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Abstract

Neural Network Based Model Predictive Control of
Turbulent Gas-Solid Corner Flow

Simon Wredh

Over the past decades, attention has been brought to the importance 
of indoor air quality and the serious threat of bio-aerosol 
contamination towards human health. A novel idea to transport 
hazardous particles away from sensitive areas is to automatically 
control bio-aerosol concentrations, by utilising airflows from 
ventilation systems. Regarding this, computational fluid dynamics 
(CFD) may be employed to investigate the dynamical behaviour of 
airborne particles, and data-driven methods may be used to estimate 
and control the complex flow simulations. This thesis presents a 
methodology for machine-learning based control of particle 
concentrations in turbulent gas-solid flow. The aim is to reduce 
concentration levels at a 90 degree corner, through systematic 
manipulation of underlying two-phase flow dynamics, where an energy 
constrained inlet airflow rate is used as control variable. 

A CFD experiment of turbulent gas-solid flow in a two-dimensional 
corner geometry is simulated using the SST k-omega turbulence model 
for the gas phase, and drag force based discrete random walk for the 
solid phase. Validation of the two-phase methodology is performed 
against a backwards facing step experiment, with a 12.2% error 
correspondence in maximum negative particle velocity downstream the 
step. Based on simulation data from the CFD experiment, a linear 
auto-regressive with exogenous inputs (ARX) model and a non-linear 
ARX based neural network (NN) is used to identify the temporal 
relationship between inlet flow rate and corner particle 
concentration. The results suggest that NN is the preferred approach 
for output predictions of the two-phase system, with roughly four 
times higher simulation accuracy compared to ARX. The identified NN 
model is used in a model predictive control (MPC) framework with 
linearisation in each time step. It is found that the output 
concentration can be minimised together with the input energy 
consumption, by means of tracking specified target trajectories. 
Control signals from NN-MPC also show good performance in controlling 
the full CFD model, with improved particle removal capabilities, 
compared to randomly generated signals. In terms of maximal reduction 
of particle concentration, the NN-MPC scheme is however outperformed 
by a manually constructed sine signal.

In conclusion, CFD based NN-MPC is a feasible methodology for 
efficient reduction of particle concentrations in a corner area; 
particularly, a novel application for removal of indoor bio-aerosols 
is presented. More generally, the results show that NN-MPC may be a 
promising approach to turbulent multi-phase flow control.
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Populärvetenskaplig
Sammanfattning

Bio-aerosoler är ett samlingsnamn p̊a mikrometersm̊a, luftburna biologiska partiklar. Ofta disku-
teras dessa med avseende p̊a partiklar som kan vara skadliga för mänsklig hälsa, s̊a som bakterier,
virus och mögelsporer. I höga koncentrationer kan dessa bidra till exempelvis smittspridning,
luftvägsinfektioner och även cancer. Tidigare forskning har visat att höga koncentrationer av
bio-aerosoler speciellt kan återfinnas i hörn av rum, med anledningen att cirkulerande luft i
hörngeometrier kan f̊anga upp lätta partiklar. En unik idé för att minska inomhuskoncentra-
tionen av bio-aerosoler är att utnyttja utbl̊aset fr̊an ventilationssystem för att fluidmekaniskt
transportera bort partiklar fr̊an hörn. Viktigt är d̊a att intensiteten av luftutbl̊aset är reglerat,
s̊a att en behaglig inomhustemperatur kan bibeh̊allas. Med ett slutm̊al av förbättrad luftkvalitet,
är syftet med denna rapport att undersöka hur en koncentration av partiklar i ett hörn, optimalt
kan reduceras av ett externt luftflöde med begränsad intensitet.

För att f̊a insikt i dynamiken hos partikelströmmar i luft, kan numeriska modeller fr̊an
beräkningsströmmningsdynamik (computational fluid dynamics) användas. I detta projekt har
s̊a kallade tv̊afas-flödesmodeller använts i datorsimuleringar, för att studera förh̊allandet mellan
luftutbl̊asintensitet och partikelkoncentration i ett turbulent hörnflöde. En begränsning hos dessa
tv̊afas-modeller är dock deras komplexitet, vilket gör dem sv̊ara att kontrollera för att producera
optimerade resultat. För att överkomma detta problem har artificiella neurala nätverk använts
för att hitta simplifierade modeller, som estimerar ovannämnda förh̊allande. Med hjälp av des-
sa enklare modeller har det fysiska tv̊afas-systemet kunnat kontrolleras genom metoden model
predictive control (MPC).

Det har i denna rapport visats att MPC kan optimera bortföring av partiklar tillsammans
med energi̊atg̊ang av ventilationsflödet, vilket kan appliceras för b̊ade rena hörn och en rimlig
inomhustemperatur. En mer generell slutsats är att kombinationen av neurala nätverk och MPC
är en användbar metod för fluidmekanisk kontroll av partikelkoncentrationer i turbulenta tv̊afas-
flöden.
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Chapter 1

Introduction

This introductory chapter presents a background of the core concepts, methods and applications
that are relevant to the thesis. The background information gives support to a motivation section,
which in turn leads to the specific research objectives. The final two sections describe the project
scope and outline the proceeding parts of the thesis.

1.1 Background

Over the past decades, much attention has been brought to the importance of indoor air quality
(IAQ) and the serious threat of bio-aerosol contamination towards human health. Bio-aerosols
are micrometer sized, airborne biological particles, such as bacteria, fungi and viruses, that
when exposed to, can result in infectious diseases, allergies, cancer and respiratory symptoms.
The detrimental health effects of bio-aerosol exposure emerge especially in situations where
high particle concentrations are prevalent. Risk zones are typically indoor spaces with poor
ventilation, clinical settings and environments containing high intensity sources, such as industrial
facilities dealing with biomass.

