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Abstract

Currently, the energy industry is at the time of a groundbreaking transformation which
results in the dispersion of energy sources. The need for transformation is caused by the
climate change observed in recent years, which entails the need to reduce CO; emissions.
The effect is an increase in electricity prices, prompting industry to minimize energy
consumption. The author’s interests focus especially on the issues of energy installations in
industrial applications.

The author has put forward the thesis that “Comprehensive modeling of the industrial
facilities like wastewater treatment plants can be used in optimization of control leading to
minimization of electric energy consumption.” The author assumes that complex energy
optimization algorithms can be implemented numerically in the installation of an industrial
facility such as the above-mentioned sewage treatment plant (WWTP). Such a model is
based on data from the existing Ptaszéw WWTP in Krakow.

Modelling of wastewater treatment plants has been chosen as the main topic. Aeration has
been analyzed, as it is the most energy-consuming part of the process. The available
modifications to the control of the installation have been discussed. The target
implementation compared the performance of the reactor model and blowers with the
available measurement data. A Matlab/Simulink model has been prepared to enable energy
optimization of the treatment plant facility. Thanks to this numerical image, it is possible to
freely test various energy optimization algorithms without the need to interfere with the
operation of the existing installation.

The operation of virtual WWTP is validated. A proprietary uncertainty testing procedure in a
complex strategy for controlling reactors and blowers has been prepared. Actions are
performed to validate the parameters implemented in the model. Morris analysis has
revealed the parameters of the most essential introduction process. The author has taken
the state estimation to check the cleaning efficiency and identify the parameters with the
Extended Kalman Filter.

The main purpose of the work is to use the optimization algorithms in the control of
wastewater treatment plants with the use of numerical models of WWTP. The author has
decided on the practice of changing the switching time and downtime of the blowers’ in
order to select the optimal operation of the station of six blowers in the installation.
Subsequently, the energy optimization of the blowers has been thereby carried out in terms
of reducing electricity consumption.

One can acknowledge the dissertation's contribution to the current scientific resources. The
work covers the implementation of a complex biological simulation of sewage reactors in
Ptaszéw Sewage Treatment Plant in Krakdw. Thanks to their use, it was possible to achieve
the aim of the dissertation - to prove the possibility of using energy optimization algorithms
in industrial installations of sewage treatment plants. To the best of author’s knowledge, this
analysis is the first such approach for the Krakdow sewage treatment plant.






Streszczenie

Obecnie branza energetyczna jest w momencie przetomowej transformacji. Obserwowane w
ostatnich latach zmiany klimatu, pociaggajg za sobg potrzebe redukcji emisji CO,, co skutkuje
wzrostem cen energii elektrycznej. To z kolei sktania przemyst do minimalizacji zuzycia
energii. Zainteresowania autora koncentrujg sie na kwestiach dziatania instalacji
energetycznych w zastosowaniach przemystowych.

Autor stawia nastepujgca teze: ,Kompleksowe modelowanie obiektéw przemystowych takich
jak oczyszczalnie sciekow moze byc¢ wykorzystane w optymalizacji sterowania prowadzgcej
do minimalizacji zuZycia energii”. Autor zaktada, ze ztozone algorytmy optymalizacji
energetycznej moga by¢ zaimplementowane numerycznie w instalacji takiego obiektu
przemystowego, jakim jest wspomniana powyzej oczyszczalnia Sciekdw. Praca bazuje na
danych pochodzacych z Zaktadu Oczyszczania Sciekéw Ptaszéw w Krakowie.

Gtéwnym tematem pracy jest modelowanie oczyszczalni sciekdw. Przeanalizowano proces
napowietrzania S$ciekéw, poniewaz jest to najbardziej energochtonna czes¢ procesu.
Omoéwiono dostepne modyfikacje sterowania instalacjg. W realizacji docelowej poréwnano
wydajnos¢ modelu reaktora i dmuchaw z dostepnymi danymi pomiarowymi. Przygotowano
model Matlab/Simulink, aby umozliwi¢ optymalizacje energetyczng oczyszczalni Sciekdw.
Dzieki temu liczbowemu obrazowi mozliwe jest swobodne testowanie réznych algorytmow
optymalizacji energetycznej bez koniecznosci ingerencji w prace istniejgcej instalacji.

Sprawdzono dziatanie wirtualnej oczyszczalni sciekow. Przygotowano autorskg procedure
testowania niepewnosci w ztozonej strategii sterowania reaktorami i dmuchawami.
Wykonano dziatania, ktére badajg parametry zaimplementowane w modelu. Analiza
Morrisa ujawnita parametry najistotniejsze w procesie oczyszczania Sciekdw. Autor
zaimplementowat estymacje stanu w celu sprawdzenia wydajnosci oczyszczalni Sciekdw i
identyfikacji parametrow za pomocg Rozszerzonego Filtru Kalmana (EKF).

Gtéwnym celem pracy jest wykorzystanie algorytmdéw optymalizacji w sterowaniu
oczyszczalniami Sciekdw z wykorzystaniem modeli numerycznych oczyszczalni sciekdw.
Autor zdecydowat sie na praktyke polegajgcg na zmianie czasu przetaczenia oraz przestoju
dmuchaw w celu doboru optymalnej pracy stacji szesciu dmuchaw w instalacji. W dalszej
kolejnosci w ten sposdb przeprowadzono optymalizacje energetyczng dmuchaw pod katem
redukcji zuzycia elektrycznosci.

Mozna znalezé wktad rozprawy do aktualnych zasobdédw naukowych. Praca obejmuje
wykonanie kompleksowej symulacji biologicznej reaktoréw sciekowych w Oczyszczalni
Sciekdw Paszéw w Krakowie. Dzieki ich wykorzystaniu udato sie zrealizowa¢ cel rozprawy -
udowodni¢ mozliwo$¢ stosowania algorytmdéw  optymalizacji energetycznej w
przemystowych instalacjach oczyszczalni sciekow. Wedtug obecnej najlepszej wiedzy taka
analiza jest pierwszym takim podejsciem dla krakowskiej oczyszczalni sciekow.
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1 Aim and scope of the thesis

1.1 Motivation and the aim of the dissertation

MOTIVATION: We observe the continuous progress in various fields. For example,
technological development leads to the modernization of production techniques,
improvement of process management and efficiency of operation. Nowadays, a conscious
environmental policy is particularly taken into account, which forces the industries to reduce
CO; emissions. Next decades are likely to witness a considerable emphasis on the reduction
of electricity consumption. This impacts the industry that also needs to reduce the impact on
the environment to preserve the nature for the future. It is not only economically justified,
but it also reduces long-term costs of operation. This direction of development has inspired
the author to choose this subject of research.

OBJECTIVE: In the author’s forgoing research, it has been examined that wastewater
treatment plants (WWTPs) are considerable energy consumers. Therefore, research of this
industry is taken into consideration. Indeed, the main motivation of dissertation is to
investigate the process of industrial wastewater treatment in terms of the reduction of
electricity consumption. To carry out the study, a simulation environment that implements
optimization control strategy in order to reduce energy consumption has been conducted.

THE AIM OF WORK: The author explored tools for simulation of the wastewater treatment
process and later exploited one in a numerical implementation. Such virtualization simplifies
virtual prototyping of the operation of sewage treatment plants. The main aim of the work is
to investigate the operation of industrial wastewater treatment considering electricity and
optimization of its consumption. It is carried out by simulations utilizing optimization
algorithms and implementation of efficient control strategies.

BACKGROUND: Doctoral dissertation is supported by the dean's grants, the place of work is
the AGH Center of Energy. The research conducted as part of this doctoral dissertation was
carried out with financial support under the GEKON-EPOS program (contract number
GEKON2/02/266926/3/2015)*.

1.2  The context of research within the GEKON project

GEKON project included the implementation of Integrated System for Energy Efficiency
Integrated System EEIS (ZSEE Zintegrowany System Efektywnosci Energetycznej) as a
superior system to the control system of the Ptaszéw Sewage Treatment Plant existing for
several years. The system has been built so that IT and communication solutions are
compatible with the standards adopted and used in the Ptaszéw Sewage Treatment Plant
[1][2].The research is carried out as part of this project. The aim of the work is to carry out
the model of the internal processes of the sewage treatment plant in terms of energy
optimization[3].

1 More information can be found on websites

http://krim.agh.edu.pl/projekty/epos/
https://www.astor.com.pl/klienci-astor/wdrozenia/10368-mpwik-krakow-zintegrowany-system-efektywnosci-
energetycznej-w-oczyszczalni-plaszow.html
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1.3  Scope of the dissertation

The selected area concerns environmental engineering, in particular technical aspects of the
operation of sewage treatment plants. The industry is dictated by the need to analyze the
energy consumption of the aeration process, which is the most energy-intensive purification
process. The simulation framework presented in the thesis is based on algorithms describing
the operation of wastewater treatment plants. The goal of work is to present the
implementation aspects of algorithms used in the topic of reduction of industrial energy
consumption using control optimization criteria.

The work focuses on the analysis of optimization algorithms of the wastewater treatment
process. A simulation model of biological reactors of the treatment plant has been prepared
and measurements of the control system installed in the existing treatment plant have been
used. The case study includes a treatment plant in Ptaszéw Sewage Treatment Plant in
Krakow. The available modifications of the control of the municipal sewage treatment plant
object are discussed. The purpose of the work is to develop optimal algorithms for
controlling blowers taking into account the criterion of minimizing energy consumption.

The above considerations discuss different approaches to energy optimization of industrial
facilities. The dissertation focuses on algorithms and energy optimization, which aims to
losslessly minimize the energy costs of the industrial process. In particular, the focus was on
researching the energy aspects of facilities such as sewage treatment plants.

The main assumption of the work is to prepare Matlab/Simulink model which
unambiguously determines the air blow based on the demand for oxygen in the wastewater.
A detailed numerical model of wastewater treatment plants that includes blowers is
described. The simulation prepared in this way integrates the BSM1 model with the blower
design.

Subsequently, such a simulation constructed a numerical environment, which allows testing
the energy efficiency of the oxygenation process without interfering in the existing
treatment plant. Such simulation allows to model and validate the operation of wastewater
treatment plants based on a numerical model — the modification in blower's control
algorithm allows to validate electricity consumption during the aeration process.

13



1.4 Thesis and original contribution of the work

The author follows the thesis that

Comprehensive modeling of the industrial facilities like wastewater treatment
plants can be used in optimization of control leading to minimization of electric
energy consumption.

Numerous activities have been described in order to implement the task.

First, the BSM1 model has been thoroughly tested and its structure has been rebuilt so that
the parameters currently correspond to those in the Ptaszow sewage treatment plant. The
BSM1 model has been integrated with blowers, thus creating a full system. This complex
simulation of the sewage biological reactors in Ptaszow WWTP is the first novelty presented
in the study.

Further, the author uses this model for simulation to reduce power consumption. In order to
achieve this goal optimization algorithm running on BSM1 model of the WWTP is proposed.
Despite the high uncertainty, the observations have a cognitive value. The author assumes
that this approach meets the criteria of novelty.

More specifically, the following issues are considered new:

% Complete numerical model of Ptaszéw WWTP based on BSM1 in
Matlab/Simulink;

» Uncertainty treatment and identification procedure in complex blowers’
control strategy;

¢ Optimization of WWTP’s control by modification of blowers’ delays.

14



1.5 Structure of the dissertation

The work is divided into chapters in the order presented below.

The second chapter introduces the reader to important economic and environmental
background — the reduction of electricity consumption in industrial units. The introduction of
the work includes an in-depth analysis of the current state of theoretical knowledge in the
field of highly-efficient energy sources and effective methods of controlling receivers.

In the third chapter, the author presents the idea of a municipal wastewater treatment plant
simulation using BSM1 model based on ASM mathematical equations. The detailed
description of the model is presented.

In chapter four, the author shows the model of Ptaszéw WWTP as the object of research.
The paragraph describes in detail the design assumptions and practical aspects considered in
simulation based on the real object.

Later in the fifth paragraph, the author discusses the practical implementation of BSM1
model and aeration system in such municipal WWTP. The model has been used and the
optimization is presented in the next paragraph.

Chapters six and seven present the model validation based on two independent ideas. The
former presents a numeric model of reactor characterized by model sensitivity. The latter
discusses the Kalman filter for model validation.

In paragraph eight, the simulations calculating the electricity demand, taking into
consideration different parameters wastewater influent are presented. The discussed results
are collected in tables.

In paragraph nine, the author introducesus to the optimization of electric energy
consumption utilizing numerical implementation of WWTP. They lead to assumptions that
such model can be used in optimization of control leading to minimization of electric energy
consumption.

In paragraph ten, discussion of results paying special attention to minimization of electricity
consumption is presented.

15



2 Electric energy consumption in large industrial facilities

2.1  Energy aspects of industrial facilities

According to the [4], the industry is responsible for 33% of global energy consumption and
38% of CO, emissions in the atmosphere. Such proportion of industrial consumption in the
relation to the whole economy is presented in Fig. 1. According to the American Energy
Information Administration (EIA), the industry can be divided into three groups: energy-
intensive production, non-energy-intensive production, and services (agriculture,
construction) [5]. The energy balance depends, to a large extent, on the specifics of the
country being studied.

40~

Commercial

Quadrilion Btu
&
/
\

T T T T T T Y T T T T T T T T T YT Y TYTTY TrrrTTTYTY TrrrrTTTTTY rrrrTTTYTY ™

T T
1950 1960 1970 1980 1990 2000 2010

Fig. 1. The use of energy by end customers [4]

Each process improvement in the industrial process can generate observable savings which
contribute to measurable economic benefits in the long term. An example of an energy-
intensive industry is the metallurgical industry. For instance, the Chinese steel industry
accounts for 15.2% of total national electric energy consumption, 14% of wastewater
production and 6% of solid waste [6]. The share of only four energy-intensive branches of
industry in Poland (chemical, non-ferrous metals, ferrous and paper) amounts to
approximately 70% of the electricity consumed in the industry [7]. Nevertheless, there are
industrial recipients in other manufacturing sectors. Ramirez and Patel analyzes non-energy
intensive industries concerning its energy intensity, value-added, the value of production
and energy cost [8]. The analysis points out the strong relationship between manufacturing
output and energy consumption in the non-energy intensive sectors which certainly does not
include metallurgy. Indisputably, slight improvement in the energy-consuming process
generates significant savings.

How can energy neutrality be implemented in practice in the case of large industrial
facilities? In principle, two options to local electricity generation in industry can be
distinguished: on-site local generation using internal resources— photovoltaic, waste biogas
combustion, waste heat recovery; and energy saving through the on-site improvement of
ongoing industrial process.
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2.2  Wastewater treatment as energy-consuming processes

What does this energetic aspect look like in the non-intensive industry like municipal
services? In a report prepared by organization ESMAP around 4 percent of global electricity
production is used for a municipal water supply and wastewater treatment (WWT). The high
potential for electricity reduction is in the wastewater treatment industry [9].

The issue of electric energy consumption in large industrial facilities such as sewage
treatment plants can be considered through on-site generation and the implementation of
optimization algorithms. Optimization algorithms are used to improve the operation of
wastewater treatment plants. In [10], authors analyze the economic aspects of
modernization of wastewater treatment plants to optimize electric energy consumption.
Authors analyze the modernization of diffusers to more effective ones. In [11], energy
consumption in selected sewage treatment plants in Japan has been presented. In [12],
authors describe the energy consumption of the Slovak sewage treatment plant. In [13],
authors propose enhancement of Polish WWTP through biogas implementation.

The object of the Ptaszéw Sewage Treatment Plant in Krakéw is a modern facility that meets
most of the latest environmental and energy standards. More information about the
Ptaszow Sewage Treatment Plant in Krakdw is presented in [14]. The municipal sewage
treatment plant is an example of an installation serving a large area of the Krakéw
agglomeration. Therefore, due to the significant size of the utility its importance is
noticeable — the facility is a significant consumer of electricity. The dissertation discusses
control techniques to reduce electricity consumption taking Ptaszow WWTP as a reference.
They allow modernization of the process in a way that avoids costly investments so that
society can benefit from cleaning costs. This issue will be discussed in the following
paragraphs of this dissertation. In the following chapters of the work, two approaches to
minimize the cost of electricity consumption are presented. At first, on-site generation is a
way of increasing self-sufficiency. Later, optimization algorithms are discussed and the
implementation possibilities are presented. The reduction of electric energy consumption is
the effect of such optimization.

2.3  On-site generation as a method of reducing energy consumption

2.3.1 On-site local generation using internal resources

With the increase of consumer awareness, manufacturers are paying more and more
attention to the sources of electricity that power production processes. The generation of
electricity using on-site local resources can be considered as an energy-efficient solution.
This is because the plant does not have to purchase electricity from external suppliers. Such
a solution increases the efficiency of the industrial process and reduces operating costs.
However, the costs of implementation of a certain solution in a company are significant.

Part of this attention focuses on the use of green electricity. Thanks to this attitude, the
companies reduce the environmental impact of the production processes, which then
reaches customers’ expectations. This attitude is positively perceived by customers to

17



increase the entrepreneur's profits. These processes are analyzed on the example of global
corporations[15].

The largest share is from non-renewable energy sources, with the indication of renewable
energy growing in industrial plants (Fig. 2). For example, according to [16], the company
Facebook declares to cover 25% of electricity consumption by renewable energy. The biggest
retailer in the US, Wal-Mart, invested in a wind farm in Red Bluff distribution center to
supply 15 to 20% of the facility’s electricity needs at substantial cost savings over the next 15
years. In report [17], authors suggest the distribution of electricity sources in industrial
plants.

unknown/ others
3%

generation of industrial on-site

general supply generation
91% 9%

furnace gases
6%

Fig. 2. Industrial on-site generation of total electricity production share (left),
CHP- systems of on-site generated electricity share (middle),
main energy sources of on-site generate electricity for 2017 (right) [17]

2.3.2 Biogas combustion

In research, the author discusses the sewage treatment plant installations. In their case,
biogas from the decomposition of wastewater is the most valuable resource. The schematic
of the process is presented below (Fig.3)[18].

Solid waste

electricity

Waste water
combustion

anaerobic
digestion

Fig. 3. Schematic of waste utilization be electricity production [18]

Anaerobic digestion is a primary method of utilization of products such as plant remains,
agricultural products or organic waste. These are natural processes by which microorganisms
break down biodegradable material in the absence of oxygen — the amount of organic
matter is reduced by the extraction of gases. The process intensifies at elevated
temperatures, thus external heat source is advantageous. The product of anaerobic
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digestion is biogas which consists of methane (65%) and other non-flammable ingredients
(carbon dioxide and water).Proper storage conditions allow one to produce biogas that
releases heat (while being burned) which is utilized to generate energy [19].

The biogas potential of solid waste depends on the type of feedstock. During anaerobic
digestion around 0.42m?3 of biogas is obtained by processing 1kg of biodegradable solid [20].
When the content of biodegradable ingredients in waste is 50%, the yield of biogas is
reduced to 0.21m?3 per kg. Each 1m3 of sewage contains around 0.5kg of sludge [21]. The
digestion of 1 kg of sewage sludge produces approximately 0.7m3 of biogas [22]. Biogas
extracted during anaerobic digestion of both solid waste and sewage sludge can be used as a
partial or complete fuel for combustion engines and as such is considered as a potential
source of a renewable energy [23].

The potential of anaerobic digestion to produce biogas is presented by Houdkova[24] —
authors present biogas production in a laboratory and next, comment on the potential of
biogas utilization and biogas production for vehicles. Matuszewska et al. [25] evaluate the
biological methane potential of various feedstock for the production of biogas to supply
engines in agricultural tractors. Otherwise, biogas can feed generators producing electricity
in stationary local power plants. Some researchers focus on such waste management —
Zeljko et al. [26]propose energy recovery from waste by the creation of waste management
centers in regions of Croatia.

Waste digestate is utilized, incinerated or landfilled [22]. Pyrolysis of digestate is one of the
utilization methods. Opatokun et al. [27] assess the energy potential of food waste energy
harvesting system. The authors conclude that transitional energy base products (biogas and
bio-oil) are generated through the energy harvesting system of food waste, while energy-
rich solid fuels can be produced through pyrolysis at 500°C. In [28], the author proposes
approaches based on anaerobic digestion and pyrolysis of sewage management.

In [29], authors analyze the potential of biogas utilization to reduce the electricity
consumption in Dubrovnik city located in Croatia. In the paper, authors give examples of
many low-temperature processes from which energy can be recovered in the city of
Dubrovnik.

The use of fuel cells fed with biogas obtained in a sewage treatment plant is a new direction
of research. Particularly interesting is the SOFC Solid Oxide Fuel Cell technology elaborated
in the DEMOSOFC project [30]. Especially cogeneration (combined heat and power) in
industrial applications is exploited.

Sometimes waste heat can be used to generate additional electricity [31]. The temperature
scale even covers the range below 200°C. Such low-temperature recovery is possible thanks
to the use of organic working fluids that change state in different conditions. In [32], issues
concerning the usage of Organic Rankine Turbines (ORC)and steam process for small power
generation are presented.
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2.4  Selection of algorithms used in optimization of control

2.4.1 Tasks scheduling to reduce electricity consumption

Control algorithm of industrial utilities can be usually improved to a certain extent. Proper
tasks scheduling could be one of the ways having a positive effect on performance of the
controlled system. When using the task scheduling technique, a task should be selected, in
such order that the total time of their implementation is the most advantageous. It is
necessary to respect the availability of energy resources and temporary rigor of the
feasibility of tasks [33].

We can distinguish two methods of making decisions about starting tasks: greedy scheduling
algorithms and lazy scheduling algorithms. In the greedy approach, each task is carried out at
the time of its submission as long as it has the highest priority. In the lazy task scheduling,
the algorithm makes decisions during the application operation (on-line), the dispositions
are supported by historical readings. Lazy algorithms enable deferment of the receiver's
inclusion to match the consumption of resources to its planned availability. They are used in
applications such as sensors with limited availability of resources (energy harvesting).
Fig. 4 presents operation of tasks scheduling algorithms in both versions.

a) greedy scheduling b) lazy scheduling

A
stored ' ' stored

energy /\A\ 5 energy

A b time P time
task task
execution 1 2 i execution 2 1 i
é’ P time P time

Fig. 4. Operation of algorithms using (a) greedy (b) lazy tasks scheduling[34]

The implementations of tasks scheduling in the energy industry have been published.
Authors developed algorithms that predict the potential electricity availability and schedules
the tasks according to prediction. The considered topic allows to improve the process of
charging batteries installed in electric vehicles. In [35], authors consider two heuristic
algorithms: the Earliest Start Time (EST) algorithm and the Earliest Finish Time (EFT)
algorithm. EST tries to advance the start charging time to get customers in service as early as
possible while EFT focuses on the possible finish charging time to get customers served as
soon as possible. In [36],authors present the lazy algorithm for energy harvesting sensor
nodes. T. Khatib presents the review of optimization systems used in inverters used in
photovoltaic systems (PV) [37]. The publication presents that the sun is a highly unreliable
power source. Thus, the sophisticated power management systems might be used. Zhang et.
al. [38] propose Optimal Scheduling of Smart Homes Energy Consumption with Microgrid.
Electricity consuming tasks are scheduled on the basis of different electricity tariffs,
electricity task time window and forecasted renewable energy output.

The author is faced with the question of whether there is a possibility of similar scheduling of
energy-intensive processes in applications, in particular, like sewage treatment plants.
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2.4.2 Mathematical programming in electricity sector

Mathematical programming is a tool in which management operations are described by
mathematical equations that can be used for a variety of purposes. In particular, it focuses
on finding an extreme value of a certain objective function in which limits have been
imposed on variables that affect the narrowing of the number of possible solutions
described by the objective function z = f(xj) = min/max with constraints: f(xj) <0;j=
1,...,m. The task optimization problem, formulated in this way, can be solved by many
methods using the available optimization environments (i.e. GAMS, AIMMS) and are used in
the optimization of complex energy models [39].

The application of mathematical programming in industry has been examined. Works
[40]and [41] present mathematical programming in the optimization of industrial processes.
Paper [42] discusses the use of mathematical programming in the design of the wastewater
treatment process itself. In [40], the use of linear programming for optimizing the planning
and production process has been discussed. A discrete-time scheduling model for
continuous power-intensive process networks with various power contracts has been
examined in [41].

