies) of input vectors. The weights
and biases of a network with incremental training can be changed once required upon
the presenting each single input vector. Such training is also called "on line" or
"adaptive" training. Neural networks have been trained to carry out multi-level
functions in many different fields such as for pattern recognition, identification,
classification, speech, vision, and control systems. Presently, these networks can be
trained to deal with problems otherwise challenging for conventional computers or for
humans [27].

Figure 2.1. Basic Principles of Artifical Net Work
One form of the network, feed forward ANN, is a system of neurons set up in layers.
Between the input and output layers, there can be one or more hidden layers. The
neurons in each of these layers are connected to those in the next layer via a weight w,
which is adjustable while training. A data pattern including the values xi at the input
layer i is propagated forward through the network in the direction of the first hidden
layer j. Each hidden neuron takes the weighted outputs wjixi from the neurons in the
preceding layer, all of which are summed to obtain a net value. This, in turn, is changed
to an output value by applying an activation function [28]. A conventional three-layer
feed forward ANN appears in Figure 2.2.
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Figure 2.2. Typical Three Layers Feed Forword ANN
In Figure 2.3, the ANN has three layers: input, hidden and output. Input layer neurons
are x1, x2... xn; hidden layer neurons are h1, h2... hn; and output layer neurons are O1,
O2....On. A major historical development in ANN’s occured when back-propagation
learning algorithms where introduced, thus rekindling scientific and engineering filed
specialists’ interests to model and process numerous quantitative phenomena with the
help of neural networks. The learning algorithm is used in multilayer feed-forward
networks with processing elements that have both continuous and differentiable
activation functions. Such networks along with the back-propagation learning
algorithm are otherwise known as ‘backpropagation networks’. Equipped with a
training set of input-output pairs, the algorithm offers a procedure to modify the
weights in a back-propagation network and accurately classify the given input patterns.
The foundation for such weight update algorithm is the gradient descent method as
used for simple perceptrons with differentiable neurons. As Figure 2.3, for a given
input-output pair, the back-propagation algorithm carries out two phases of data flow:
First, the input pattern is propagated from the input layer to the output layer and, owing
to such forward flow of data, it generates an actual output. Next, the error signals from
the difference between the output pattern and the actual output are back-propagated
from the output layer to the previous layers so as for them to update their weights [29].
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Figure 2.3. The Schematic Diagram of the Selected Neural Network
2.2.4.3. Artificial Neural Network Applications in Water and Wastewater Treatment
Many studies are available in the field of multiple regression equation and ANN
applications in the field of water and wastewater treatment [30- 31]. ANN modeling
application in these areas propose optimum conditions for operating parameters so as
to remove iron metal from other substances using SQP (sequential quadratic
programming) optimization algorithm [32]. According to Fanaie [33], ANN has also
been used to forecast the effectiveness of the biosorption processes in eliminating 4chlorophenol from aqueous solutions. The comparison between anticipated and
experimental results offered a high level of determination coefficient (R2 = 0.98),
suggesting that the model managed to forecast biosorption efficiency with sufficient
accuracy. Related to ANN modeling, there are other illustrations to predict ideal
conditions related to operating factors in complex adsorption systems intended for
metal removal, this time with activated carbon [34].
One model has also been proposed to predict Co(II) and Ni(II) ion metal removal from
wastewater using carboxymethyl chitosan-bounded Fe3O4 nanoparticles [35].
Considering the related work cited thus far, the present study offers a discussion of
different types of nanomaterials, adsorption isotherm models and adsorption kinetics.
As regards the control of the adsorption process, we propose a new approach involving
ANN modeling to compare the predictions obtained with the experimental results. The
model will later be used as an error predictor to achieve our purpose. The operating
variables mentioned in these studies are applied as inputs to set up a neural network in
order to predict the removal efficacy of heavy metals from wastewater at any time as
an output.
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2.3. Activated Sludge Systems
As the process of treating sewage depends largely on settling and screening, the step
is often referred to as ‘primary treatment’. Many municipalities have a second
treatment process as well using bacteria to metabolize organic compounds and to
process them to CO2. Hence, the BOD (biochemical oxygen demand) amount can be
significantly reduced; otherwise, it may exceed the oxidizing capacity of the receiving
waters, thereby creating anoxic conditions. As to the secondary treatment processes,
wastewater is sprayed upon an area of sand or gravel covered with aerobic
microorganisms or, alternatively, agitated using microbes – a process known in other
terms as ‘activated sludge’ - in a reactor. Activated sludge (AS) addresses the
refinement of sewage and industrial wastewaters and was first introduced in 1912 to
1914. Many schemes exist in this context, but mainly AS forms all comprise three
main elements: an aeration tank to work as a bio reactor; a settling tank, or "final
clarifier" as some sources state, in order to divide AS material from refined waste
water; a return activated sludge (RAS) component to move the settled AS away from
the clarifier to the influent of the aeration tank (Figure 2.4).

Figure 2.4. Process Plant
The atmospheric air and in exceptional scenarios, pure oxygen is added to a
combination of preliminary treated or screened sewage (or industrial wastewater)
mixed with organisms so as to form a biological floc, also referred to as "Activated
Sludge" (AS). The combination of raw sewage (or industrial wastewater) and
biological mass is often regarded as “mixed Liquor”. Commonly, the concentration of
dry solid mixed liquor (MLSS) can vary between 3 to 6 g/L. in case of all
activated sludge plants, the concentration of biodegradable elements appearing in the
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influent can be decreased thanks to biological as well as chemical operations inside
the aeration tank. The degree of effectiveness in removal efficiency can be monitored
using various limit settings such as hydraulic residence time (HRT) in
the aeration tank, formulated based on the volume of the aeration tank divided by the
flow rate. Among other factors, there is the Influent load (Biochemical oxygen
demand, Chemical oxygen demand, Nitrogen) related to the amounts of AS solids
available in the aeration tank, Food: Microorganism Ratio, oxygen supply,
temperature, and others. Inside the effluent within the aeration tank, mixed liquor is
released into the settling tanks and the supernatant (treated waste water) is also
released into natural water or undergo source for additional processing prior to
discharge. The AS settled at the bottom is taken back to the top of the aeration tank
(RAS) so as to re-seed the new sewage (or industrial wastewater) coming into the tank
and obtain the exact and expected MLSS values in the aeration tank.
Considering the biological growth as well as the solid particles available in the raw
waste water not being degraded to the fullest extent, additional sludge in the end piles
up over the expected MLSS concentration in the aeration tank, leading to solid or
Waste Activated Sludge (WAS) to be taken away from the treatment process in order
to maintain the balance in the proportion of biomass to food administered – or
sewage or wastewater - and the F:M ratio within a predicted level. WAS is kept away
from the main treatment process inside storage tanks and later refined using digestion,
whether in anaerobic or aerobic settings, before complete disposal.
Presently this process is quite in use for treating both local and industrial wastewater,
bearing critical steps as follow: (i) heterotrophic bacteria oxidatively digest organic
pollutants in an aeration tank, and (ii) microorganisms form flocs in a way that most
are removed from the treated water in another settling tank. At the final stage, the BOD
is reduced by up to 90 percent [36]. Though microbes can change most of such organic
matter to CO2, they also accumulate some of the material into new cell forms as the
culture increases and begin to develop. Such organisms need harvesting often times
and, then, depositted into the sludge itself from the first settling tank.
A major topic in wastewater treatment is this biological process, where activated
sludge has gain much attention as a biosorbent agent for heavy metals, dyes and
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organic compounds such as phenol. This is due to reduced cost and availability.
Biosorption technology is also quite an issue essentially to treat municipal or industrial
wastewaters or to seperate recover heavy metal ions. Apart from this fact, because the
main ingredient is only organic matter, sludge is regarded as an ideal fertilizer in itself;
yet, sadly practical applications to cropland are severely limitted due to toxic metals
released into wastewater from the above-stated sources or even from urban runoff. As
an option, therefore, this sludge may be incinerated to generate energy for heating or
electricity production purposes. Another choice is sludge conversion to methane
through the process of anaerobic bacteria digestion. Still, though, low-level economics
and local resistance to such operations at times counteract such initiatives. Henceforth,
this sludge finds its way to landfills which, once full, will create a need to find new
land – in this case, mostly other cropland.
Such continued contamination raises the issue of metal hazards and their removal again
and again. If such metal accumulation is dealt with, sludge can serve as a useful source
of fertilizer instead of turning into a burden for the environment [36].
2.3.1. Microbial Composition of Activated Sludge
Most of these groups of bacteria can be categorized as in three packs depending on
their reaction to gaseous oxygen; these are: aerobic bacteria which thrive with oxygen
and need it to continue growing and living; anaerobic bacteria, though are unable to
stand gaseous oxygen, for example those living in deep underwater sediments or those
causing food poisoning; finally, facultative anaerobes are bacteria which prefer to
grow in the presence of oxygen, but which may also carry on growing in its absence.
Another way of classifying bacteria is the way they harness energy, based on which
there are heterotrophs and autotrophs. The former takes energy by dissolving complex
organic compounds needed to absorb from the surrounding, and include saprobic
bacteria that appear in decaying material as well as those that depend on fermentation
or respiration to grow. The latter, autotrophs use carbon dioxide and turn it into their
own food source. This fixing process can be propelled with the help of light energy –
known as photoautotrophic - or by oxidation of nitrogen, sulfur, or other elements –
known as chemoautotrophic. Whereas chemoautotrophs are rare, photoautotrophs are
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more widespread and also variant in terms of species, including cyanobacteria, green
sulfur bacteria, purple sulfur bacteria, and purple nonsulfur bacteria. In particular, the
sulfur bacteria are noteworthy thanks to their use of hydrogen sulfide as hydrogen
donor rather than water as other photosynthetic organisms do.
Numerous species have so far been identified in activated sludge. For a short period in
time, there was the assumption that Zooglea ramigera was the only heterotrophic
organism in activated sludge as it releases a copious extracellular slime matrix and
grown in pure culture form in aggregates of cells located in the matrix, this way
creating a structure which appears as a floc.
However, today we know in general numerous species may be present in an activated
sludge community [37]. Certain biological treatment processes involve numerous
species of aerobic organisms. For instance, nitrifying activated sludge where
heterotrophic and nitrifying microorganisms live together.
2.3.2. Heavy Metals in Activated Sludge Systems
Heavy metals can enter activated sludge systems which to remove soluble and
colloidal organic matter from the municipal wastewaters better sentence can be used.
Metal-laden municipal sewage exceeding certain concentrations is hazardous to
microorganisms in biological processes in such sewage treatment plants and impacts
negatively the efficiency of organic removal processes [38]. Different heavy metals
not only influence efficiency in the plant, such releases can seriously impact the
environment as well as human living conditions and health. For this, certain regulatory
efforts have been intended to fight emissions. In this regard, toxicity has been defined
as ‘inhibition of respirotory activity of microorganisms’ present in activated sludge.
Such degree of toxicity is inadvertedly linked to its solubility in sludge and, with high
metal affinity; toxicity tends to decrease [39]. Over the past few years, owing to strict
oversight on the issue of environmental, industries have been forced to pre-treat the
wastewater so as to significantly eliminate heavy metal presence prior to any
discharge. In these systems, metal toxicity can be decreased upon precipitating the
metal out of the solution in the form of insoluble sulphide, hydroxide, or in other forms
[16]. To provide an example, the metals that are present in the effluent released from
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printed circuit board manufacturing establishments and in the waste bath solution and
rinse water generated by electroplating industries are taken away whether through
chemical precipitation or using techniques that involve ion exchange. Despite all such
efforts, a tiny percentage of these metals can find their way from these pre-treatment
processes in to municipal sewage works in the form of trace concentrations [18]. On
average, iron, copper and zinc are less toxic if maintained below a few milligrams per
litre; though copper at 1 mg/L has been suggested to limit the growth of certain algae
species [40]. In the form of trace concentrations, heavy metals are generally regarded
as bearing no direct environmental effects; contrarily, many are even vital in the form
of micro-nutrients consumed for microbial growth [18]. Others such as Ni, Co and Mo
have been reported to increase anaerobic digestion [41-44] nonetheless, according to
[45], some including copper and zinc at concentrations below toxic levels (1 mgL-1)
can also affect Chemical Oxygen Demand elimination in activated sludge. There are
propositions stating that, apart from toxicity and inhibitory effects on microorganism
life, heavy metals have the potential to physically impact activated sludge in the
adsorption and uptake of organic compounds [6]. According to a recent study, in the
presence of heavy metals, plant efficiency is affected significantly which is due to
decreasing the chemical oxygen demand adsorption capacity (CAC). Another point is
that these substances can impact the settling characteristics of sludge, partly perhaps
as a result of a direct effect upon the extracellular biopolymer or to the relative
proportion of filamentous bacteria [16]. Trace levels of Cu+2 and Zn+2 have been
studied in terms of sludge performance. Accordingly, adsorption onto batch flocs
followed both Langmuir and Freundlich isoterms, the presence of which two in turn
impacted organic matter adsorption and CAC. These metal ions decreased CAC
through competing for adsorption sites on bioflocs in a sequence batch reactor (SBR)
as per the hydraulic retention time (HRT). There, the heavy metals were seen to be
absorbed more quickly and in less HRTs instead of longer times [46]. Also Cu+2, Pb+2,
Cd+2, Ni+2, Zn+2 and Cr+2 have been known to inhibit anaerobic digestion [39]. The
relative level of anaerobic inhibition in a municipal sludge has been investigated,
yielding the following: Ni+2 >Cu+2 >Cd+2 >Cr+2>Pb+2 [17].