As a consequence of the related health concerns, methods of efficient bio-aerosol removal have
become a hot topic of research, spanning multiple disciplines of science. Removal techniques
discussed in the literature can be related to filtration, ultraviolet radiation, photo-catalysis,
temperature and electrostatic precipitation. Due to the wide range of characteristics of bio-
aerosols, these approaches have varying effect on different types of particles [1]. An interesting
approach to improving existing removal techniques is to automatically control the trajectories
of individual particles or packets of bio-aerosols, by utilising directed airflows from ventilation
systems. Spatial particle distributions could for example be controlled to maximise the effect of
filtration devices.

Of particular relevance to removal techniques in general is the fact that high concentrations
of bio-aerosols can be found in corner regions of indoor rooms [2, 3]. This may be a combined
effect of cleaning difficulties [3] and the appearance of zones of recirculating air that can capture
light particles [2]. In humid and poorly ventilated environments, corner areas can be extra
susceptible due to stagnation of air, creating favourable conditions for mould growth, a source
of fungi micro-particles.

Against this backdrop, the proposed idea of this thesis is to utilise existing ventilation systems
to control indoor particle concentrations and effectively remove bio-aerosols from sensitive areas.
In specific, indoor corners are a point of interest, due to the presence of recirculating vortices that
can capture particles. With reference to the utilisation of ventilation systems, it is also important

1



1.1. BACKGROUND CHAPTER 1. INTRODUCTION

to appropriately manage the controllable air flow, to sustain a pleasant indoor environment and
consumption of energy.

Evidently, it is highly relevant for improved IAQ to investigate removal techniques and con-
trol of bio-aerosol concentrations. While physical experiments with regards to indoor particle
dynamics can be performed, it is however time consuming to set up experiments and gather
large amounts of usable data. A more efficient direction of approach is to utilise computational
methods and numerical simulation to learn about the dynamical behaviour of airborne particles.
A tool that is suitable for this purpose is computational fluid dynamics (CFD), which is a branch
of fluid mechanics that deals with discretisation and numerical simulation of the governing trans-
port equations. With early developments in the middle of the 20th century, numerical methods
for single-phase flow in simple geometries were studied. Today, the applicability of CFD theory
is proven for solving problems of various kinds, with uses in purely fluid mechanical as well as
interdisciplinary situations.

Although fluid dynamical modelling is widely used for problem solving, it must be noted that
the governing equations, based on Navier-Stokes (NS) formulations, are of complex nature and
require careful attention whenever applied in new situations. This is especially the case when
turbulence phenomena are expected, which can be considered as miniscule perturbations in the
fluid field, that cascades into chaotic, macroscopic dynamics. Turbulence effects come into play
when flow velocities are high and when complex geometries are considered. In fact, most real
life fluid problems are affected by turbulence to a certain degree.

Another important aspect from fluid mechanics that pertains to the dynamics of airborne
particles is the topic of multi-phase flow, which deals with the simultaneous flow of two or more
thermodynamic phases. The combination of multiple interacting phases results in various multi-
physical phenomena to occur, governed by highly complex and coupled non-linear equations. In
particular, the two-phase flow of gas and solids refers to the suspension of particulate matter in
a gas, such as bio-aerosols in air. Due to the computational complexity of such gas-solid models,
numerical simulations can be very time consuming, especially when both turbulence effects and
large amounts of particles are considered.

In view of the two-phase models’ high complexity, it may be impractical to extend their usage
for systematic control of the simulation outputs. Indeed, highly non-linear models can be prob-
lematic to use in control frameworks, as most control theory is based on linear system dynamics.
Thus, it is desirable to describe systems using linear models with as low order (dimensionality)
as possible. Consequently, various techniques have been developed for order reduction of com-
plex systems, such as those governed by CFD models, often with the purpose of finding suitable
control laws.

Classically, reducing the order of complex differential equations has been done through ana-
lytical methods such as linearisation. This direct approach falls short however, when governing
equations are highly non-linear or of very high dimensionality. An alternative way of identifying
complex system dynamics is to find suitable mathematical models based on measurement data
from the system, of which the theory is encompassed by the field of system identification. An im-
portant concept of this field is black-box identification, which implies that system dynamics are
identified solely from input and output data, with no prior knowledge of the internal processes.
Since little awareness of the underlying system is required, black-box modelling is a flexible tool
that can be applied to gain insight of complex system dynamics and to discover simplified models.
The idea is to carefully chose a mathematical model structure and subsequently find model para-
meters which accurately estimates the original process, with good generality. This is typically
accomplished by application of statistical regression methods to information rich input-output
data from the full system.

On this points, a straight forward approach to black-box identification is to apply elementary

2



1.2. MOTIVATION AND OBJECTIVES CHAPTER 1. INTRODUCTION

least squares regression to fit linear model structures to data. This approach is often desir-
able, due to the simplicity and intuitiveness of linear dynamics. However, linear models may
not always be sufficient to accurately describe complex systems, and at the expense of compu-
tational simplicity, non-linear black-box structures may then be employed instead. With the
recent rise of sophisticated machine-learning methods, much interest has been directed towards
non-linear identification, for instance, through the application of neural networks to describe
dynamical processes. Artificial neural networks are computational systems inspired by the in-
terneural connections in human brains and provide a flexible way to model complex systems.
Given a network configuration, the neural model is taught from example data to make accurate
predictions. While neural network models are purely data driven and has the capability to ap-
proximate highly non-linear relationships, large amounts of training data are typically required
and much of the physical significance of the underlying system is usually lost on the neural model.