Mathematical programming is a commonly used technique in the optimization of control to
reduce electric energy consumption. This type of optimization has been implemented in the
electric energy industry, as described in the literature below. Mathematical programming is
a basis for operation of electricity markets in electricity distribution. In [43], authors discuss
tools deploying this programming technique to optimize electricity distribution at the
country level. In publication Business Models for Distributed Energy Resources: A Review and
Empirical Analysis An MIT Energy Initiative Working Paper [44], the most popular
applications of dispersed electricity sources have been debated. The document considers
legal incentives to apply flexible solutions. In [45], authors scrutinize the basic applications of
market coupling algorithms as tools for optimization in electricity trade at the international
level. In particular, the author draws attention to the publication EUPHEMIA Public
Description [46] that shows the use of the EUPHEMIA algorithm as a tool enabling further
integration of distribution on the international market. The purpose of the paper is to
discuss basic algorithms applied in practice, their theoretical assumptions and the scope of
recent as well as future applications. The authors provide considerations about these
algorithms in the context of optimization of electricity distribution in Poland.

The task of mathematical programming is within the scope of this thesis. The author will look
for the possibility of implementing this approach in the developed model of a sewage
treatment plant.
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2.4.3 Optimal control in electric energy distribution

Optimal control is the process of determining control and state trajectories for a dynamic
system over a period of time to minimize cost criterion. The problem is derived from
mathematical optimization. Each problem of optimal control requires a mathematical
formulation of the process quality indicator that is to be optimal. Optimization in real
systems always takes place with constraints imposed on the process variables which cannot
assume any values [47].

The concept of optimal control is described as continuous-time cost functional presented
below [48] and [47]:

J = E(x(to), to, x(ty), tr) + fttof Fx(2), u(®), ) dt ()
x(t) = flx(t),u(t), t] (2)
hlx(t),u(t),t] <0 (3)

Where:

Jis a performance index is a measure of the quality of system behavior,
Eand Fare referred to as the Mayer term and the Lagrangian respectively,
Xx(t)is the state, u(t)is the control,

hindicates the path constraints,

tois the initial time, tris the terminal time.

This type of optimization has been implemented in the electric energy industry, as described
in the literature below.

David M. Rosewater[49] investigates the optimal control in practical application. Analysis
with respect to the models is used in optimal control of battery energy storage. The author
demonstrates the significance of model selection in optimal control. In this case, the task
presents the optimal control equation, the form of which is a simplification of the above.

Luis I. Minchala-Avila et al. discuss some control techniques for optimal control in energy
management and microgrids control [50]. The paper presents an overview of optimal control
techniques used in energy management and microgrid control. Authors show optimal energy
management systems (EMS) that can be used in management and control of microgrids. The
paper debates numerous methodologies of optimal control. Authors discuss variable
optimization methods for microgrid control: predictive optimization, mixed-integer linear
programming (MILP) and non-classic optimization techniques.

The task of mathematical programming is within the scope of interest. Later in the
dissertation, there is a reference described in this optimization method. In particular, the
optimization of the wastewater treatment in terms of selected process parameters in time
domain interests the author.
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2.4.4 Brute force approach in optimization of electric energy consumption

Brute force approach in optimization (exhaustive search) is a non-complex way of searching
for an optimal solution. This is an approach to calculate all possible solutions and decide
afterwards which one is the best. The method is feasible for case of model with a small
dimensionality. Such a solution does not allow to search for a global minimum [51].

Grid search optimization, for example, is one way to search for values using brute force
approach. The task is to a grid of parameter values at equal distances. The input parameters
thus form a grid of equally spaced points. An exemplary implementation of a grid of this type
is shown below (Fig. 5).
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Fig. 5. Example of grid search across different values of two parameters [52]

This type of optimization has been implemented in the electric energy industry, as described
in the literature below.

Anna Glazunova, Elena Aksaeva in [53] present the implementation of brute-force in the
flexibility of the electric power system (EPS). Authors come up with some deterministic
methods developed to study the EPS flexibility. Later, authors usebrute-force optimization to
determine the most effective combinations of possible loads in electric power system.

In publication [54], Parlier Guillaume et al. propose solution of solving distribution feeder
reconfiguration (DFR) problem. First, authors present the numeric implementation of DFR
problem with constraints. The high number of solutions is reduced based on a graph theory
pre-processing. Later, brute-force approach is used to select the most effective solution.
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2.4.5 Blockchain to reduce the consumption of electricity

Blockchain has received much attention in the last decade. This paragraph presents
application research of the technology of distributed database registers based on a
blockchain. The algorithm is applicable among other things as a block-based transaction
register.

A distributed transaction register is a base in which transactions are collected in blocks,
which then, as a result of encryption algorithms, are associated with blocks containing a
register of previous transactions (Fig.6) [55].
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Transactions register Transactions register Transactions register

Fig. 6. Block structure of a typical blockchain [55]

Each privileged node can independently download its copy of the database in nodes -
servers. The use of a distributed database gives the possibility of independent registration of
certain information. To decide which node has the correct data, consensus methods
guaranteeing full data security have been developed.

Two independent worlds - central and distributed databases are shown in the graphic below
(Fig. 7). What are the benefits of spreading this data between different clients? The use of
distributed registers allows you to secure your information on different servers without
indicating the central one. Such a built-in register contains the whole history of transactions
that have taken place so far. Thanks to this the base is safe to manipulate.

Client Client Register Register

Client Client Register Register

Fig. 7. Comparison of a standard device network with blockchain application
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As part of the developed topic, attention is paid to the possibility of using algorithms of
distributed databases on the blockchain in the optimization of industrial processes, in
particular energy optimization. For this purpose, it is decided to use the open project
implementing the blockchain database — Hyperledger supported by Linux Foundation. This
database is dedicated for use in distributed corporate networks - closed, non-public
distributed registers that cover the area of one or several companies. Transaction
registration in Hyperledger is possible thanks to the use of blockchains. The algorithm
introduced in this database consists of two types of nodes - client and privileged. The
privileged node can enter transactions into a distributed register. The customer, on the
other hand, has the option of synchronizing the account with one of the privileged nodes.

Available studies report the use of distributed databases based on the Hyperledger project in
the energy sector. In [56], Zhang considers using a distributed IOE (internet of energy)
system for electricity trading using the implementation of the Hyperledger environment.
Ultimately, the operated power grid also supports batteries which task is to stabilize the
system. Lombardi [57] discusses the distributed database application for intelligent loT
networks. An infrastructure architecture based on smart contracts has been presented
which offers functionality for managing energy trading policy, conducting energy auctions on
the network. The authors add that the solution is beneficial in particular in the settlement of
prosumer installations.

In the paper [58], the following applications of databases dispersed in the power industry
are distinguished and discussed:

«» certificates of origin of electricity,
< distributed registers in energy distribution management,
< smart-contracts in prosumer accounting.

Blockchain acts as a distributed database. The distribution of the register with the data for
the settlement of this information is crucial in the case of bottom-up installations, such as
energy clusters. The use of blockchain in the energy sector allows to improve the exchange
of data between producers. Such action lets you save on electricity by reducing its
consumption.
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2.5 Approach used in further considerations

The previous chapters outline two optimization approaches in order to optimize electricity
management: on-site generation utilizing internal reaches and reduction by energy
management.

Firstly, it is possible to produce electricity on the premises of the plant. However, on-site
energy production will not fully replace the consumption of an off-site power plant.
Therefore, the author focuses on the possibilities of reducing electricity consumption in the
municipal sewage treatment plant.

The author has made a review of algorithms used in optimization of electric energy
consumption in engineering applications. More specifically, the following methods have
been described:

Tasks scheduling,

Mathematical programming,

Optimal control,

Grid search optimization (based on brute force exhaustive search),
Application of blockchain.

vk wn e

Undoubtedly, the implementation of the above-mentioned control optimization algorithms
could lead to minimization of electric energy consumption[59]. The control algorithms are
tested on the model of an industrial facility. The author analyzes an industrial object that
consumes significant amounts of electrical energy. Due to the significant energy cost of the
biological process in the treatment of wastewater, the author considers this part as a place
for potential energy savings. The author proves that there are possibilities to optimize the
electricity consumption in such installation and discusses possible solutions in this matter.

Author proposes novel task scheduling algorithm to reduce electricity consumption. More
precisely, the lazy control policy that tries to run the blowers no later than necessary. The
task is to control the activation of the blowers in such a way as to optimize the operating
point of the device. Thanks to this solution, electricity consumption is reduced.

Second, the author makes an attempt to implement an optimal control task based on
mathematical programming. The presented optimization covers boundary conditions were
selected on the basis of the author's knowledge, literature sources and previous
simulations. The work includes a series of simulations for the determined influent
parameters and internal work settings of the sewage treatment plant. Due to the
complexity of the topic solution is a form of grid search optimization, in other words, the
brute force approach. The obtained results were compared in terms of electric energy
consumption. Results are treated as a suboptimal solutions due to this method of
determining the minimum.

The author did not include blockchain algorithms in his doctoral dissertation. In the author's
opinion, these algorithms have great potential for implementation in the power industry.
However, not in industrial wastewater treatment plants.
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3 Numerical representation of wastewater treatment process

3.1 Wastewater treatment process — general description

Wastewater Treatment Plant (WWTP) —a set of technological facilities as well as associated
operations for removing contaminants contained in wastewater. The wastewater treatment
plant also includes the treatment and disposal of sewage sludge (or other solid
contaminants) arising during wastewater treatment. Fig. 8 presents two stages of classic
wastewater treatment process —a mechanical and biological one.
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Fig. 8. Division into two basic processes during wastewater treatment

Mechanical wastewater treatment - physical and mechanical processes that result in
decanted sewage and sludge. Mechanical treatment involves removing mechanical
impurities from sewage, i.e. solids and suspended solids, crushing, sedimentation, flotation,
foaming, and centrifugation. These processes take place employing separating grids, screens,
grease separators, sand traps, settling tanks and filters.

Biological treatment of wastewater — processes with the use of aerobic and anaerobic
microorganisms, as a result of which purified wastewater is generated, separated from the
sludge and sludge containing biomass including pollutants. Such processes use aerobic and
anaerobic microorganisms, as a result of which purified sewage is generated and sludge
containing biomass including pollutants. Biological treatment processes may be used
without or combined with mechanical treatment and with an increased degree of
purification. The scheme of biological treatment is marked below. Recently, two types of
bioreactors in WWTPs are installed [60], [61]:conventional activated sludge process
bioreactors (AST) and membrane bioreactors (MBR) (Fig. 9).
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Fig. 9. Comparison of Activated Sludge Treatment system with Membrane Bioreactor (MBR) [60], [61]
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Both types of sewage treatment plants are cited in the publications presented in the state of
the art. In the implementation part, the author focuses on the treatment plant with
activated sludge process bioreactors (Fig. 10).
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Fig. 10. Schematic of internal and external recirculation [62], [63]

3.2 Key parameters to assess wastewater quality

It is worth mentioning commonly used units describing sewage quality. They will be used in
the further paragraphs of the dissertation. The key parameters describing the wastewater
used in laboratories and the operation of the treatment plant are:

O

< Biochemical Oxygen Demand (B0OD),
< Chemical Oxygen Demand (COD),

% Total Suspended Solids ( 7°SS),

% Concentration of ammonia,

% Concentration of phosphorous,

< PH level.

Biochemical Oxygen Demand (BOD) is a parameter corresponding consumption of oxygen
for oxidation in the aerobic conditions of organic compounds contained in wastewater (or in
water) with the participation of microorganisms. The total mineralization of organic
compounds contained in water and sewage requires a long time — about 20 days. However,
the most intense biodegradation processes take place within the first five days. Therefore,
BODs has been adopted as an indicator of the load of water and sewage by organic
substances. As the temperature has a great influence on the speed of chemical reactions,
the indicator determination at 20°C without light has been accepted. Usually, a five-day BOD
equals about 70% of the total BOD.

Chemical Oxygen Demand (COD) is a parameter used similarly to BOD to assess the state of
water or sewage, interpreted as the amount of oxygen needed to oxidize organic and
inorganic compounds contained. Oxidation is carried out using strong oxidizing compounds
such as potassium dichromate (K.Cr.07), potassium periodate (KJO3) or potassium
permanganate (KMnQa).
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BOD is part of the COD, i.e. the COD value is always greater than the BOD value. Their
proportion is an important indicator of the biodegradability of sewage. For example,
hypothetically, if all substances would decompose naturally, i.e. BOD/COD=1, we are
dealing with perfectly biodegradable sewage. To examine the COD and BOD values, long-
term and costly analysis of sewage samples (including much more indicators than BOD and
COD) is carried out [64], [65].

Total Suspended Solids (75S) is the dry-weight of suspended particles which are not
dissolved. 7SS corresponds to mass concentration assessed by filtration using dedicated
filters.

Ammonia and phosphorous are biogenic particles that are needed for the development of
living organisms. Their presence in nature increases the fertility of rivers and lakes, causing
eutrophication. It results in the massive growth of algae which, dying, cause secondary water
pollution. Therefore, these elements are also studied in the purification process.

Total Kjeldahl Nitrogen (7KN) gives the results of the total organic nitrogen plus ammonia.
TKN is usually requested to gain knowledge as to the total nitrogen content of the sample.
Total Nitrogen is the parameter that additionally takes into consideration nitrate and nitrite.
Kjeldahl analysis is the tool for the determination of ammonium and amine nitrogen.

Total Nitrogen is the sum of nitrate-nitrogen and nitrite-nitrogen, ammonia-nitrogen and
organically bonded nitrogen. Generally speaking, total Nitrogen concentration(/N7o7) is the
sum of nitrogen compoundslike: Total Kjeldahl Nitrogen ( 7KN); nitrate-nitrogen andnitrite-
nitrogen.

In the dissertation, the author uses unit mg/l as a measure of the wastewater quality of
these parameters. The literature also refers to the possibility of using the same g/m? units to
express pollutants content in wastewater [66].

In the book [63], authors present an example characteristics of parameter values in urban
wastewater for selected cities in the country. The summarized values are presented in
Tab. 1.

Tab. 1. Example characteristics of parameter values in urban wastewater [63]

Parameter Unit tODZ STRYKOW GtOWNO NAMYStOW
PH - 74-79 7.2-75 7.2-7.4 7.2
BODS5 (mg/1) 140 300 290 600
coD (mg/1) 140 300 290 600
COD/BOD - 2.7 1.8 1.5 2.0
TSS (mg/1) 150 250 330 500
AMMONIA (mg N/1) 32.2 65.7 55.2 30
PHOSPHOROUS (mg P/1) 8.3 30.2 20.1 10
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3.3 BSM1 model based on ASM1

3.3.1 ASM1 as a numeric tool for modeling water treatment

The Activated Sludge Models (ASM) are sued in biological processes occurring in treatment
by the formulation of mathematical equations. The basic model, named ASM1, was
published in 1987 and was later extended with new functionalities [67], [68]. The primary
sewage characteristics such as the content of inorganic and organic matter and alkalinity are
simulated. The effluent is characterized by state variables which represent concentrations of
components in the wastewater, and dynamics observed during water cleaning is described
by state equations. In particular, ASM1 includes 13 state variables[69], [70].

One group of variables are biodegradable components of the Chemical Oxygen Demand
(COD). These are: Readily biodegradable substrate Ss; Slowly biodegradable substrate Xg;
Active heterotrophic biomass Xgx Active autotrophic biomass Xg4. Non-biodegradable
material characterized by variables unaffected by biological action in the system: S;and X;
Variable Xr models inert particulate matter arising from biomass decay. These components
are summarized in Tab.2.

Tab. 2. Wastewater characterization for carbonaceous components [67]

Soluble - Ss

Biodegradable COD
Particulate - Xs

Soluble - S,

CcoD Non-Biodegradable COD
Particulate - X, and Xp

Heterotrophs - Xg 1

Active mass COD

Autotrophs - Xg a

Remaining state variables are the concentration of dissolved oxygen So, the alkalinity level
Sark, and 4 components of the Total Kjeldahl Nitrogen (7KN). The latter are: Nitrate and
nitrite nitrogen Swo; Biodegradable organic nitrogen Xvp; Soluble biodegradable organic
nitrogen Syp; Volumetric concentration of free and saline ammonia in dilution Syz The
whole set of TK/N components is shown in Tab. 3.

Tab. 3. Wastewater characterization for nitrogenous components [67]

Free & Saline ammonia - Syy

Nonbiodeg. NSy,

Soluble Organic N

TKN Organically bound N Biodeg. NSyp and Xnp

Particulate organic N
Nonbiodeg NXy, and Xyp

Active mass N - Xys

Nitrate and Nitrite N - Syo
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The treatment process itself is described by 8 processes reflecting natural transformations
observed during sewage treatment. Tab. 4 presents all processes included in ASM1 model.
State characteristics and processes are reciprocally correlated.

Tab. 4. Processes in ASM numeric models[67]

No Process

1 Aerobic growth of heterotrophs

2 Anoxic growth of heterotrophs

3 Aerobic growth of autotrophs

4 Decay of heterotrophs

5 Decay of autotrophs

6 Ammonification of soluble organic nitrogen
7 Hydrolysis of entrapped organics

8 Hydrolysis of entrapped organic nitrogen

The processes are related to the model coefficients through a set of 5 stoichiometric and 14
kinetic parameters [68]. Stoichiometric parameters describe the relationship between the
components, while kinetic — rate-concentration dependence in the process. The relations are
gathered in Petersen matrix for wastewater treatment (Tab. 5).

Tab. 5. Petersen matrix for wastewater treatment (original, obtained from [68])
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All bio-processes considered in ASM1 model are presented in the general overview
presented below (Fig. 11).
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Fig. 11. General overview of ASM1 [71]

The documentation of BSM1 model [57] limits effluent quality, as presented below (Tab. 6).

Tab. 6. Wastewater characterization for nitrogenous components [67]

Variable Value
Total nitrogen Nror <18gNm3
Chemical oxygen demand CODror <100 g COD m3
Effluent ammonia SNH <4gNm3
Total suspended solids TSS <30gSSm3
Biochemical oxygen demand BODs <10gBOD m3

Documentation of BSM1 model [67] proposes the following methods of calculating the
following parameters. These formulas are used in research under the patronage of the
institutions of the European Union [72]and in applications such as MASSFLOW [73].

CODrorar = Xi + Si + Ss + Xs + Xou + Xpa+Xp (4)
TKN = Snu + Snp +Xnp + ixa(Xer + Xga)+ixe(Xni + Xne) (5)
Nror = Sno + TKN (6)

Assessed values of parameters are according to library: ixg = 0.08; ixr= 0.06; fp = 0.08.
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ASM1 model presented above has been developed to more extended versions. Activated
Sludge Model no. 2 (ASM2) include nitrogen removal and biological phosphorus removal. In
ASM2d denitrifying PAOs are added. In 1998 ASM3 was published —included internal storage
compounds that have an important role in the metabolism of the organisms [68]. Anaerobic
Digestion Model ADM1 is designed to model the dynamic of anaerobic digestion [74].

3.3.2 Development of the BSM models based on ASM

The ASM1 as a numeric simulation tool is commonly implemented in the Benchmark
Simulation Model (BSM). BSM is a numerical framework that describes the entire
wastewater treatment process of a WWTP. BSM1 is the first version of BSM model. Further
modifications are BSM1_LT, ADM1, and BSM2 [75], [76] and [77].

The first version of numerated BSM1 has been developed by a research team at the
University of Lund which has been released as a Matlab/Simulink implementation[78]. That
simulation comprises activated sludge reactor divided into aerobic and anoxic sections.
Secondary settlers follow the reactor. An independent version of such a model has been
developed.BSM1_LT model is used in long term simulations [79].

BSM2 is a second developed simulation of BSM1 layout. It includes BSM1 for the biological
treatment of the wastewater and covers a wider range of wastewater treatment — the
sludge treatment. In such a model a primary clarifier, a thickener, an anaerobic digester, a
thickener of secondary sludge and a dewatering unit have been added. The view of the
entire cleaning process with the BSM1 model range selected is shown in the graphic below
(Fig. 12).
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Fig. 12. Range of BSM2 model [80]
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3.3.3 Demonstration of BSM1 model

The documentation [71] presents the BSM1 model including the simple reference layout
(Fig. 13). The benchmark plant is composed of a sludge reactor consisting five compartments
activated with two anoxic tanks followed by three aerobic tanks. In first two (anoxic ones)
biological denitrification reactions take place where bacteria change nitrate into nitrogen. In
the aerated sections (aerobic) nitrification takes place. It is the reaction in which the bacteria
oxidize ammonium to nitrate. The activated sludge reactor is followed by a clarifier
(secondary settler) in that water and activated sludge is separated. Water that is the result
of treatment is directed outside of the plant. As it contains much less waste than influent to
WWTP the environmental impact is reduced to a minimum. To maintain the process
activated sludge is recirculated inside the reactor (internal recycle) and from settler to
reactor(external recycle), and mixed with influent. The excess waste sludge is removed.

Biological reactor o To river
Wastewater Clarlfler Qc, ZC

Q. Z, Unit 1 Unit 2 Unit 3 Unit4  Unit5

/‘/” (. .............. Fg-

. Dissolved

oxygen

i Nitrate Internal recycle

E ................ > 0.2

k,a = oxygen transfer coefficient

Q.7 Qi Zy

. Wastage
External recycle

Fig. 13. General overview of the BSM1 water treatment reactor [71]

The demonstration layout model is equipped with oxygen and ammonia sensors that are
used in aeration control through a dedicated algorithm. These sensors work on the principle
of feedback with the use of Pl regulators (as indicated in the diagram). The dynamic behavior
of sensors and actuators is considered through additional measurement noise.

A basic control strategy is proposed to test the benchmark: it aims to control the dissolved
oxygen level in the final compartment of the reactor by manipulation of the oxygen transfer
coefficient and to control the nitrate level in the last anoxic tank by the manipulation of the
internal recycle flow rate. It is crucial to mention that the KLa (oxygen transfer coefficient) is
calculated on the basis of the process and used to simulate the aeration process. This aspect
will be discussed in consecutive paragraphs.
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BSM1 is imaged in a numeric block diagram implemented in the Matlab/Simulink
environment (Fig. 14). The files can be downloaded from the website?. The base schematic
of BSM1 model is available in MATLAB Simulink, thus the author uses this application in this
dissertation. Model designs the activated sludge WWTP that operates for an average
influent dry-weather flow rate of 18.446 m3/day and an average biodegradable COD in the

influent of 300 g/m?3.
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Fig. 14. The model of reference reactor in BSM1 model

A list of state variables used in BSM1, with their definition, appropriate notation and initial

values of influent are presented in Tab.7.

Tab. 7. List of ASM1 variables[71]

No Parameter Abbreviation Constant influent value set in
BSM1

1 Soluble inert organic matter S 30

2 Soluble inert organic matter Ss 69.5

3 Particulate inert organic matter X 51.2

4 Slowly biodegradable substrate Xs 202.32

5 Active heterotrophic biomass XeH 28.17

6 Active autotrophic biomass Xaa 0

7 Particulate products arising from biomass decay Xp 0

8 Oxygen So 0

9 Nitrate and nitrite nitrogen Sno 0

10 NH4*+NHj3 nitrogen SNH 31.56

11 Soluble biodegradable organic nitrogen Snp 6.95

12 Particulate biodegradable organic nitrogen Xnp 10.59

13 Alkalinity SaLk 7

14 Total Suspended Solids Tss 211.2675

15 Flow rate Q 18 446

2Downloaded from http://www.iea.lth.se after contact with UIf Jeppson (ulf.jeppsson@iea.lth.se)
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In publication[81], UIf Jeppson, who is the co-author of BSM algorithms, describes
modifications in basic concepts implemented in BSM1, BSM1_LT, andBSM2.

Along with the original model of the sewage treatment plant, exemplary seven-day runs
describing the parameters of flowing sewage have been provided 3.