According to

Sujarittanonta et al. [47], microorganisms in activated sludge were inhibited by
chromium and nickel at concentrations exceeding 10mgL-1, adding that the overall
process COD removal efficiency was also negatively affected. Chromium
concentration at around 20 mgL-1 resulted in major hinderances triggered in biological
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processes. Removing COD with activated sludge is followed by quick adsorption of
organic matters in specific active locations within the bioflocs, and later by metabolic
destruction of organic compounds. Metal ions in this case served as strong competitors
against organic compounds for such active sites on the bioflocs rather than working as
a toxic microbial inhibitor.
2.3.3. Effects of Trace Metals on Various Bacteria
In general circumstances, heavy metals tend to trigger inhibitory effects on
microorganisms by means of blocking vital functional groups, moving major metal
ions, or changing the active conformations of biological molecules; yet, given low
concentrations, some can be even useful for certain microorganisms - Co, Cu, Zn, Ni
to mention a few metals – because major cofactors can be provided in this way for
metallo-proteins and enzymes [48]. The state of toxicity in these substances are usually
seen within the cell itself, perhaps due to the replacement of the ions for a structural
homolog micronutrient or as binding to material within the cell. This is the case in
particular with those heavy metals having high atomic mass and, hence, exhibiting
extreme affinity for thiol constituent groups on amino acids, such as cysteine. Either
way, both result inmajor oxidative stress effects on cells [16]. These impacts might be
deleterious should the concentrations exceed naturally-occuring amounts in the
environment. In general terms, though, heavy metals are more likely to demonstrate
bacteriostatic effects, though elevated concentrations can result in mortality. A series
of microorganisms have, in turn, managed to form coping mechanisms against such
added levels of heavy metals in their surroundings
2.4. Introduction to the Mathematical Modelling of Biological Waste Water
Treatment
More attention in previous decades has been focused toward the direct effects of wastewater discharge on aquatic environments – processes such as eutrophication – resulting
in tigher regulatory regimes and practices to better manage the effluent quality in
wastewater treatment plants. To go in line with these standards, more advanced
treatment systems are being introduced replacing older ones. Along these initiatives,
activated sludge systems are further developed from carbonaceous energy (COD,
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BOD5) removal alone to remove nitrogen via nitrification and denitrification, not to
mention the biological removal of surplus phosphorus. Additionaly, all systems are
now expected to form clear and settling sludge through proper floculation and through
control over the proliferation of filamentous organisms.
The outcome is that activated sludge system configurations and operations are
becoming more and more complicated and concomitant as physical, chemical and
biological processes and compounds influencing the effluent quality are added with
the intention to reduce elements such as chemical or biological oxygen demand (COD,
BOD5), free and saline ammonia, nitrate (NO3-N), nitrite (NO2-N), total and
orthophosphorus (TP and PO4-3) and suspended solids (SS) concentrations. To model
biological wastewater treatment systems requires the sequence as follows: organic
matter removal only, nitrification, and nitrogen removal by biological denitrification.
The practice of wastewater treatment today is so advanced that all these steps can be
taken in a single-sludge system where, thanks to the interactions within, the
mathematical models to define them provide to be complex, in a way also discouraging
their application as well. Such a scenario is regretible as only with such intricate
systems can we achieve maximum gain for the intended outcomes. Modelling is the
indispensible aspect of designing treatment systems, no matter what approach is
adopted for the purpose. Basically, such a model can just serve as a concept – in other
words, the engineer reduces complexity in the functional aspects using a conceptual
image, which determines the design approach to be adopted. At times, though, he or
she may notice that such conceptual modeling by itself cannot work to provide the
information needed for design and, hence, a physical model is also formed, namely a
lab-scale reactor or a pilot plant, based on which different design ideas can be tried
and tested for accuracy. Provided the right amount of time to test, this view can be
productive. Still, one may find out that time and money concerns inhibit discovery
efforts related to other possible or feasible solutions.
The outcome of all this is that designers often focus on using mathematical models to
define further design options. At this stage, empirical models can be suggested to
incorporate a statistical view to resemble the end results reached by studies on the
physical model; alternatively, should the conceptual understanding develop
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proportionally, one may try and formulate mechanistically-based models intended for
major events taking place inside the system itself. Such mechanistic models prove to
be more robust as they allow extrapolation of the design space to conditions other than
those in the physical model. Given this approach, numerous potential and affordable
solutions can be assessed both in less time and with little cost, thus making for more
promising options to be selected for actual testing in the physical model.
2.4.1. Model Applications
Wastewater treatment plant (WWTP) models are studied for; (1) learning, that is how
to use simulations to promote process understand ing, and to develop the people's view
of such systems; (2) design, that is to assess numerous alternatives for new WWTP
establishments via simulation; (3) process optimisation and control, or evaluating a
number of settings possibly leading to improved operation of the already available
WWTPs [49, 50]. The last two targets deal with model applications in a service
position. Applying a model in an analysis role, on the other hand, could be a study
where fitness-for-use in case of a process is assessed for several modelling concepts
within numerous activated sludge models.
2.4.1.1. WWTP Simulations for Learning Model
Simulations using WWTP models are possible in numerous ways with the end goal to
improve our understanding of the process. For instance, as to the WWTP operator,
these can be handy when the outcomes of changes in operations are concerned and
their effect on the activated sludge composition and effluent quality. By the same
token, simulations with the benchmark plant [51] for various weather patterns and
changes can give us additional information as to the behaviour of WWTPs.
2.4.1.2. WWTP Model Simulations for Design
In the process of design phase, alternatives can be assessed using simulations as well.
These kinds of models have already been proposed by Salem et al. [52], where a
number of options appear to update a biological N removal plant focussing on proper
treatment of sludge reject water. Their model helped with a basis for more information

23

as to determine full-scale implementations of one option among the rest. With this
background, modelling can greatly decrease the scale-up time as various alternatives
are assessed prior to building a pilot plant.
2.4.1.3. WWTP Model Simulations for Process Optimization
Such optimisation is applied in various settings; on-line process optimisation, for
instance, deals with applications involving on-line simulations used with calibrated
models to see how processes can be managed optimally; the outcomes are applied and
tested later in the full-scale plant. This kind of simulation and optimisation can occur
within the framework of a plant-wide supervisory control system and is needed since
more stringent and updated demands are being imposed upon existing WWTPs and
major modifications in the plant load may be constantly take place. Another reason
can be deficiencies caused during operations in a way that pre-assigned effluent
qualities fail to be met. Within this in mind, simulations are commonly applied to
assess if such defficiencies can be fixed within the already existing lay-out of the plan,
for instance, by means of better process control.
2.4.2. Modeling of Activated Sludge System
The decades that passed witnessed activated sludge processes transform into globally
recognized efforts in treating various forms of wastewaters. To assess and forecast
process efficiencies in WWTPs during the removal of biological nutrients, a series of
sophisticated dynamic mathematical models have been proposed. As modeling is
regarded as an inseperable part of the design and operation of a wastewater treatment
system, they give us the chance to better examine the biological wastewater treatment
process and respond to the influence of variable wastewater quality and process factors
in a far more practical cost-efficient way than ever before. Devised by the IWA
(International Water Association), a number of activated sludge models such as
ASM1, ASM2, ASM2d, ASM3 are now taken as preferred solutions to connect the
complexity of the activated sludge processes with the prediction of biological
treatment efficiency once dynamic conditions are at work [14, 53-55]. ASM1 is a
primary developed model [53] and, with the help of facultative consumption of oxygen
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or nitrate as the electron acceptor, it can thoroughly explain the removal process of
organic carbon compounds and ammonium appearing in municipal activated sludge.
Within many years, the model was upgraded to ASM2 so as to deal with biological
nitrogen and phosphorus removal processes in WWTPs, only to transform to ASM2d
given the the denitrifying process of phosphorus accumulating organisms (PAOs) [56].
Later, a more detailed ASM3 model was formed to define the biological nitrogen
removal processes with the view of storing biopolymers under transient conditions
[55].
These offer experts a standard set of basic models to effectively predict and assess
WWTPs performance. Now\ the ASM series are commonly accepted in the scientific
community as well as in the business of sanitary engineering [57], in particular related
to many municipal WWTP cases. There is also a place for these models in industrial
biological wastewater treatment systems. Wu et al. [58] simulate and optimize coking
wastewater biological treatment processes, in one case with ASM3, and compare the
observed factors in various cases including pulp mill, tannery and palm oil mill runoff.
The heterotrophic growth rate constant and lysis rate constant change between 0.7828 d-1 and 0.03-0.76 d-1 respectively, bringing above researchers to the conclusion that
the ASM3 model has the potential for properly forecasing t the performance of coking
wastewater treatment plant in terms of chemical oxygen demand and ammonium
nitrogen removal. Man et al. [59] examine wastewater treatment in case of pulp and
paper mills, using ASM1 (activated sludge model 1) in their simulations. They both
assessed and correlated heterotrophic growth rate and lysis rate constant with
temperature at a maximum value of 9.69 d-1 and 1.96 d-1 respectively. Based on their
results, ASM1 could be applied in simulating papermaking wastewater treatment
systems.
The amount of heavy metal toxicity in an activated sludge system was also investigated
by Principi et al. [60] in case of copper, zinc and nickel, with the final determination
that the nitrifiers demonstrated more sensitivity than heterotrophic bacteria toward
these metals, as well as that the metal accumulation capability of the biomass under
study was the most in case of copper and that heavy metal presence decreases the
abundance of microbial diversity in these systems.
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Another study by Cabrero et al. [61] shows us the effects of copper and zinc on
biomass, both in isolation and in combination, with the outcome that copper proves
more toxic compared to zinc and that copper existed by up to 5 mg/L. In addition, the
bio-kinetic parameters were shown not to be affected adversely, yet major fluctuations
appeared in the system when concentration levels increased to 10 mg/L and more.
Dilek et al. [62] state that toxicity can differ with heavy metal ions and organism types
and concentrations.
Other factors to be in view include environmental conditions like temperature, pH,
dissolved oxygen (DO), ionic strength, other metal ions, as well as the operating
parameters such as, hydraulic residence time and solids retention time. Pamukoglu
[63] examine the effect of copper(II) on COD removal using hydraulic residence time
(HTR) and the solid retention time (SRT), concluding that the removal percentage
raised with increasing SRT for both cases of with and without copper, and later lower
at all SRTs in the presence of copper. They also conducted tests for synthetic
wastewater containing 14 mg/L copper (II). In another work by the same authors [64)],
the growth yield coefficient was shown to drop and the death rate constant elevate 15
mg/L copper (II) presence. Sun et al. [65] summarize previous attempts by other
researchers in this way: All heavy metals are toxic to bacterial life and limit
microbiological processes at moderate and high concentrations; yet, these materials
can stimulate microorganisms at lower concentrations. Copper has the same effect on
heterotrophic biomass at low concentrations and is shown to be more toxic than lead,
zinc and nickel. The researchers examined the effect of copper on bacterial
communities in activated sludge sysytems as well as their functioning. The anaerobicanoxic-aerobic process was treated with 10, 20, and 40 mg L-1 copper, yielding the
result that copper shows quite significant negative effects on the performance of such
systems.
To model activated sludge systems, numerous mathematical models have been
proposed and heavy metal effects on the performance of these systems have been
examined in terms of their effect on the growth rate. Still, though, there is a gap when
it comes to the lysis rate constants.
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As Pai et al. [3] state, once heavy metals are present, the constant values related to
lysis rate have to be considered. To assess these impacts on heterotrophic growth and
lysis rate, they set up an original concept for modeling and reachedthe conclusion that
growth rate decreased while decay rates elevated with heavy metal concentration; the
inhibition coefficients were 1.21 and 1.82 mgL-1 for Cu and Cd, respectively. In turn,
Juliastuti et al. [4] examine the inhibitory effects of copper and zinc on autotrophic
bacteria with the net maximum specific growth rate to be a function of the heavy metals
concentrations. Their conclusion was that the inhibitory effect of Cu was exceeded that
of Zn, while the nitrification process was seen as entirely inhibited at 1.2 mgL-1 for Cu
and Zn. The IC50 (median inhibition concentration) values were 0.08 mgL-1 and 0.35
mgL-1 for Cu and Zn respectively.
In the present study, a dynamic model based on ASM3 [14] is used to assess the
behavior of the activated sludge process at a full-scale domestic wastewater treatment
plant. In essence, activated sludge models only consider domestic wastewater
treatments. However, if extended to cover the growth and lysis rates of heterotrophic
and autotrophic bacteria with metal presence, they may be applied to the industrial
wastewater treatment containing heavy metals. The ultimate goal is to improve ASM3
using a combination of laboratory tests and process modellings to assess the effects of
heavy metals on the operations of an activated sludge wastewater treatment receiving
effluent from an industrial plant. This evaluation will take copper into account in the
process. We also certain some of ASM3 original default parameter values according
to the results of the batch experiments to predict the effects of heavy metals in these
treatment plants. At the end, a new model is proposed coupled with ASM3 considering
the growth and the lysis processes in activated sludge under aerobic and anoxic
conditions. The outcomes of the present study are expected to enlighten the
perspectives related to the concept of growth and lysis processes in activated sludge
containing heavy metals.
The case study is carried out using copper(II), which implies that the activated sludge
systems could be modeled, simulated and optimized for industrial wastewater
treatment if the effect of different heavy metals on the model parameters are known.
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CHAPTER 3