As mentioned above, system identification is commonly utilised for purposes in automatic
control applications, where the objective is to integrate control methods with the system model,
such that desirable outputs are achieved from optimised input actions. Arguably, the most well
known control mechanism is the proportional-integral-derivative (PID) controller. From develop-
ments starting in the early 1900s, PID control is used universally today in many control system
applications, due to its simplicity and responsiveness. Although sufficient in many situations,
the usefulness of PID controllers fall short when there are input or output constraints present;
furthermore, PID theory is not well equipped for control of non-linear models.

These shortcomings of PID are largely taken care of in the more involved model predictive
control (MPC) framework, where separate optimisation problems are solved at discrete time
intervals, with consideration to constraints and a cost function. Although MPC is most effective
when applied to linear system dynamics, it is also applicable in non-linear cases, such as with
neural network models. A great utility of MPC is the ability to effectively control the input
effort, through tuning of controller parameters. MPC can thus be a useful tool to efficiently
manage the energy consumption of a process.

Application of system identification and control theory to fluid dynamical problems has been
successful in the realm of single-phase flow and is commonly used to manipulate turbulence
phenomena for engineering purposes. The extension to multi-phase situations is however largely
an unexplored area and the thesis’ topic is thus expected to contribute towards advancements in
the multidisciplinary field of multi-phase flow control.

1.2 Motivation and Objectives

In general terms, this thesis draws its motivation partly from the application side of things
and partly from a theoretical viewpoint. Firstly, as we learn more about the detrimental ef-
fects of indoor bio-aerosol contamination, it is apparent that effective removal mechanisms are
continuously sought after. A novel idea is to manipulate indoor air movement and patterns to
mechanically transport hazardous particles away from sensitive areas, such as indoor corners.
The possibility to integrate such mechanical control of particle removal with existing ventilation
systems can be very beneficial to effectively improve IAQ. Naturally, if the removal mechanism
is tied to a climate control system, caution has to be taken to temperature maintenance and en-
ergy consumption, which motivates the development of a constrained and energy efficient control
framework.

From a theoretical point of view, it is highly interesting to study the identification and control
of turbulent flows. While extensive research has been conducted for the control of single phase
flow, very little has been done with regards to control of two-phase flows. Due to the complexity
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of the governing flow equations, it is thus interesting to investigate how well the theoretical two-
phase turbulence models can be integrated in a model reduction based control framework. On
this point, the thesis topic is motivated by its contributions to the emerging field of multi-phase
flow control.

Based on this motivation, the aim of this thesis is to develop a framework for black-box
identification and energy efficient control of particle concentrations in a specified geometry, based
on turbulent two-phase simulations. The goal is to efficiently control a temporal concentration
of micrometer-size particles, by using a directed and variable airflow. At a broad view, this goal
is accomplished through three main objectives, each tied to a different scientific discipline.

1. Two-phase modelling: Design of a simulation experiment containing an airflow source,
particle release features and a complex geometry. Furthermore, validation of the two-phase
simulation results to ensure correlation with real life physics.

2. System identification: Employment of black-box identification methods to identify a
simplified ARX and NN model of the full two-phase model.

3. Optimal control: Integration of the identified model in a model predictive control frame-
work for control and optimisation of particle concentrations together with constrained
energy consumption of the airflow.

With respect to potential applications in bio-aerosol removal techniques, it is also of relevance to
investigate how the particle concentration can be reduced as much as possible within the control
framework.

The topic of this thesis is further motivated by previous work by Zhang, whom has previously
studied the control of particle laden corner flow, in the laminar flow regime [4]. Most realistic
flow situations are however highly affected by chaotic turbulence phenomena, which previous
studies have not accounted for. The purpose of this thesis is thus to fill the necessary knowledge
gap with regards to data-driven control of particle concentrations in turbulent gas-solid corner
flow, which is required for real life applications.

1.3 Project Scope and Description

In this section, the overarching objectives presented above are subdivided into a more detailed
outline of the whole project and the employed methods. Each of the three main objectives are
separated from one another and can be independently modified to improve results.

Two-phase modelling: The first part of the thesis involves design of an experiment that
can produce results for achieving the research aims and goals. The simulation experiment is setup
to emulate an indoor corner between a wall and roof, in a two-dimensional geometry. A variable
airflow source, such as a ventilation outlet, is directed towards the corner, from which particles
can be released, as visualised in figure 1.1. The purpose is to control the particle concentration
in the corner over time, by varying the intensity of the outlet airflow.

Proceeding, a two-phase model based on one way coupled Eulerian-Lagrangian approach, is
put together to simulate the involved physics. Meaning that the gas phase is simulated based
on Navier-Stokes equations, independently from the solid phase, which in turn is modelled by
Lagrangian equations of motion, that are coupled to the fluid fields. To account for real physical
behaviour, the turbulence models SST k-ω and discrete random walk are employed in the gas
and solid phase respectively.

Due to uncertainties involved in fluid dynamical turbulence modelling, the simulations of the
two-phase model has to be validated against results from physical experiments. After validation,
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Figure 1.1: Visualisation of the corner experiment. A collection of bio-aerosols are transported
away from a 90 degree corner by the airflow of a ventilation outlet.

the model is assumed to simulate a real physical situation. Here, a particle laden flow over a
backward facing step (BFS) from the literature is used as a validation experiment, due to its
similar characteristics of the thesis’ experiment.

Black-box system identification: The starting point of the thesis experiment is that a
large number of particles are released at once in the corner. Subsequently, the trajectory of each
individual particle is then affected by a vortex in the corner with dynamics that depends on
the intensity of the inlet airflow. From the initial release, the residual particle concentration is
measured over time for different sequences of airflow intensity, which is constrained between a
maximum and a minimum value.

The following step is to find a simplified mathematical model that describes the dynamic
input-output relationship between the inlet airflow and the corner particle concentration. This
is accomplished through the use of black-box system identification methods, where training data
is extracted from the full physical model.