We can mention among them the following flowing sewage routes:

L)

% CONSTANTINFLUENT —corresponds to a non-physical situation where the
parameters of the wastewater do not change (assumption of fixed values are as
in Tab. 7) (Fig. 15),

«» DRYINFLUENT —daily fluctuations resulting from the time of day (Fig. 16),

+ STORMINFLUENT — daily fluctuations resulting from the time of day with a single-
stream inflow caused by a storm (Fig. 17),

% WETINFLUENT —daily fluctuations resulting from the time of day with a two day

period corresponding to the rainy weather (Fig. 18).
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Fig. 15. Graph showing the values of wastewater parameters in the BSM1 model

3 Downloaded from http://iwa-mia.org/benchmarking/#BSM1
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Fig. 16. Graph showing the values of wastewater parameters affected by the dry weather in the BSM1 model
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Fig. 17. Graph showing the values of wastewater parameters affected by the stormy weather in the BSM1 model
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Fig. 18. Graph showing the values of wastewater parameters affected by the dry weather in the BSM1 model
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3.3.4 Blowers control to maintain the treatment process

The issue of oxygenation directly arises from the operation of the reactor. Aeration control
sustains treatment processes to achieve expected effluent quality regardless of the influent
parameters (Fig. 19). It is worth emphasizing that aeration systems usually generate up to
60% of the costs of the total electric energy consumption during wastewater treatment [10].
Due to the significant consumption, reactors’ aeration is a crucial part of WWTPs’ operating
control.

influent
/ oxygen obtained from air l
delivered by blowers
WASTEWATER TREATMENT
reduce IN REACTORS
wastewater measured by l
TKN and BOD

\_ effluent

Fig. 19. Step by step schematic of the simulation presented in the dissertation

In previous paragraphs, the BSM1 numeric model of reactors is presented. It implements
ASM equations in its operation. The main process objective is to reduce wastewater
measured by TKN and BOD oxygen with the use of air delivered by blowers. The plant
control system is critical to achieving the most efficient sequencing of the aeration blowers.
The literature [82]proposes a variety of blower control techniques:

O

% running the smallest number of machines (blower that does not rotate and
consumes no energy),

% running the largest number of machines in your most efficient range,

< avoiding idling and deflating,

% determining the sequence of operations with regard to service life and

maintenance intervals.

The following types of blowers are presented [82]:

« rotary lobe blower,
<+ centrifugal or turbo blower,
< rotary screw compressor.
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3.3.5 Oxygenation transfer implemented originally in BSM1

Numeric solutions implemented in the original BSM1 model base on the concept of KlLa
parameter as the transfer coefficient [78]. A simple reference layout contains the algorithm
that is implemented in BSM1. The equation takes into consideration a reactor containing 5
aerated sections.

The activated sludge process consists of aerated zones. The dissolved oxygen (D0O) mass
balance [71]:

d)c]i(tt) - & Win(t) = q(®) + KLa(u(t))(c5* = ¢) — R(t) )

Where:
y(t)—dissolved oxygen in the zone
KLa— volumetric mass transfer coefficient
csat— dissolved oxygen saturation coefficient
c— dissolved oxygen concentration

In each section of the reactor, the oxygen concentration () depends on the value of the
previous time step and fresh inflow by the following formula [57]:
dC (K,a) - (¢ — &) (8)
— = a):(c’* —c

dt L
Maximal value of KLais 240. In controlled sections, the KLa parameter ranges from 0 to this
value. According to the document, to calculate the air costs aeration system must take into
consideration plant peculiarities (a type of diffusers, bubble size, depth, etc.).

Aeration energy is presented in the equation below. AF'is proportional to time integral of
the particular volume of section and the value of the KLa coefficient designated for the
section. Unfortunately, it applies only to the Degremont DP230 porous disc diffusers at an
immersion depth of 4m.

(9)

Ssat 1l4days 5
AE f Z V; - Kpa;(t)dt
T T18-1000 )44y Lt

As it is presented above, BSM1 is used for simulation biological treatment. Described
aeration system is limited to diffusors described in the documentation. The question how
aeration in WWTPs in general operates remains unanswered.
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3.4 Airflow modeling in reactors

3.4.1 Theoretical introduction to problem of oxygen transfer into
wastewater

This paragraph presents the typical parameters used to describe the oxidation aspect of
wastewater. The values can be extracted during the simulation to parameterize the aeration
process and then, be used during the energy optimization of the model[83], [84], [85], [86].

The parameters are presented in two versions — both in undefined and standard conditions.
Since 1982 standard conditions define temperature 20°C (68°F) and pressure 100 kPa (1 bar)
[87], [88].Standard conditions for temperature and pressure are standard sets of conditions
for experimental measurements to be established to allow comparisons to be made
between different sets of data.

Oxygen Mass Transfer Coefficient (KLa), used in wastewater treatment, presents to rate
with oxygen that is transferred to the activated sludge by the aerating system. KLais a non-
linear function of the airflow rate. In BSM1, the KLa allows the description of mass transfer
between gas and liquid in two-phase systems and informs about the degree of mass transfer
at the interface between the solid and gaseous phase for a unit of volume and allows to
assess how efficiently this process is carried out.

Oxygen Transfer Rate (OTR), Standard Oxygen Transfer Rate (SOTR). OTR is the oxygen
transfer rate in clean water in non-standard conditions. The O7TR is the actual mass of
oxygen transferred per time unit and is the key process variable for design WWTPs. Standard
oxygen transfer rate SOTR (kg/d) presents OTR in standard conditions — clean water.

Oxygen Transfer Efficiency (OTE), Standard Oxygen Transfer Efficiency (SOTE). Oxygen
transfer efficiency presents how much of the injected oxygen becomes dissolved in water.
The parameter has expressed a percentage of the oxygen mass flow pushed through
blowers. The value strongly depends on the depth and type of diffusers. The default value of
Standard Oxygen Transfer Efficiency 0.3 (as a fraction) represents typical estimate of the
efficiency for fine bubble diffusers.

Aeration Efficiency (AE), Standard Aeration Efficiency (SAE). As noted earlier, aeration is an
electricity consuming process, thus usually 60% or more of the total energy cost is spent on
blowers. The most important efficiency parameter is Aeration Efficiency (4E) — the mass of
oxygen transferred per unit of power input. The value is equal to the oxygen transfer rate
(OTR) divided by the power input (P). SAE (kg02/kWh) is an oxygen transfer per power
input utilized in the blower.
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The foundation of airflow in wastewater is the Whitman two-film theory. To imply the two-
film theory to WWTP, it is assumed that the main mass transfer resistance is in the liquid
film in the bubbles. The phenomenon is described in the following equation that is based on
the Whitman two-film theory. The theory assumes that the concentration gradients in the
gas and particle phases are confined in the “films” adjacent to the interface. The mass-
transfer coefficients depends on the gas- and particle-side film thicknesses (dz and &p)
(Fig. 20). The overall gas-side mass-transfer coefficient K. is characteristic of the process
environment [89].
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Fig. 20. The graphic representation of two-layer theory [89]

The process of oxygen permeation on the phase borders is described by Whitman’s two-film
theory [73].

aw 10
= = K A =) (10)

Where:

W—the weight of solute (g),
aw .
v rate of oxygen absorption (g/day),

K, — overall mass transfer coefficient (1/m3/day),
2t — dissolved oxygen saturation coefficient,

¢ — dissolved oxygen concentration,

Ac; —the total interfacial area,

This parameter K; takes possible loss into consideration due to clogging, aging and
deterioration. And a characterizes liquor transfer characteristics in the phase border[90].
Since it is difficult to measure the Kz and a value separately, they are combined into one
parameter. The two coefficients make the KLa strongly dependent on the process
conditions.
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The KlLa parameter needs the laboratory tests of oxygen migration through the air-liquid
surface. In publication [88], the author proposes a laboratory setup to define the values of
this parameter. The publication develops an alternative model which includes more
parameters than the standard ASCE method [91]. Fandriks [88] comes up with some
alternative methods for evaluation of oxygen transfer performance in clean water. In this
publication, five more complex equations are juxtaposed.

3.4.2 Numerical representation of aeration in WWTPs — state of the art

As mentioned in paragraph 3.4, the aeration system includes diffusers that blow the air into
the sewage content. The numeric model of oxygen, transfer from the air in the bubbles to
sewage is expected. The basic issue in the simulation of WWTP is the connection between
bioreactors and blowers (Fig. 21). That issue is touched in several publications.

Blowers Air collector Reactors with Aeration Controller
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Fig. 21. Schematic of blowing system in Ptaszéw WWTP

Collector is a pipe connecting blowers with reactors. Authors in [77]-[80] propose the idea
to model the collector as an electronic circuit (Fig. 22). Blowers are treated as a flow source,
where the relationship between electric energy consumption and flow is determined from
the characteristics of the devices. The collector is replaced by a condenser charged by the air
stream generated by the blowers and discharged by the reactors. When the collector pipe is
treated as a capacitance with negligible flow resistance, simple linear equation is established
[77].
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Fig. 22. The electrical analogy to collector pipeline [92]

The model can be expressed with the following equation:

dp. 1 (11)
i C_C(Qb —Qc)
v, (12)
C.=—
Pc
Where:
® (. — collector fluid-flow capacitance,
® (). —collector flow,
e . —collector volume,
® p.—collector pressure.

Such an idea is discussed to simulate the dynamics of collectors in the presented model. In
[93], authors propose a centralized nonlinear model predictive controller of dissolved
oxygen tracking and aeration system control. The research is based on WWTP in
Nowy Dwér Gdanski. In [94], authors analyze that schematic in WWTP located in Swarzewo,
Poland. In [95], the author implements such an idea in Mgtowskie Pastwiska WWTP located
in Northern Poland.

Different authors around the world have also raised this issue. Casey [96] presents the
diffused aerated systems and analyses the equations that can be used in the modeling of
oxygen diffusion. The document [97] presents the theory of diffusion used in the
construction of diffusers that are produced by OTT. In publication [98], the direct relation
KLa-airflow is presented, as shown in the following figure below(Fig. 23).
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Fig. 23. The plot describing KLa-airflow relation [98]

In the thesis [61], the author models an aeration system that includes air distribution. The
equation is presented below (Fig. 24). In [99], Arnell presents case studies of three full-scale
WWTPs.The authors propose this equation relaying the relation between KLa and airflow.
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Fig. 24. The SOTE plots at actual submersion depths and diffusor densities presented in three references WWTPs [99]

Authors in [85] review the control of continuous aeration systems in municipal wastewater
treatment plants. The review is supplemented with a summary of comparisons between
control strategies evaluated in full-scale, pilot-scale and simulations. The figure presented
below was published (Fig. 25).
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Fig. 25. Stages presenting how oxygenation affects wastewater treatment in reactors[99]

In [100], the aeration cost has been calculated based on the Oxygen Uptake Rate (OUR)

model. Mathematic models are applied to simulate the transient OUR and show the impact
of varying load on OTE and aeration cost.

Finally, Zhu [101] evaluates the control strategy of ASM1 model for reduction of electricity
consumption.
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3.4.3 Determination of airflow used in the dissertation

In Sec. 3.5.1 of dissertation, the authors presented parameters SOTE and SOTR describing
the aeration process in wastewater in standard conditions. In engineering, the OTR factor is
used to describe the flow of oxygen between the phases [83]. Oxygen Transfer Rate at field
conditions is expressed with the following equation.

OTRrora, = KLa - (c** —c¢) -V (13)

Where:
OTR - oxygen transfer rate (mmol I'th1),
K, a — volumetric mass transfer coefficient (1/m3),

/- volume of wastewater in the reactors’ section,

sat

c°* —saturation value of the water or wastewater.

In [86], he presents the estimation of airflow demand based in water using desorption and
absorption methods. Standard conditions (20°C and 1 atm) in clean water airflow is
calculated utilizing presented equations. The author proposes the equation:

SOTR _ SOTR (14)

SOTE = =
Wy,  0.2765 Qs

Where:
Wo:z (kg/s) - the mass flow of oxygen in air stream,
Qs - refers to air flow rate at standard condition.

And after modification, the following relation is achieved:

_ SOTR (15)
Qs = 0.2765 - SOTE

According to the documentation of GPS-X [102] and [86], additional correction factors can be
used to take into account the special correction factor that takes into consideration
empirical research.

OTR (16)

Where:

CF, — conversion factor to account for the density, molecular weight and 02 mole
fraction of the standard air (U.S. Standard = 277.6533841; European Standard =
300.495893),

OTE - standard oxygen transfer efficiency.
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4 The case study of the Ptasz6w WWTP

4.1 The general description of Ptaszow Sewage Treatment Plant

Validation of the numerical model has been carried out with the use of the existing Ptaszéw
Sewage Treatment Plant in Krakow (Fig. 26).

Fig. 26. Ptaszow Sewage Treatment Plant in Krakdéw — reactor and settlers in the first plan

The municipal WWTP in Ptaszéw is a modern facility that treats sewage from Krakow
agglomeration located in the south of Poland (780,000 PE - population equivalent). The
facility is located on the area of about 50 hectares. The object is a complex waste treatment
system that consists of mechanical and biological cleaning. The object is equipped with a
comprehensive control system with appropriate control, measurement and steering
equipment. The sewage treatment plant has a capacity of 328,000 m3/day and average flow
is 160,000 m3/day.

The system responsible for complex wastewater treatment including mechanical and
biological processes as well as the utilization and combustion of sludge allows reducing the
impact of the treatment plant on the environment [103], [104]. Each of the above systems
consists of numerous dispersed receivers, as described below [103], [105].

Mechanical treatment catches large wastewater fractions mechanically and through
sedimentation. In Ptaszdw WWTP, this step includes rare grids, dense grates, latches, 1st,
and 2nd-degree pumping stations, sand traps, pre-settling tanks and sand separator.

The biological part of the treatment plant consists of 5 biological reactors supported by 10
secondary clarifiers, a sewage recirculation and a blower station. The system additionally
uses PIX station, methanol station, deactivation stations and control automatics[106].

The sedimentary part is responsible for sewage sludge management. Such installation
consists of primary sludge thickeners, excess sludge operation tank, sludge thickening, and
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dewatering system, sludge pre-pumping station, WKF sludge digestion chamber, sludge
intermediate tank, pumping stations and sludge tank, chemical phosphorus removal station
from the supernatant, sludge pumping stations after coagulation, biogas tanks, flares,
desulphurization of biogas, overlaying water pumping stations, sewage pumping stations,
pumping sludge and flotate pumping stations.

The installation of thermal sludge utilization (STUO) in a fluidized bed consists of: storage
and transport systems with sludge drying, thermal utilization node, heat recovery system,
waste gas treatment system, process, and gas monitoring system waste, control system,
solidification node. Such solidified wastes do not harm the natural environment.

According to the report [14]and [1], wastewater treatment plant consumes a significant
amount of electricity. The graphic below presents general decomposition of electricity
consumption in a sewage treatment plant(Fig. 27).
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Fig. 27. Electricity consumption in Ptaszéw WWTP [14] and [1]

As presented in figure, few crucial devices have the biggest impact on the total consumption
of electricity. Those receivers are the independent stations that are controlled by
independent control procedures. Those appliances are pumps and blowers that maintain the
continuity of waste-water treatment. Based on the energetic study, the following groups of
receivers have been distinguished:

< pumping station | > 7pumps x 132 kW, 924kW in total),
< pumping station Il = 3 pumps x 160 kW (480kW in total),
< blower station - 6 blowers x 400kW (2400kW in total).
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4.2 Biological treatment in Ptaszow WWTP in details

As mentioned earlier, biological treatment is the basic stage of wastewater treatment.
Ptaszow WWTP consists of 5 biological reactors (Fig. 28).

Reactor

Settler

4

V. /4
Fig. 28. Aerial photography ofthe Ptaszow WWTP with reactor?

In reactors, sewage continually recirculates in 10 sections both in aerobic and anaerobic
environments. Each reactor cooperates with two secondary clarifiers in which activated
sludge is collected for further utilization. The flow of wastewater in reactors is fully
automated. The pumps enforce an appropriate circulation - both internal and external
recirculation. The reactor’s layout presented below outlines the bioreactor with particular
sections; additionally, the direction of effluent flow has been marked (Fig. 29).
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Fig. 29. Layout of the reactor in Ptaszow WWTP — internal recirculation

4https://wodociagi.Krakéw.pl/o-firmie/infrastruktura/zaklad-oczyszczania-sciekow-Ptaszéw.html
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The wastewater flows through several internal sections sequentially as it flows through the
reactor (Fig. 29 and Fig. 30). The pre-denitrification KPD chamber is to reduce the nitrates
contained in the recirculation. The Redox probe indicatesthe degree of nitrate removal. KDF
chamber is responsible for biological dephosphatation in aerobic conditions. Absolute
oxygen conditions (presence of dissolved oxygen) and relative aerobic conditions (presence
of nitrates) is used for signaling the Redox probe. The sludge concentration probe serves to
determine the concentration of activated sludge in the chambers. After exceeding the preset
sludge concentration, it switches off one recirculation pump. Denitrification chambers KDN1,
KDN2, KDN3 are to reduce the total nitrogen by reducing nitrates. Exceptionally,
denitrification chamber KDN3 has two functions. In the summer, it performs the analogous
function of the KDN1 and KDN2 chambers, i.e. the removal of nitrates. In winters, KDN3 can
act as an aeration chamber. In KDN3 nitrate-nitrogen (N - NO3), a sensor is installed. The
nitrification chambers KN1, KN2, KN3 and KN4 are designed to reduce organic carbon,
phosphate uptake and oxidation of nitrogen compounds to nitrates. Oxygen probes coupled
with a control damper system with electric drives are used to control the appropriate
amount of supplied oxygen. Deoxidation chamber KO is to remove dissolved oxygen
contained in wastewater fed in the internal circulation stream to the KDN1 denitrification
chamber.In the KO chamber, wastewater is divided into two independent streams. Volumes
of sections implemented in Simulink model are listed in Tab. 8.
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Fig. 30. Layout of the reactor in Ptaszow WWTP — sections naming

Tab.8. Sections in Ptaszéw Sewage Treatment Plant.

Section Type Aeration Volume [m3]
1 Predenitrification KDP Anoxic 1000
2 Dephosphatation KDF Anaerobic 1700
3 Denitrification KDN1 Anoxic 2600
4 Denitrification KDN2 Anoxic 2600
5 Denitrification KDN3 Anoxic / Aerobic X (sometimes) 2600
6 Nitrification KN1 Aerobic X 2850
7 Nitrification KN2 Aerobic X 2850
8 Nitrification KN3 Aerobic X 2850
9 Nitrification KN4 Aerobic X 3450
10 Deaeration KO Deaeration 1000
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In the KO chamber of the reactor, the wastewater is divided into two independent streams.
Part of deoxidized material is returned inside the reactor, this process is called internal
recirculation. The sediment debris is gathered in double secondary settling tanks that are
integrated with each reactor. The process is called external recirculation. The second part is
turned into two independent sedimentation tanks (secondary settler) in which a part of
active biomass is recirculated and the other is removed. Secondary settler has a height of
4.7m with diameter 44 m.

Sewage parameters are measured during treatment by a SCADA control and monitoring
system. Information about the ammonia and oxygen amount in the reactor has large
importance on the treatment process control.

The ammonia sensor measures the concentration of ammonium nitrogen using a gas-
sensitive electrode (GSE). The ammonium nitrogen present in the sample is converted into
the ammonia gas form. Only NHs; gas passes through the gas-permeable electrode
membrane and is detected. This method guarantees a wide measurement range and is less
susceptible to interference [107].

Oxygen sensors are used for continuous measurement of oxygen dissolved in wastewater.
Generally, there are two types of oxygen sensors. In the amperometric probe, there are
reactions on the anode and cathode, and the reference electrode provides the right
electrochemical potential. Optic sensor excites dissolved oxygen molecules according to the
content of dissolved oxygen in the wastewater.

The wastewater is aerated with compressed air using diaphragm diffusers. Due to the
uneven distribution of oxygen demand, the number of diffusers varies in individual
sections[97]. The diffusers installed in the reactors are Magnum 2000 tubular - diaphragm
type [108].

The operator of Ptaszéw WWTP published the parameters of the sewage effluent in the
treatment process in the treatment plant[106][109]. In the analyzed research, the author
relies on the legal acts in force which regulate the permissible values of wastewater
pollution indicators (91/271/EWG [110]). Such values are aggregated in Tab. 9.

Tab. 9. Expected values of effluent parameters in mg/|
(according to 91/271/EWG [111] and in Ptaszéw WWTP [106])

Parameter Expected values of effluent parameters in mg/I
(according to 91/271/EWG [111]and in Ptaszow WWTP [106])
BOD5 15
COD 125
Total suspended solids 35
total nitrogen 10
total phosphorus 1,0
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4.3  Aeration system with reactors in Ptaszow WWTP

The photo below shows a blower station with an aeration system (Fig. 31).

Aerated reactor

Air pipe

Blower Station

Fig. 31. Picture of reactors inPtaszéw WWTP With air pipes in the first plan®

Air is distributed to aeration tanks by diffusors that are controlled by throttling valves[112].
This demand airflow reduces the pressure pc in collectors, the value of which the blower
must "catch up". Such pressure change is measured in blowers station. Blowers are operated
by a PID controller. In blowers PID controller maintains the collector pressure (pc) at
constant preset value. Nonetheless, some hysteresis is allowed. The schematic of the
aeration controlsystem is presented below. The key step in the treatment is the oxygenation
of the wastewater according to the diagram below (Fig. 32).

Blower station Throttling valve Aeration tank 1
R L
th QaiT.l
]
pe H
: 1 )
. | Throttling valve Aeration tank j
o : vl o g
I inr.j
X | ' |
_____ - L —— - 0= = = — l

Fig. 32. Control of aeration system

Shttps://wodociagi.Krakéw.pl/o-firmie/infrastruktura/zaklad-oczyszczania-sciekow-Ptaszéw.html
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In general, the blowers installed in each treatment plant are responsible for maintaining the
proper air pressure flowing through the diffusers. In Ptaszéw WWTP, there are six blower
sets installed in the blower station building. It is estimated that electricity consumption by
blowers accounts for 15% of electric energy consumption in the whole treatment plant (6
blowers of 400kW each have been installed)[1].

In details, the operation of the aeration system is to control the airflow by change of the
pressure in the collector. The operation of the blowers is completely automated. The
automation is supervised by a central controller cooperating with local controllers. The
control process is two-step, as described below:

1.

First blowers are blowing air (¢) to a common collector. The target is to maintain
constant pressure in the discharge manifold — it should be maintained at 0.845 bar
above the atmospheric pressure. The task of the control algorithm is to maintain
such constant pressure. Their operation is based on a PID controller that tries to
maintain constant pressure (pg. To maintain pressure at a constant value, the
controller operates blower blades inclination in 0-100% (the speed of the blower
motor is constant). Supervision over automation is performed by characteristics that
correlate efficiency, power and flow.

The air compressed by blowers is delivered to reactors by throttling valves that
control airflow. Each section in each reactor is controlled separately. The air blown
into the reactor depends on the wastewater quality parameter. The flow sensor
system that controls the operation of the dampers is responsible for controlling the
flow of supplied air. The position of the damper depends on the oxygen demand of
the individual reactor chambers. Compressed air is supplied to the aerated section in
biological reactors through aeration diffusers controlled by oxygen probes installed in
four KN chambers and the KDN3 chamber.

The schematic of such process is presented below (Fig. 33).

BLOWERS AIR COLLECTOR REACTORS
~o o '\. o
- .. o © T. o
Op o (=15 o %0 o
e} ® o]
. ° e © o ©
valve controlled by
PID regulator
constant pressure valves controlled by

wastewater quality
Fig. 33. Structure of the Ptaszow WWTP aeration control [97]
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To control blower a complex control algorithm is implemented. The number of running
blowers is adjusted depending on the oxygen demand. The operation of the blowers is
adjusted by switching on/off and the regulation of blades’ angle.

The performance of each blower is a function of several operating conditions monitored on-
line. Its settings are selected so as to minimize electric energy consumption while
maintaining the assumed pressure within the defined limits. More precisely, the controller
adapts to possible changes in blower performance due to changing weather conditions or
degradation problems.

It should be noted that the exact implementation of the blower control system algorithm on
the plant is unknown to the author. Therefore, approximate characteristics have been
determined based on SCADA measurements in accordance with the assumption presented in
Sec. 5.2.
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4.4

Example SCADA measurements

During the implementation of the GEKON project, measurement data has been obtained
from the operation of the sewage treatment plant®.