MATERIALS AND METHODS

In the present study,
First part: Developing ANN approach to estimate the residual soluble metal
concentration by nano adsorption using experimental data extracted from three case
studies in the literature.
Second part: Improving the waste water treatment model for conventional and
alternating systems in the presence (case study for copper) and absence of heavy
metals by simulation algorithm for ASM3 (activated sludge model no.3) along with
comparison between them.
3.1. Developing ANN Approach
3.1.1. Data Collection
As regards the control of the adsorption process, we propose a new approach
involving the modeling by ANNs to compare the predictions obtained with the
experimental results. The model will later be used as an error predictor to achieve our
purpose; the operating variables mentioned in these studies are applied as inputs to set
up a neural network in order to predict the removal efficacy of heavy metals from
wastewater at any time as an output. For the purpose of the present study, we refer to
data formerly obtained in three other works. The extraction of zinc(II) ions via the bath
adsorption process on magnetic Fe3O4 nanoparticles (case study 1) from wastewater
has been already carried out and reported on by Shirsath and Shirivastava [24], who
concluded that the process could be influenced by different factors, such as the pH
level, contact time (t), adsorbent dose, and the initial concentration of Zn(II) ions. See
Table 3.1 for a summary of the details. The experimental results show that the pseudosecond-order kinetic model adapts well into the equilibrium data to adsorb heavy metal
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by magnetic nanoparticles. In this case, the operating variables (pH, time, initial, Zn(II)
ion, nano- adsorbent concentration) are applied as inputs, in the meantime, percent
removal of Zn(II) is applied as output.
Table 3.1. The Experimental Data for Removal of Zn(II) Ions
pH
1-10

Time
(s)
0-225

Initial Zn(II) ion
concentration (mgL-1)
20 -100

Nano-adsorbent
Concentration (mgL-1)
1-2.5

Percent removal of
Zn(II) (% R)
10-99

In a second case study, the optimization process parameters for the ablation of Ni(II),
Cu(II) and Co(II) doped alginate-coated chitosan nanoparticles (Alg-CS-NPs) from
the industrial effluents have also been shown to fit well into the pseudo second-order
model proposed by Esmaeili et al. [66], with experimental data evidently establishing
that the percent removal of Ni(II) ion rises up to 94%, as depicted in Table 3. 2. In this
case, the operating variables (pH, time, initial Ni(II) ion, biomass dose) are applied as
inputs, in the meantime, percent removal of Ni(II) is applied as output.
Table 3.2. The Experimental Data for Removal of Nickel(II) Ions
pH
1-9

Contact time
(s)
0-120

Initial concentration
of Ni(II) (mgl-1)
10-90

Biomass dose
(g)
0.1-0.9

Percent removal of
Ni(II) (% R)
23-94.48

In a third case study, the extraction of Cu(II) ions using magnetic chitosan coated
magnetic nanoparticles from contaminated water has been already carried out and
reported on by Neeraj et al. [26], who concluded that the process can be influenced by
different factors, such as the pH level, contact time (t), adsorbent dose, temperature,
and the initial concentration of Cu(II) ions. The experimental results show that the
pseudo-second-order kinetic model adapts well into the equilibrium data to adsorb
heavy metal by magnetic nanoparticles. In this case study, the operating variables
(initial Cu(II) concentration, contact time, adsorbent dose, temperature and pH level)
are applied as inputs, in the meantime, percent removal of Cu(II) is applied as output
as depicted in Table 3.3.
Table 3.3. The Experimental Data for Removal of Cu(II) Ions
Temperature
Contact Initial concentration
pH
(K)
time (min)
of Cu(II) (mgL-1)
303-335
2-8
0-30
100-500
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Adsorbent
dose (gL-1)
0.4-3.2

Percent removal
of Cu(II) (% R)
25-99

3.1.2. Artificial Neural Network (ANN) Model Development
Artificial neural network modelling (ANN) or linkage systems have been in use in
many fields, such as machine learning, computer science and other research areas,
focusing on a broad set of basic units known as neurons, with slight similarities to
axons in a biological brain. In these networks, the bonds among the neurons transmit
stimulating signals with different forces. In the same way, in wastewater treatment,
scientific and practical models utilizing numerical computational techniques such as
ANN can significantly help to improve the process as a whole through adsorption
systems.
The origin of ANNs goes back to the principle concept of AL (artificial intelligence)
in an attempt to copy the workings of the human brain and the nervous system. For
that purpose, the learning and memorization processes were simulated using a set of
mathematical correlations.

As the outcome, the learning process by ANNs relies on

a set of enter variables and matching output applied to specify the relationship between
the variables.
There are three different layers in ANNs; these are the input layer, hidden layer, and
output layer. A multilayer ANN is used to generate models of a system using nonlinear
combinations of input variables. The following measures must be taken for the
conception and construction of a neural network model: the recording of the input, the
output, and sample data sets as well as the design, training, and verification of the
neural network. Overall, pairs of input-output data sets are used as described in the
three case studies selected (Table 3.1- 3.3).
After receiving the sample dataset, the operating parameters are chosen as input
variables, and then heavy metal removal efficiency was chosen as an output variable.
The dataset is randomly divided into test subsets, such as 70% for training, 15% for
validation and 15%, so as to test the network.
The ANN proposed in this study is a feed-forward back propagation network model
with the function of a tangent sigmoid transfer (tansig) at the hidden layer with range
of neurons and function of a linear transfer (purelin) at the output node using embedded
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MATLAB code (Appendix A). The algorithm for a tangent sigmoid transfer function
“tansig” is as follows:

a  tan sig (r ) 

2
1
1  exp  2  r 

and the algorithm for purelin transfer function is as follows:
a= purelin(r)
Then the model is proposed as:
y1 = tansig (net. IW {1} * x + net. b {1});
y = purelin (net. LW {2} * y1 + net. b {2});
where
(r): any variable
y1: hidden variable matrix
y: output variable matrix (heavy metal removal efficiency which reported in literature
was chosen as an output variable).
x: input variables matrix (operating variables which reported in literature were chosen
as input variables)
net. b {1}: first layer biases
net. IW {1}: first layer weights
net. LW {2} output layer weights
net. b {2}: second layer biases
Since, according to Bishop [67], more than one hidden layer is often not essential, our
character model has only one hidden layer. In this study, the training parameters are
specified as shown in (Table 3.4). Two training functions were examined to choose
the one that best fits the collected data. All these parameters are fixed and checked for
each training function at 10, 20 and 30 neurons in the hidden layer. The final ANN

31

structure has some of the operating variables as input with one hidden layer, and the
efficiency of heavy metal removal as the output of the output layer (Figure 3.1).
Table 3.4. Training Parameters
Training parameters
Maximum number of validation checks
Maximum number of training epochs
Performance goal
Learning rate
Epochs between displays
Maximum time to train in seconds
Minimum performance gradient

Range
6
1000
1e-6
0.01
25
infinity
1e-10

Figure 3.1. Single- Layer NN Models with Back Propagation
Normalization is required so that the entire data is at a comparable range, thus
normalizing the input and output data sets in domain [-1, 1] prior to the training
process. The “trial-and-error” method is applied to obtain the most favorable
conditions, such as the number of hidden layers and the number of neurons in the
hidden layer [68]. One hidden layer is used during the modeling of the process in order
to simplify the system and, consequently, to reduce the time and cost of the simulation.
Researchers have proved that any continuous function would be convergent in case of
using one hidden layer in the network as long as the freedom level is enough [69]. In
order to construct the appropriate network architecture, several attempts were made
for each group until the most suitable learning rate, number of hidden layers as well as
neurons per hidden layer, and minimum power gradient were all optimized. The
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achievement of each network model was estimated by calculating the MSE (mean
square error) for each attempt to find the appropriate architecture that should be as low
as possible.
3.2. Improving the Waste Water Treatment Model
In second part, the waste water treatment model improved for conventional and
alternating systems are simulated in order to include the heavy metal effects (case
study for copper) and the results are compared. There is continuously aeration in
conventional system, whereas aeration pond is simulated for a time sequence of 0.9
hour non-aerated and 1.8 hours aerated in alternating system.
3.2.1. Data Collection
For the purpose of the present study, it is referred to the data formally obtained in two
other works. The values of growth and lysis rate constants obtained from the batch
results were used to derive linear regression models for heterotrophic bacteria by Pai
et al. [ 3]. The R2 values of 0.98 and 0.74 were obtained for growth and lysis constants
at different copper concentrations by using the following equations (1&2);
µH = -2.3692 *) concentration of copper( + 4.5197

(3.1)

where
µH: heterotrophic growth rate constant
bH = 0.1689 *) concentration of copper( +0.3122

(3.2)

where
bH: the heterotrophic lysis rate constant
In case of autotrophic bacteria, the values of growth constants obtained from the batch
results were used to derive polynomial regression models (Fig.3.2) by Juliastuti et al.
[4]. The R-squared values of 0.9018 were obtained for the growth constant at different
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copper concentration levels by using equation 3. In the meantime, the lysis rate
constant was used as 0.15 d−1 [4].

Maximum specific growth rate of
autotrophic bacteria per day

1.2
1

0.8
y = 4.3794x2 - 3.4384x + 0.9805
R² = 0.9018

0.6
0.4
0.2
0
0

0.1

0.2

0.3

0.4

0.5

0.6

Concenration of copper , mg /l

Figure 3.2. Growth Rate Constant of Autotropic at Different Copper Concentration
𝑦 = 4.3794𝑥 2 − 3.4384𝑥 + 0.9805

(3.3)

where
y: growth rate constant of autotrophic bacteria
x: copper concentration
In the present study, these models derived for copper metal from experimental data are
combined with ASM3 model.
3.2.2. Aeration Tank Model
Activated sludge system is consisting of a large aerated basin, clarifier and recycle
stream. In the modeling of an activated sludge system, the wastewater flowing into the
biological basin is subjected to some biological processes. Following biological
treatment, the flow is delivered to the settler where sludge separates down and water
is discharged to the receiving medium.
A portion of the settled sludge is delivered back to the biological tank in order to
maintain high mixed-liquor suspended solids. In the present study, ASM3 is used as a
suitable option to deal with the aerobic and anoxic processes in a single basin.
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Dynamic mass balances in the aeration tank are determined by the following equation
for each component of ASM3.
𝑑𝑋𝑎𝑡
𝑑𝑡

=

𝑄𝑖𝑛 𝑋𝑖𝑛 +𝑄𝑟𝑠 X𝑟𝑠 −(𝑄𝑖𝑛 +𝑄𝑟𝑠 )𝑋𝑎𝑡
𝑉𝑎𝑡

+ 𝑅𝑖

(3.4)

where Xat, Xrs and Xin are 13-dimensional vectors including ASM3 components in the
activated sludge basin, recycle, and influent wastewater, respectively. Ri is the
component conversion rate of Xi, Vat is the aeration basin volume, and Q is the flow
rate. The mass balance for dissolved oxygen is the same for non-aerated duration but
it changes as follows for the aerated duration for alternating sequence.
𝑑𝑥𝑎𝑡
𝑑𝑡

=

𝑄𝑖𝑛 𝑋𝑖𝑛 +𝑄𝑟𝑠 𝑋𝑟𝑠 −(𝑄𝑖𝑛 +𝑄𝑟𝑠 )𝑋𝑎𝑡
𝑉𝑎𝑡

+ 𝑅𝑖 + 𝐾𝐿 𝑎(𝑆𝑜𝑠𝑎𝑡 − 𝑆𝑜𝑎𝑡 )

(3.5)

In this equation k L a and Sosat represent the liquid phase volumetric mass transfer
coefficient and the saturation constant of the dissolved oxygen, respectively.
ASM3 includes 13 wastewater components with 12 microbiological transformation
processes in the original model. In the meantime, the kinetic rate expressions for each
process are given in the model as a function of 13 model components.
The composition of the incoming wastewater, stoichiometric matrix and kinetic
parameters (at 20°C) are applied according to ASM3. The stoichiometric matrix gives
the conversion rate of each component with respect to other components and also
microbiological processes. Also, the state variables of ASM3 are expressed in terms
of COD, nitrogen compounds and suspended solids. The other characteristics such as
MLVSS (mixed liquor volatile suspended solids), COD (chemical oxygen demand),
TSS (total suspended solids) and TN (total nitrogen) can be calculated according to
the state variables present ASM3 as below (Eq 6-9);
MLVSS=0.75*( X I + X S ) +0.90* ( X H + X A ) + 0.60* X STO