As linear models are convenient to work with, a linear ARX structure is used to describe
the input-output relationship. Additionally, due to the complexity of the governing two-phase
equations, a non-linear ARX based neural network model is employed and compared with the
linear ARX model, with the intention to better capture the system dynamics.

Model predictive control: When a simplified model has been identified, the final step is
to integrate it with a control methodology, to optimise the reduction of particle concentration,
while also keeping the energy consumption of the airflow as small as possible. Model predictive
control is used for the control because of its intrinsic optimisation of a self-defined cost function
and ability to handle constraints. MPC is most suitable for linear models, and thus linearisation
in each time step is employed for control of the neural network models. The performance of the
controller is tested through various tunings and the limits of concentration reduction are studied.

An important remark is that the control routines are run in a closed feedback loop with the
identified models. To verify whether the outcome is reliable, the controlled input signals are then
fed into the full physical model, which is in open loop without any feedback. In this regard, the
control results are largely limited by the performance of the system identification.

A flowchart presentation of how the different parts of the thesis are connected is shown in
Figure 1.2, where the numbers signify the order of which each step is performed. The physical
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system, modelled by physical two-phase corner flow equations is in open loop, meaning that there
is no direct control or feedback involved. Training data is generated from this system by feeding
excitation signals to the input. Subsequently, black-box identification methods are employed
to estimate a low order model, to be used in a closed control loop. The closed loop system is
simulated based on energy efficient control design, and thereafter the produced control signals
are extracted and tested in the full physical system. Finally, outputs of the open and the closed
loop systems are compared to evaluate the performance of the identification and control results.

To be noted is that the open loop physical system is completely disconnected from the closed
loop control system. The open loop system is only used to generate data for system identification
of the low order model and to verify the outcome of closed loop control simulations.

Figure 1.2: A flowchart of the project scope. Data is generated from CFD simulations of the
physical two-phase system which is in open loop. Simulation data is used to construct a low
(reduced) order model which can be applied in a closed loop control routine to achieve desirable
energy consumption and output concentration. The set point of the controller can be set to be
a desired reference trajectory. The numbering in the diagram signifies the order of which each
step is performed.
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1.4 Thesis Outline

The current chapter gives an introduction to the thesis topic, with a background, motivation and
aims of the research problem. Furthermore, a high level description of the whole project scope
is presented.

In Chapter 2, an overview of concepts and results from relevant references are presented and
discussed. The chapter is divided into separate literature reviews for the main subject areas that
encompass the thesis.

Chapter 3 covers the methods that are employed to achieve the research objectives. Math-
ematical model equations and theories are presented and motivated for each subject area.

The results are presented in Chapter 4, where they are separated into sections for the subtopics
and each section is completed with a discussion of the results.

In the final chapter, the whole project is briefly summarised and the most important results
are highlighted. Based on this, conclusions are drawn to convey the impact of the research,
with reference to the original aims and objectives. Finally, prospects and suggestions for future
research on the topic are presented.
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Chapter 2

Literature Review

This chapter presents a review of literature with regards to the main subject areas that are
relevant to the thesis. In particular, the importance of multi-phase flow theory is highlighted,
together with different modelling approaches. Furthermore, general control strategies in fluid
mechanics are shortly discussed. With major interest to the thesis topic, a quite extensive
review of results from data-driven identification and control in fluid mechanics and of multi-
phase systems is also presented. Finally, sources and references with regards to bio-aerosol
dynamics and control are brought up and discussed.

2.1 Modelling of Multi-Phase Flows

Multiphase flows are characterised by the simultaneous flow of more than one thermodynamical
phases and show up in many industrial processes. The dynamics of multi-phase flows are typ-
ically complex, with non-linear coupling between different physical phenomena, and thus model
development can be challenging. In this thesis, the special case of gas-solid two-phase flow is
considered, which is often modelled with regards to a continuous and a discrete phase.

2.1.1 Multi-Phase Flow Applications

Applications of multi-phase flow theory are numerous for engineering problems in industrial
settings. For example, bubbly flow is a type of gas-liquid flow with great presence in nuclear
engineering [5]. Understanding of the underlying flow dynamics is required to properly design
and optimise relevant processes and especially crucial with regards to safety analysis of nuclear
reactors [6]. In combustion industry [7], turbulent gas-solid simulations has been carried out to
study coal combustion processes and make analysis about pollutant emissions.

Another practical area of application is in petroleum industry. For example, for pipeline oil
transport [8], CFD simulations based on multi-phase models have been used to study the effects
that phase transitions and flow of crude oil has on pipeline leakage. Furthermore, in micro- and
nanotechnology [9], complex multiphase flow plays an important and practical role to describing
microfluidic systems.

Theory of multiphase flows is also applied for improvements of indoor air quality. Transport
of contaminant particle matter [10] can for instance be modelled and simulated by gas-solid two-
phase equations, for various applications. CFD based experiments specifically treating the solid
phase as bio-aerosols have been performed by several researchers [11, 12, 3, 13]. Evidently, it is
highly relevant and practical to study and learn more about multi-phase systems.
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2.1.2 Turbulence Modelling of Continuous Phase

The mechanics of fluid flow is most commonly described by the Navier-Stokes equations, which
is a set of non-linear partial differential equations that models the velocity and pressure field of
a fluid. A general analytical solution to NS has not been found and thus numerical methods are
often employed through computational fluid dynamics. The phenomenon of turbulence becomes
apparent with high flow velocities and is characterised by chaotic fluid motion over a large
range of different spatial and temporal scales. To accurately model turbulent fluid flows the
technique of direct numerical simulation (DNS) may be employed, where all scales of turbulence
are resolved by directly solving the NS equations. While DNS provide accurate results, it is
typically extremely time-consuming. An alternative way of accounting for turbulence is to solve
the Reynolds-Averaged NS equations, which require additional turbulence models for closure of
fluctuation terms.