Measurements of oxygen and NHs*+NHs nitrogen (ammonia) in the discussed period are
presented below (Fig. 34).
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Fig. 34. Measurements of oxygen and NH4*+NH3 nitrogen

6 Data obtained for two first quarters of 2017
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Wastewater flow is measured at the outlet of the treatment plant. The measured quantity
sewage effluent is presented below (Fig. 35). Such industrial facilities have negligible
possibilities of storing sewage during treatment process. Therefore, a simplification is
adopted - it is assumed that the measured quantity of the effluent is equal to the influent at
the moment. This practice allows the available measurements to be taken as a quantitative
characterization of the waste water influent.
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Fig. 35. Sewage influent

The airflow and power consumption values are pictured below, summing up the values for
all sections. It is worth noting that increasing the flow results in an increased consumption of
electricity (Fig. 36).
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Fig. 36. Total airflow demand and total power consumption
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Registered airflow in particular blowers is presented below (Fig. 37).
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Fig. 37. Airflow registered in particular blowers
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Power consumption in particular blowers is presented below (Fig. 38).
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Fig. 38. Power consumption in particular blowers

for power are used to determine the characteristics of the device.

The available SCADA measurements have been used to investigate the characteristics of the
blowers. The following figures (Fig. 39) show the measured values of the blower power
consumption. Therefore, they will be considered independently. These calculations will be

used in the next chapter to determine the characteristics of individual blowers (Sec. 5).
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Fig. 39. Measured blower power consumption for different airflow measures and blade angle values

For next figure (Fig. 40) blowers’ characteristic curves are expressed as power consumption
per airflow.
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5 Numeric model of Ptaszow WWTP
5.1 BSM1 model of reactors in Ptaszow WWTP

5.1.1 General layout of the BSM1 model of Ptaszéw WWTP

The BSM1 environment presented in the previous paragraph has been implemented in the
case of the sewage treatment plant in Krakdw. To perform the task, the Matlab/Simulink
model structure has been adapted to the conditions of the Ptaszéw Sewage Treatment Plant
(Fig. 41).
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Fig. 41. Model of reactors of wastewater treatment plants based on the BSM1 model

To simulate the operation of the reactor, a numerical model has been made using BSM1 as
foundation. The publicly available BSM1 package published on the website and in the [62]
has been implemented for this purpose.

While modifying the BSM1 model, the following changes have been adopted:

%

% Sections names and volumes are obtained from Ptaszow documentation;

* Internal and external recirculation is unknown, thus values of recirculation in
reactor are adopted in proportion to BSM1;

% Secondary settlers stay as in the BSM1 model, except for the fact that in the
Ptaszéw, there were settling tanks connected (the author entered depth as in
Ptaszow WWTP with a doubled surface area);

% The carbon content in the process is not included (carbon combiner is
deactivated);

% The aeration applies to sections KN1, KN2, KN3, KN4. Oxygenation in KDN3 is off
(KLa = 0);

< Implementation of the Petersen equation in reactors (Tab. 5) remains unchanged.
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The diagram below presents a single oxygenation section of a reactor (Fig. 42).
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Fig. 42. Simulink block diagram presenting the oxygenated section (KN1, KN2, KN3 or KN4)

The oxygenation controller provided in the BSM1 model has been modified, as described
below:

< NO sensor has been replaced by an NHs*+NHj3 nitrogen sensor by measuring this
signal, characteristics describing sensors’ operation have not been changed (they
are compatible with the BSM1 model documentation);

«» The oxygen sensor has not been changed;
< The value of the expected oxygen model is based on the dependency below
(Fig. 43). The Min and Max values for oxygen and ammonia are defined for each

section separately;

A
0,

Min

Min [Max  NH.

Fig. 43. Relationship between the amount of expected oxygen in the reactor section and
the ammonia content in the wastewater

% KlLais calculated based on the expected oxygen difference from the current one
and determined similarly to the original BSM1 model based on the difference in
actual oxygen content (OZmeans) and expected one (OZre).
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5.1.2 Quality supposition of the influent wastewater

Sewage influent parameters are very difficult to measure experimentally and therefore, the
plant is generally operated without knowing the parameters. To visualize the operation of
the Ptaszow Sewage Treatment Plant, a BSM1 simulation framework has been developed
and its parameters adapted to the WWTP under investigation. The author collected available
data to make such an estimation.

It is assumed that at a given time the amount of outgoing sewage and amount of flowing
sewage are the same. The author therefore assumes that sewage influent coincides with
outfluent in the wastewater treatment plant in Ptaszow. Hence, sewage flow is corrected by
outfluent volume obtained from measures of SCADA in Pfaszéow WWTP — the inflow in the
BSM1 model is scaled to the values observed in the outfluent of the treatment plant. Finally,
Fig. 44 and Fig. 45show the sewage flow through the WWTP [109]. These values oscillate
around 170,000 m3/day with daily volatility. It can be seen that the weather influences the
volume of influent.

In addition, authors use other measurements of the sewage treatment plant from the SCADA
system presented in Sec. 4.4 (oxygen reading in the reactor for KDN3, KN1, KN2, KN3, KN4
sections, air flow in the blowers, and estimates of electricity consumption by blowers).
Nevertheless, the parameters of the influencing waste water are missing.

Originally default data published within BSM1 are used as sewage parameters (published by
IWA’). The wastewater parameters can be modelled with constant values of parameters
(CONSTANTINFLUENT) or parameters changing characteristics daily (DRYIFNLEUNT,
RAININFLUENT, STORMINFLUENT). Both constant and variable input parameters are
analyzed in influent signals. These data are considered as input to the BSM1 model of the
Ptaszéw Sewage Treatment Plant. It is worth mentioning that the parameters describing the
wastewater will be investigated in the following paragraphs. Fig. 44 and Fig. 45 present
exemplary time series of wastewater influent characterizing modelled Plaszéw WWTP.

To sum up, wastewater flowing into the treatment plant is described by a matrix called
DATAINFLUENT. The structure of the matrix is characteristic for BSM1 model (Sec. 3.3.3), so
it consists of the following columns:

< Column 1 —Time vector — changing depending on the length of simulation,
< Columns 2-15 — Wastewater parameters — characteristic for ASM1 model,

% Column 16 — The sewage flow adjusted to the SCADA readings of the sewage
treatment plant in Ptaszéw.

7 Source http://iwa-mia.org/benchmarking/#BSM1
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First, the treatment plant model has adopted a flow consistent with SCADA data and fixed
parameters described in the CONSTANTINFLUENT example (Fig. 44).
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Fig. 44. Sewage influent parameters based on CONSTANTINFLUENT used in the simulation




In the second case, the sewage treatment plant has been examined under the influence of
sewage with variable daily parameters simulating dry conditions (Fig. 45).
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Fig. 45. Sewage influent parameters based on DRYINFLUENT used in the simulation

The data is used in the course of their comparative analysis with simulations in the following
chapters.
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5.1.3 Simulation of reactors in Ptaszéw Sewage Treatment Plant

Simulations have been performed on the BSM1 model (described in Sec. 3.3) using input
signals based on SCADA data (as in Sec. 4.4). The view of the Matlab/Simulink program with

the description of individual parts is shown below (Fig. 46).
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Fig. 46. Schematic of simulation with measurement points marked

The model has been tested in terms of the quality of the outflowing sewage (Fig. 47). As it
can be perceived, the variability of the effluent results from the variability in influencing

sewage. A constant volume of secondary recirculation has been assumed.
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Fig. 47. Sewage flow during cleaning process in the reactors
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The simulation results illustrate the plots below in which the author points out the
registered amount of oxygen and ammonia contrasted with SCADA data obtained during the
operation of the treatment plant.

In the first case, the constant values of the CONSTANTINFLUENT input signal have been
used. The resulting oxygen concentration is presented in Fig. 48.
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Fig. 48. Simulation results using CONSTAINFLUENT signal as input to WWTP
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Further simulation using VARIABLEINFLUENT signals as input to WWTP has been performed.
The Fig. 49 presents the plots of both simulations.
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The airflow demand calculated during the WWTP’s operation allowed to set the airflow
demand (as described in Sec. 5.1.1). The results of simulation presents Fig. 50.
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Fig. 50. AIRFLOWDEMAND calculeted with use of CONSTAINFLUENT and VARIABLEINFLUENT signals
as input to WWTP

It can be noticed from the given graphics that the variable signal VARIABLEINFLUENT
introduces more daily dynamics to the simulation than CONSTAINFLUENT. Moreover, these
changes are in line with the measurements. Nevertheless, the wastewater flow, which is
given on the basis of SCADA measurements, has a key influence on the characteristics of the
treatment process.
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Additionally, the treatment process has been explored in terms of the quality of the
outgoing sewage. Fig. 51 shows how the value of the NHs*+NH3 parameter (SNVH) changes
during the treatment. A significant improvement in the effluent compared to the influencing

value can be seen. The graphic below shows that the effluent reaches the expected degree
of purity (less than 15 mg/| content).

NHZ + NH3 nitrogen in cleaning process - outside reactor
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Fig. 51. NH4*+NHs nitrogen in cleaning process
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5.2  Aeration system and its integration with reactor

5.2.1 Elaboration of blowers’ control algorithm

The wastewater treatment plant reactor model presented above is based on well-
documented numerical models. The SCADA data, on the basis of which the characteristics of
the blowers have been developed, are helpful in the implementation of the task. The model
of operation of blowers has been acquired on the basis of data obtained during the
implementation of the GEKON project.

As described in the paragraph (Sec. 3.1), oxygenation control is a key consideration in the
operation of wastewater treatment plants. More precisely, the condition of each section of
each reactor forces the demand for aerated air at a certain value ("airflow demand"). To
fulfill the need, blowers are adjusted to supply the necessary amount of air. The task is
carried out in two stages: throttling valves regulate the airflow that is introduced into the
wastewater and the pressure of the collectors is adjusted by adjustment of blowers’ means.
Such a system of operation is also installed in the Ptaszéw sewage treatment plant (Fig. 52).

O
o [CE— N
C D —>
Sewage [—=[[= Airflow Energy_
Influent Demand Consumption
REACTORS BLOWERS

Fig. 52. General scheme of the purification process presented in the dissertation

The control algorithm of Ptaszow Sewage Treatment Plant in Krakdéw is very complex and
depends on many parameters. Unfortunately, some cannot be determined by measurement
(as described in Sec. 4.3). Therefore, there is a need to make some simplifications. First,
blower control based on pressure measurement in the reactor has been replaced by airflow.
In this case, the blower controller adjusts the pitch of the blades based on the air demand
and not on the basis of pressure as in the original. In operation of real WWTP blowers are
controlled by a PID controller. In the case of the modeled blower system, PID control is
replaced by a purely proportional controller.

For such a simplified model of blowers, the author proposes a control strategy that controls
blowers and their efficiency, giving priority to the most efficient ones. An idea of control is to
implement scheduling policy that tries to run the blowers no later than necessary. The
assumed solution allows the reduction of electricity by switching off the blower operating
for a long time at "idle capacity."
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The diagram below demonstrates the implementation of blowers’ controller in modelled
WWTP (Fig. 53).The operation algorithm presented here is a proprietary approximation of
the actual blower control of the sewage treatment plant. This example will be used later in
the study.

Blower’s controller Blower turn on signal

Airflow provision [0/1]
[m3/h] BLOWER
START
Tt Blower turn off signal
BLOWER { [0/1]
STOP
/ Tore_peLay Blower utilization
0,
BLOWER (%]
Airflow demand UTILIZATION
[m3/h] (BLADE ANGLE)

Fig. 53. The scheme of blowers’ controller

The controller raises the blowers’ utilization (BLADEancLz) by increasing blades’ angle for
the longest operating blower as long as airflow in controller airflowerovision is lower than
expected airflowpemanp. Controller turns on next blower if the previously activate blowers
are already working at 100% blade angle (sum(BLADEancLE)>Bacrive*100)for a certain
amount of time (7max>Ton peLay, Ton peLay is a constant user defined parameter).However,
it is limited by the maximum number of blowers that can be turned on (Bacrive<4).When a
new blower is to be started(Bon)a controller chooses the first blower in the queue of
waiting blowers ordered according to their efficiency (as described in Sec. 4.3).More
formally, the rules of implementing the above dependencies are listed below:

BLADE nerr(n) 7 © (AIRFLOWprovision < AIRFLOWppyanp) — (17,18)

Bon(m) =1 © (sum(B,) > Bacrive * 100)/\(TMAX > TON_DELAY)/\ (Bacrive < 4)

On the contrary, if airflowrrovisionis higher than airflowpemanp, the controller decreases the
blades’ angle (BLADEanciLe).A blower working at lower utilization is switched off for user
defined 7orr peLayconstant (Tmiv>Torr peray) when the sum of the blowers’ utilization
(BLADEancLe)Will not exceed the capacity of the blowers after turning off one blower
(sum(Bv,)<(Bacrive-1)*100).Likewise, the minimum number of blowers turned on is a
limitation (Bacrive>1).The blower that is being stopped (Borr)is the one currently operating
for the longest time at lower utilization. The equations describing the rules:

BLADEqs(n) N & (AIRFLOWpmopision > AIRFLOWpgyanp) 20

Borr(n) = 1 & (sum(By) < (Bacriveg — 1) * 100)/\(TMIN > TOFF_DELAY)/\(BACTIVE > 1)

The equations presented above are my implementation of tasks scheduling (Sec. 2.4.3).
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5.2.2 Blowers’ characteristics

In the section 4.4, the author presented available SCADA data used in simulations. The
blower station contains 6 fixed-speed blowers.

Available measurement data have been used to measure the efficiency of the blower. To
estimate the efficiency of blowers available data are used —vectors of power of the blower in
the relation to air flow. As presented in [113] and [114], this is one of estimates describing

blowers efficiency in engineering. Having these two values will allow the performance curve
of the blower to be determined (Fig. 54).

POWER AIRFLOW
> >
EFFICIENCY = POWER
"~ AIRFLOW

Fig. 54. Method to assess the blowers characteristic[113]

On the basis of available SCADA measurements the plots presenting power consumption for
different airflow and blade angle values are presented. For the last blower 6, the acquired
data was scarce due to its rare usage. Thus, its characteristic has been assumed to be the

same as that of the blower with most similar specifications (blower 3). The results of such
simulation are presented in Fig. 55.
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Fig. 55. Measured blower power consumption for different airflow measures and blade angle values

73



The signals presented above, based on SCADA measurements, are tested. On the basis of
these signals, for non-zero probes the linear regression has been calculated[115]. Later, the
coefficient of determination R2 has been determined. Values close to 1 indicate the
correctness of the fit for performed linear regression[116].Power consumption and airflow
are related one to another. The results are presented in the following table (Tab. 10).The
linearised characteristics are presented below (Fig. 56).

Tab. 10. Coefficients used in the simulations

Blower Standard deviation linear regression Coefficient of determination
Airflow [m3/h] Power cons.
[kw]
1 751.2 23.2562 y=0.0278*x+31.445 0.8056
2 3498.3 75.8611 y=0.0212*x+107.63 0.9588
3 2937.5 86.7573 y=0.0243*x+74.904 0.6775
4 4153.4 76.2592 y=0.0181*x+106.93 0.9682
5 2646.8 81.1222 y=0.03*x+36.567 0.9597
6 2937.5 86.7573 y=0.0243*x+74.904 0.6775
blower 1 blower 2 blower 3
E § 'gi 100%
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Fig. 56. The characteristics are obtained by fitting SCADA data — proposal
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The above graphic shows that the control of the blower utilization affects the air flow and
the electricity consumption in a linear relation. It is assumed that the utilization of the
blowers is adjusted in the range of 0-100 achieving the lowest and the highest flow

respectively. Therefore, blowers’ operation point becomes strongly simplified by
linearisation (Fig. 57).
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Fig. 57. The characteristics are obtained by fitting SCADA data — summary

To sum up, the following characteristics are used in the simulation. The efficiency curve for
individual blowers shows the difference in the achieved flow depending on the efficiency.
The first plot presents the airflow in relation to efficiency(Fig. 58).
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Fig. 58. Control of blowers adopted in the numeric model — airflow in relation to utilization
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The power consumption characteristic shows the change in electric energy consumption of

the blower depending on its utilization. Here, the differences for individual blowers are
similar (Fig. 59).
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Fig. 59. Control of blowers adopted in the numeric model — power consumption in relation to utilization

To sum up, characteristics of airflow and power consumption for efficiency of the blowers
between 0-100% rates (Fig.58 and Fig. 59) are implemented in look-up tables used in a
numeric model used in the construction of blower control. At the lowest efficiency 0% rated
each blower generates some constant flow. On the other hand, 100% rated efficiency means
reaching the maximum capacity. The airflow provision and power consumption discussed

above depend on the amount of working blowers and their utilization is determined by the
control system (Fig. 60).
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Fig. 60. Control of blowers adopted in the numeric model

76



Next, in Fig. 61 airflow demand has been demonstrated in the relation to power
consumption per airflow unit. The author indicates the lines outlining the particular
characteristics. This has been done by calculation of power consumption at unit airflow [in

kW/(m3/h)]. The lines are mapped in one figure to match characteristics of particular
blowers (Fig. 62).
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Fig. 61. Blower characteristic curves expressed as power consumption per airflow unit
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Finally, on the basis of values describing efficiency of particular blowers are calculated. The
analysis demonstrates the difference in operation of particular blowers. Presented in this
paragraph, estimation of blowers is implemented in numeric model of Ptaszéw WWTP. On
the basis of the efficiency factors in Tab. 11, the performance of particular blowers can be
determined (as presented in section 4.3).

Tab. 11. Coefficients used in the simulations

Blower No. Mean efficiency estimation
(blower power/blower airflow)

[kW/(m3/h)]
0.0305
0.0315
0.0275
0.0264
0.0340
0.0275

AU | |W[(N|F

Blowers’ control strategy is expected to prioritize the most efficient blower. More precisely,
the queue of blowers scheduled to start is proposed on the basis of their efficiency estimate.
One can observe that blower with highest efficiency is blower 4, on the other hand blower 5
has the lowest efficiency. In practice, a maximum of 4 blowers are started. Hence, it is fair to
conclude that blowers 2 and 5 do not work at all. They can be activated in case of failure of
the blower with better efficiency.
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5.2.3 Model of blowers in Ptaszow WWTP and its simulation

In order to illustrate the operation of the blowers, the author implemented the
MATLAB/SIMULINK model that has the characteristics of the air flow and electricity
consumption for each blower described depending on the control utilization expressed in
percentages (0-100%). The graphic below shows the structure of a single blower (Fig. 63).
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Fig. 63. Internal structure of blowers in model of WWTP in Matlab/Simulink

As blowers control adjustable set points are following:

< the angle of the blades — the angle of the blades (BLADE nc¢LE),

% start/stop signal - signals setting switching the blower operation of blower,
adjusted by 7own peLay and Ton peray defined in controller (Sec. 5.2.1).

The blowers’ model outputs with the following operational parameters:

« t min- working time of blowers with minimal activity (adjusted by 7o~ peray),

% t max— working time of blowers with maximum activity (adjusted by Torr peray),
% t tot—working time,

< t —current activity time,

< nt- current inactivity time,
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A simulation has been performed in which the input signal is the air flow obtained from the
SCADA. The model of the entire aeration system is presented in the graphic below (Fig. 64).

Airflow provision [m?/h] & operational parameters
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BLOWER
UTILIZATION >
(BLADE ANGLE) /
Airflow d q Blower Electric power
! 0[\':13;:?1% utilization consumption
[%] (kW]

Fig. 64. The detailed plan blower’s simulation

In this introductory simulation, the author uses SCADA measurements. The diagram below
shows assumed values. The values of summarized airflow demand is presented in graphic
below (Fig. 65). The second graphic presents the total power consumption registered during
the period. An interesting observation is that the increase in air demand proportionally
increases electricity consumption. Simulations are performed with airflow measurement as
input. Available power consumption is compared with real data.
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Fig. 65. Observed signals — total airflow in blowers and total power consumption
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Simulations have been performed using the blower controller implemented as described
above and in chapter 5.2.1.Initially, the blowers’ set points, i.e. delay times are the following:
Torr peLay equals 1h, Town peray equals 1h.There is a high convergence of results. The first
graph shows such parameters and describes obtained characteristics (Fig. 66).

g «10% Airflow of blowers
E 4F “l l 2 l L
o ———— SCADA - airflow observation
E,sl simulation - airflow provision
simulation - airflow demand
0 1 1 1 1 1 1 1 1 1 1
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Power of blowers

Blower simulation results (in average). Blower SCADA measurements (in average):

- airfflow demand: 33519 [m3/h] - airflow of blowers: 33519 [m3/h]

- airfflow provision: 32481 [m3/h] - power consumption: 105327 (kW]

- power consumption: $69.60 [kW]

Characteristics of influent (in average): Characteristics of outfluent to river (in average):
- influent volume: 107203 [m"3/h] - nitrate and nitrite nitrogen: 0.48 [mg/l}

- NH4+ + NH_3 nitrogen: 31.56 [mg/1] - NH4+ + NH_3 nitrogen: 0.68 jmg/l]

Fig. 66. Results of simulation for Torr_peav equals 1h, Ton_peravequals Thwith SCADA — total airflow and power consumption

The graphic below (Fig. 67) shows the variability of the blowers' efficiency which affects the
number of blowers turned on. To summarise, the algorithm that turns the blowers on and
off will do its job.
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Fig. 67. Results of simulation for Torr_peiay equals 1h, Ton_peiay equals 1h—number of blowers working and their utlization
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It is worth mentioning that during this 21 day-long period only 4 blowers are working (are
activated in accordance with the efficiency demonstrated in Sec. 5.2.2). As presented in
previous paragraphs, this practice is expected.

5.2.4 Simulation utilizing blowers with BSM1 model

The presented approach describes how the control of blowers affects the processes in the
reactor. The reverse approach is assumed in this implementation (Fig. 68).The oxygen
demand is determined based on the known oxygen and ammonia content in the reactor.
Then airflow demand is calculated. Such airflow to reactors lowers the pressure in the
collector. The decline in pressure forces blowers to adjust utilization to cover the demand.
Finally this blowers’ operation is converted into specific electric energy consumption.

(—) |
— —>
() " .
Sewage [—[[— Airflow Energy.
Influent Demand Consumption
REACTORS BLOWERS

Fig. 68. General scheme of the purification process presented in the dissertation

As presented in Sec. 3.2, the BSM1 model, which simulates the operation of the reactor,
derives the demand for oxygen in the form of the time-varying parameter KLa. Further, this
parameter is used to develop the oxygen demand in the reactor. The following equation
presents in details converting the KLainto airflow (Sec. 3.5.5)

OTR7ora, = KLa - (c5% —¢) -V (21)
OTR 22)
AIRFLOW = ——— (
OTE - CF,

The value of the correction factor is chosen empirically so that the ranges of obtained
oxygen flow correspond to the measurements of SCADA sensors readings. In this case, this
value is 3600. Oxygen transfer efficiency is assumed to be 0.3. CF value of parameter was
empirically selected so that the results of the BSM1 model and the actual SCADA readings
coincide. In this case, this value is 3600.
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The following graphic presents the layout of simulation containing reactors and blowers

(Fig. 69).
REACTORS COLLECTOR BLOWERS
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Fig. 69. Model of Ptaszéw WWTP including the blowers

To sum up, the diagram presented above consists of the following groups:

0
*»*

**

L X4

REACTORS — the numeric model of the 5 reactors based on the BSM1 model.
Estimation of oxygen demand based on sewage quality correlated with SCADA
read-outs. Block combines the reactor and blowers by numeric translation of the
value of KLa measured by the reactor to airflow demand expected in blowers;
COLLECTOR — block calculating airflow demand on the basis of KLa, Ozsim;
BLOWERS — numerical model of blowers. In the treatment plant, the oxygen
demand reported from the reactor level is input. The electric power demand is
calculated based on the blower operation.

Input and output of the system:

R
%

2
L X4

2
L X4

SEWAGE INFLUENT — values based on literature data and SCADA measurements
obtained from a working sewage treatment plant, the output is the value of the
KLa factor;

WORKING PARAMETERS — values observed during WWTP’s operation;

ELECTRIC ENERGY CONSUMPTION — value of power spent during aeration.

83



A sewage treatment plant model has been prepared along with the analysis of control

systems.