(3.6)

COD= S I + S S + X I + X S + X H + X STO + X A

(3.7)

SS = X SS

(3.8)
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TN = S NH + S NO +0.01* S I +0.03* S S +0.02* X I +0.04* X S +0.07*( X H + X A ) (3.9)
3.2.3. Secondary Settler Model
The function of a clarifier is to separate the biological sludge from the clear treated
water. Part of the biological sludge settles down, whereas a larger fraction is recycled
into the biological reactor. The settling tank is shaped cylindrical with 10 horizontal
layers. The model developed by Takács et al., 1991 is improved in order to include the
ASM3 compounds. In this modeling, there are two basic assumptions: one is that the
biological processes do not take place in the settler; the second one is that in radial
direction there are no concentration changes. The soluble components of ASM3 will
have the same concentrations in the settling tank. For estimating the effluent and
underflow suspended solids concentration, the settling velocity model is given by the
following equations:

𝑣𝑠𝑗 (𝑋𝑗𝑠𝑒𝑡 )

=

𝑠𝑒𝑡

max(0, min(𝑣0′ , 𝑣0 (𝑒 −𝑟ℎ(𝑋𝑗

𝑠𝑒𝑡
−𝑓𝑛𝑠 𝑋𝑖𝑛
)−𝑒

𝑠𝑒𝑡
−𝑟𝑒(𝑋𝑠𝑒𝑡
𝑗 −𝑓𝑛𝑠 𝑋𝑖𝑛 ) )))

(3.10)

0 ≤ 𝑣𝑠𝑗 ≤ 𝑣0′
The model parameters such as v0′ , v0, fns , rp, and rh are defined in the report of Takács
et al. [70]. Xinset represents the concentration of suspended solids into the settler, and
Xjset is the suspended solids concentration determined by the following equation
according to each layer of the settler:
𝑠𝑒𝑡
𝑋𝑗𝑠𝑒𝑡 = 0.75(𝑋1𝑠𝑒𝑡 + 𝑋𝑆𝑠𝑒𝑡 ) + 0.90(𝑋𝐻𝑠𝑒𝑡 + 𝑋𝐴𝑠𝑒𝑡 ) + 0.60𝑋𝑆𝑇𝑂

(3.11)

The mathematical model of an activated sludge system consisting of an aeration tank
and a settler is given in Appendix B. This model is based on microbiological processes
in the aeration tank and dynamic mass balances around the aeration and settling tanks
and the settling fluxes in the mean time.
3.2.4. Extending ASM3 Model
In this study, the combination of ASM3 and settler models is improved by adding
novel inhibitory models obtained from batch experiments with growth and decay of
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heterotrophic and autotrophic biomass processes to respond to changes in the heavy
metals concentrations. The simulation of the ASM3 model is achieved under unsteady
conditions. The model is simulated by modifying only two parameters: maximum
growth rate and lysis rate, which alter depending on the change in heavy metal
concentration as well as the composition of industrial waste water, which are not
considered in the ASM3 default values. All kinetic and stoichiometric parameters
regarding the twelve processes are the default values, except the aerobic and anoxic
growth and decay processes of heterotrophic and autotrophic biomass which are
already included from the experimental results with the presence of Cu. According to
linear and polynomial regression models for copper inhibition depending on the
experimental results, the values of growth and lysis rate constants in the model are as
follows: In case of heterotrophic bacteria, the growth and lysis rate constants without
any heavy metals are 4.5197 and 0.3122 d−1, respectively; whereas, their values with
heavy metals (Cu) at concentration 0.5 mgL−1 are 3.3351 and 0.3966 d−1, respectively
[3]. For autotrophic bacteria, the values of growth constant without any heavy metals
and with heavy metals (Cu) at concentration 0.5 mgL−1 are 1.03 and 0.31 d−1
respectively and the lysis rate constant is used as 0.15 d−1 [4].
3.2.5. Characteristic Parameters for the Treatment Plant
The parameters of the activated sludge plant are determined by the basic design
principles [71] as shown in Table 3.5.
Table 3.5. Designed Parameters for Activated Sludge Process Plant [72]
Design parameters
The influent average flow
Average flow of recycle
Volume of Aeration tank (m3)
Volume of settling tank (m3)
Height of the settling column
Oxygen mass transfer coefficient
Effluent average flow
Waste sludge rate
Waste sludge ratio
Recycle ratio
Area of the settler
Length of start-up period
Length of conditioning period
Length of normal operation period

Symbol
Qin
Qrs
Vat
Vset
hset
kla
Qeff
Qw
Qw/Qin
Qrs/Qin
As
tp1
tp2
tb3
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Unit
m3 day−1
m3 day−1
m3
m3
m
−1
h
m3 day−1
m3
m2
h
h
h

value
1000
800
450
400
3.5
4.5
988
12
0.012
0.80
113
480
480
100

3.2.6. Effluent Requirements of Activated Sludge Plant
The main objective of the wastewater treatment plant is to keep the concentrations of
organic, nitrogen and other contaminants below the required limits. In order to avoid
adverse effects, effluent concentrations are limited by law. According to the directives
of the EU Commission [73], the requirements on the effluent concentrations of the
treatment plants, COD and SS are 35,60 mg L-1 (according to equivalent population)
respectively, and total nitrogen are not to exceed 15 mgL-1 (according to equivalent
population).
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CHAPTER 4

RESULTS AND DISCUSSION

4.1. First Part: The Developed ANN Model
The experimental results show that the nanoparticles offer a very high adsorption
capacity in the case of heavy metals. The development of ANN model may explain the
performance of the decontamination process with less need for experimentation,
thereby leading to less chemical substance consumption, less processing time, and a
better understanding of the actual workings of a process. The developed ANN model
could describe the behavior of a complicated process within the extent of the
experimental status. In the present study, ANN is developed for the removal of heavy
metals from wastewater using nano-absorbents for three case studies as follows;
In the first case, the best result is obtained through a neural network that has a hidden
layer with 10 trained neutrons using the LM algorithm. The correlation coefficient (R)
between the expected and actual measured values of heavy metal removal is shown in
Table 4.1 and Figures 4.1, 4.2 for training, testing, validation and complete data sets,
with R-values of 0.9985, 0.99133, 0.98159, and 0.99439, respectively. In addition, the
best MSE was 0.0043, which means that the ANN values of heavy metal removal were
very close to the actual measured values for all the data sets.
Table 4.1. Results of the Case Study 1: Trial-and-Error Results for Development of
Adsorption Efficacy ANN Model
Algorithm

Training Function

Levenberg Marquardt

Trainlm

Scaled Conjugate
Gradient

trainscg

Number of neurons (H)
10
20
30
10
20
30
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Training data set
R-value
MSE
0.99439 0.0043
0.991
0.01
0.982
0.20
0.984
0.25
0.989
0.21
0.978
0.99

Figure 4.1. Performance Plot for Levenberg-Marquardt Algorithm; the Number of
Neurons: 10

Figure 4.2. Regression Plot for Levenberg -Marquardt Algorithm; the Number of
Neurons: 10
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The level of agreement between the experimental data and ANN predictions justifies
the reliability of the proposed ANN model as shown in Figure 4.3.

Figure 4.3. The Comparison between Experimental Data and ANN Prediction as the
Normalized Data
In the second case, the best result is obtained through a neural network that has a
hidden layer with 10 trained neutrons using the LM algorithm. The correlation
coefficient between the expected and actual measured values of the heavy metals
removal appear in Table 4.2 and Figures 4.4, 4.5 for training, testing, validation, and
all data sets, standing at 0.986, 0.8814, 0.830, and 0.919, respectively. Furthermore,
the best MSE was 0.065, implying that the ANN values of heavy metal removal were
again close to the real measured values for most of the datasets. The reliability of the
proposed ANN model is acceptable as shown in Figure 4.6.
Table 4.2. Results of the Case Study 2: Trial-and-Error Results for Development of
Adsorption Efficacy ANN Model
Algorithm

Training Function

Levenberg Marquardt

Trainlm

Scaled Conjugate
Gradient

Trainscg

Number of neurons (H)
10
20
30
10
20
30
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Training data set
R-value MSE
0.919
0.065
0.89
0.1
0.87
0.6
0.83
0.9
0.78
1
0.84
0.7

Figure 4.4. Performance Plot for Levenberg-Marquardt Algorithm; the Number of
Neurons: 10

Figure 4.5. Regression Plot for Levenberg-Marquardt Algorithm; the Number of
Neurons: 10
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The reliability of the proposed ANN model is acceptable as shown in Figure 4.6.

Figure 4.6. The Comparison between Experimental Data and ANN Prediction as the
Normalized Data
In the third case study, the best result is obtained through a neural network that has a
hidden layer with 10 trained neutrons using the LM algorithm. The correlation
coefficient (R) between the expected and actual measured values of heavy metal
removal is shown in Figures 4.7, 4.8 and Table 4.3 for training, testing, validation and
complete data sets, with R-values of 0.9975, 0.9983, 0.9909, and 0.9966, respectively.
In addition, the best MSE was 0.0023, which means that the ANN values of heavy
metal removal were very close to the actual measured values for all the data sets. The
level of agreement between the experimental data and ANN predictions justifies the
reliability of the proposed ANN model as shown in Figure 4.9.
Table 4.3. Results of the Case Study 3: Trial-and-Error Results for Development of
Adsorption Efficacy ANN Model
Algorithm

Training Function

Levenberg Marquardt

Trainlm

Scaled Conjugate
Gradient

trainscg

Number of neurons (H)
10
20
30
10
20
30

43

Training data set
R-value MSE
0.9966
0.0023
0.992
0.01
0.983
0.20
0.985
0.25
0.988
0.21
0.977
0.99

Figure 4.7. Performance Plot for Levenberg-Marquardt Algorithm; the Number of
Neurons:10

Figure 4.8. Regression Plot for Levenberg-Marquardt Algorithm; the Number of
Neurons:10
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The level of agreement between the experimental data and ANN predictions justifies
the reliability of the proposed ANN model as shown in Figure 4.9.

Figure 4.9. The Comparison between Experimental Data and ANN Prediction as the
Normalized Data
It can be seen that, in the second case study, the efficiency of ANN was lower when
compared to the first and third case study, due to the small sample size of the
experimental data in the second case study, causing a lower learning performance for
the ANN model [74]. However, the correlation coefficients obtained from the ANN
model were close to the pseudo-second-order kinetic model in both cases, as Table 4.4
clearly reveals.
Table 4.4. Comparison of the Pseudo-Order Kinetic Model and ANN Model

No

1

2
3

Case study

The experimental data
for removal of Zn(II)
ions
The experimental data
for removal of nickel
The experimental data
for removal of Cu(II)
ions

Coefficient of determination
(R2) in case of the pseudo2nd order kinetic model
reported in literature

Coefficient of
determination (R2) in
case of the neural
network model obtained
in this study

0.99

0.991

0.984
By all models equation used
in literature, (R2)
is: Maximum: 0.999
Minimum : 0.7668
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0.919

0.9966

4.2. Second Part: Improving the Waste Water Treatment Model
To represent the activated sludge process, the ASM3 model is applied to an activated
sludge system to examine the elimination of organic and nitrogen pollutants, and the
regression models based on experimental data are used to describe the growth and lysis
rate constants. Using the MATLAB code (Appendix C: Modeling of an activated
sludge system; the activated sludge process is modeled by coupling ASM3 with the
novel inhibition models and settler models.
4.2.1. Conventional System
There is continuously aeration in conventional system. The simulation results show
changes in the concentrations of heterotrophs, autotrophs and all ASM3 components
with respect to time during the start-up, conditioning and normal operation periods, as
depicted in Figures (4.10-4.12) with or without copper at a concentration of 0.5 mgL−1
for conventional system. It is evident from this simulation that the presence of heavy
metals even in the low concentrations within the biological system affects the growth
of bacteria. Heterotrophic (Xh), autotrophic bacteria (Xa) and total suspended solids
(Xss) concentrations in the aeration pond decrease by 19.23 %, 34.81 %, and 4.83 %
respectively while inert particulate organics (Xi) are not affected. In Figure 4.12, the
changes for the other ASM3 components are present but cannot be seen due to the
scale.

Figure 4.10. Heterotrophic Bacteria in Aeration Pond (with and without Cu)
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Figure 4.11. Autotrophic Bacteria in Aeration Pond (with and without Cu)

Figure 4.12. ASM3 Components in Aeration Pond (with and without Cu)
It can be said that no significant changes occur in COD (chemical oxygen demand)
and SS (total suspended solids) in effluent treated water, while the total nitrogen
increases in a slight amount (3.09 %) in the final effluent of the plant.
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4.2.2. Alternating System
Aeration pond is simulated for a time sequence of 0.9 hour non-aerated and 1.8 hours
aerated in alternating system. The similar tendencies can be followed for the
alternating system in Figures 4.13 (for heterotrophs), 4.14 (for autotrophs) and 4.15
(for the other components of ASM3). Heterotrophic, autotrophic and total suspended
solids decrease by 13.03 %, 75.00 %, and 4.15 % respectively while inerts are not
affected with the presence of Cu. The results have indicated the most significant
inhibition of the heavy metal presence is on the autotrophic bacteria growth in both
systems.