A central experiment for benchmarking of turbulence models in separated flows is the back-
wards facing step [14]. In the BFS experiment, flow behaviour is studied as a fluid flows over
a step, from a higher to a lower level. An important aspect of the BFS experiment is the flow
separation that occurs downstream the step, which causes a zone of recirculation (stationary
vortex). Velocity distributions and reattachment lengths of the recirculation zone are typically
measured to characterise the flow.

Several studies have been performed to evaluate the performance of various numerical meth-
ods for simulation of turbulent flow over a BFS. For instance, DNS simulations were conducted
by [15] for a turbulent BFS flow with Reynolds number of 5100. Results showed good agreement
of turbulence statistics between simulations and experimental data.

Furthermore, Reynolds-average based turbulence models have been used by multiple research-
ers for prediction of BFS flow. In an evaluation of two-equations models, [16] found that pre-
diction errors using a k-ε type model originated from inadequate resolution, as well from the
consideration of isotropic eddy viscosity in the model. It was however shown that after modific-
ation with properly calibrated anisotropic viscosity, the k-ε was able to predict the BFS charac-
teristics with surprisingly good performance. In a different study, [17] assessed multiple closure
models of modified k-ε type, for simulations of turbulent flow over a BFS. It was found that
minor variations in the models, such for wall-induced effects on turbulence isotropisation, could
significantly affect model performance. This was further looked at by [18], where different wall
functions were compared for multiple turbulence models. It was found that non-equilibrium wall
functions with modified k-ε showed good performance in predicting reattachment length of the
recirculation zone. It was concluded that a proper combination of turbulence model and wall
treatment had to be used for reasonable results. The performance of SST k-ω turbulence model
was also tested in the study and it was found to predict turbulence statistics decently, but had
difficulties capturing the zone of recirculation. The SST k-ω model was also used by [19] for
simulations of flow over a BFS in three dimensions, with fairly good predictive accuracy of mean
velocity, reattachment length and turbulent kinetic energy.

In view of above, simulating fluid flow with DNS provides very accurate results, however
with high computational costs. To save time the approach of using turbulence models is often
times more desirable as they are able to produce decently accurate results. There are many
turbulence closure models available with different modifications depending on situation. k-ε is a
go to model that can often perform decently. An alternative model is SST k-ω which has also
shown potential.
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2.1.3 Gas-Solid Flow Modelling

Physical modelling of multi-phase flows, the simultaneous flow of two or more different phases,
is a well researched area. In this study, specifically the two-phase flow of sparse particle flow is
considered, to model bio-aerosol dynamics. For an extensive background, the reader may refer
to [20], which provides fundamental physical modelling approaches to dispersed particle flows.
To analyse and solve problems involving two-phase flows, computational fluid dynamics is often
applied, where the models are discretised and solved numerically.

There are two well known approaches to modelling two-phase flows that are commonly applied
in CFD. In the ”Eulerian approach” (also ”Eulerian-Eulerian”), all phases are formally treated
as fluids, which obey the traditional fluid dynamical equations of motion. The Eulerian approach
is a general method that can be used to describe many different types of multi-phase systems.
It does show some downsides when it comes to modeling of boundary conditions for the particle
phase however. And certain particle specific properties may also be lost with the assumption of
the particle phase being a fluid [21].

The ”Lagrangian approach” (also ”Eulerian-Lagrangian”) is primarily used to describe dis-
persed particle flows. Here the fluid phase is treated separately from the solid phase, in which
each solid particle is described by regular Lagrangian equations of motion. If only mean particle
trajectories are of interest, Lagrangian particle tracking is convenient and easily applicable for
use in turbulent flow models [22].

Directly solving the governing fluid dynamical equations using CFD is a time consuming
matter, because all the temporal and spatial scales of turbulence have to be considered. This
can nonetheless be done through employment of DNS, which provides very accurate results. DNS
was for exampled used by [23], to study turbulent particle laden flow around a sphere and model
predictions were found accurate up until Reynolds numbers for vortex shedding. The method
is however infeasible to use in the majority of applications due to its high computational costs
[20]. Typically, turbulence is instead modelled through various turbulence closure models, that
introduces extra equations and turbulence variables. Commonly used closure models include
k-ε, k-ω, Spalart-Alamars and Menter’s shear stress transport (SST). These models simplify the
solutions at a cost of accuracy, and are generally tuned to be used for specific fluid dynamical
problem situations [24].

Overviews of DNS and different turbulence models for turbulent particle laden flow were
presented by [25, 26]. It was concluded that while DNS provide very detailed information about
particle dispersion, it is not feasible to use in complex geometries and for industrial applications.
Instead Eulerian or Lagrangian turbulence models were suggested as an alternative and the
potential of LES models was also highlighted.

A modified two-equation low Reynolds number turbulence model was used by [27], to model
turbulent dilute gas-solid with particle-particle interactions. Simulation results compared with
available experimental data of mean and fluctuating velocity profiles showed that the model was
able to capture flow behaviour present in pneumatic transport of large particles.

A comparison of Eulerian and Lagrangian models for dispersion of particles in a three dimen-
sional room was performed by [12]. It was found that both approaches were able to satisfactory
simulate experimental data. The turbulence model used for the continuous phase was RNG k-ε.
To simulate turbulent dispersion effects on the particles, discrete random walk (DRW) was used
for the Lagrangian model. DRW models turbulence stochastically and consequently a large num-
ber of particles have to be tracked to maintain a stable mean value. The researchers found that
for their open room situation, at least 16000 particles had to be tracked to keep the concentration
unchanged.