The previous paragraphs describe all components of a complete biological wastewater
treatment system: input data (Sec. 4.4), reactor model (Sec. 5.1), oxygenation model
(Sec. 5.2). In this paragraph, the author considers the case of simulation performed for the
system combining BSM1 reactors and blowers(Fig. 70). This description of influent is used for
estimation of airflow demand.
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Fig. 70. Matrix DATAINFLUENTused in this simulation
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The simulative results are juxtaposed with real SCADA measurements to validate the results
of airflow estimation. The simulation model based on BSM1 reflects the internal processes in
reactor and airflow demand is estimated on the basis of results. The resulting airflow
demand is presented below (Fig. 71).
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Fig. 71. Airflow demand — real and results of simulation

Later, such estimation of airflow demand is used in model of blowers. This estimation of
airflow demand is used by the virtual model of blowers to estimate total power consumed
by the blowers. It is worth mentioning that the blowers’ characteristics are as in Sec. 5.2.3.

The results of such simulations are presented in graphics below. Fig. 72 presents simulation
results that are similar to the measurements of the real object. In particular, it is worth
noting that sometimes large changes in influencing wastewater are noticeable in air flow
readings and in blower control. This confirms the compliance of the entire facility with the
reality. The simulation environment prepared in this way is the subject of further analysis in
which the operation of the entire system has been checked in terms of energy
optimization. Fig. 73 presents characteristics for parameters describing the operation of
blowers’ during their operation in simulation. It is worth noting that between 2 and 4
blowers operate in one moment, their performance fluctuates adapting to the demand.
Summing up the efficiency of working blowers’ (2-4 blowers operate in the range of 0%-
100%), the control in the range of 200%-400% of the total efficiency is obtained.
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Blower simulation results (in average): Blower SCADA measurements (in average):

- aiflow demand: 35036 [m3/h] - airflow of blowers: 33519 [m3/h]

- airflow provision: 34899 [m3/h] - power consumption: 105327 [kW]

- power consumption: 1051.07 [kW]

Characteristics of influent (in average): Characteristics of outfluent to river (in average):
- influent volume: 107203 [m*3/h] - nitrate and nitrite nitrogen: 0.48 [mg/]

- NH4+ + NH_3 nitrogen: 31.56 [mg/l] - NH4+ + NH_3 nitrogen: 0.68 [mg/l]

Fig. 72.Results of blowers simulation with control algorithm — measurements
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Fig. 73. Results of blowers simulation with control algorithm — characteristics
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5.3  Optimizing WWTPs’ operation control — state of the art

The model of sewage treatment plant shown in the previous paragraph allows for testing the
performance characteristics of the system under various conditions. An interesting topic
remains the study of the properties of the treatment plant in terms of reducing electricity
consumption in blowers. Thus, how has it been done?

The issues of energy optimization of sewage treatment plants are a broad object of scientific
research. It seems right because the process of pumping and blowing air is the most energy-
consuming aspect of the treatment plant operation. This paragraph presents the scientific
state of the art in this field. Authors propose various optimization techniques to reduce the
use of electricity.

Most of the WWTP aeration systems involve a proportional-integral-differential (PID)
controller. PID parameters regulation has been done utilizing:

e

*

aeration profiles [117], [118],

adaptive on-line tuning [119],

scheduling adjustment of the gain parameter [120], [121],
neural networks [122],

model predictive control [123],

fuzzy controller [95].

X/ X/ R/ R/
L X X X R 54

33

S

In [118], authors optimize aeration profile using MINLP programming technique (Sec. 2.4.2)
based on the model of activated sludge tank calibrated and validated with data from a real
plant. Authors analyze the profits achieved after utilizing non-uniform aeration (NUA)
control instead of uniformly distributed aeration (UDA).

In [119], authors demonstrate an algorithm focused on auto-tuning the Pl control
parameters to satisfy effluent quality condition and optimizing the nitrogen removal at the
same time. Authors research the system utilizing the numeric model performed in BSM1.
Control is portioned into two separate PID controllers.

In [117] and [118], authors analyze the modernization of Kaapla WWTP using dissolved
oxygen feedback. Authors conclude that large reductions in air consumption can be made
with a simple DO control strategy. It increases the process sensitivity to influents’ dynamics
and impacts the reduction of volumes of aerated air.

Brdys 2002[123] deliberates the hybrid model predictive controller (HMPC) to schedule the
efficiency of blowers. The example of the Kartuzy WWTP is described. In [124], authors
describe other WWTPs in Poland. The issues connected with fuzzy modeling of the chemical-
biological processes for the MPC control strategy of the electrical blowers are presented.

In [125], the author points out some degree of insight into the problem of energy overuse in
the activated sludge process at the wastewater treatment plant at Perth, Scotland. The
ASM1 model has been used to describe the level of dissolved oxygen in three aeration
sections, each containing one mechanical aerator. To solve that issue the KLa value is
calculated using the Simulink schematic below (Fig. 74).
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Fig. 74. Representation of Perth Mechanical Aeration system in Matlab/Simulink

In [126], authors base on the analysis that has been obtained from the Detroit Water and
Sewerage Department (DWSD), the largest single-site wastewater treatment facility in the
United States. The WWTP has been optimized using the Simulated Annealing (SA) algorithm.

The publication [127] presents the energy audit of membrane bioreactor (MBR) in Schilde,
Belgium. The publication [128] analyses the benchmark simulation model for membrane
bioreactors (BSM-MBR). Aeration energy (AE) is presented in the equation that split into the
contributions from fine bubble aeration in the bioreactors and coarse bubble aeration in the
membrane unit. The publication [129]shows another version of the AE equation which has
been used in SBR WWTPs.

In [130], Larrson analyses the savings with a new aeration and control system. The
implementation of ASM1 in WWTP in Sternd, Swedishis is utilized. The author proposes a
method to calculate standard aeration efficiency (SAE) (Fig. 75).

Power
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—» | SAE

AOR —» | OTRf | —

Fig. 75. Overview of calculations to find the SAE [130]

In [131], the author describes the Lancaster (UK) wastewater treatment that works for
around 100 000 population. Authors discuss the implementation of the model predictive
control (MPC) for wastewater treatment plants to reduce the costs of aeration. A process
efficiency of approximately 0.8 kWh/kg BOD is considered to be a good operation.

Olsson and Carlsson[132] presents the step-by-step schematic how level of NHs*+NH3
nitrogen in influent is regulated by valve position in diffusors supporting air (Fig. 76).
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Fig. 76. The interpretation of process from valve position to effluent ammonium concetration [132]

In series of publications Methods for Energy Optimization in Wastewater Treatment
Plants[91] and [134], authors demonstrate the energy optimization case study of WWTP in
San Pedro Del Pinatar, Spain. The reactor is a membrane biological reactor (MBR). The first
document discusses variables used in control of processes in the activated sludge system.
The adoption of a real-time control system makes the oxygen demand lower and reduces
overall energy consumption of the installation to more than 15%. In the second paper,
authors present reductions of energy consumption of the San Pedro del Pinatar WWTP using
flow modeling and simulation techniques. Authors propose the following stages of
optimization: selection of best operating conditions and regulation of airflow injection by the
diffusers. Additionally, the determination of age and conditions of air injecting components
is important. Their results allow to reach more than 35% of reduction in the overall energy
consumption of the facility. Fig. 77 outlines the stages of process that can be optimized
(according to [90]).
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Fig. 77. The electrical analogy of the aeration system model [90]

5.4 Methods used to validate the model

After reviewing the literature, the author notes that the available resources do not show
comprehensive models simulating the process of the Krakow-Pfaszéw wastewater treatment
and oxygenation in biological reactors. Previous paragraphs describe the implementation of
this sewage treatment plant model based on the BSM1 numerical model. Sample runs
present the operation of the numerical model. The modification of parameter could
significantly impact the behavior of the simulated treatment plant. The problem concerns
both the parameters of the inflowing sewage and parameters. Changing parameters can
significantly change the behavior of the model. Moreover, the model requires adoption of
parameters to match the real SCADA signals.

The author has performed the following test in order to study the model:

¢ Characterization of uncertainty with Morris simulation — the sensitivity of
wastewater parameters in BSM1 has been examined in terms of their
importance in the purification process. For this purpose, the Morris method of
sensitivity assessment has been used. More details are in chapter 6;

% Performance check with Kalman filter and its derivatives — in relation to the
above assumptions, optimization algorithms have been used to reduce
electricity consumption in the sewage treatment plant. Then, in the BSM1
model, critical parameters have been estimated using identification
procedures based on the Extended Kalman Filters. The procedure has been
initially tested by using synthetic feed rate and concentrations proposed in
BSM1. Later, it has been applied to a real object, the Ptaszéw Sewage
Treatment Plant located in Krakéw. The analyses described above are
described in chapter 7;
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* The operation of reactor with blowers modeled in dissertation has been
examined in terms of minimization of electric energy consumption. The
author analyses how influent characteristics affect the electricity
consumption. The example of simulations with statement of resultsis
presented in chapters 8.

5.5 Potential to exploit the model in order to optimize energy
consumption

Eventually, the author exploits the model implementing the characteristics of the treatment
plant. The author proposes an approach aimed at optimizing the operation of wastewater
treatment plants, taking into account the reduction of electricity consumption. In the
presented dissertation, the author puts forward control optimization exploiting criteria of
electric energy consumption minimization. The blower control algorithms is proposed to
reduce electricity consumption in this facility. More precisely, the method of blower
efficiency control by adjusting the on/off time of the blowers in the wastewater treatment
plant has been implemented. This solution allows to achieve favorable operating points of
the blowers guaranteeing lowering electricity consumption. The details of the optimization
are presented in the chapter 9.
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6 Characterization of model sensitivity

6.1 General description of sensitivity algorithms

Global sensitivity analysis is a numerical tool widely used in computer simulations to check
the effect of a set of parameters on the response of a such non-linearities in a numeric
system. These methods enable fast testing of a numeric model. Practice proves that
importance of some factors can differ significantly. It mainly concerns determining the
sensitivity of a given project's profitability to changes in the input parameters of a given
numeric model. Three kinds of methods are distinguished [134]:

% the screening — coarse sorting of the most influential numerous inputs,

< the measures of importance — quantitative sensitivity indices,

< deep exploration of the model behavior — measuring the effects of inputs on their
all variation range.

Screening methods arebased on discretization of input data in levels. The purpose of this
identification is to assess how subtle changes in the input parameters impact simulation
results. The numerous combinations of input allow for the selection of the most affecting
influent parameter -it allows to reduce the number of input parameters only to the most
important ones. Such analysis allows to research realistic structure of the complex models.
Such a simple screening simulation is used before other more complex optimization
algorithms [135].

A variance-based sensitivity analysis can be performed using the following screening
sampling techniques: Sobol and Morris [136].

6.2  Morris screening method

This analysis is based on series of simulations performed with heterogeneously changing
parameters to assess the influence of a particulate parameter to the system. A trajectory is
set of simulations, in every one parameter it is changed and the parameter changes one at a
time. Thus, the number of simulations in the trajectory equals to the number of variables
plus one [137]. This is how the trajectories are created. On the basis of these simulations,
the elementary effect is calculated [139] and [140]. The elementary effect is the measure of
response for a particular parameter that is changed in simulation. The elementary effect is
calculated with the equation:

@ @ @ O @ ® i 23
W o [f(xl 02Xy s %00, 57 A e Xy )—f(X(l))] (23)
ee; (x) = A

Where jis the variable obtained at the /-th repetition. A is predetermined multiple of 7/(n-
1) where nrepresents number of “levels” of the design. Then, the ee thus calculated is
submitted to the statistical analysis (sum of all ee, mean). On the basis of these indicators,
the influence of parameters’ changes to the operation of the model is characterized.
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6.3  Uncertainty algorithms in WWTPs — state of the art

As mentioned above, numeric models of WWTPs are strongly non-linear. Thus, numeric
models of WWTP’s are widely researched in literature.

The study of uncertainties in models of WWPS is presented in [140]. In this document, three
uncertainty sources are discussed: caused by stoichiometric, bio-kinetic and influent
parameters; due to hydraulic behavior of the plant and mass transfer parameters or due to
the combination of both of them. The Latin hypercube sampling (LHS) is proposed and
Monte Carlo simulation procedure is used.

The systematic application of regression analysis to ASM is presented in [141], where the
sensitivity of the BSM1 wastewater quality indicator to bio-kinetic parameters and the inflow
ASM1 fractions is examined. Regression analysis is also used in [62] to investigate the
sensitivity of other process variables, such as nitrate and ammonia in waste water, sludge
production and aeration energy.

In [142], a variance-based decomposition method is proposed to investigate the role of 79
ASM2d parameters on the amount of chemical properties of wastewater inside wastewater
treatment plant reactors. In this study, sensitivity analysis is used as a way to obtain
information about the observability of the model. Indeed, it is expected that parameters
that show a significant influence on the model response can be also identified.

In [143], the revised version of Morris method is presented. In this research. DESASS
simulator is used. Authors emphasize the significance of sampling. Screening is adopted to
most influential parameters of fuzzy control of WWTP. Random sampling can lead to
discordant coverage of the parameter space. On the other hand, Morris approach provides
sufficient results. Authors propose 70 trajectories in this simulation.

The description of the practical implementation of the algorithm is marked in the next
paragraph. The procedure calculates a sensitivity for changes in model’s properties. Morris
analysis can be performed on many aspects of purification.

The author of the study uses Morris analysis implemented in the novel model of Ptaszéw
WWTP. In particular, such simulation is used to analyze the sensitivity of sewage influencing
the treatment process and to validate the impact of process parameters for treatment
quality.
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6.4  Sensitivity analysis of BSM1 process

6.4.1 Validation of process variables

The dynamics of wastewater treatment based on BSM1 is described with 19 parameters
whose values must be considered in simulation. Thus, parameter screening can be carried
out to assess the influence of the stoichiometric and kinetic parameters on the BSM1
response, namely the average value of NH4*+NH3s nitrogen (SNVH) and O; (50) levels in the
reactor sections.

In Tab. 12, the assumed variability ranges are presented (based on [140] and [144]). The
guestion to be solved now is to specify the parameters with a key impact on the operation of
the treatment plant.

Tab.12. Values of stoichiometric and kinematic parameters considered in the sensitivity analysis ([140][144])

Parameter Unit Min St. Val. Max
Autotrophic yield Y, gCOD/gN 0.23 0.24 0.25
Heterotrophic yield Yy gCOD/gCOD 0.64 0.67 0.70
Fraction of biomass yielding part. products fp - 0.015 0.08 0.2
Mass N/mass COD in biomassiyg gN/gCoD 0.04 0.08 0.12
Mass N/mass COD in products from biomass iyp gN/gCoD 0.05 0.06 0.07
Heterotrophic max. specific growth rate uy day? 3.0 4.0 5.0
Half-saturation coefficient (hsc) for heterotrophs K gCoOD/m3 5.0 10.0 15.0
Oxygen hsc for heterotrophs K g02/m?3 0.1 0.2 0.3
Nitrate hsc denitrifying heterotrophs Ky gNOs/m3 0.25 0.5 0.75
Heterotrophic decay rate by day? 0.29 0.3 0.32
Corr. factor for anoxic heterotrophs growth 7, - 0.6 0.8 1.0
Correction factor for anoxic hydrolysis 1, - 0.6 0.8 1.0
Max. specific hydrolysis rate kj, gXs/gXsyCODday 2.25 3.0 3.75
Hydrolysis hsc of slowly biodeg. substrate Ky gXs/gXpCOD 0.075 0.1 0.125
Autotrophic max. specific growth rate iy day! 0.48 0.5 0.53
Ammonia hsc for autotrophs Kyy gNH3/m3 0.5 1.0 1.5
Autotrophic decay rate by day! 0.04 0.05 0.06
Oxygen hsc for autotrophs Kj 4 g0y/m3 0.3 0.4 0.5
Ammonification rate k, m3/gCOD/day 0.03 0.05 0.08
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In the Morris analysis pictured below, a set of simulations taking into account the variability
of input parameters are executed. To make this simulation, the set of trajectories is
prepared. In each trajectory, n+1 simulations are performed, where n is the number of
parameters. In each subsequent simulation, the value of one random parameter changes.
Therefore, for 19 wastewater parameters 20 simulations must be performed (Fig. 78).
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Fig. 78. Example trajectory based on parameters changing in successivesimulations
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The presented simulation consists of 10 trajectories. In total, 200 simulations of the sewage
treatment plant operation has been made. Values of PAR stoichiometric and kinetic
parameters on the Tab. 12have been adopted as in the figure above (Fig. 78). Only one of
the 19 analyzed values changes in each simulation. The results of the simulation are SNH and
SO measurements (NHs*+NHs3 nitrogen in KDN3 and O; in sections KDN3, KN1, KN2, KN3,
KN4). The sum of absolute values has been calculated for the measurements’ time vectors.
This value becomes an elementary effect and becomes the basis for further analysis. The
resulting elementary effects are presented in the graphic (Fig. 79).
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Fig. 79. The matrixes of elementary-effects achieved in Morris simulation
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Finally, after calculating the mean value and standard deviation, the effect of particular
parameters on the operation of the treatment plant can be assessed. The first
graphic(Fig. 80) manifest mean values and standard deviation for NH4*+NH3 nitrogen values.
The second one (Fig. 81) shows the mean values and standard deviation for O, values in
individual sections of the rector.
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Fig. 80.The mean and standard deviation for NH;*+NH3 nitrogen (SNH) and O, (SO) in Morris simulation
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Fig. 81. The mean and standard deviation for NH4*+NHj3 nitrogen (SNH) and O (SO) in Morris simulation

The analysis reveals that ammonia half-saturation coefficient for autotrophic biomass (Kyy)
has a decisive role in the wastewater treatment. Indeed, the parameter directly impacts
aerobic growth of autotrophs. It is also worth noting that the change in half saturation
coefficient Kyy for autotrophs has the highest impact comparing with other half
heterotrophic saturation coefficients (Kyo, Ko ). Moreover, it should be observed that the
means and standard deviations of elementary effects for both NH4*+NHj3 nitrogen (SNVH) and
02 (SO) responses show the same trend. It means that the process is in general non-linear
(as expected) due to the complexity of the biological process. Finally, sensitivity diagrams say
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that several process parameters are not reflected in the values of NH4*+NH3s nitrogen (SNH)
and 0 (S0) [145].

6.4.2 Validation of influent parameters

BSM1 model defines several key parameters that affect both influent and the purification
process themselves. Thus, it can be assumed that the selected quality parameters in
incoming sewage have a key impact on the treatment process.

Tab. 13 presents the nominal value set in Ptaszow that is based on BSM1. Those values are
included to the DATAINFLUENT reference signal that is included in the ASM1 package[78].
The minimal and maximal values are defined as reference values limiting the possible range
of parameter variation in the Morris simulation.

Tab.13.List of ASM1 variables[71] and their values considered in the sensitivity analysis [62]

No | Parameter Influent Constant value | Pfaszéow WWTP
paramete | setin BSM1 Minimal value | Nominal value | Maximal
' set in Ptaszow | value
1 Soluble inert organic matter S 30 29 30 31
2 Soluble inert organic matter Ss 69.5 64.5 69.5 74.5
3 Particulate inert organic matter X 51.2 46.2 51.2 56.2
4 Slowly biodegradable substrate Xs 202.32 192.3 202.32 212.3
5 Active heterotrophic biomass XgH 28.17 25.17 28.17 31.17
6 Active autotrophic biomass Xpa 0 0 0 0
7 Particulate products arising from | Xp 0 0 0 0
biomass decay
8 Oxygen So 0 0 0 0
9 Nitrate and nitrite nitrogen Sno 0 0 0 0
10 | NH4*+NHj3 nitrogen SNH 31.56 26.56 31.56 46.56
11 | Soluble biodegradable organic | Snp 6.95 6.55 6.95 7.55
nitrogen
12 | Particulate biodegradable organic | Xnp 10.59 9.59 10.59 11.59
nitrogen
13 | Alkalinity Saik 7 6 7 8
14 | Total Suspended Solids TSS 211.2675 191.26 211.2675 231.26
15 | Flow rate Q 18 446 111 000 120 000 130 000

This part analyses the effect of the above influent parameters on the value of NH4*+NHj3
nitrogen (SNVH) and O3 (SO) in the treatment plant. In total, 160 simulations of the sewage
treatment plant operation have been made. Influent parameters based on the Tab. 12 have
been adopted as in the figure above. Only one of the 15 analyzed values changes in each
simulation. Next, the simulation results in measurements in reactor - NH4*+NH3 nitrogen
(SNH) in KDN3 and O3 (SO) in sections KDN3, KN1, KN2, KN3, KN4.
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Simulation presented below consists of 10 trajectories(Fig. 82). In each trajectory, 15
parameters are changed. As in previous simulation, the sum of absolute values has been
calculated for the measurements’ time vectors.

trajctory - parameters
300 T T T T T T T
Si
250 F 2 T2 7
Xi
—Xs
200 - Xbh 1
Xba
L Xp _
150 Sq
Sno
100 Snh 1
Snd '
50 Xnd
L — Salk i =
Tss =
D i i i i i i i
2 4 6 8 10 12 14
simulation run
v 105 trajctory - sewage influent
|
1.48 \ .
1
III
1.46 | i
— 1
2 q44) || .
E \
|
142 \ 7
II
|
1
1471 I'. ]
III
‘Iaﬂ i i i i i i
2 4 ] 8 10

12 14
simulation run

Fig. 82. Example trajectory based on parameters changing in successive simulations
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This value becomes an elementary effect and becomes the basis for further analysis. The
resulting elementary effect is presented in the graphic below(Fig. 83).
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Fig. 83. The matrixes of elementary-effects achieved in Morris simulation
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Finally, after calculating the mean value and standard deviation, the effect of particular
parameters on the operation of the treatment plant can be assessed. Fig. 84 shows mean
values and standard deviation for values of NH4*+NHj3 nitrogen (SNVH). Fig. 85 pictures the
mean values and standard deviation for O, (S0) values in individual sections of the rector.
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Fig. 84. The mean and standard deviation for NH;*+NHj3 nitrogen (SNH) and O (SO) in Morris simulation
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Fig. 85. The mean and standard deviation for NH;*+NHj3 nitrogen (SNH) and O (SO) in Morris simulation

To sum up, the analysis of sewage treatment plant sensitivity to change of influent
parameters, several conclusions can be drawn. As in the analysis of the variables of the
BSM1 process (stoichiometric and kinematic parameters respectively), the value
representing ammonia compounds is of the greatest importance. It seems obvious that the
content of ammonia and dissolved oxygen in sewage is influenced by sewage into treatment
plants.
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Finally, the author validates how mean and standard deviation of airflow demand is affected
by changes of parameters in influent. Here, as in the above considerations, influent
NHs*+NHs3 nitrogen (SNVH) has the greatest contribution. Figure below(Fig. 86) presents the
results.
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Fig. 86. Mean and standard deviation airflow demand in Morris simulation

6.5 Summary of Morris validation

Summarizing the above observations, the author can conclude that Morris sensitivity
analyses have proved that the parameters describing the NH4*+NH3 nitrogen in wastewater
(Svuw) have the greatest impact on the treatment process. Therefore, a considerable
attention must be paid for ammonia parameters during wastewater treatment process.
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7 State estimation based on Kalman filter
7.1 Procedures based on Kalman filter - introduction

7.1.1 Bayesian optimization implemented in model validation

In the first two paragraphs of the work, a numerical model of the treatment plant is
presented which unfortunately is very non-linear. Therefore, the analysis of the operation of
such an object requires the use of special techniques that will be resistant to the
nonlinearities of the model's operation.

The Bayes’ observer is used with the assumption that the treatment process has the
properties of the Markov chain (equation 24). Reactors’ state depends only upon the current
state and not upon all the previous history of state.

P(Xe|X0:t-1) = P(X¢|X0t-1) (24)

Recursive Bayesian Estimators (RBE) is a method for estimation of an unknown probability
density function, which is recursive over time, using mathematical model of process and
incoming measurements. The main feature of the Bayes’ filter is the ability to recursively
determine the state probability distribution based on a known input history and
observation[146].

Bayesian optimization consists of main components [147]:

O

% Prior — Choose some prior measure over the space of possible objectives £

0

4 Innovation - Combine prior and the likelihood to get a posterior measure over the
objective given some observations;

< Use the posterior to decide where to take the next evaluation according to some

acquisition/loss function.

State estimation with Bayesian probability process consists recirculating calculation as
presented above. The most likely x: value can be determined from such probability
distributions p. So in the model the previous state from the moment ¢-7 is taken into
account and includes the update from the measurement.