Figure 4.13. Heterotrophic Bacteria in Alternating System (with and without Cu)
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Figure 4.14. Autotrophic Bacteria in Alternating System (with and without Cu)

Figure 4.15. ASM3 Components in Alternating System (with and without Cu)
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In the final effluent of the plant, as indicated in Table 4.5, the changes occur in COD
(chemical oxygen demand), SS (total suspended solids are very slight in all cases
(conventional system, alternating system) while the total nitrogen is a very significant
increase is obtained in alternating system.
COD, SS, and TN are calculated using Eqs. 6-8. In conventional system, TN increases
with the presence of 0.5 mgL-1 Cu by 3.09 % whereas in alternating system this
increase is about 101.90 %. Actually, the aim of using alternating system is nitrogen
removal and the most important inhibitory effect of Cu presence is observed on
nitrogen removal in the alternating system.
Table 4.5. Effluent Quality of Conventional and Alternating Systems with and Without
Copper
Parameters
CODeff

260.1000

Normal operation period
No heavy metals
With copper (0.5 mgL-1)
Conventional Alternating Conventional Alternating
37.4085
37.4105
37.3963
37.3916

24.9070

20.7328

9.1396

21.3734

18.4529

125.0000

8.0439

8.0620

8.0219

8.0372

Initial

3

(g/m )
3

TNeff (g/m )
3

SSeff (g/m )

In order to understand effect of Cu presence, it can be better to follow the inhibition
of autotrophic bacteria growth in the alternating system in Figure 4.14 and the
simulation results for concentrations of ammonia (SNH), nitrite plus nitrate nitrogen
(SNO) and dinitrogen (SN2) in Table 4.6.
The nitrification of ammonium and ammonia nitrogen is inhibited by copper and so
conversion to N2 by denitrification process is prevented especially in alternating
system. The other ASM3 variables in the aeration tank and final effluent of wastewater
plant are all shown in Table 4.6.
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Table 4.6. Simulation Results of State Variables of ASM3 in Output of Aeration
Tank and Final Effluent
ASM3
Initial
variables
(Henze et
al., 2000)
(g/m3)

AERATION TANK

I

II

Copper
(0.5mgL−1)
I
II

No heavy

Final effluent of wastewater plant
( Effluent )
Copper
No heavy
(0.5mgL−1)
I
II
I
II

SO

0.00

3.3

2.9

3.9

3.8

3.3

2.9

3.9

3.8

SI

30.00

30

30

30

30

30

30

30

30

SS

100.0

0.2

0.2

0.3

0.2

0.2

0.2

0.3

0.2

S NH

16.00

0.4

0.3

7.7

17.0

0.4

0.3

7.7

17.0

S N2

0.00

1.0

7.0

0.8

2.2

1.0

7.0

0.8

2.2

S NO

0.00

19.8

8.2

13.1

0.9

19.8

8.2

13.1

0.9

2.5

3.3

3.5

5.0

4.7

4.4

4.9

4.6

S HCO

5.00
2.5
3.3
3.5
5.0
(gmol/m3)
XI
25.00 1669.5 1615.3 1664.9 1621.5

XS

75.00

58.7

58.0

59.9

58.6

0.2

0.2

0.2

0.2

XH

30.00 715.6

847.6

578.0

737.2

2.0

2.3

1.7

2.1

X STO

0.00

50.4

53.7

67.6

84.6

0.1

0.1

0.2

0.2

XA

0.10

56.3

64.8

36.7

16.2

0.2

0.2

0.1

0.0

X SS
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8.0

8.1

8.0

8.0

2864.8 2954.3 2726.3 2831.6

I: conventional system, II: alternating system

In Figure 4.16 it has been shown that the effect of copper concentration on TN
concentration in the effluent stream. Cu concentration changes between 0-0.5 mg L-1
and it can be seen that 0.3 mgL-1 and above, the negative impact will be higher.

Figure 4.16. Change in TN with Copper Concentration in Alternating System
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CHAPTER 5

CONCLUSION

There are various heavy metals in wastewater, such as lead (Pb), cadmium (Cd),
chromium (Cr), nickel (Ni), cobalt (Co), zinc (Zn), copper (Cu) and etc. Their source
may be industrial or they may somehow mix to domestic wastewaters. The
conventional wastewater treatment systems generally consist of aerating- settling
system aiming to treat domestic wastewater and do not have any heavy metal
removing. Different heavy metals not only influence the efficiency of the treatment
plants but also cause non-infectious disease in humans and have major effects on the
environment if released into it as well as human living conditions and health.
Therefore, they are regarded as serious and persistent polluting factors in ecosystem
both for land and water. For this reason, it is important to remove such substances from
wastewater using some methods including chemical precipitation, reverse osmosis,
electrochemical treatment, ion exchange, membrane filtration, coagulation, extraction,
irradiation, and adsorption.
Adsorption technology has some benefits such as low cost and high efficiency when it
is compared to others and chitosan-coated magnetic nanoparticles have been shown to
be useful in removing heavy metals from wastewater. The experiments have been done
in order to determine the optimal conditions since the adsorption level depends on pH,
temperature, the initial heavy metal concentration, adsorbent dosage and some other
properties. Modeling of actual processes using experimental results can give
numerious potential and affordable solutions that can be assessed both in less time and
with little cost.
In the modeling of the adsorption efficiency for heavy metals from wastewater some
kinetic models have been used such as pseudo first order and second order. In the first
part of this thesis, the ANN technique was applied to compare the predictions obtained
with the experimental data extracted from three case studies in the field of removal of
heavy metals from wastewater by magnetic nonaparticles. The trial-and-error method
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was used to determine the best conditions and functions for artificial neural networks.
The results reveal that the Levenberg-Marquardt algorithm (LMA) is the best back
propagation algorithm at 10 neurons for the selected case studies. The coefficient of
determination values obtained from the ANN model was close to the pseudo-secondorder kinetic model for the three cases selected (zinc, nickel and copper). The best fit
obtained by the ANN model yielded R2 values of 0.991, 0.919 and 0.9966 for zinc,
nickel and copper espectively. In the second part, in order to investigate the influence
of heavy metal presence in conventional and alternating activated sludge systems, a
waste water treatment model is developed with the help of novel inhibitory kinetic
models - in this case, copper. These models based on the batch experimental results
are used in the evaluation of growth and lysis rate constants of the heterotrophic and
autotrophic bacteria in the presence of heavy metals. Using the MATLAB code, the
activated sludge process is simulated by coupling ASM3 with heavy metal inhibitory
models as well as a settler model. It can be concluded from this simulation that the
presence of copper, even at the concentration of 0.5 mgL−1, in the biological system
has a negative impact on the growth of heterotrophic and autotrophic bacteria by
decreasing their concentrations up to 19.23 % and 34.81 % for conventional systems
and 13.03 % and 75.00 % for alternating systems, respectively. Also, the simulations
of the variables in the aeration tank and final effluent show the effect of copper on
ammonium and ammonia nitrogen (SNH4), hence on nitrite plus nitrate (SNO) and
dinitrogen. The nitrification of ammonium and ammonia nitrogen is inhibited by
copper and, as such, conversion to N2 by denitrification process is prevented. All the
effluent characteristics are acceptable and consistent with the EU Commission
Directives when nitrogen removal is not aimed.
Finally, as a conlusion, the proposed ANN model, with relative certainty, can be used
as a tool for the removal of heavy metals by magnetic nanoparticles before biological
treatment. It is obvious that using nanotechnology is ideal for the removal of metal
ions in sewage treatment. In this respect, theoretical architectures with ANN are very
important to determine the best model process for optimum results. In meantime,
ASM3 can predict and evaluate the operation of an activated sludge system that
receives the effluent from an industrial plant. Yet, this is only under the condition that
the model is improved in order to accommodate the effects of important parameters
depending on the characteristics of the industry intended considered
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APPENDICES

APPENDIX A: MATLAB CODE FOR ANN
%Solve an Input-Output Fitting problem with a Neural Network
% the code generated by MATLAB
% Created 10-Jun-2018 11:38:54
%
% variables are defined:
%
% p - input data.
% T - target data.

% first case
x=load('first.dat');
P=[x(1:37,1:4)];
T=[x(1:37,5)];

% secod case
%x=load('second.dat');
%P=[x(1:30,1:4)];
%T=[x(1:30,5)];

%Third case
%x=load('third .dat');
%P=[x(1:70,1:5)];
%T=[x(1:70,6)];
% normalization data
[pn,minp,maxp,tn,mint,maxt]=premnmx(P',T');
x = pn;
t = tn;
% Choose a Training Function
% For a list of all training functions type: help nntrain
% 'trainlm' is usually fastest.
% 'trainbr' takes longer but may be better for challenging problems.
% 'trainscg' uses less memory. Suitable in low memory situations.
% trainFcn ='trainscg' ; % Scaled Conjugate Gradient
trainFcn = 'trainlm'; % Levenberg-Marquardt backpropagation.
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% Create a Fitting Network
% hiddenLayerSize = 20
% hiddenLayerSize = 30
hiddenLayerSize = 10;
net = fitnet(hiddenLayerSize,trainFcn);
% Selection of internal transfer functions
net.layers{1}.transferFcn = 'tansig';
net.layers{2}.transferFcn = 'purelin';

% Setup Division of Data for Training, Validation, Testing
net.divideParam.trainRatio = 70/100;
net.divideParam.valRatio = 15/100;
net.divideParam.testRatio = 15/100;
net.trainParam.epochs=1000;
net.trainParam.lr=0.01;
net.trainParam.goal =1e-6
net.trainParam.min_grad=1e-10
net.trainParam.show=25
net.trainParam.time =inf

% Train the Network
[net,tr] = train(net,x,t);
% Test the Network
y = net(x);
e = gsubtract(t,y);
performance = perform(net,t,y)
% View the Network
view(net)
% Plots
figure, plotperform(tr)
figure, plottrainstate(tr)
figure, ploterrhist(e)
figure, plotregression(t, y)
figure, plotfit(net,x,t)
%weights
IW = net.IW{1,1} %weights for the connection from the first input to the first layer
b1 = net.b{1}%the bias values for the first layer
b2 = net.b{2}%the bias values for the second layer
LW = net.LW{2,1}%weights for the connection from the first layer to the second layer
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plot ( 1:number of data , y','r',1:number of data ,tn','p')
Results of matlab code:
The first case was chosen to display results of matlab code in detail:
Table A.1 Experimental Data
pH

Time

1
2
3
4
5.5
6
7
8
9
10
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5
5.5

225
225
225
225
225
225
225
225
225
225
225
225
225
225
225
225
225
225
25
50
65
84
100
130
150
175
200
225
225
225
225
225
225
225
225
225
225

Initial
concentration of
Zn(II) (cz)
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
20
30
40
50
60
70
80
90
100
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Concentration of
magnetic
nanoadsorbent (cn)
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
1
1.5
2
2.5
3
3.5
4
4.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5
2.5

Percentage of
removal of Zn
(II) (% R
18
42
61
70
93
84
60
45
25
15
64
75
85
95
92
86
84
83
20
38
60
70
80
85
93
94
94
95
99
98
95
92
90
86
55
30
10

Table A.2 Normalization of experimental data

Ph
-1
-0.7778
-0.5556
-0.3333
0
0.1111
0.3333
0.5556
0.7778
1
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

Time

Initial
concentration
of zn (II) (cz)

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
-1
-0.75
-0.6
-0.41
-0.25
0.05
0.25
0.5
0.75
1
1
1
1
1
1
1
1
1
1

-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-1
-0.75
-0.5
-0.25
0
0.25
0.5
0.75
1
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Concentration of
magnetic
nanoadsorbent
(cn)
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-1
-0.7143
-0.4286
-0.1429
0.1429
0.4286
0.7143
1
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429
-0.1429

Precentage of
removal of Zn
(II) (% R)
-0.8202
-0.2809
0.1461
0.3483
0.8652
0.6629
0.1236
-0.2135
-0.6629
-0.8876
0.2135
0.4607
0.6854
0.9101
0.8427
0.7079
0.6629
0.6404
-0.7753
-0.3708
0.1236
0.3483
0.573
0.6854
0.8652
0.8876
0.8876
0.9101
1
0.9775
0.9101
0.8427
0.7978
0.7079
0.0112
-0.5506
-1

Table A.3 The comparison between precentage of removal of Zn (II) (% R)
[experimental data-target]] and precentage of removal of Zn (II) (% R) [as result from
ANN Prediction -output] as the normalized data
Precentage of removal of Zn (II) (%R)
[experimental data-target]
-0.8202
-0.2809
0.1461
0.3483
0.8652
0.6629
0.1236
-0.2135
-0.6629
-0.8876
0.2135
0.4607
0.6854
0.9101
0.8427
0.7079
0.6629
0.6404
-0.7753
-0.3708
0.1236
0.3483
0.573
0.6854
0.8652
0.8876
0.8876
0.9101
1
0.9775
0.9101
0.8427
0.7978
0.7079
0.0112
-0.5506
-1