Conversely, for simulation results reported by [28], a sample size of 250000 particles was found
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adequate to produce mean velocity profiles of good resolution. In the study, particle transport of
fully turbulent channel flow at Reynolds numbers 180 and 640 was investigated using LES. One
way coupling between phases was considered and drag and gravitation were governing forces for
the particle dynamics. It was found that statistical properties of the solid phase predicted by
LES were in good agreement with DNS results.

Another comparison of Eulerian and Lagrangian (with DRW) approaches was done by [21],
where simulations were performed and validated against an experiment of a two-phase flow over
a backward facing step by [29]. In these simulations the standard turbulence model k-ε was
compared to modified versions, RNG k-ε and Realizable k-ε, where the two latter provided
better agreement with experimental results. It was found that both Eulerian and Lagrangian
methods where able to predict results well, but that Eulerian was less computationally heavy
while Lagrangian was marginally more accurate.

In another comparative study, [30] it was also found that Eulerian schemes were less expensive
for prediction of confined turbulent gas-solid flows with particles of diameter less than 200 µm.
It was however concluded that if the particle sizes change along the trajectories, the Lagrangian
scheme with k-ε turbulence model was a much better choice.

In a study [31], Eulerian-Lagrangian approach with SST k-ω closure model was used to invest-
igate characteristics of three dimensional slurry pipe flow, with solid phase concentrations from
40-60%. It was shown that differences in pressure drops between simulation and experimental
data was less than 6%.

The relevance of forces acting on micro-scale particles in an indoor room was analysed through
CFD by [11]. It was concluded that gravity, drag and lift force as well as Brownian motion
contributed to the particle movement. Pressure gradient force, Basset force and virtual mass
force could be neglected.

From previous research efforts, as presented above, it seems that a Lagrangian-Eulerian mod-
elling approach with turbulence closure models is sufficient for simulations of particle laden flows
in a complex geometry. However, some attention should be given to the number of particles used
in the simulations.

2.2 General Control Strategies in Fluid Mechanics

The interdisciplinary science of flow control integrates fluid mechanics, control theory and com-
putational methods to systematically manipulate movement patterns of fluids [32]. The vast
majority of the flow control discussion in the literature is limited to the control of single-phase
flow. However, single-phase control is a good place to start in the transition to control of two-
phase flows, since in many situations, the carrier fluid may be the only controllable phase. Also,
with prior understanding of the carrier fluid’s movement patterns and interactions with the
dispersed phase, knowledge about single-phase control will be an advantage in the control of
two-phase flow.

Several reviews on the topic of flow control are available, such as [33, 34, 32, 35]. A short
review on the work flow of CFD-based system identification is given by [36] and it is well agreed
upon that development of control methods in the field of fluids is of great interest and importance.
Due to increases in computer power and theoretical advances in control theory, the ability to
combine computational fluid dynamical models in the framework of control has emerged as a
powerful tool.

Typically, flow control is applied for the purpose of reducing drag in turbulent flow, for
example through the control of skin friction, boundary layer separation and vortex shedding [37,
38, 39, 40, 41].

11



2.3. DATA-DRIVEN MODELLING AND CONTROL CHAPTER 2. LITERATURE

Control strategies can generally be categorised into passive, active open-loop and active
closed-loop. All three have been applied to fluid dynamical problems to various degrees, as
reviewed by [42], in the case of flow over buff bodies. Passive control signifies modifications of
flow characteristics through passive changes to e.g. surrounding geometry. Active open/closed-
loop control is the use of time varying, often periodic signals to alter relevant states of the
system, with our without feedback. Open-loop control is not as efficient as closed-loop, but has
the benefit of not requiring sensors for feedback signals.

Open-loop control of vorticity creation for reduction of friction drag is done in [43], by using
a flexible wall structure. In [44, 45] optimal open-loop methods are discussed for the control of
vortex shedding, where the control action is achieved through cylinder rotation. Reduced order
models are developed through proper orthogonal decomposition techniques used on simulation
data. Furthermore, a methodology for open loop jet control is proposed by [46], where a linear
model for forced jet dynamics is used to develop a compensator for the actuation. More precise
exit velocities are achieved in the process.

The dynamics of multi-phase flows include many non-linear elements, due to the coupling
of multiple physical phenomena. An approach to control of such complex systems is to create
reduced order models from measurement data. By employing machine learning methods, suitable
for fluid mechanics problems [47], simplified models can be learned and subsequently used for
control purposes.

2.3 Data-Driven Modelling and Control

Data-driven modelling approaches has emerged as an important technique for simplifying and
understanding complex systems. System identification is the art of estimating models for complex
systems, based on measurement data and knowledge about the underlying processes. Control
theory is applied to manipulate systems for desired output values, and is often times used in
conjunction with models derived from system identification methods.

There exists a fair bit of literature where machine learning methods have been applied to
analyse and model multi-phase systems, mainly through the use of neural networks. Data-driven
modelling and control based on high fidelity multi-phase CFD models is however scarce, especially
so with regards to control of gas-solid flows.

2.3.1 System Identification

As mentioned above, system identification is the science of finding system models which estimate
input-output behaviour of e.g. physical, economical or social processes. Identified models can
be categorised into three different categories, depending on the amount of knowledge from the
underlying process that is used for estimation. White-box modelling implies that the system
model is directly derived from first principles, such as from governing differential equations.
Conversely, models can also be derived purely from measurement data. This approach is often
labelled as black-box identification and is generally what the field of system identification is
about. A combination of using both fundamental knowledge, as well as measurements for model
estimation can be referred to as grey-box modelling. The power of a grey-box approach is shown
by [48], where heat consumption in heating systems is modelled using a split of theoretical and
data-driven identification.