The Bayesian optimization described above has been used to develop various numeric
methods that are used for state estimation of various nonlinear models. Bayesian
optimization techniques are implemented in Kalman filters that are used in model validation.
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7.1.2 Mathematical concept of Kalman Filters

One can imagine a situation where uncertain measurements of the processes can be
simultaneously visualized by a numerical model that is expressed by transition and
observation equations. The calculations based on such a model allow implementation of the
dedicated algorithms correcting the measurements even in high uncertainty.

Kalman Filter (KF) can be used to reconstruct variables that are not measured or to reduce
the effect of noise in the available measurements. The idea was invented by Hungarian
scientist Kalman in 1960[148]. Kalman filter is based on linear equations discretized in the
time domain. Filters based on Kalman idea are the numeric algorithms computing the state
estimates of the nonlinear system using the specified state transition and measurement
likelihood functions. The idea can be presented with the following diagram (Fig. 87).
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We assume the following variables:
% state x, state estimation X

< input g,

< output m,

«» process noise w,

< measurement noise y,

% time k.

Mathematically, the Kalman filter model assumes the new state x; at time kevolved from
the statex;_; at (k—1) according to equation below. Matrix 4 is a state transition model,
matrix Fis an input observation model [149].

xsz'xk_1+B'uk+Wk (25)

At time k an observation (or measurement) y, of the true state x;, is made according to the
equation below. Output function maps the simulated state into space observed by
measurements.

yk=C'xk+vk (26)
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Vector wyis the process noise and vector v, is measurement noise. They are assumed to be
zero mean Gaussian white noises with covariance matrices w;,~N (0, Q;) and v, ~N (0, Ry)
respectively. The Kalman algorithm is a two-step process: prediction and correction
(measurement update).

In the prediction step, the Kalman Filter produces estimates of the current state variables,
along with their uncertainties using model expresses in matrix A. Prediction is expressed in
the following equations:

v Project state ahead
x’k(prediced) =A X1+ B-u (27)

v Project the error covariance ahead
P’k(predicted) =A" Py AT + Q (28)

Correction (measurement update) is the next stage when state prediction is compared to
measured state values.

v/ Compute the Kalman gain
P,k(prediced) -HT (29)

Kk =
HP’k(predicted)HT +R

v/ Upgrade the state estimate using measurement z;,

Xk = X'kpreaiceay + Kie(ze — HX ypredicea)) %)

v Update the error covariance
P.=0U- KkH)Plk(predicted)

The Kalman gain is the relative weight given to the measurements and current state
estimate. The product of Kalman gain and difference between the predicted and measured
state indicates the signification of simulation to the output value. A new state estimation
and its error covariance are output. After update of state estimate x; and error covariance
Py, the cycle begins again. The overview of Kalman filter is presented below (Fig. 88).

(31)

Predicted state -

Previous based on physical numeric
state model and previous state
X0 | | XK a X =AX 4 +BU Wy
P Py - P =APAT+Q,
Initial
state k—k-1
Currents state becomes
previous 4
X xi=x+K(z,— Hx’ P' . HT
[ < K ﬁr_ (Z« ! W < K = k < Z
Py P=(1-KH)P’ HP'.H" + R
Output of Updated state — Calculate Kalman gain Measurement
Updated based on from sensor
state with noise

Fig. 88. The overview of Kalman Filter (based on [150])
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Symbols used in equations are:

% Uy, z; — control and measurement vector, the first one indicates the magnitude of
any input state value controlled in the situation; the second one contains real-
world measurement received in moment %,

% Xy, Xp—1 —newest and previousestimate of the current ,true” state,

% P, P,_1 —newest and previous estimate ot the average error covariance matrix,

% A, B, H, C — state transition matrix, control matrix, conversion matrix, observation
matrix respectively,

% K —Kalman gain in step k,

% Q, R - estimated covariance matrices of u; (process noise) and vy, (error noise).

State measurements are needed for satisfactory performance in many applications.
For linear systems, standard solution are available like Kalman filter. Prediction
for non-linear systems is much more challenging. One can take two approaches
[132]:

% One approach is to linearize the nonlinear system at each sampling time and then
apply the linear solutions to the linearized model (Extended Kalman Filter). This
approach is ad-hock solution for non-linear systems;

% Observer designs that explicitly account for nonlinearities can use deterministic
approaches (sample based methods like a particle filter) or stochastic observers
(moving horizon estimation).

Extender Kalman Filter (EKF) can be used for non-linear functions of the state. Extended
Kalman Filter (EKF) simplifies non-linear function to linear using linear transition in a selected
point [151]. Values wyandv,correspond to estimated noise and error in the system and
measurements.

The literature [152]describes the process w; and observation v, disturbances in two ways.
First, it takes into account in state transition and observation functions as non-additive noise
formulation. Secondly, it extracts it as the component of the sum of the equation (additive
noise formulation).

In the case of non-additive noise formulation process function () depends on both previous
state x,_4 and input u;. Output is described with observation function A() that is non-linear
reaction based on state x; and observation noise v, (Fig. 89).

X = f (X1, Ug, W) (32)

Vi = h(xx, vie) (33)

In further considerations only the case of additive noise is analyzed — process and
observation noises are both assumed to be zero mean multivariate Gaussian noises with
covariance Qkand Rkrespectively (Fig. 89).

X = f (g1, u) + wy (34)
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Vi = h(xy) + v (35)

PREDICTION CORRECTION
Time Update Measurement Update

(1) Compute the Kalman gain
P H,T
— _ Yk
(1) Proj?ct the state ahead K= H.P'.HJT + R
X = (X1, Uger)
(2) Update estimate with measurement z,
(2) Project error covariance ahead X=X +K(z,— h(x’},))
P =AP AT+ Q4 .
| — (3) Update the error covatiance
P=(1-KiH )Py

Fig. 89. The overview of Extended Kalman Filter (based on [149])

Extended Kalman Filter makes the non-linear function into linear function using Taylor
Series, it helps in getting the linear approximation of a non-linear function. This way best
available linear estimate is achieved. We are assuming that functions F and H are
differentiable at a points xxand xx-z.

For state function ()

Of (Xp—1,Uk)

[ we) = fOge—q,wye) + o (Xg—1 — Ug) (36)

-1

For measurement function 4()

h(xy) = h(xg_1) + % (Xk-1) 37)
k

The partial derivatives lead tolacobian functions - the best linear approximation of the
function Fand Hnear the point xin time k.

]F — af(xk—l'uk)

— state transition Jacobian
Oxg—1

]H — af(xk—l)

— measurement Jacobian
axk

Finally the non-linear function can be presented linearly as in classic Kalman filter
[ we) = f(egmg, i) +JF (gemq — ug) (38)

h(xy) = h(xg_1) + JH (xk-1) (39)

A nonlinear task can be replaced with a linear one after calculating the cost of the Jacobian
matrix value at each step of the simulation. Such a task can be solved with the classic Kalman
filter described in the previous paragraphs. Although linearization used in the EKF filter gives
correct results in the case of small non-linearities. Although it is worth noting that the
Kalman filter limits issues like: difficulties in analytical calculation of the Jacobian matrices in
state transition or measurement functions, high computational cost to find the numerical
version of Jacobian and finally EKF is not optimal if the system is highly nonlinear.
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EKF is suitable for parameter estimation of complex non-linear numeric models. As such
following numeric problems must be solved with EKF [153]:

O

< determination of the structure of the dynamic relationships between inputs 4,
state variables x, and outputs y (model structure identification), prediction
especially when measurement data has a lot of noise,

« determination of the current and future values of the state variables (state
estimation and prediction),

< estimation of the inaccessible state variables that are not measured (state
reconstruction),

< computation of values for the parameters that appear in the identified model
structure (parameter estimation); In this dissertation second EKF will be
implemented to estimate the unknown parameters (paragraph below),

¢ simultaneous determination of the values of x and (combined state and

parameter estimation, or adaptive estimation and prediction).

Another modification of Kalman Filter for non-linear systems is Unscented Kalman Filter
(UKF). This concept was introduced in 1997 by Julier and Uhlman[154]. It is expected to deal
with the most non-linear cases. Unscented transformation captures the propagation of the
statistical properties of state estimates through nonlinear functions.

The basic idea underlying the algorithm is to apply unscented transformations to a set of
points (Sigma Points) representing a random variable, to estimate the probability density
function of another random variable: the state in the next step (time update), or the output
of the system (measurement update). Each sigma point stores mean and covariance of the
estimated state that is used as input to the state transition and measurement functions. UKF
filter is implemented in software by following equations [155]:

x[k + 1] = f(x[k], us[k]) + w[k] (40)
y[k] = h(x[k],um[k]) + v[k] (41)
(42)

w(k]~(0, Q[k]),v[k]~(0, R[Kk])

The nonlinear measurement function Arelates xto the measurements yat time step k.
By usand um denoted are additional input arguments. The state transition and
measurement equations are for an M-state discrete-time nonlinear system and have
additive process and measurement noise, wand v with zero mean and respectively Qand R
covariance matrices. Value of X is the state estimate and X [k, |k»] denotes the state estimate
at time step k= using measurements at time steps 0,1,.., k.

Like the EKF, the unscented Kalman filter can be used only for models with Gaussian noises.
For the estimation of the state with non-Gaussian noises particle filters are used which are
based on the sequential Monte Carlo method [156].
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To sum up, the table below (Tab. 14) shows the computational cost associated with the
discussed Kalman filter and its modifications[157]:

Tab.14. Comparison of Kalman Filter with its modifications[157]

State estimator Model Assumed distribution | Computational cost

Kalman filter (KF) Linear Gaussian Low

Extended Kalman  Filter | Locally linear Gaussian Low (without numerical Jacobians)
(EKF) Medium (with numerical Jacobians)
Unscented Kalman Filter | Nonlinear Gaussian Medium

(UKF)

This model’s linearity is a crucial issue. A significant non-linearity of the numerical model of
WWTP’s has been demonstrated. Thus, in further simulations implementations of EKF and
UKF are investigated.

7.1.3 State estimation using Kalman filter

The Kalman filter consists of two stages - prediction and correction. During the prediction,
the numeric model is used to calculate the behavior one step ahead. During the correction,
the model uses the measured data. In the case when one state in vector does not have
equivalent in measurements, the covariance "entails" unmeasured state during the
correction step [158] and[159]. Such a phenomenon allows for the determination of the
parameter value by entering one into the model as a state.

In models like WWTP not all state variables are measured, so we have only output
measurements and state estimation provides a way to reconstruct the state of the system.
Therefore, the literature has been checked for the implementation of such an approach in a
sewage treatment plant and an own solution has been proposed.
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7.1.4 State estimators in WWTPs — literature review

The concept of state estimation of WWTP to reduce consumption using the Kalman filter is
presented in numerous publications.

The first attempts of state estimation took place at the beginning of the 80’. Beck [153]
presents on-line real-time state estimation and prediction in operational control of the
activated sludge process. Mass balance across the aerator yield the 5 nonlinear ordinary
differential equations simulating the dynamic nitrification mode. States consist of the
following sewage parameters xz ammonium-N, nitrite-N, nitrate-N, Nitrosomonas bacteria;
Nitrobacter bacteria (all in g/m3).

In publication [160], an on-line estimation of suspended solids in pilot-scale Membrane Bio-
Reactor (MBR) using a Kalman observer is presented. Authors construct state-space model
X(t) that is n-dimensional state vector of the suspended solids (SS) concentration in the
reactors. The test of Kalman State Observer has been designed for the dynamic estimation of
SS in the biological tanks of WWTPs’ reactors.

In publication[161], state estimation for large-scale wastewater treatment plants is
presented. Authors utilize two numeric techniques: Extended Kalman Filter and Moving
Horizon Estimation.

Chai [162]investigates the use of the standard Kalman Filter, the Extended Kalman Filter, and
the Unscented Kalman Filter in state estimation of a typical biological WWTP and compare
the differences in performance of these estimation approaches. Author analyses the states
of the model grouped into the concentration of soluble components .5 and particulate
components X

The concept of the Kalman filter has been used many times in the task of sewage treatment
plants simulated with ASM models of reactor. Some examples are highlighted below.

Zeng and Liu [163]develop a distributed state estimation scheme for wastewater treatment
processes in the context of extended Kalman filtering. In presented control algorithm is
based on ASM1. Authors have extracted state vector X(%) that contains 78 state variables
with 48 variables measurable. The distributed scheme is compared with a centralized
extended Kalman filtering scheme under dry conditions.

One of the first works addressing the problem of model state and parameter estimation is
[164], where the Extended Kalman Filter (EKF) was applied to the ASM nr.1 in 1991. E. Ayesa
published a detailed explanation of using modified non-linear Kalman Filter (EKF). EKF is
implemented in model of WWTP based on IAWPRC and uses unknown numerical values of
the state and parameter of sewage parameters as states. In the proposed application,
measurement vector consists of 7 measurable parameters such as: COD, TKN, NH.

In [165], EKF has been used in ASM2 model, in [166] with a reduced ASM, in [167] with
ASM2 and in [162] with ASM3. In [168], a proper orthogonal decomposition of BSM1 is
carried out for estimating as many as 145 state variables of all reactors of the plant via EKF.
A measurement vector counts 49, 3 states are uncontrolled input to the WWTP plant.
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7.2  State estimation to check performance of WWTP model

7.2.1 Sewage influent estimation using Kalman filters

The previous paragraph (Sec. 4.3.7) introduces a parameter estimation using Kalman filter.
This method can be an effective way of estimating the unknown parameters of wastewater
affecting only and exclusively on the basis of measurements made within the process. In
order to validate the algorithm in this task, a simulation study on synthetic data has been
performed. The process consists of two independent approaches.

Performance check simulation. First, the reference simulation is performed. Based on the
assumed input data, the NH4*+NH3 nitrogen (SNVH) and O (SO) values in the reactors are
counted. Such measurements show what values of the state of the reactor are expected
with the known inflow sewage. This task is illustrated by the Fig. 90 below.

Suy INFLUENT BIOREACTOR
BSM1 parameters

Fig. 90. The reference run calculating synthetic data

Parameter estimation simulation. In the second step, parameter of NH4*+NH3s nitrogen (SNVH)
istreated asunknown, its value is adopted from synthetic sensor measurements obtained
during the reference simulation. The simulation begins with the initialization value of the
SNH influent state and sensors’ measure. Next, the simulation aims to estimate the value of
the influent of SNH to validate whether it matches the measurements obtained from
previous simulations. The comparison of the estimated SNH value with the value for
reference stimulation allows estimating the effectiveness of the algorithm. This task is
presented by the Fig. 91.

Swu INFLUENT BIOREACTOR
To estimate

Fig. 91. The schematic of parameter estimation based on synthetic data

This idea of state estimation using Kalman filters is presented in [169].
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7.2.2 Implementation of Kalman state estimator in Ptaszow WWTP

Discussed in p. 6.2 sensitivity analysis has shown that the NHs*+NHs3 nitrogen (SNH
parameter) has the greatest impact on the purification process. Therefore, the analysis will
be limited to SNH estimation in the inflowing sewage. The parameters will be adopted
according to the Tab. 15.

The paragraph describes the implementation of Kalman state estimator. In this case, the
state estimation is based on the reference simulation.

Tab.15. List of ASM1 variables[71]

No |Parameter Influent parameter Constant value set in BSM1
1 Soluble inert organic matter S| 30

2 Soluble inert organic matter Ss 69.5

3 Particulate inert organic matter X 51.2

4 Slowly biodegradable substrate Xs 202.32
5 IActive heterotrophic biomass XgH 28.17
6 IActive autotrophic biomass Xpa 0

7 Particulate products arising from biomass decay Xp 0

8 Oxygen So 0

9 Nitrate and nitrite nitrogen Sno 0

10  |NH4™+NHjs nitrogen SNH 31.56
11  [Soluble biodegradable organic nitrogen SnD 6.95
12  |Particulate biodegradable organic nitrogen XnD 10.59
13 |Alkalinity SaLK 7

14 [Total Suspended Solids ITSS 211.2675
15 [Flow rate Q 18 446

As presented in previous chapters (Sec. 6), selected parameters pay a crucial role during the
operation of the wastewater treatment. In the discussed solution, the estimation procedure
is used to estimate the NH4*+NH3 nitrogen of incoming sewage (SNH parameter). More
precisely, two states are assumed in this implementation of the Kalman filter:

< NH4"+NHs3 nitrogen (Snvx) influent as a parameter to be estimated,
«» NHz*+NHj3 nitrogen (Snvz) measured in KDN3 section in WWTP.

In Sec.7.1, the idea of using the Kalman filter in wastewater treatment plant is discussed. It is
mentioned that for the analysis of non-linear objects such as sewage treatment plants the
following options can be considered:

R

% Extended Kalman filter,

# Unscented Kalman filter.
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The following parameters have been used in the particular Kalman simulations (Tab. 16):

Tab.16. Parameters used in the particular simulations

Simulation length

Pre run period

EKF

Process noise covariance matrix

Measurement Noise covariance matrix

Alpha

Beta

Kappa

The simulation has been performed on synthetic data, which was obtained along with the
documentation of the BSM1 model (Fig. 92). Sewage flow increased in proportion to the
conditions of the Ptaszéw WWTP (here the average of sewage flow is around 200 000 m3/h).
Other parameters due to a lack of reliable comparative points remain original.
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Fig. 92. Plots presenting synthetic data used in the reference simulation
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Each week we can distinguish different weather conditions. These three weeks are the basis
for further analysis in which the operation of the reactor model is examined (Fig. 91).

% Week 1 (dryweek) is characterized dry weather conditions. In practice, the values
change throughout the day cycle. This week is designed to allow a week long
period to stabilize the simulation;

< During week 2 (rainweek) two-day rains have been introduced. Under these

conditions, the flow increases to approx. 250 000m3/h and as a result of
separation the waste water contamination parameters are reduced;

dynamically and sewage parameters change.

% Week 3 (stormweek) contains a storm in which the impact of sewage increases

The results of the above simulation are the reference base for further simulations in which
the inflow sewage parameters are estimated. The results of the simulation of the parameter

estimation algorithms are discussed below. The simulation lasts 21 days.

The first week is devoted for "a start-up" - establishing a steady state (as described in the
documentation of the BSM1 model [57]). Exactly at the beginning of day 7, a new value of
SNH influent is “injected.” Thus, a two-week simulation is carried out in which the SNH
influent value is dynamically estimated. The task of the parameter estimation algorithm is to
bring the model state out of distortion and return to equilibrium. At this point, a reference
simulation is used as equilibrium and it shows how the simulation should look like in a no-
disturbance case. Therefore, for SCADA measurements, additional tests have been carried
out to show the operation of the simulation for the ranges discussed in Tab. 17.

Tab.17. Parameters set in the simulation

PARAMETER TYPE Low Value Intermediate Value High Value

Process noise covariance matrix [0.20.20.20.2] [0.20.20.20.2] [0.20.20.20.2]
Measurement Noise cov matrix [0.2] [0.7] [1.2]
Alpha 0.2 0.7 1.2

Beta 1 1.5 2
Kappa 0.5 1 15
Initial influent NH4*+NH3 nitrogen (Snw) 0-100

Two independent simulations are performed: reference simulation and an estimation.
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First, a reference simulation is performed. As already mentioned, the reactor model is based
on the BSM1 model. It has been proved in the previous sections that NHs*+NHjs nitrogen
(Svu) in influent and its volume affects the cleaning process the most. Thus,
NHs*+NHs nitrogen (Syv#) has been estimated for incoming sewage (Fig. 91). Areference
simulation has been performed in which it has been checked what values of ammonia in the
reactor are registered. The idea of reference run are shown in the graphs below(Fig. 93).

< NHz*+NHj3 nitrogen influent is taken from BSM1 model,
< NHs"+NHjs nitrogen sensor are saved as a result of the simulation,

NH, influent
100 - : nfluent taken from BSM1 model
— I NH,‘ - mﬂuentl
@ 50}
& P MATATATAT AT A A ftbabatapatpharg pata
0 1 A 1 1
0 5 10 15 20
day
NH4 sensor
= 5r NH, - synthetic data | fesults of simulation
o
) J
0 5 2 ) ;
0 5 10 15 20
day

Fig. 93. Values of NH4*+NH3 nitrogen for influent and sensors - reference simulation

Then, the results obtained in this way will be used to check whether the parameter
estimation using the Kalman filter coincides with the simulation results (Fig. 94).

«» NHs*+NHj3 nitrogen sensor from the reference simulation (a reference point for

further analyzes),
«» NHs*+NHj3 nitrogen influent is considered unknown and therefore is the object of

*

the estimation.
Deliberate signal disturbance

NH, inﬂym/
Evaluate if return to the values consistent

100 v
= @7 with the influent taken from BSM1 model
o 50 V!
E N
d -
0 5 10 15 20
day
NH, sensor
» 5} | NH, - synthetic data | / nitrogen from the reference simulation
o
R T R W Iy
0 A 2 " h
0 5 10 15 20
day

Fig. 94. Values of NH4*+NH3 nitrogen for influent and sensors — idea of state estimation
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7.2.3 Determination of EKF covariance matrices in simulation

The operation of the estimation depends on the settings of the Kalman filter parameters.
Therefore, the simulations with different values of process and measurement noise
covariance matrices are performed. To validate the values of the noise covariance matrices,
the author considers running simulations with variable covariance matrices. The following
values are taken into consideration:

% Process noise covariance matrices:

[0.02,0.02; 0.02 0.02], [0.8,0.8; 0.8,0.8], [0.32,0.32; 0.32,0.32],
% Measurement noise covariance matrices:

[0.25], [1], [4].

Next simulation presents the test of covariance matrices (Fig. 95).
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Fig. 95. Results of EKF estimation for different values of process noise covariance matrices
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Additional calculations are made to investigate the shown ones. Importantly, the only
meaningful reference is to measure the SNH in the reactor. Therefore, this value is checked
for each estimation against the reference (measured) values. In order to represent the
mathematical relationship, root mean square error (RMSE) is calculated[170].

(A —F) (43)
n

RMSE =

Where:

A;— actual data
F; — forecast
n — number of probes

In Fig. 96 result with a lower RMSE in reference with measurement is marked and the
appropriate value of the covariance matrix has been written.
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Most suitable parameters selected for EKF:
InitiaINH4 influent:100

InitialState: [100 0]

processNoise CovMatrix: [0.32 032]
measurementNoiseCovMatrix:0.25

Fig. 96. Results of EKF estimation for different values of process noise covariance matrices — with minimal RSME marked
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7.2.4 EKF in estimation for different initial values of influent

In the analyzed case, extreme values of NH4*+NHj3 nitrogen (Sy#) influent are "injected," they
correspond to the state of complete purity of the wastewater and extreme pollution:

*,

% 0 mg/l,
< 100 mg/I.

The first simulation results are performed for EKF with initial conditions between 0 — 100.
The precise values are 0-25-50-75-100 (Fig. 97).Lines presenting the corrected NH4*+NHj3
nitrogen (Snu) are approaching one value. Importantly, this line coincides with the reference
values (drawn in the background).
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Fig. 97. Simulation results for EKF with initial conditions between 0 — 100

It can be noticed that the EKF correctly estimates the value of NH4*+NHj3 nitrogen (Swv#) in the
sewage. The convergence of the estimate is correct, while the value converges to the value
of 50 mg/I.
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7.2.5 UKF in estimation for different initial values of influent

The next simulation implements the previously discussed Unscented Kalman Filter
(Sec. 7.1.2). In this case, a reference simulation was also used as described for EKF (Fig. 98).
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Fig. 98. Simulation results for UKF with initial conditions between 0 — 100

It can be noticed that the UHF simulation, like EKF, correctly estimates the value of
NHs*+NH3 nitrogen (Snvn) in the sewage. Nevertheless, from the above figures it can be
concluded that in this case UKF works worse than the analogous simulation from EKF. The

Performance of UKF is rather disappointing. Therefore, only EKF will be used for further
identification.
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7.3 Parameter identification using EKF

7.3.1 Description of the analyzed numeric cases

The sensitivity analysis in Sec. 6 has demonstrated sensitivity of WWTP to change of influent.
However, only selected influent parameters have a greater impact on the operation of the
treatment plant. Hence, the number of parameters has been limited to 1. The
implementation of EKF and UKF filters discussed in Sec. 7.2estimates NH4*+NH3 nitrogen
(Svm) influent parameters in relation to NH4*+NH3 nitrogen in the reactor calculated in the
reference simulation. It is only validation of the performance of the model on the basis of
synthetic data. The conclusions of the analysis indicate that EKF can be used to estimate
incoming sewage parameters.