Precentage of removal of Zn (II) (%R) [as
result from ANN-output]
-0.8118
-0.2658
0.1005
0.388
0.8605
0.678
0.1316
-0.2351
-0.6411
-0.8966
0.2101
0.4631
0.6979
0.8605
0.8637
0.7116
0.6037
0.6389
-1.3442
-0.3596
0.1017
0.3635
0.4667
0.68
0.7931
0.8792
0.9052
0.8605
0.8605
0.9134
0.9332
0.8993
0.7742
0.4991
0.0264
-0.5586
-0.9988
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Table A. 4 Weights and bias for the first layer
Weights for the connection from the first input to the first layer
-0.31 -1.1911
0.3744
-2.0492
0.5451 -1.2054
2.0548
-0.3774
-0.839 -1.7517 -0.3775
-1.6785
-1.649 -1.0774 -0.9087
-0.1985
-1.571 -0.4474 -1.0946
-0.8179
2.1682 -0.3072
1.0304
0.836
0.629 -1.3953 -1.7071
1.0852
-0.99
0.3931
1.6715
1.4202
-0.543 -1.3693
0.5197
-1.6429
-0.144
0.9048
2.361
-0.4931

Table A. 5 Weights and bias for the second layer
Weights for the
connection from the first
layer to the second layer
-0.4292
0.9834
0.1620
1.1057
-2.2194
-0.4442
-0.5253
-0.5332
0.5089
-0.5665

Bias values for the
second layer
-0.6943
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Bias values for
the first layer
2.5547
-2.5211
1.2309
0.4976
-1.4229
0.6695
1.0719
-1.4613
1.8170
-2.3088

APPENDIX B: MODELING OF AN ACTIVATED SLUDGE
When modeling an activated sludge tank, one tank is applied for the biological
processing (both non-aerated and aerated depending on the optimized profile. In the
next stage is a settling tank. The wastewater coming into the biological tank is
subjected to certain biological treatments, and the activated sludge coming out of the
biological tank enters the setter. Here, the sludge gathers at the bottom and water is
released to the receiving medium. A majority of this sludge is recycled to the biological
tank so as to elevate the amount of the biological mass and, consequently, the overall
efficiency of the whole process of treatment.

BIOLOGICAL TANK MODELING
Model compounds (ASM3):
Soluble compounds:
SO dissolved oxygen concentration
SI inert soluble organic material
SS readily biodegradable organic substrate
SNH ammonium plus ammonia nitrogen
SN2 dinitrogen
SNO nitrate plus nitrite nitrogen
SHCO alkalinity
Particulate compounds:
XI inert particulate organics
XS slowly biodegradable substrates
XH heterotrophic biomass
XSTO organics stored by heterotrophs
XA autotrophic, nitrifying biomass
XSS total suspended solids
The biological processes:
There are 12 microbiological processes taken place in the biological tank as follows
and their rate expressions are given in the ASM3:
1. Hydrolysis.
For heterotrophic organisms:
2. Aerobic storage of readily biodegradable substrate.
3. Anoxic storage of readily biodegradable substrate.
4. Aerobic growth of heterotrophs.
5. Anoxic growth of heterotrophs.
6. Aerobic endogenous respiration.
7. Anoxic endogenous respiration.
8. Aerobic respiration of storage products.
9. Anoxic respiration of storage products.
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For autotrophic organisms:
10. Nitrification.
11. Aerobic endogenous respiration.
12. Anoxic endogenous respiration

THE FORMATION/DISAPPEARANCE RATES

The formation and disappearance rates of the model compounds can be calculated
from the stoichiometric matrix given in the ASM3. The rate expression of ammonium
nitrogen, SNH, is given as follows as an example and the similar rate expressions are
included in the activated sludge system modeling for the other twelve components:
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Note: The terms other than ‘S’ and ‘X’ are kinetic parameters related to the rates of
processes, and are given in ASM3.
MASS BALANCES AROUND THE BIOLOGICAL TANK
Mass balances for each compound of ASM3 around the biological tank are as
follows (by completely stirred tank reactor assumption):
𝑑𝑆𝑂𝑎𝑡
𝑄𝑖𝑛 𝑆𝑂𝑖𝑛 + 𝑄𝑟𝑠 𝑆𝑂𝑟𝑠 − (𝑄𝑖𝑛 + 𝑄𝑟𝑠 )𝑆𝑂𝑎𝑡
=
+ 𝑅𝑆𝑂 (𝐴1)
𝑑𝑡
𝑉𝑎𝑡
𝑑𝑆1𝑎𝑡
𝑄𝑖𝑛 𝑆1𝑖𝑛 + 𝑄𝑟𝑠 𝑆1𝑟𝑠 − (𝑄𝑖𝑛 + 𝑄𝑟𝑠 )𝑆1𝑎𝑡
=
+ 𝑅𝑆1 (𝐴2)
𝑑𝑡
𝑉𝑎𝑡
𝑑𝑆𝑠𝑎𝑡
𝑄𝑖𝑛 𝑆𝑠𝑖𝑛 + 𝑄𝑟𝑠 𝑆𝑠𝑟𝑠 − (𝑄𝑖𝑛 + 𝑄𝑟𝑠 )𝑆𝑠𝑎𝑡
=
+ 𝑅𝑆𝑠 (𝐴3)
𝑑𝑡
𝑉𝑎𝑡
𝑎𝑡
𝑖𝑛
𝑟𝑠
𝑎𝑡
𝑑𝑆𝑁𝐻
𝑄𝑖𝑛 𝑆𝑁𝐻
+ 𝑄𝑟𝑠 𝑆𝑁𝐻
− (𝑄𝑖𝑛 + 𝑄𝑟𝑠 )𝑆𝑁𝐻
=
+ 𝑅𝑆𝑁𝐻 (𝐴4)
𝑑𝑡
𝑉𝑎𝑡

𝑑𝑆𝑁𝑎𝑡2
𝑄𝑖𝑛 𝑆𝑁𝑖𝑛2 + 𝑄𝑟𝑠 𝑆𝑁𝑟𝑠2 − (𝑄𝑖𝑛 + 𝑄𝑟𝑠 )𝑆𝑁𝑎𝑡2
=
+ 𝑅𝑆𝑁2 (𝐴5)
𝑑𝑡
𝑉𝑎𝑡
𝑎𝑡
𝑖𝑛
𝑟𝑠
𝑎𝑡
𝑑𝑆𝑁𝑂
𝑄𝑖𝑛 𝑆𝑁𝑂
+ 𝑄𝑟𝑠 𝑆𝑁𝑂
− (𝑄𝑖𝑛 + 𝑄𝑟𝑠 )𝑆𝑁𝑂
=
+ 𝑅𝑆𝑁𝑂 (𝐴6)
𝑑𝑡
𝑉𝑎𝑡
𝑎𝑡
𝑖𝑛
𝑟𝑠
𝑎𝑡
𝑑𝑆𝐻𝐶𝑂
𝑄𝑖𝑛 𝑆𝐻𝐶𝑂
+ 𝑄𝑟𝑠 𝑆𝐻𝐶𝑂
− (𝑄𝑖𝑛 + 𝑄𝑟𝑠 )𝑆𝐻𝐶𝑂
=
+ 𝑅𝑆𝐻𝐶𝑂 (𝐴7)
𝑑𝑡
𝑉𝑎𝑡

𝑑𝑋I𝑎𝑡
𝑄𝑖𝑛 𝑋I𝑖𝑛 + 𝑄𝑟𝑠 𝑋I𝑟𝑠 − (𝑄𝑖𝑛 + 𝑄𝑟𝑠 )𝑋I𝑎𝑡
=
+ 𝑅𝑋I (𝐴8)
𝑑𝑡
𝑉𝑎𝑡
𝑑𝑋S𝑎𝑡
𝑄𝑖𝑛 𝑋S𝑖𝑛 + 𝑄𝑟𝑠 𝑋S𝑟𝑠 − (𝑄𝑖𝑛 + 𝑄𝑟𝑠 )𝑋S𝑎𝑡
=
+ 𝑅𝑋S (𝐴9)
𝑑𝑡
𝑉𝑎𝑡
𝑑𝑋H𝑎𝑡
𝑄𝑖𝑛 𝑋H𝑖𝑛 + 𝑄𝑟𝑠 𝑋H𝑟𝑠 − (𝑄𝑖𝑛 + 𝑄𝑟𝑠 )𝑋H𝑎𝑡
=
+ 𝑅𝑋H (𝐴10)
𝑑𝑡
𝑉𝑎𝑡
𝑎𝑡
𝑖𝑛
𝑟𝑠
𝑎𝑡
𝑑𝑋STO
𝑄𝑖𝑛 𝑋STO
+ 𝑄𝑟𝑠 𝑋STO
− (𝑄𝑖𝑛 + 𝑄𝑟𝑠 )𝑋STO
=
+ 𝑅𝑋STO (𝐴11)
𝑑𝑡
𝑉𝑎𝑡

𝑑𝑋A𝑎𝑡
𝑄𝑖𝑛 𝑋A𝑖𝑛 + 𝑄𝑟𝑠 𝑋A𝑟𝑠 − (𝑄𝑖𝑛 + 𝑄𝑟𝑠 )𝑋A𝑎𝑡
=
+ 𝑅𝑋A (𝐴12)
𝑑𝑡
𝑉𝑎𝑡
𝑎𝑡
𝑖𝑛
𝑟𝑠
𝑎𝑡
𝑑𝑋TS
𝑄𝑖𝑛 𝑋TS
+ 𝑄𝑟𝑠 𝑋TS
− (𝑄𝑖𝑛 + 𝑄𝑟𝑠 )𝑋TS
=
+ 𝑅𝑋TS (𝐴13)
𝑑𝑡
𝑉𝑎𝑡

where at is the aeration tank, in is the inlet, rs is the recycle, Q is the volumetric flow
rate and V is the volume
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SETTLING TANK MODELLING
For the particulate components of ASM3 which are represented by ‘X’, the settling
velocity is derived from Takacs’ expression as follows

𝑣𝑠𝑗 (𝑋𝑗𝑠𝑒𝑡 )

=

𝑠𝑒𝑡

max(0, min(𝑣0′ , 𝑣0 (𝑒 −𝑟ℎ(𝑋𝑗

𝑠𝑒𝑡
−𝑓𝑛𝑠 𝑋𝑖𝑛
)−𝑒

𝑠𝑒𝑡
−𝑟𝑝(𝑋𝑠𝑒𝑡
𝑗 −𝑓𝑛𝑠 𝑋𝑖𝑛 ) )))

(A14)

0 ≤ 𝑣𝑠𝑗 ≤ 𝑣0′

where v0’, v0, rh, rp, fns are model parameters defined in Takacs et al., Xset in is the
suspended solids concentrations entering the settler, Xset,j concentration of the
suspended solids calculated for each layer of the settler based upon ASM3 as
follows:

𝑠𝑒𝑡
𝑋𝑗𝑠𝑒𝑡 = 0.75(𝑋1𝑠𝑒𝑡 + 𝑋𝑆𝑠𝑒𝑡 ) + 0.90(𝑋𝐻𝑠𝑒𝑡 + 𝑋𝐴𝑠𝑒𝑡 ) + 0.60𝑋𝑆𝑇𝑂

(𝐴15)

The mass balances around 10 layers of settler for each particulate compound are as
follows:
𝑑𝑋1
= 1⁄ℎ(𝑄 (𝑋 𝑋 )/𝐴 − 𝐽 ) (𝐴18)
𝑒𝑓𝑓
2− 1
𝐶
𝑆,1
𝑑𝑡
𝑑𝑋2
= 1⁄ℎ(𝑄 (𝑋 𝑋 )/𝐴 − 𝐽 − 𝐽 ) (𝐴19)
𝑒𝑓𝑓
3− 2
𝐶
𝑆,1
𝑆,2
𝑑𝑡
𝑑𝑋3
= 1⁄ℎ(𝑄 (𝑋 𝑋 )/𝐴 − 𝐽 − 𝐽 ) (𝐴20)
𝑒𝑓𝑓
4− 3
𝐶
𝑆,2
𝑆,3
𝑑𝑡
𝑑𝑋4
= 1⁄ℎ(𝑄 (𝑋 𝑋 )/𝐴 − 𝐽 − 𝐽 ) (𝐴21)
𝑒𝑓𝑓
5− 4
𝐶
𝑆,3
𝑆,4
𝑑𝑡
𝑑𝑋5
= 1⁄ℎ(𝑄 (𝑋 𝑋 )/𝐴 − 𝐽 − 𝐽 ) (𝐴22)
𝑒𝑓𝑓
6− 5
𝐶
𝑆,4
𝑆,5
𝑑𝑡
𝑑𝑋6
= 1⁄ℎ(𝑄 (𝑋 𝑋 )/𝐴 − 𝐽 − 𝐽 ) (𝐴23)
𝑒𝑓𝑓
7− 6
𝐶
𝑆,5
𝑆,6
𝑑𝑡
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𝑑𝑋7
𝑑𝑡
= 1⁄
ℎ(−(𝑄