In classical black-box identification [49], a model structure with free and estimable parameters
has to be considered. Often it is desirable work with linear models, due to the relative simplicity
and ease of integration for control purposes. Indeed, the theory of system identification started
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gaining attention in the mid 1900s, in parallel with increased interest in control theory [50], to
bring along a multitude of applications for process engineering. Most early efforts focused on
identification of linear model structures, for example through application of maximum likelihood
estimation to difference equations to estimate autoregressive models, such as ARMAX [51].
Autoregression implies that future model outputs are predicted based on a regression analysis of
lagged inputs and outputs from the model. A simple but practical linear model structure is the
autoregressive model with exogenous inputs (ARX) [49], which can be employed as a benchmark
model, to make initial assessments of the identifiability of a system by means of linear methods.

If linear structures are not sufficient, non-linear models may instead be considered. One
approach to non-linear modelling is the Hammerstein-Wiener type model, where a linear model
block is enforced with non-linear blocks to account for local non-linearities that may be present
in the system. Using Hammerstein-Wiener may show better prediction performance compared to
linear autoregressive models, as shown by [52, 53], however, it may not be be as straight forward
when put in a control context.

With the recent rise of advanced machine-learning methods, powerful approaches to purely
data-driven system identification of complex systems have emerged. For instance, artificial neural
networks [54] can be employed to estimate highly non-linear systems. It was shown by [55] that a
neural network model based on an autoregressive input-output relation was able to considerably
outperform the predictive performance compared to a linear ARX, for predictions of indoor
building temperatures. While neural networks provide a very flexible way to finding accurate
system models, large amounts of training data is generally required. Furthermore, neural models
are typically limited to predictions within the range of the measurements used for training.

2.3.2 Control Theory

Control theory is the science of systematically controlling the input of a process, such that a
desirable output is achieved. Typically, the purpose is to optimally control the system in a way
that returns are maximised, with minimised efforts posed on the input [56].

A simple method for regulating a linear system is through PID control. The PID controller
controls the input signal such that the system output maintains a set value. Classic PID control
does not handle constraints on the input signal which could be imposed by for example energy
limitations. There are however extended methods of constrained PID control as presented by
[57, 58].

A more advanced control method that is able to take constraints into consideration and which
is more suitable for optimisation problems is model predictive control [59]. MPC is frequently
and many times successfully used in conjunction with linear system models [60], with control
performance often times shown superior to that of classical PID control. MPC algorithms based
on non-linear models have also gained a lot of popularity due to the potential of improving
accuracy and performance with regards to control of non-linear processes [61, 60, 62]. In partic-
ular, the effectiveness of neural networks based MPC was shown by [63], where linearisation was
applied to the network model in each time-step of the MPC scheme. Another machine-learning
based methodology is MPC based on Gaussian processes for model identification [64]. Gaussian
process models include information about regional variance of the output mean, which can be
utilised to create more robust controllers. A recently developed non-linear MPC routine is sparse
identification of non-linear dynamics with control (SINDYc) [65], which has shown to perform
much faster than pure NN based MPC in certain cases.
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2.3.3 Data-Driven Modelling and Control in Fluid Mechanics

Machine learning has recently been highlighted as a powerful approach for modelling, optimisa-
tion and control in fluid mechanics [47]. As bigger and bigger datasets are available from large
scale simulations, it has been suggested that data-driven methods may become an integrated part
in future research and applications of fluid mechanics. Development has indeed moved towards
data based methods for system identification, such as model order reduction of fluid dynamical
systems, using deep learning and neural networks [66]. In [67], ”hidden physics models” are
introduced as data based machine learning models, which can be used for describing complex
systems such as multi-phase systems, where severe non-linearities are often present.

The approach for obtaining a linearised system from the non-linear flow equations can either
be through analytical linearisation [68] (white-box) or system identification (black-box). The two
approaches have different strengths and weaknesses [69], where the latter can be more attractive
when the flow dynamics include complex elements such as separation [70].

Different models for use with system identification are available. An ARX model approach
was compared to state space models by [70] in a control-loop system applied to boundary layer
separation. The authors concluded that the subspace methods used for estimation of the state
space model better captured the non-linearities of the flow.

Black-box system identification was evaluated by [71] as a technique for modelling unsteady
aerodynamic forces in time-domain aeroelastic analysis. A linear autoregressive moving aver-
age (ARMA) model structure was used for identification of a multiple-inputs multiple-outputs
system, based on unsteady CFD simulations. It was found that the identification method can
accurately map input to output for unsteady CFD simulation, assuming solutions to be linear for
small fluctuations about a non-linear mean flow. A similar study regarding CFD based unsteady
aerodynamic models for aeroelastic analysis was performed by [72]. System identification was
employed for generation of frequency-domain, time-domain ARMA and discrete time state-space
linearised reduced order models. A filtered white-Gaussian noise signal was used in the CFD
code for excitation of the system, which resulted in information rich data for training. The three
models were shown to be very accurate for presented test cases.

Non-linear dynamic models have also been applied for flow identification and control prob-
lems. A Hammerstein-Wiener model was estimated for vorticity control past a circular cylinder
by [73], where a chirp function was applied to the input signal with good success.

A deep learning approach to proper orthogonal decomposition has been suggested by [66],
where high fidelity training data was used for successful reduction of single-phase flow systems.

2.3.4 Data-Driven Modelling and Control of Multi-Phase Systems

Artificial neural networks was used by [74] to predict density data of two-phase mixtures up-
flowing in adiabatic channels. The neural network performance was significantly better than that
of conventional correlation methods. It was noted that an advantage of neural networks is that
no formal correlation structure is required. However, a certain amount of model transparency is
lost in the process.

In [75], complex networks were used for identification of non-linear dynamics and flow-patterns
in gas-liquid flows. A complex network theory was introduced and it was demonstrated to be
useful in revealing fluid structures in gas-liquid flows. It was also indicated to be a powerful tool
for exploring non-linear time-series in general.