In this case, available SCADA measurements describing the operation of a real object have
been used. More specifically, the available measurements of NHs*+NH3 nitrogen (S»#) in the
reactor are used. State estimation is implemented to identify the unknown parameter. The
influent NHs*+NH3s nitrogen (Snn) is chosen as the second unknown state in this case. A
correctly configured Kalman filter should lead to the estimation of the unknown parameter
to possible values despite the lack of precise measurements. This idea of simulation is
presented below (Fig. 99).

?

m
Syy INFLUENT BIOREACTOR

To estimate

Fig. 99. Schematic of parameter estimation based on synthetic data
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7.3.2 Selection of 21-day SCADA signal

Unknown parameters of sewage influent are presented on the basis of BSM1 model data.
Parameters describing CONSTANTINFLUENT signal from BSM1 are selected (Sec. 3.3.3). This
is how DATAINFLUENT variable that simulates the influent to the WWTP is built (Fig. 100).

In this simulation the unknown influent NH4*+NHj3 nitrogen (Sn#) is estimated on the basis of
available measurements of this parameter in the reactor.
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Fig. 100. Example of SCADA measurements — influent data based on sensors

The above input data requires validation. Out of the above data, the Syu, which describes
the content of ammonia flowing into the wastewater, seems to be of particular interest. In
CONSTANTINFLUENT input signal value of parameter is assumed constant (more precisely,
this value is 31.56). This value originates from the BSM1 model, so it is worth customizing
this value to the case of the sewage treatment plant in Ptaszéw Sewage Treatment Plant in
Krakow. Therefore, simulations of the Kalman state estimators are performed in order to
estimate the unknown influent parameters. For such estimation EKF and UKF are
implemented.
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At this point, measurements obtained in the reactors’ SCADA system are used as a
reference. First, the data presented in the figure below have been obtained (based on the
available SCADA data from 2015). To perform next analyses, 21- day period (3 weeks) has
been selected as presented in the graphics. SCADA measurements are: sewage flows (in
effluent), O, in reactors’ sections KDN, KN1, KN2, KN3 and finally NH4*+NH3 nitrogen in KDN4
(as described in Sec. 4.2). The author presents these measurements data below (Fig. 101).
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Fig. 101. Example of SCADA measurements — in each section O, (SO) sensor andNH4* +NHj3 nitrogen (SNH)
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Fig.102 pictures the measurements in NHs*+NH3 nitrogen (Syz) and sewage flow. It is worth
underlining variability WWTP’s operation depending on the day of observations. Such
unpredictability is caused by variations in environmental conditions - day, rain, storm etc. (as
described in 3.2.1).

NH4 level in reactor
10 T T T T T

L=

i 58 i 1 ki LN |
15 20 25

day

<10° Sewage inflow

=r ' \ A T ' l ]

i \ }i"\ v M 1 -
2 ,' o i 1 ) A l 1\ )| \ ke fh A (\l ]W\ ol
/ \ A v \ [ \ M A AT RYARY l;.
\\'{\»\*’ m \/J\UJ M'IJM \1,.'( Mv' I VY A ‘Jvu \-1;'\4.' qu,' I

=3
3]
o

\
| ] v

| | | | |
0 5 10 15 20 25
day

Fig. 102. Example of SCADA measurements — NH4 *+NH3 nitrogen (SNH)and sewage flow sensors

The corresponding airflow is presented in the Fig. 103.
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Fig. 103. Example of SCADA measurements — airflowsensor

123



7.3.3 Determination of EKF covariance matrices in simulation

For this simulation, the estimation plan is similar including inter alia covariance matrices
presented in Sec. 7.2.3. Thanks to this, the consistency of the results can be compared. The
results of simulations are presented in the following figure (Fig. 104).
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Fig. 104. Results of EKF estimation for different values of process noise covariance matrices

It is worth mentioning that the value of NH4*+NH3 nitrogen (Sw#) is slowly setting down to
optimum despite the lack of measurements in the Kalman filter. One can find that the
measure of NH4*+NH3 nitrogen reaches optimum for all simulations performed with different
values process noise covariance matrices.
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Out of the above results, the most favorable value of process noise covariance matrices has
been. More precisely, each result is compared with the result of the reference simulation.
The minimal root mean square error (RMSE) is calculated (Fig. 105)and its track is marked
with the dashed line. Noise covariance matrix parameter, equal to 0.25, has given the best
results.
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measurementNoiseCovMatrix:0.25

Fig. 105. Results of EKF estimation for different values of process noise covariance matrices — with minimal RSME marked
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7.3.4 EKF in estimation for different initial values of influent
Results of EKF simulations with different starting initial NHTINFLUENT are presented below.

The values of NH4*+NH3 nitrogen (Snv#) influent are as follows: 0, 25, 50, 75, 100 mg/I. Results
are presented in Fig. 106. Presented results are in line with previous results (Sec. 7.2.3).
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Fig. 106. Simulation results for EKF with initial conditions between 0 — 100
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7.4 Summary of state estimation based on Kalman filter

Taking into account the earlier validation based on Morris, it is worth noting that the key
parameters of the influencing wastewater are their volume and the NHs*+NHs nitrogen
parameter (Sec. 6).

Summarizing the above observations, the author can conclude that the analysis of the state
observer using the Kalman filter proves the convergence of the BSM1 model to the assumed
value of NH4*+NH3 nitrogen (31.56 mg/l) in influent (Sec. 7).

Taking into account the above facts, it can be said that the model is ready for further analysis
taking into account the energy minimization criterion. The figure below shows how the
above simulations are used in an optimization task (Fig. 107).

l Variable sewage influent

MORRIS ANALYSIS
in characterization of model sensitivity

Decisive parameters
\4

KALMAN FILTER
to validate model for decisive parameters

A validated model operating
under certain conditions

CONDITIONS: COST:
Decisive OPTIMIZATION OF CONTROL Electreicit
parameters having different blowers’ delay time !

in influent consumption

Fig. 107. The idea of optimization based on the discussed model
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8 Testing the operation of reactor with blowers under variable conditions

8.1 Introduction to this paragraph

Heretofore, some theoretical issues of optimization in the field of energy have been
presented and numeric model of a sewage treatment plant has been described and
validated. The previous chapters present the operating procedure of a biological reactor in a
sewage treatment plant. Contamination of sewage influent can vary which affects the
treatment process. Thus, depending on the quality of sewage, expected oxygen level in
reactors changes. The content of oxygen in reactors is controlled by air pumped to reactors.
Blowers adjust the pressure to maintain the expected airflow. Their operation consumes
significant amount of electric power and its adjustment is expected. The question of the
impact of the quality of wastewater affecting the operation of wastewater treatment plants
remains open.

In this paragraph, the author presents the results of simulations carried out to reduce the
electricity consumption of facilities such as sewage treatment plants.

Taking into account the above-described models of the reactor (based on BSM1) and
blowers (based on the characteristics), they have been used to simulate the complete
treatment process (Fig. 108).

(—) |
s 2 >
e’ V] B
Sewage [—[[ Airflow Energy.
Influent Demand Consumption
/y REACTORS BLOWERS
INPUT PARAMETER:
* NH*+NHs NITROGEN INFLUENT TESTED CRITERIA:
* VOLUME * ENERGY CONSUMPTION

Fig. 108. General view of the optimization task

Such system is the object simulation that allows to analyze the process in terms of
minimization of electric energy consumption. Such numeric process is based on the
complex implementation of wastewater treatment integrated with aeration.

Using the numerical model of the wastewater treatment plant together with oxygenation
presented above, which is based on the wastewater treatment plant in Ptaszéw Sewage
Treatment Plant in Krakdw, the author will discuss control options to reduce electric energy
consumption during the purification process. Potentially, the modernization of pumps can
give even 30% of savings and aeration can save up to 50% of electricity [9].
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In the analyses presented in this chapter, parameters of the influencing sewage presented

below are used (Fig. 109).
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The simulation is performed for a presented influent. First, the airflow demand is calculated.

Fig. 109. Parameters of sewage influent used in simulations

Such resulting airflow is the influent to blowers in Sec. 8.2and8.3.
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8.2 How quality of sewage influent impacts the electricity consumption

In previous chapters, it has been investigated that NHs"+NHj3 nitrogen (Swax) in influent has
the greatest influence on the process. Thus, this value is changed to validate the impact on
electricity consumption. The values of SNHinfluent are: 20,30,40 and 50 mg/I.

A detailed results of simulations for extreme values are presented below.

The first figure (Fig. 110) presents the simulation for lowest NH4*+NH3 nitrogen. It shows that
total airflow demand and total power of blowers is low. This is due to the fact that low
NHs*+NHs nitrogen causes low air demand and thus only 4 blowers operate at minimal
utilization.

The second graphic (Fig. 111) presents the number of blowers and average utilization for a
period of simulation

Graphic (Fig. 112) presents the simulation for highest NH4*+NHs nitrogen. In this situation,
total airflow demand and total power of blowers significantly exceed SCADA measurements.
The fact is that the blower needs to be operated at high utilization.

Figure (Fig. 113) shows the variability of blower operation for this case. The blowers are
dynamically turned on/off according to the previously presented algorithm.

The performance of the treatment plant has been investigated at intermediate values of
NH4*+NHs nitrogen. The observed measurements are shown in the table below (Tab. 18).

Tab. 18. Results of simulations with variable influent NH4* + NH3 nitrogen

Influent Average effluent Average blowers operation parameters
(stop and start delay: 1h)
Mean of | NHs +NH3 Nitrate and | NHz*+NH3 Average power | Average Average
sewage nitrogen nitrite nitrogen number of | utilization of
volume nitrogen blowers blowers
[m3/day] [mg/I] [mg/1] [mg/1] [kw] [-] (%]
107 203 20 0.41 0.68 931.77 2.81 60.46

30 0.46 0.68 1045.28 3.04 65.05

40 0.51 0.69 1144.05 3.12 76.87

50 0.54 0.69 1240.81 331 82.31

These results allow the assumption that the relationship between the NH4*+NH3 nitrogen of
the influent and the NHi*+NHs3; nitrogen content inside of the reactor is increasing.
Moreover, NHs*+NH3 nitrogen monotonically (increasingly)affects the operation of the
blowers and, consequently, the electricity consumption in the facility.
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Blower simulation results (in average):
- airflow demand: 30424 [m3/h]

- airflow provision: 30358 [m3/h]

- power consumption: 931.77 [kW]

Characteristics of influent (in average):
- influent volume: 107203 [m”3/h]
- NH4+ + NH_3 nitrogen: 20.00 [mg/l]

18 20

Blower SCADA measurements (in average):
- airflow of blowers: 33800 [m3/h]
- power consumption: 1063.94 [kW]

Characteristics of outfluent to river (in average):
- nitrate and nitrite nitrogen: 0.41 [mg/l]
- NH4+ + NH_3 nitrogen: 0.68 [mg/l]

Fig. 110. Total airflow and total power for maximal NH4*+NH3 nitrogen
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Fig. 111. Characteristics of simulation for maximal NHs*+NH3 nitrogen
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Fig. 112. Total airflow and total power for maximal NH;*+NHj3 nitrogen
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Fig. 113. Characteristics of simulation for maximal NH4;*+NHj3 nitrogen
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Results for average effluent parameters are demonstrated in the figures below (Fig. 114).
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Fig. 114. Plots presenting effluent parameters:

1) Nitrate and nitrite nitrogen (Sno)
2) NHz*+ NHs nitrogen (Snu)

The change in the quality of the sewage influent affects the performance of the observed
blowers during the treatment process (Fig. 115). It can be seen that the utilization of the
blower increases with the deterioration of the quality of the waste water.
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Fig. 115. Plot presenting average power needed to clean m3 of sewage in one hour

Summarizing the calculations, it can be concluded that influent NH4*+NHs nitrogen (Swr)
strongly impacts the wastewater treatment process. Nevertheless, the deterioration of the
influencing effluent does not significantly change the effluent. Such behavior is the most
desirable. The controller adapts to changing wastewater quality maintaining the effluent in
desirable quality. The customization of blowers’ use clearly indicates this operation in action.
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8.3  How the volume of influent wastewater affects the consumption of
electricity

The second experiment investigates how volume change for wastewater influent affects the
process. The flow values have been selected corresponding to the physically possible
situations in the Krakéw sewage treatment plant. The mean of sewage volume ranges from
50 000m3/day to 200 000m3/day. The analysis assumes a constant quality of wastewater,
regardless of its quantity.

The graphics below show the results of individual simulations for the extreme values of the
influencing wastewater. It is worth noting that the results have been compared to the
SCADA measurements for this case.

The first figure (Fig. 116) shows that total airflow demand and total power of blowers is low.
This is due to the fact that low sewage flow causes low air demand and thus only 4 blowers
operate at minimal efficiency are required.

The second graphic (Fig. 117) presents the number of blowers and average utilization for a
period of simulation.

Graphic (Fig. 118) presents the simulation for highest sewage influent. In this situation, total
airflow demand and total power of blowers significantly exceed SCADA measurements. The
situation results from the fact that the increased influence of sewage causes an increase in
the total demand for air.

This situation is well reflected in the next drawing (Fig. 119). Such a high demand for oxygen
forces the maximum number of blowers (four) to operate at maximum utilization. As before,
the first 7 days the model spends to stabilize.

Finally, the performance of the treatment plant has been investigated with mean of sewage
volume at intermediate values. The set of results is shown in the table below (Tab. 19).

Tab.19. Results of simulations with variable volume of influent

Influent Average effluent Average blowers operation parameters
(stop and start delay: 1h)

Mean of | NHs +NH3 Nitrate and | NHz*+NH;3 Average power | Average Average
sewage nitrogen nitrite nitrogen number of | utilization of
volume nitrogen blowers blowers
[m3/day] [mg/I] [mg/1] [mg/1] [kw] [-] [%]

50 000 31.56 0.30 0.63 623.45 2.07 52.59

100 000 0.46 0.67 1003.95 2.97 63.09

150 000 0.67 0.71 1371.94 3.89 69.21

200 000 0.91 0.74 1609.57 4.00 92.18

As in the previous chapter (Sec. 8.2), on the basis of these results, a monotonically increasing
dependence of the amount of wastewater influencing the internal measurements of
wastewater quality in the reactor has been assumed. This also monotonically
(increasingly)affects the electricity consumption.
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Blower simulation results (in average):
- airflow demand: 19452 [m3/h]

- airflow provision: 19525 [m3/h]

- power consumption: 623.45 [kW]

Characteristics of influent (in average):
- influent volume: 50000 [m*3/h]
- NH4+ + NH_3 nitrogen: 31.56 [mg/l]

18

Blower SCADA measurements (in average):
- airflow of blowers: 33519 [m3/h]
- power consumption: 1053.27 [kW]

Characteristics of outfluent to river (in average):
- nitrate and nitrite nitrogen: 0.30 [mg/l]
- NH4+ + NH_3 nitrogen: 0.63 [mg/l]

Fig. 116. Total airflow and total power for minimal mean of sewage volume

Number of active blowers

Turn off/on delays in blowers control:
- Ton_delay: 1 [h]
- Toff_delay: 1 [h]

Average blower:
- number of working blowers: 2.07 [-]
- utilization of working blowers: 53.98 [%]

Fig. 117. Characteristics of simulation for minimal mean of sewage volume
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Blower simulation results (in average): Blower SCADA measurements (in average):
- airflow demand: 56870 [m3/h] - airflow of blowers: 33519 [m3/h]
- airflow provision: 56042 [m3/h] - power consumption: 1053.27 [kW]
- power consumption: 1609.57 [kW]
Characteristics of influent (in average): Characteristics of outfluent to river (in average):
- influent volume: 200000 [m”3/h] - nitrate and nitrite nitrogen: 0.91 [mg/l]
- NH4+ + NH_3 nitrogen: 31.56 [mg/l] - NH4+ + NH_3 nitrogen: 0.74 [mg/l]

Fig. 118. Total airflow and total power for maximal mean of sewage volume
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Turn off/on delays in blowers control: Average blower:
- Ton_delay: 1 [h] - number of working blowers: 4.00 [-]
- Toff_delay: 1 [h] - utilization of working blowers: 92.18 [%]

Fig. 119. Characteristics of simulation for maximal mean of sewage volume
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The plot below (Fig. 120) presents the average effluent on mean of sewage volume flowing
to the reactor. It can be seen that with increased inflow into the treatment plant, the quality
of the effluent in the reactor deteriorates.
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Fig. 120. Plots presenting effluent parameters:
1) Nitrate and nitrite nitrogen (Sno)
2) NH4*+NH3 nitrogen (Snn)

The characteristic of the power in the relation to the mean of influent is similar. For low
mean of sewage volume (50 000 m3/day) blowers only use half of their rated power. For the
highest assumed influent (200 0000 m3/day) the expected performance of the blowers
increases to almost 100%. It can be easily observed that the change of influent affects the
average power needed to clean m3 of sewage in one hour (Fig. 121).
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Fig. 121. Plot presenting average power needed to clean m3 of sewage in one hour
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8.4 Discussion of results

The paragraph presents the operation of the numerical model of the sewage treatment
plant as a whole. The modeled sewage treatment plant has been launched under various
operational conditions. The quality of the wastewater and volume of influent affect the
electricity consumption. This action is reflected in the characteristics for the simulation (the
number of blowers connected and their efficiency).

The runs with introduced extreme values of the diagnosed key parameters in the influencing
sewage (NHs*+NHs3 nitrogen and flow volume).In particular, it has been shown that the
NHs*+NH3 nitrogen (Svz parameter) of influent wastewater has a key impact on the
treatment process and therefore on energy demand. Moreover, the volume of effluent
significantly influences the electricity consumption of the blowers. The results for all
simulations are shown in the tables.

Observing the graphs showing the total air flow and electricity consumption of blowers, it
can be seen that in the full compliance of simulations with the SCADA measurements has not
been achieved. Nevertheless, the results satisfied the author— the observed cyclicality of the
simulation results coincides with the actual observations. The results presented in this
paragraph confirm the expected behavior of the numerical environment of the sewage
treatment plant.

The model developed in this way is the basis for launching optimization algorithms aimed at
reducing the consumption of electricity. The report [1] shows the operation of the control
system in an actual wastewater treatment plant.
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9 Control optimization for minimization of energy consumption

9.1 Influence of blowers delay times on energy consumption

Earlier chapters of the work inspected the operation of the sewage treatment plant model.
The operation of the reactor system with blowers was demonstrated in accordance with the
measurement data. Now the blowers themselves are analyzed in terms of their performance
to optimize electricity consumption. This study investigates in particular the electric energy
consumption in relation to real airflow (Fig. 122).

Validated
. \
operation of
the blowers — >
Airflow Energy
Demand Consumption

BLOWERS

Fig. 122. Scheme of action simulated in this analysis

Sec. 5.2.1 mentions controlling the blowers by changing the efficiency and turning them on
and off after some delay. What is their impact on electricity consumption? Is there any good
criterion for optimizing electricity consumption? The analyses in this chapter perform to
answer these questions. In this case, the author uses the airflow registered in SCADA system
as input to model of blowers. The aforementioned model of blowers in WWTP is used in
comparison with the values of electricity consumption obtained in simulation with the values
from real measurements. The simulation has been performed for different values of the
switch-on (7on peray) and switch-off (7orr peray) delay times (Fig. 123). The presented
algorithm is an original implementation of task scheduling (sec. 2.4.4).This blower switch
delay algorithm is a form of the tasks scheduling algorithm implementing the lazy approach.
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PARAMETERS BLOWER - Blower utilization
\ START || * Tt |_DELAY, T'ii'::_:'E_ﬁ«_‘f

Ton peLar * Twin Tmax
BLOWER
STOP — >

TOFF_DELAY

BLOWER

UTILIZATION >
(BLADE ANGLE)

ey
——-

Fig. 123. Detailed plan of performed simulation
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The values of Town peray and Torr peEray have been selected based on the observation of the

SCADA signal. The following times are specifically proposed: 1h, 2h and 4h. In this
simulation, the input value is airflow demand based on the SCADA measurement.

The result of the analyses are shown in the Tab. 20 with Fig. 124 and Tab. 21 with Fig. 125.

Tab. 20. Average power for different delay times during simulation

Torrdelay [h] | 1 2 4
ToN delay [h]
1 969.60 993.66 1015.12
2 938.93 960.54 983.52
4 886.58 912.02 993.08
Average power [kW] 1000-1050

_ 950-1000

E 1050 ¥ 900-950

g 109 = 850-900

2 950 )

S 900 m 800-850

oo

© 850

g

Z 800

Ton delay

Toee Delay

Fig. 124. Average power for different delay times during simulation

Tab. 21. Average utilization of working blowers during simulation for different delay times during simulation

Toredelay [h] | 1 2 4
TON delay [h]
" 74.52 7111 65.58
75.76 73.56 67.52
78.44 75.76 71.09
Average utilization of blowers [%] 1475-80
T 70-75
g 80 M 65-70
2 75
5 H60-65
= 70
5 . M 55-60
S
E 60 2
E 55
=
> 4 1
< Tore Delay

Ton delay

Fig. 125. The detailed plan of performed simulation
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The results presented above (Tab. 20 with Fig. 124 and Tab. 21 with Fig. 125) clearly show
that the delay in switching the blowers on and off has a significant impact on the operation
of the blowers, which results in a change in electricity consumption.

Let’s assume that electric energy consumption for 7on peravand Torr peravequal 1h will be
denoted as 100%. In this case 7own perar(switch on time) increased to 4h will reduce the
electricity consumption to 91,43% of its initial value. On the other hand, prolonging the
Torr pELay(switch off time) of the blowers to 4h increases low utilization runtime, causing
increase of electricity usage to 104,69% of the initial value. Generally speaking, on the basis
of these charts one direct conclusion can be proposed. Forcing the blowers to procrastinate
switching (higher 7on peray) causes operation of the blowers at more favorable operating
points, resulting in a reduced power of the installation. At the same time, forcing the
blowers to run longer (higher 7orr peLay) causes the operation at lower efficiency points
resulting higher electricity consumption.

It is worth highlighting one fact. When the blower operates for elongated time (higher
Torr peLAY) airflow supplied by blowers (airflowprovision) covers one expected from BSM1
(airflowpemanp).On the other hand, delaying the moment when the blower switches on
(higher Town peray) slightly worsens the quality of the airflow supplied by blowers
(airflowprovision) compared to one expected from BSM1 (airflowpemanp). It can be assumed
that delayed switching on (higher 7on peray) of a new blower might force those already
operating to work with maximal, however still insufficient capacity. This deficiency of airflow
will be taken into account as one of the optimization criteria in the next chapter (Sec. 9.2).

The simulation results for the cases giving two marginal results of electricity consumption
are described below.

Fig. 126 presents the airflow and power for blowers operating with 1h for start
delay( 7o~ peLay) and 4h for stop delay ( 7orr peray). However, periodic deviations of airflow
can be noticed. This happen when the blower shuts down and other blowers have to
overcompensate the missing airflow. The characteristics of blowers’ operation are shown in
Fig. 127. Here as well, one can observe that this blowers’ configuration causes the blowers
to turn on quickly and then it is turned off after a longer period.