𝑒𝑓𝑓

𝑠𝑒𝑡
+ 𝑄𝑑𝑜𝑤𝑛 )𝑋7 /𝐴𝐶 + 𝐽𝑠,6 − 𝐽𝑠,7 + (𝑄𝑖𝑛 + 𝑄𝑟𝑠 )𝑋𝑖𝑛
/𝐴𝐶 )

(𝐴24)

𝑑𝑋8
= 1⁄ℎ(𝑄
(𝐴25)
𝑑𝑜𝑤𝑛 (𝑋7− 𝑋8 )/𝐴𝐶 − 𝐽𝑆,7 − 𝐽𝑆,8 )
𝑑𝑡
𝑑𝑋9
= 1⁄ℎ(𝑄
(𝐴26)
𝑑𝑜𝑤𝑛 (𝑋8− 𝑋9 )/𝐴𝐶 − 𝐽𝑆,8 − 𝐽𝑆,9 )
𝑑𝑡
𝑑𝑋10
= 1⁄ℎ(𝑄
(𝐴27)
𝑑𝑜𝑤𝑛 (𝑋9− 𝑋10 )/𝐴𝐶 − 𝐽𝑆,9 )
𝑑𝑡

‘where h is the height of settler layer and AC is the settler cross sectional area.
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APPENDIX C: SIMULATION ALGORITHM
clear all
clc
t11=cputime; %initial time for algorithm running
global Qi Qr Qe Qw Qdown kla Sos V x0%treatment system design variables
global Soi Sii Ssi Snhi Sn2i Snoi Shcoi %ASM3 solubles inlet
global Xii Xsi Xhi Xstoi Xai Xtsi %ASM3 particulates inlet
global kh Kx ksto nno Ko Kno Ks Ksto mh Knh %ASM3 model parameters
global Khco bho2 bhno bstoo2 bstono ma Kanh Kao bao2 bano Kahco
global Us00 Us0 fns rh rp h Ac Xthres%Takacs model parameters
global CODmax SSmax TNmax
global MLVSS1 MLVSS2 %comparison values
global period1 period2 period3 i overfr sludgert
Qi=1000/24;% inlet waste water flowrate, m3/h
%The initial concentrations of the activated sludge system
x0=[0;30;100;16;0;0;5;25;75;30;0;0.1;125;
25;25;25;25;25;25;25;25;25;25;
75;75;75;75;75;75;75;75;75;75;
30;30;30;30;30;30;30;30;30;30;
0;0;0;0;0;0;0;0;0;0;
0.1;0.1;0.1;0.1;0.1;0.1;0.1;0.1;0.1;0.1;%0.1;0.1;0.1;0.1;0.1;0.1;0.1;0.1;0.1;0.1;
125;125;125;125;125;125;125;125;125;125;0];
xinit1=x0;
Xssinitial=0.75*(x0(8)+x0(9))+0.90*(x0(10)+x0(12))+0.60*x0(11)
CODinitial=x0(2)+x0(3)+x0(8)+x0(9)+x0(10)+x0(12)+x0(11)
TNinitial=x0(4)+x0(6)+0.01*x0(2)+0.03*x0(3)+0.02*x0(8)+0.04*x0(9)+0.07*(x0(1
0)+x0(12))
%Xssinitial = 132.0900
%CODinitial = 300.1000
%TNinitial = 26.5070
for iii=1:2
xxx(1)=0; %no heavy metal
xxx(2)=0.5;%copper concentration
mh(iii)=(-2.3692*xxx(iii)+4.5197)/24;%for copper
bho2(iii)=(0.1689*xxx(iii)+0.3122)/24;%for copper
ma(1)=1.03/24;% no heavy metal
ma(2)=0.31/24;% for copper with 0.5/day
mh=mh(iii);
bho2=bho2(iii);
ma=ma(iii);
kh=3/24;Kx=1;ksto=5/24;nno=0.6;Ko=0.2;Kno=0.5;Ks=2;Ksto=1;
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Knh=0.01;Khco=0.1;bhno=0.1/24;bstoo2=0.2/24;bstono=0.1/24;
Kanh=1;Kao=0.5;Kahco=0.5;bao2=0.15/24;bano=0.05/24;Sos=8.637;
%ma=1/24;
%Inlet concentration of wastewater
Soi=0;Sii=30;Ssi=100;Snhi=16;Sn2i=0;Snoi=0;Shcoi=5;
Xii=25;Xsi=75;Xhi=30;Xstoi=0;Xai=0.1;Xtsi=125;
kla=4.5; %oksijen aktarim katsayisi;1/saat
CODmax=125;SSmax=30;TNmax=20; %EU wastewater discharge criteria
%Settler design parameters
h=0.35; %m settler'layers height (m)
Us00=150.2/24;Us0=214.2/24;rh=3.64*10^(-4);rp=5.71*10^(-3);fns=1.23*10^(3);%settling velocity parameters(Takacs)
Xthres=3000;%threshold concentration (g/m3)
% INITIAL VALUES
MLVSS0=0.75*(x0(8)+x0(9))+0.90*(x0(10)+x0(12))+0.60*x0(11); %MLVSS
CODeff0=x0(2)+x0(3)+x0(14)+x0(24)+x0(34)+x0(44)+x0(54);
SSeff0=x0(64);
TNeff0=x0(4)+x0(6)+0.01*x0(2)+0.03*x0(3)+0.02*x0(14)+0.04*x0(24)+0.07*(x0(
34)+x0(54));
CODat0=x0(2)+x0(3)+x0(8)+x0(9)+x0(10)+x0(11)+x0(12);
period1=729;period2=729;period3=135;
for i=1:10
u(i)=1;
end
% 1. SIMULATION FOR START_UP PERIOD
startupopt=u(8)*period1;
conditioningopt=u(9)*period2;
normaloperationopt=u(10)*period3;
Vb=450;% aeration pond volume (m3)
rr=0.80; %recycle ratio
klab=4.5;% liquid phase mass transfer coefficient
Acb=113;% settler area
wrb=0.012;%waste ratio
V=u(1)*Vb;Ac=u(2)*Acb;Qr=Qi*u(3)*rr;kla=u(5)*klab;
Qe=Qi;Qw=0;Qdown=Qr+Qw;kla1=u(5)*klab
overfr= Qi/Ac; %settler over flow rate(control value between:0.5-2 m3/m2.h)
options=odeset('Maxstep',100);
start1=0;
finish1=startupopt;
xinit1=x0;
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[t,x]=ode15s('airopt',[start1 finish1],xinit1,options);
intermediate1=size(x);
row1=intermediate1(1);
xmob=x(row1,:);
xhav=x(:,1:13);
xSo=x(:,1);airoptave1=sum(xSo)/row1;
xSi=x(:,2);xSs=x(:,3);
xSnh=x(:,4);xSn2=x(:,5);xSno=x(:,6);xShco=x(:,7);
xHXi=x(:,8);xHXs=x(:,9);xHXh=x(:,10);xHXsto=x(:,11);xHXa=x(:,12);xHXts=x(:,1
3);
xXi=x(:,14);xXs=x(:,24);xXh=x(:,34);xXa=x(:,54);xXsto=x(:,44);
xXss=x(:,64);
xXrs=x(:,73);
plot(t,xHXa,'k')
hold on
CODat=xSi+xSs+xHXi+xHXs+xHXh+xHXsto+xHXa;
CODeff=xSi+xSs+xXi+xXs+xXh+xXsto+xXa;
TNeff=xSnh+xSno+0.01*xSi+0.03*xSs+0.02*xXi+0.04*xXs+0.07*(xXh+xXa);
SSeff=xXss;
xmob;
CODeff;
TNeff;
SSeff;