By contrast, Fig. 128 presents the simulation results for blowers operating with 4h for start
(Ton peLay) and 1h for stop ( 7orr peray). One may notice that at certain periods the blown air
does not cover the demand. The situation is caused by an extended switch-on delay of the
blower which has been previously switched off. Fig. 129 shows that there are often fewer
blowers in operation at any given time. This action is due to the elongation of time when the
blowers are turned on.
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Airflow of blowers

6 T T T T T
o bt oAby I
"’E SCADA - airflow observation
=2F simulation - airflow provision
simulation - airflow demand
0 1 1 1 1 1 1 1 1 1 1
0 2 4 6 8 10 12 14 16 18 20
Power of blowers
2000 T T T T T T T T T T
| h ‘\ i |
Z 1000} m l\ 1S3 f ‘
= SCADA ! H
simulation
0 1 ! 1 1 1 1 1 ! 1 1
0 2 4 6 8 10 12 14 16 18 20

Blower simulation results (in average):
- airflow demand: 33519 [m3/h]

- airflow provision: 32988 [m3/h]

- power consumption: 1015.12 [kW]

Characteristics of influent (in average):
- influent volume: 107203 [m”3/h]
- NH4+ + NH_3 nitrogen: 31.56 [mg/l]

Blower SCADA measurements (in average):
- airflow of blowers: 33519 [m3/h]
- power consumption: 1053.27 [kW]

Characteristics of outfluent to river (in average):
- nitrate and nitrite nitrogen: 0.48 [mg/l]
- NH4+ + NH_3 nitrogen: 0.68 [mg/l]

Fig. 126. Total airflow and total power for Ton_peiay equal 1h and Torr peiav equal 4h
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Average blower:
- number of working blowers: 3.09 [-]
- utilization of working blowers: 65.58 [%]

Fig. 127. Characteristics of simulation for Ton_pecay equal 1h and Torr_peiav equal 4h
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Blower simulation results (in average):
- airflow demand: 33519 [m3/h]

- airflow provision: 29956 [m3/h]

- power consumption: 886.58 [kW]

Characteristics of influent (in average):

- influent volume: 107203 [m”3/h]
- NH4+ + NH_3 nitrogen: 31.56 [mg/l]

Blower SCADA measurements (in average):
- airflow of blowers: 33519 [m3/h]
- power consumption: 1053.27 [kW]

Characteristics of outfluent to river (in average):
- nitrate and nitrite nitrogen: 0.48 [mg/l]
- NH4+ + NH_3 nitrogen: 0.68 [mg/l]

Fig. 128. Total airflow and total power for Ton_peiay equal 4h and Tore_peray equal 1h
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Turn off/on delays in blowers control:
- Ton_delay: 4 [h]
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Average blower:
- number of working blowers: 2.42 [-]
- utilization of working blowers: 78.44 [%]

Fig. 129. Characteristics of simulation for Ton_peiay equal 4h and Torr peay equal 1h
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9.2  Control optimization to reduce electricity consumption

During the simulation presented in Sec. 9.1, it can be observed that the blowers do not turn
on time, which causes delayed activation and a certain period of insufficient oxidation.
However, temporary hypoxia is acceptable when it is replenished in later periods. It is clearly
seen in the for 7on peravequal 4h and 7orr peravequal 1h (cited Fig. 130 from Sec. 5.2.4).

Airflow deficiency caused by
Airflow of blowers blower’s delayed start

SCADA - airflow observation
simulation - airflow provision

1 ! Il Il Il Il Il

0 2 4 6 8 10 12 14 16 18 20

Blower simulation results (in average): Blower SCADA measurements (in average):

- aifflow demand: 35036 [m3/h] - airfflow of blowers: 33519 [m3/h]

- airflow provision: 34899 [m3/h] - power consumption: 105327 [kW]

- power consumption: 1051.07 [kW]

Characteristics of influent (in average): Characteristics of outfluent to river (in average):
- influent volume: 107203 [m*3/h] - nitrate and nitrite nitrogen: 0.48 [mg/]

- NH4+ + NH_3 nitrogen: 31.56 [mg/l] - NH4+ + NH_3 nitrogen: 0.68 [mg/l]

Fig. 130. Total airflow and total power for Ton_peiay equal 4h and Torr_peay equal 1h

Finally, this section examines the case of the control optimization of the blower reactor
system (as presented in Sec. 2.4). The analysis of electricity consumption by blowers for
various parameters of influencing sewage is the final stage of the dissertation. This time, all
analyzed input parameters have been taken into account. The cost criterion is electricity
consumption. The modelled case is described graphically in the figure below (Fig. 131).

INPUT: CONSTRAINTS: COST CRITERION:
* NHs*+NHj3 nitrogen * deficiency of airflow * energy consumption
* sewage influent
Y
< C— 1 )
< 2 —>
C? IR .
Sewage —Te— Airflow Energy
Influent Demand Consumption
REACTORS BLOWERS

OPTIMISED PARAMETERS:
* start/stop delay times

Fig. 131. The idea of simulations used in this chapter
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It should be borne in mind that the model of sewage treatment plant is very complex.
Electricity consumption is not linearly dependent on input parameters including imposed
constraints. The task can present optimization problem with following characteristics:

X/

+» COST CRITERION=>The goal of optimization is to reduce power electric energy
consumption in the model of WWTP. (Sec. 5.2);

« INPUT= Influent NHs*+NH3 nitrogen and volume — the different qualities of the
incoming waste water must be taken into account in the operation of the treatment
plant (Sec. 6, Sec. 7 and Sec. 8);

+» INTERNAL CONSTRAINTS=>The value of airflow expected by BSM1 model
(airflowpemanp) it is not fully covered by airflow feed from blowers (airflowperovision).
The disturbance differ for different delay times of the controlled blowers (Sec. 9.1);

«» OPTIMISED PARAMETERS = Start/stop delay times in blowers’ control allow for

considerable energy savings. The longer the delay time of the blowers, the lower the

electricity consumption.

The limitations described above are considered as the boundary conditions for this
optimization. In a sense, the problem appears to be the optimal control task. Unfortunately,
the classic case of optimal control requires a continuous function (implementation of the
equations shown in Sec. 2.4.3).However, the relation between the continuous function of
electricity consumption as a relation of influent NH4*+NHs nitrogen and volume is very
complex. Therefore, the author chooses grid search approach— calculation of specific cases
in order to determine the directions of optimal control. The adopted calculations are for a
small number of samples. Hence, this algorithm will prove successful despite the fact that
the computational complexity of this algorithm has been demonstrated [59], [171].

A set of 81 simulations has been performed in which the input parameters of wastewater
change in accordance with quality of influent(as in Sec. 8.2) and volume of influent (as in
Sec. 8.3). For each simulation, it has been checked how the value of airflowDEMAND and
airflowPROVISION differ for various delay times of sewage treatment plants(as in Sec. 9.1).
The result of simulations is presented below (Tab. 22).

The simulation result for 7own peray = 4 and Torr peray = 1 is in bold. In accordance with
Sec. 9.1 for these blower control parameters, the most efficient blower operation points are
obtained, resulting in the highest energy savings.
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Tab. 22. Result of simulations

SIM BLOWERS’ DELAY INFLUENT PARAMETERS MEAN SUPPLIED AIRFLOW ENERGY
NR. Ton_pELay Tore_peLay NHs*+NHszni | Influent volume | Reactor Provision by CONSUMPTI
trogen demand blowers ON
(h] (h] [m3/h] [mg/1] [m3/h] [m3/h] [kw]

1 1 1 20,00 50000 17937,15 18078,87 587,12
2 100000 29733,42 29624,52 886,19
3 150000 40789,44 40754,58 1202,54
4 30,00 50000 20390,50 20449,22 650,94
5 100000 34072,01 33930,84 1026,80
6 150000 46784,68 46717,65 1393,56
7 40,00 50000 22821,16 22782,76 710,55
8 100000 38344,04 38144,63 1136,24
9 150000 52146,26 51453,29 1502,56
10 2 20,00 50000 17937,15 18079,35 587,68
11 100000 29733,42 29572,42 888,27
12 150000 40789,44 40736,00 1205,61
13 30,00 50000 20390,50 20497,73 652,93
14 100000 34072,01 33910,85 1030,44
15 150000 46784,68 46713,20 1396,53
16 40,00 50000 22821,16 22854,88 714,35
17 100000 38344,04 38088,19 1140,51
18 150000 52146,26 51384,93 1503,16
19 4 20,00 50000 17937,15 18091,27 590,02
20 100000 29733,42 29601,13 893,39
21 150000 40789,44 40703,02 1211,42
22 30,00 50000 20390,50 20488,32 654,23
23 100000 34072,01 33958,92 1038,54
24 150000 46784,68 46647,33 1399,58
25 40,00 50000 22821,16 22880,83 718,94
26 100000 38344,04 38140,22 1151,04
27 150000 52146,26 51426,01 1506,81
28 2 1 20,00 50000 17937,15 18067,31 586,71
29 100000 29733,42 29581,73 885,87
30 150000 40789,44 40714,63 1201,10
31 30,00 50000 20390,50 20481,44 650,93
32 100000 34072,01 33754,87 1017,31
33 150000 46784,68 46507,54 1381,15
34 40,00 50000 22821,16 22657,92 703,61
35 100000 38344,04 37607,29 1115,40
36 150000 52146,26 51384,37 1499,93
37 2 20,00 50000 17937,15 18065,54 586,95
38 100000 29733,42 29441,10 881,86
39 150000 40789,44 40680,97 1203,84
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40 30,00 50000 20390,50 20494,85 653,43
41 100000 34072,01 33633,78 1017,89
42 150000 46784,68 46696,23 1394,76
43 40,00 50000 22821,16 22714,15 708,40
44 100000 38344,04 37603,58 1121,03
45 150000 52146,26 51190,43 1495,56
46 20,00 50000 17937,15 18091,27 590,02
47 100000 29733,42 29461,52 890,61
48 150000 40789,44 40627,68 1208,66
49 30,00 50000 20390,50 20523,25 655,95
50 100000 34072,01 33865,37 1031,08
51 150000 46784,68 46713,05 1401,13
52 40,00 50000 22821,16 22747,56 711,38
53 100000 38344,04 37978,18 1142,42
54 150000 52146,26 51391,11 1505,49
55 20,00 50000 17937,15 18050,58 585,44
56 100000 29733,42 29191,60 870,61
57 150000 40789,44 40512,83 1193,53
58 30,00 50000 20390,50 20294,06 639,31
59 100000 34072,01 33294,65 997,09
60 150000 46784,68 46031,96 1359,50
61 40,00 50000 22821,16 22280,57 687,43
62 100000 38344,04 36985,19 1094,05
63 150000 52146,26 51173,31 1491,96
64 20,00 50000 17937,15 18060,56 586,76
65 100000 29733,42 29175,74 870,64
66 150000 40789,44 40576,81 1200,12
67 30,00 50000 20390,50 20307,60 641,81
68 100000 34072,01 33313,37 1002,47
69 150000 46784,68 46456,54 1378,66
70 40,00 50000 22821,16 22246,14 687,38
71 100000 38344,04 36750,14 1091,31
72 150000 52146,26 51180,11 1494,41
73 20,00 50000 17937,15 18087,92 589,57
74 100000 29733,42 29187,61 875,80
75 150000 40789,44 40478,57 1203,57
76 30,00 50000 20390,50 20340,94 645,77
77 100000 34072,01 33397,62 1010,68
78 150000 46784,68 46690,34 1399,40
79 40,00 50000 22821,16 22357,73 695,40
80 100000 38344,04 37349,52 1117,41
81 150000 52146,26 51313,10 1502,66
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The average for particular blowers switch on/off delay times (7ON_DELAY and
TOFF DELAY) is calculated in order to simplify the analysis of results. Table below presents
the average results for individual TON_DFELAY and TOFF _DELAY parameters (Tab. 23).

Tab. 23. Abstract of simulation results

SIM BLOWERS’ DELAY SUPPLIED AIRFLOW ENERGY CONSUMPTION
NR. Ton_pELaY Torr_peray | Reactor Provision Mean Mean Mean Change of
demand by blowers | Deficiency | Deficiency | Energy Energy

(h] (h] [m3/h] [m3/h] [m3/h] [%] [kw] (%]
1-9 1 1 33668,74 33548,48 120,26 0,46 1010,72 100
10-18 2 33668,74 33537,50 131,24 0,54 1013,27 100,25
19-27 4 33668,74 33548,56 120,18 0,53 1018,22 100,74
28-36 2 1 33668,74 33417,46 251,29 0,83 1004,67 99,40
37-45 2 33668,74 33391,18 277,56 0,91 1007,08 99,64
46-54 4 33668,74 33488,78 179,96 0,70 1015,19 100,44
55-63 4 1 33668,74 33090,53 578,22 1,70 990,99 98,05
64-72 2 33668,74 33118,56 550,19 1,66 994,84 98,43
73-81 4 33668,74 33244,82 432,92 1,34 1004,47 99,38

Turning to the analysis of the presented results, it can be concluded that evidently the case
of operation with Ton_peray=4h and Ton_peray=1h gives lower energy consumption for
operation for different influent quality. Extending the 7on_perayvalue from 1 hour to 4 hours
can reduce the electricity consumption by 1,95% (the situation is similar to that described in
Sec. 9.1).

Fig. 132 presents the summary how the quality of sewage influent differentiates
airflowprovisionpushed by blowers from airflowpemanpfrom BSM1. Town_peray=4h and
Torr_peray=1h results with maximal around 600m3/h deficiency of supplied airflow (at the
same time, the average air flow is approximately 35000-40000m?3/h).
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Fig. 132. How variable influent differentiates airflowprovision fromairflowpemanno
for for the case of Ton_peiay=4h and Ton_peLay=1h

148




This gives an airflowerovision from airflowpemanp difference up to 1,70% (Fig. 133). The
momentary oxygen deficiency in the reactor can be made up for later once the necessary
number of blowers has been turned on (after Town_prray).The authors of the work [126]
indicate that the potential energy gains outweigh the costs of such an operation.

Percentage of airflow demand relative to provision
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Fig. 133. Airflow deficiency (how variable influent differentiates airflowprovision from airflowpemann)
for for the case of TON_DELAY=4h and TON_DELAy=lh

Finally, in the Fig. 134, the author shows how variable influent impacts mean power of
installation for Ton_peray=4h and Ton_peray=1A.
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Fig. 134. How variable influent impactsmean power of installation
for for the case of TQN_DELAY:4h and TON_DELA‘{:lh
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To sum up, elongation the blower activation time (7on_peLay) will bring real savings. The
potential airflow deficiency must be taken into account. Nevertheless, increased efficiency in
order to maintain the necessary amount of blown air is a possibility to reduce airflow almost
without being scarified by effluent quality. The potential gains outweigh the costs. The
conclusions are in line with the study [126] which describes the similar case. Nevertheless,
the indicated deterioration in the quality of wastewater in the process means that such
changes should be introduced very carefully.

9.3  Conclusion of simulations respecting optimization of blowers control

A numerical model of blowers in the WWTP has been used to control oxygenation in order
to reduce electricity consumption. The validation of the model confirms the correctness of
the model in terms of the tested characteristics. The simulation environment significantly
simplifies the conduct of experiments. Thanks to this solution, the experiments can go
beyond the standard scenarios available in a real sewage treatment plant.

The blowers are checked in terms of the control algorithm. The simulations performed in
Sec. 9.1 suggest the implementation of task scheduling in control of blowers in WWTP. The
entire range of operating conditions of the sewage treatment plant has been taken into
account in the simulations. At the beginning, the blower activation time (7on_peLay and
Torr_peLaY) are sat as 1h. Changing their values to 4h have an impact on the electricity
consumption of the blowers, allowing a slight change in the electric energy consumption.
The simulation results show the average power of the blowers can be reduced even to
91,43% of original value. At the same time, the power of blowers increases up to 104,69% of
initial value. Based on these results, it can be concluded that in order to reduce electric
energy consumption the period of operation of the blowers should be extended at the
maximum capacity and at the same time the working time at the minimum capacity should
be shortened.

It should be borne in mind that experimenting with oxygenation affects the sensitive process
of bacterial growth in wastewater. Therefore, this risk must be taken into account in the
further implementation of this control. The problem has been examined in Sec. 9.2.To solve
the task, 81 simulations have been carried out in the treatment plant facility as a whole
(from the impact of wastewater to electricity consumption).The calculations are a practical
attempt to solve the optimal control for this object. Due to complexity of the model, the
optimal solution has been found with the use of grid search. Based on paragraph 9.1, it is
known that the blower delay should be as long as possible. Extending the switch-on value
will reduce the electricity consumption to 98,05% of its initial value. On the other hand,
prolonging the shutdown time of the blowers increases airflow deficiency, reaching 1,70%.
To sum up, the discussed results are ambiguous. After elongation of 7on_peLartime reduction
in consumption of electric energy can be observed, whereas such action worsens the
oxygenation process. Nevertheless, forcing the blower of the sewage treatment plant to be
turned on later brings real savings, even after taking into account the increased efficiency in
order to maintain the necessary amount of blown air.
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10 Summary

10.1 Numeric model of wastewater plant as the basis of optimization

The work presented above discusses the issues of optimization of control in industrial
utilities exploiting criteria of electric energy consumption minimization. The sewage
treatment plant has been selected for analysis due to the large share of total electricity
usage. The author has undertaken the study of blowers model in terms of electric energy
consumption. The rightness of the choices has been confirmed by the high electric energy
consumption with simultaneous environmental impact. The work uses available data from
the wastewater treatment plant in Ptaszéw Sewage Treatment Plant in Krakow.

Complex standard simulation algorithms, such as ASM1 model and its implementations are
used to model wastewater treatment plants. The review suggests the use of a BSM1
environment for plant simulation. A detailed analysis of the model and measurement data
allowed to build a model of reactors and blowers. The study has shown a complexity of
internal operation and non-linearity of the sewage treatment plant. This numerical object is
the basis for further optimization of operation in terms of reducing electricity consumption.

A review of the available tools and algorithms for model validation is presented. To
accomplish the task, the author prepared his own implementation of some of them. The
properties of the treatment process are examined.

More specifically, Morris' analysis has revealed the most crucial parameters. Summarizing
the observations, the author can conclude that Morris sensitivity analyzes have proved that
the parameters describing the NHs*+NH3 nitrogen in wastewater (Syvs) have the greatest
impact on the treatment process. Therefore, a considerable attention must be paid for
ammonia parameters during wastewater treatment process.

Later, the author implemented the state estimation to check the performance of WWTP and
parameter identification utilizing the observations of state estimators grounded on Kalman
Filter (EKF and UKF). The changed values of the NHs*+NH3 nitrogen and value of influencing
coincided with the expected values. By these calculations, the author proves the
convergence ofBSM1 model. The state of the art proves that the task of determining the
energy optimal control in a facility is not a trivial task.
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10.2 General conclusions and reference to thesis

The author starts his work with the thesis:

Comprehensive modeling of the industrial facilities like wastewater treatment
plants can be used in optimization of control leading to minimization of electric
energy consumption.

The following calculations are performed in order to validate this statement.

First, the operation of the numerical model of the sewage treatment plant as a whole has
been examined. The modelled sewage treatment plant has been launched under various
operational conditions — the runs with introduced extreme values of the diagnosed key
parameters in the wastewater treatment process and in influencing sewage. The quality of
the influencing effluent affects the consumption of electricity. Based on the above analyses,
it has been demonstrated that the quality of the influent wastewater has an impact on the
electricity consumption in the treatment plant. In particular, it has been proved that the
NHz*+NH3 nitrogen (Svz parameter) of influent wastewater has a key impact on the
treatment process and energy demand. Later, it is noted that the volume of influent is
another factor affecting the process by increasing consumption of electricity. Moreover, the
volume of influent also impacts the electricity consumption of the blowers. The results
presented in the work confirm the expected behavior of the numerical environment of the
analyzed installation. This behavior is consistent with common sense, thus confirming the
correctness of the design assumptions adopted earlier. The results are similar to the
observations presented in SCADA measurements.

Next, the author focuses on control respecting the minimization of electricity
consumption. The analyzed object has been researched in terms of the control algorithm.
The results of the conducted simulations suggest that the change of the of start/stop delay
times of the blowers has an impact on the electricity consumption. Extending the start delay
time of the blowers allows a significant reduction in the consumption of electric energy. The
simulations performed use task scheduling control technique. The procedures tested with
validated model underline the rationality of the conducted investigation.

Finally, the author utilizes the model to optimize electric energy consumption in
blowers. The author proposed optimal control on the basis grid search to solve non-
linear optimal control problem. Nevertheless, the optimization algorithm shown in this way
has been limited to running a simulation for selected input values. The optimization solution
is therefore a suboptimal solution. Delaying the activation of the blowers leads to short
situations in which the amount of oxygen deviates from the demand. The difference
between the reactor demand and the actual airflow reaches a noticeable level. However,
hypoxia in the rectors of biological wastewater treatment plants must be taken into
consideration during optimization reducing electric energy consumption. Fortunately, the
amount of oxygen in the reactor can slightly fluctuate. Hence, oxygen deficiencies can be
made up by increasing the efficiency of blower after it is switched on.

152



Summarizing, the author describes some specific conclusions from the work:

X/
L X4

X/
L X4

X/
L X4

X/
L X4

The influent quality, especially NHs*+NHs nitrogen, and its volume lead to the
observation of the impact of to the consumption of electricity;

Better operation points can be achieved by blocking the blowers leading to switching
in better performance. Technically, simulation blowers with extended delay in
switching on reduces electric power of the installation to 91,43% of its initial value;

It should be noted that for blowers’ station use more than 1IMWof electric energy
consumption. Saving 1%in their operation corresponds tol0kW of electric
energy. When the blower operates continuously a whole year with a similar power it
translates to 87.6 MWh. A reduction of 8.57% of electric energy consumption has the
potential to save up to750 MWh yearly;

The simulation of the treatment plant as a whole has shown the possibility of
reducing the consumption to 98.05% of the initial value. On the other hand, delaying
the activation of the blowers leads to short situations in which the amount of oxygen
deviates from the demand. The airflow deficiency reaches1,70%;

Hypoxia in the rectors must be taken into consideration. Oxygen deficiencies can be
made up by increasing the efficiency of blower after it is switched on because the
amount of oxygen in the reactor can slightly fluctuate;

It ought to be concluded that complex optimization algorithms can be used to model
wastewater treatment plants and optimize their operation in terms of energy to
decrease its consumption leading to reduction operational costs andCO; emission.

With the above results the author confirms the assumption of thesis that comprehensive
modeling of the industrial facilities like wastewater treatment plants can be used in
optimization of control leading to minimization of electric energy consumption.

The author declares the following issues are characterized by originality:

X/
L X4

The implementation discussed in the dissertation is an in-depth case study of an
existing sewage treatment plant in Krakdéw Ptaszow. The presented work is a
complete realization that integrates various issues in this WWTP. What is worth
emphasizing is that such a comprehensive numerical model of Ptaszéw Sewage
Treatment Plant in Krakéw is the novelty. The previously described literature
examples deal with other objects and do not cover operation of this wastewater
treatment as a whole;

The author presents a novel method of controlling the blowers by changing the time
that on/off blowers turn on and off. This control algorithm allows some savings of
several percent in electricity consumption. The method of changing the control itself
has been described in the literature, but the implementation of it in a comprehensive
position is another innovative part of the dissertation.

The conducted experiments do not exhaust the possibilities. It is easy to imagine other
scenarios that can be carried out using the numerical model of the treatment plant.
However, the author is limited to the experiments described in detail above. Further
research may be done in the future.
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10.3 Implementation of research and commercialization potential

Presented dissertation touches important issue in all wastewater treatment plants — the
process of blowing air during wastewater treatment is being studied in more detail. This is
the crucial process in wastewater treatment in municipal installations. Due to the high
electricity consumption of the blowers, even a small reduction of the amount of electric
energy consumed can achieve significant savings. The saving declared in the report can be
achieved by changing the method of switching on/off the blowers. The implementation
presented in the dissertation is adopted to the case of one existing object of Ptaszéw WWTP.
The proposed control assessment complements the work already carried out under the
GEKON project.

The author is limited to the detailed experiments discussed above. There is a scope for
further model development. The analyses modelling wastewater treatment can be extended
by another parameters observed within treatment. Process simulations may consider other
parameters, such as the presence of carbon and assessment of the amount of phosphorus in
the effluent sewage. Nevertheless, every change required an in-depth configuration of many
aspects.

The presented control algorithm is not the only way to modify the operation of blower.
Other scenarios can be validated by using the numerical model of the treatment plant. In
particular, validation of other control techniques and the implementation of additional
criteria for assessing seems promising.

There is potential for commercialization since the solution of switching blower on/off is
deployable in other facilities. A reader can propose the implementation of such optimization
algorithms for reduction of electricity consumption in other wastewater treatment facilities.
This is due to the fact that in each wastewater treatment plant there is a field to tune the
control parameters taking into account electricity consumption without any observable
impact on the purification process. Nevertheless, all such changes must be made after a
detailed analysis of the object. Each treatment plant is specific, therefore an implementation
based on the numeric model requires an independent in-depth analysis.
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