MLVSS1=0.75*(xmob(8)+xmob(9))+0.90*(xmob(10)+xmob(12))+0.60*xmob(11);
%MLVSS
CODeff1=xmob(2)+xmob(3)+xmob(14)+xmob(24)+xmob(34)+xmob(44)+xmob(54
);
SSeff1=xmob(64);
TNeff1=xmob(4)+xmob(6)+0.01*xmob(2)+0.03*xmob(3)+0.02*xmob(14)+0.04*x
mob(24)+0.07*(xmob(34)+xmob(54));
CODat1=xmob(2)+xmob(3)+xmob(8)+xmob(9)+xmob(10)+xmob(11)+xmob(12);
% 2.CONDITIONING PERIOD
Qe=(1-u(4)*wrb)*Qi
Qw=u(4)*wrb*Qi
Qdown=Qr+Qw;
kla=u(6)*klab;
kla2=u(6)*klab;
start2=finish1;
finish2=start2+conditioningopt;
[t,x]=ode15s('airopt',[start2 finish2],xmob,options);
intermediate1=size(x);
row1=intermediate1(1);
xmob=x(row1,:);
xhav=x(:,1:13);
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xSo=x(:,1);airoptave2=sum(xSo)/row1
xSi=x(:,2);xSs=x(:,3);
xSnh=x(:,4);xSn2=x(:,5);xSno=x(:,6);xShco=x(:,7);
xHXi=x(:,8);xHXs=x(:,9);xHXh=x(:,10);xHXsto=x(:,11);xHXa=x(:,12);xHXts=x(:,1
3);
xXi=x(:,14);xXs=x(:,24);xXh=x(:,34);xXa=x(:,54);xXsto=x(:,44);
xXss=x(:,64);
xXrs=x(:,73);
%error=x(:,74);
CODat=xSi+xSs+xHXi+xHXs+xHXh+xHXsto+xHXa;
CODeff=xSi+xSs+xXi+xXs+xXh+xXsto+xXa;
TNeff=xSnh+xSno+0.01*xSi+0.03*xSs+0.02*xXi+0.04*xXs+0.07*(xXh+xXa);
SSeff=xXss;
het2=xmob(10)
aut2=xmob(12)
MLVSS2=0.75*(xmob(8)+xmob(9))+0.90*(xmob(10)+xmob(12))+0.60*xmob(11)
%MLVSS
CODeff2=xmob(2)+xmob(3)+xmob(14)+xmob(24)+xmob(34)+xmob(44)+xmob(54
);
SSeff2=xmob(64);
TNeff2=xmob(4)+xmob(6)+0.01*xmob(2)+0.03*xmob(3)+0.02*xmob(14)+0.04*x
mob(24)+0.07*(xmob(34)+xmob(54));
CODat2=xmob(2)+xmob(3)+xmob(8)+xmob(9)+xmob(10)+xmob(11)+xmob(12);
plot(t,xHXa,'k')
hold on
% 3.NORMAL OPERATION PERIOD
kla=u(7)*klab;
kla3=u(7)*klab;
xmob(74)=0;
start3=finish2;
finish3=start3+normaloperationopt;
[t,x]=ode15s('airopt',[start3 finish3],xmob,options);
intermediate1=size(x);
row1=intermediate1(1);
xmob=x(row1,:);
xhav=x(:,1:13);
xSo=x(:,1);airoptave3=sum(xSo)/row1;
xSi=x(:,2);xSs=x(:,3);
xSnh=x(:,4);xSn2=x(:,5);xSno=x(:,6);xShco=x(:,7);
xHXi=x(:,8);xHXs=x(:,9);xHXh=x(:,10);xHXsto=x(:,11);xHXa=x(:,12);xHXts=x(:,1
3);
xXi=x(:,14);xXs=x(:,24);xXh=x(:,34);xXa=x(:,54);xXsto=x(:,44);
xXss=x(:,64);
xXrs=x(:,73);
error=x(:,74);
CODat=xSi+xSs+xHXi+xHXs+xHXh+xHXsto+xHXa;
CODeff=xSi+xSs+xXi+xXs+xXh+xXsto+xXa;
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TNeff=xSnh+xSno+0.01*xSi+0.03*xSs+0.02*xXi+0.04*xXs+0.07*(xXh+xXa);
SSeff=xXss;
het3=xmob(10);
aut3=xmob(12);
MLVSS3opt=0.75*(xmob(8)+xmob(9))+0.90*(xmob(10)+xmob(12))+0.60*xmob(1
1);%MLVSS
CODeff3opt=xmob(2)+xmob(3)+xmob(14)+xmob(24)+xmob(34)+xmob(44)+xmob(
54)
SSeff3opt=xmob(64)
TNeff3opt=xmob(4)+xmob(6)+0.01*xmob(2)+0.03*xmob(3)+0.02*xmob(14)+0.04
*xmob(24)+0.07*(xmob(34)+xmob(54))
CODat3opt=xmob(2)+xmob(3)+xmob(8)+xmob(9)+xmob(10)+xmob(11)+xmob(12)
plot(t,xHXa,'k')
grid on
xlabel('Time (h)')
ylabel('Concentration of autotrophic bacteria (g/m3) in aeration pond')
error1=xmob(74);
TXa=(xmob(10)+xmob(12))*V;
sumTXs=0;
for iter=1:10
j=33+iter;
i=53+iter;
TXs=(xmob(j)+xmob(i))*h*Ac;
sumTXs=sumTXs+TXs;
end
end
fie=(xmob(34)+xmob(54))*Qe*24;
fiw=(xmob(43)+xmob(63))*Qw*24;
sludgert=(TXa+TXs)/(fie+fiw);%days
reactorage=(TXa)/(fie+fiw);
hold off
t111=cputime;
cputime=(t111-t11)/60/60
function havali=air(t,x)
global Qi Qr Qe Qw Qdown kla Sos V %treatment system design parameters
global Soi Sii Ssi Snhi Sn2i Snoi Shcoi %ASM3 solubles inlet
global Xii Xsi Xhi Xstoi Xai Xtsi %ASM3 particulates inlet
global kh Kx ksto nno Ko Kno Ks Ksto mh Knh %ASM3 model parameters
global Khco bho2 bhno bstoo2 bstono ma Kanh Kao bao2 bano Kahco
global Us00 Us0 fns rh rp Js h Ac Xthres%Takacs model parameters
global CODmax SSmax TNmax
% The rates of microbiological processes for ASM3
q1=(kh*(x(9)/x(10))/(Kx+x(9)/x(10)))*x(10);
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q2=ksto*x(1)/(Ko+x(1))*x(3)/(Ks+x(3))*x(10);
q3=ksto*nno*Ko/(Ko+x(1))*x(6)/(Kno+x(6))*x(3)/(Ks+x(3))*x(10);
q4=mh*x(1)/(Ko+x(1))*x(4)/(Knh+x(4))*x(7)/(Khco+x(7))*(x(11)/x(10))/(Ksto+x(1
1)/x(10))*x(10);
q5=mh*nno*Ko/(Ko+x(1))*x(6)/(Kno+x(6))*x(4)/(Knh+x(4))*x(7)/(Khco+x(7))*(x
(11)/x(10))/(Ksto+x(11)/x(10))*x(10);
q6=bho2*x(1)/(Ko+x(1))*x(10);
q7=bhno*Ko/(Ko+x(1))*x(6)/(Kno+x(6))*x(10);
q8=bstoo2*x(1)/(Ko+x(1))*x(11);
q9=bstono*Ko/(Ko+x(1))*x(6)/(Kno+x(6))*x(11);
q10=ma*x(1)/(Kao+x(1))*x(4)/(Kanh+x(4))*x(7)/(Kahco+x(7))*x(12);
q11=bao2*x(1)/(Ko+x(1))*x(12);
q12=bano*Ko/(Ko+x(1))*x(6)/(Kno+x(6))*x(12);
%The disseapperance/appearance rates of ASM3 components
r1=-0.15*q2-0.60*q4-0.80*q6-1*q8-18.04*q10-0.80*q11;
r2=0;
r3=1*q1-1*q2-1*q3;
r4=0.01*q1+0.03*q2+0.03*q3-0.07*q4-0.07*q5+0.066*q6+0.066*q74.24*q10+0.066*q11+0.066*q12;
r5=0.07*q3+0.30*q5+0.28*q7+0.35*q9+0.28*q12;
r6=-0.07*q3-0.30*q5-0.28*q7-0.35*q9+4.17*q10-0.28*q12;
r7=0.001*q1+0.002*q2+0.007*q30.005*q4+0.016*q5+0.005*q6+0.025*q7+0.025*q90.6*q10+0.005*q11+0.025*q12;
r8=0.2*q6+0.2*q7+0.2*q11+0.2*q12;
r9=-1*q1;
r10=1*q4+1*q5-1*q6-1*q7;
r11=0.85*q2+0.80*q3-1.60*q4-1.85*q5-1*q8-1*q9;
r12=1*q10-1*q11-1*q12;
r13=-0.75*q1+0.51*q2+0.48*q3-0.06*q4-0.21*q5-0.75*q6-0.75*q7-0.60*q80.60*q9+0.90*q10-0.75*q11-0.75*q12;
%Equalities: The concentration of the ASM3 components in recycle stream
Sor=0;
Sir=x(2);
Ssr=x(3);
Snhr=x(4);
Sn2r=0;
Snor=x(6);
Shcor=x(7);
Xir=x(23);
Xsr=x(33);
Xhr=x(43);
Xstor=x(53);
Xar=x(63);
Xtsr=x(73);
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%The modeling of settler
for i=14:23
Xt(i)=0.75*(x(i)+x(i+10))+0.90*(x(i+20)+x(i+40))+0.60*x(i+30);%the suspended
solid concentration for each layer of the settler
Us(i)=max(0,min(Us00,Us0*(exp(-rh*(Xt(i)-fns*x(13)))-exp(-rp*(Xt(i)fns*x(13))))));%the settling velocity of the suspended solids for each layer of the
settler, based on Takacs model
% Calculation of the gravity flux
for j=i:10:73
J(j)=Us(i)*x(j);
end
end
for k=14:10:64
i=14;
for j=k:k+5
if Xt(i+1)<=Xthres
Js(j)=J(j);
else
Js(j)=min(J(j),J(j+1));
i=i+1;
end
end
for j=k+6:k+8
Js(j)=min(J(j),J(j+1));
end
end
%Mass balances around aeration tank for each ASM3 components
havali=[(Qi*Soi+Qr*Sor-(Qi+Qr)*x(1))/V+r1+kla*(Sos-x(1));
(Qi*Sii+Qr*Sir-(Qi+Qr)*x(2))/V+r2;
(Qi*Ssi+Qr*Ssr-(Qi+Qr)*x(3))/V+r3;
(Qi*Snhi+Qr*Snhr-(Qi+Qr)*x(4))/V+r4;
(Qi*Sn2i+Qr*Sn2r-(Qi+Qr)*x(5))/V+r5;
(Qi*Snoi+Qr*Snor-(Qi+Qr)*x(6))/V+r6;
(Qi*Shcoi+Qr*Shcor-(Qi+Qr)*x(7))/V+r7;
(Qi*Xii+Qr*Xir-(Qi+Qr)*x(8))/V+r8;
(Qi*Xsi+Qr*Xsr-(Qi+Qr)*x(9))/V+r9;
(Qi*Xhi+Qr*Xhr-(Qi+Qr)*x(10))/V+r10;
(Qi*Xstoi+Qr*Xstor-(Qi+Qr)*x(11))/V+r11;
(Qi*Xai+Qr*Xar-(Qi+Qr)*x(12))/V+r12;
(Qi*Xtsi+Qr*Xtsr-(Qi+Qr)*x(13))/V+r13;
%The momentum balances for particulate components of ASM3 for each layer of the
settling
%Xi
1/h*(Qe*x(15)/Ac-Qe*x(14)/Ac-Js(14));
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1/h*(Qe/Ac*(x(16)-x(15))+Js(14)-Js(15));
1/h*(Qe/Ac*(x(17)-x(16))+Js(15)-Js(16));
1/h*(Qe/Ac*(x(18)-x(17))+Js(16)-Js(17));
1/h*(Qe/Ac*(x(19)-x(18))+Js(17)-Js(18));
1/h*(Qe/Ac*(x(20)-x(19))+Js(18)-Js(19));
1/h*(-(Qe+Qdown)/Ac*x(20)+Js(19)-Js(20)+(Qi+Qr)*x(8)/Ac);
1/h*(Qdown/Ac*(x(20)-x(21))+Js(20)-Js(21));
1/h*(Qdown/Ac*(x(21)-x(22))+Js(21)-Js(22));
1/h*(Qdown/Ac*x(22)-Qdown*x(23)/Ac+Js(22));
%Xs
1/h*(Qe*x(25)/Ac-Qe*x(24)/Ac-Js(24));
1/h*(Qe/Ac*(x(26)-x(25))+Js(24)-Js(25));
1/h*(Qe/Ac*(x(27)-x(26))+Js(25)-Js(26));
1/h*(Qe/Ac*(x(28)-x(27))+Js(26)-Js(27));
1/h*(Qe/Ac*(x(29)-x(28))+Js(27)-Js(28));
1/h*(Qe/Ac*(x(30)-x(29))+Js(28)-Js(29));
1/h*(-(Qe+Qdown)/Ac*x(30)+Js(29)-Js(30)+(Qi+Qr)*x(9)/Ac);
1/h*(Qdown/Ac*(x(30)-x(31))+Js(30)-Js(31));
1/h*(Qdown/Ac*(x(31)-x(32))+Js(31)-Js(32));
1/h*(Qdown/Ac*x(32)-Qdown*x(33)/Ac+Js(32));
%Xh
1/h*(Qe*x(35)/Ac-Qe*x(34)/Ac-Js(34));
1/h*(Qe/Ac*(x(36)-x(35))+Js(34)-Js(35));
1/h*(Qe/Ac*(x(37)-x(36))+Js(35)-Js(36));
1/h*(Qe/Ac*(x(38)-x(37))+Js(36)-Js(37));
1/h*(Qe/Ac*(x(39)-x(38))+Js(37)-Js(38));
1/h*(Qe/Ac*(x(40)-x(39))+Js(38)-Js(39));
1/h*(-(Qe+Qdown)/Ac*x(40)+Js(39)-Js(40)+(Qi+Qr)*x(10)/Ac);
1/h*(Qdown/Ac*(x(40)-x(41))+Js(40)-Js(41));
1/h*(Qdown/Ac*(x(41)-x(42))+Js(41)-Js(42));
1/h*(Qdown/Ac*x(42)-Qdown*x(43)/Ac+Js(42));
%Xsto
1/h*(Qe*x(45)/Ac-Qe*x(44)/Ac-Js(44));
1/h*(Qe/Ac*(x(46)-x(45))+Js(44)-Js(45));
1/h*(Qe/Ac*(x(47)-x(46))+Js(45)-Js(46));
1/h*(Qe/Ac*(x(48)-x(47))+Js(46)-Js(47));
1/h*(Qe/Ac*(x(49)-x(48))+Js(47)-Js(48));
1/h*(Qe/Ac*(x(50)-x(49))+Js(48)-Js(49));
1/h*(-(Qe+Qdown)/Ac*x(50)+Js(49)-Js(50)+(Qi+Qr)*x(11)/Ac);
1/h*(Qdown/Ac*(x(50)-x(51))+Js(50)-Js(51));
1/h*(Qdown/Ac*(x(51)-x(52))+Js(51)-Js(52));
1/h*(Qdown/Ac*x(52)-Qdown*x(53)/Ac+Js(52));
%Xa
1/h*(Qe*x(55)/Ac-Qe*x(54)/Ac-Js(54));
1/h*(Qe/Ac*(x(56)-x(55))+Js(54)-Js(55));
1/h*(Qe/Ac*(x(57)-x(56))+Js(55)-Js(56));
1/h*(Qe/Ac*(x(58)-x(57))+Js(56)-Js(57));
1/h*(Qe/Ac*(x(59)-x(58))+Js(57)-Js(58));
1/h*(Qe/Ac*(x(60)-x(59))+Js(58)-Js(59));
1/h*(-(Qe+Qdown)/Ac*x(60)+Js(59)-Js(60)+(Qi+Qr)*x(12)/Ac);
79

1/h*(Qdown/Ac*(x(60)-x(61))+Js(60)-Js(61));
1/h*(Qdown/Ac*(x(61)-x(62))+Js(61)-Js(62));
1/h*(Qdown/Ac*x(62)-Qdown*x(63)/Ac+Js(62));
%Xts
1/h*(Qe*x(65)/Ac-Qe*x(64)/Ac-Js(64));
1/h*(Qe/Ac*(x(66)-x(65))+Js(64)-Js(65));
1/h*(Qe/Ac*(x(67)-x(66))+Js(65)-Js(66));
1/h*(Qe/Ac*(x(68)-x(67))+Js(66)-Js(67));
1/h*(Qe/Ac*(x(69)-x(68))+Js(67)-Js(68));
1/h*(Qe/Ac*(x(70)-x(69))+Js(68)-Js(69));
1/h*(-(Qe+Qdown)/Ac*x(70)+Js(69)-Js(70)+(Qi+Qr)*x(13)/Ac);
1/h*(Qdown/Ac*(x(70)-x(71))+Js(70)-Js(71));
1/h*(Qdown/Ac*(x(71)-x(72))+Js(71)-Js(72));
1/h*(Qdown/Ac*x(72)-Qdown*x(73)/Ac+Js(72));
% Error
max(0,(x(4)+x(6)+0.01*x(2)+0.03*x(3)+0.02*x(14)+0.04*x(24)+0.07*(x(34)+x(54)
)-TNmax))+max(0,(x(2)+x(3)+x(14)+x(24)+x(34)+x(44)+x(54)CODmax))+max(0,(0.75*(x(14)+x(24))+0.90*(x(34)+x(54))+0.60*x(44)-SSmax))];

The above algorithm is used for the conventional system and it is arranged for
alternating system by adding non-aerated duration to the aerated duration. The
sequence consists of 0.9 h non-aerated and 1.8 h aerated duration and simulation
algorithm is run accordingly for 1600 hours.

80