A machine-learning methodology based on probability density functional (PDF) and power
spectral density (PSD) for determination of gas-liquid flow rates has been proposed by [76].
Differential pressure measurements were extracted and processed by PDF and PSD before being
used as inputs to multi-layer back-propagation NN for flow-rate predictions. The proposed
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method was shown to have consistent performance over all flow regimes and good correspondence
to experimental data.

Estimation of void fraction in gas-liquid two-phase flow using empirical mode decomposition
(EMD) and artificial NN was experimentally investigated by [77]. Compared to conventional
methods, the NN method was able to estimate void fraction with lesser number of input signals
from experiment.

Proper orthogonal decomposition method was used by [78] in the context of fluidized beds,
where spatial dominant features were separated from spatio-temporal dynamics. The researchers
were able to indicate the existence of low dimensional dynamics through numerical simulations.

Fuzzy system identification methods were used by [79], to analyse wavelet energy data, for
flow regime identification in turbulent fluidized beds. The method was successfully used to find
distinct differences between flow regimes.

The feasibility of using the machine-learning algorithm support vector machine (SVM) for
flow regime identification has been shown by [80] and [81].

An adaptive algorithm for controlled Lagrangian particle tracking was presented by [82],
to improve navigation performance of autonomous underwater vehicles (AUV). The adaptive
learning algorithm was used to predict the movement of AUV in ocean flow fields in real time.
The controller prediction error was shown to converge towards zero over time and also to be
bounded by unknown disturbances in the flow field.

In [83], a review of NN based MPC approaches is presented. Furthermore, a case study
was carried out for control of HVAC systems for optimised operational cost. An algorithm was
proposed for selecting the best network among multiple iterations of training. It was shown that
the NN-MPC method consumed more energy compared to fixed set-points, but was able to save
operational costs.

A neural network based model predictive controller was also presented by [84] for interface
control in a multi-phase flotation column system. The system was excited by a pseudo-random
ternary signal to generate training data for a neural model which was used with MPC to control
both liquid-gas and liquid-gas-solid systems. It was concluded that the NN model was limited to
be controlled only in its training range but that the NN-MPC performance was very satisfactory
in comparison to a conventional PI controller.

Similarly, the improvement of MPC compared to PI control was shown by [85], where the
effectiveness of an adaptive NN was investigated for modelling and MPC control of non-linear air-
fuel dynamics in spark-ignition engines. A radial basis function NN was trained using recursive
least squares, which proved to be an appropriate modelling method.

A methodology for identification and control of gas-solid flow in a corner geometry, based
on CFD simulations has been proposed by [4]. A two-phase CFD model with laminar flow
assumption was used to generate data for training of a NN, which was consequently applied with
MPC to remove particles trapped by a corner vortex. Simulations showed that a decrease of
particle concentration could be achieved with optimal energy consumption of the forcing signal.
The study showed that NN-MPC is a feasible method for control of laminar gas-solid flow in a
corner. However, since no consideration of complex turbulence phenomena was considered in the
study, extension to real-life applications is limited.

In conclusion, NN based approaches to modelling of multi-phase systems has shown its feas-
ibility through various studies. With regards to modelling and control of gas-solid flows, research
efforts have to be extended to turbulent flow regimes. A useful technique for such purposes may
be to combine NN models with MPC control routines.
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2.4 Indoor Dynamics and Control of Bio-Aerosols

There is no doubt that exposure to bio-aerosols of various species bring along a multitude of
serious health effects, which has been discussed in detail by [86, 87, 88]. It was concluded
by the researchers that exposure in both residential and occupational environments can lead to
health problems, including infectious diseases, acute toxic effects, allergies, cancer and respiratory
symptoms. Reviews of sources, compositions and modes of transportation were presented, as well
as control measures to reduce bio-aerosol loads. Further research was suggested to develop new
methods for exposure assessments, measurements, control and study of indoor air in general.

A very extensive study of indoor and outdoor fungi profiles has been conducted by [89].
Investigations have been done of bio-aerosol profiles in office spaces [90], high rise apartment
buildings [91], hospital clean rooms [92] and compost facilities [93]. It was found that air rate
change in office buildings had less effect on concentrations than filtration methods. However, [86]
recommended the use of air conditioning as it limits inclusion of outdoor aerosols and prevents
dampness and moisture.

A review of the dynamic processes governing indoor bio-aerosol concentrations was given by
[94]. Important source and removal mechanisms were discussed, such as effect of air exchange,
deposition on surfaces and active filtration. A similar text by [95] focused on the release processes
of the particles from their source. Dynamics of release and factors influencing the aerolisation,
such as air velocities and moisture conditions were brought up. Both authors concluded that the
dynamics are coupled to particle size.

In a study by [96], efficient removal of pollen and fungi by using a portable indoor air cleaner
was evaluated, together with the effects of ventilation rates. It was found that the air cleaner
helped filter out the bio-aerosols and shortened clean-up time. A similar experiment was per-
formed by [97], exploring the effectiveness of air recirculation to improve filtering and removal of
tuberculosis in an indoor room. It was found that ventilation together with filtering was able to
reduce concentrations dramatically and modifying the recirculating air flow had some effect. This
suggests that techniques of controlling particle flows can be used to improve existing methods of
bio-aerosol reduction such as filtering.

It has been found that indoor corner areas are especially prone to high particle concentrations
[2, 3]. This is likely due to vortices capturing particles as well as stagnation zones creating envir-
onments suitable for mold growth [98]. This motivates that it is of interest to study bio-aerosol
dynamics in corners and develop theories to improve overall efficiency of reduction techniques.

Numerical simulation of indoor bio-aerosol dynamics has been done by [11], where compar-
isons of dispersion and depositions was made for different ventilated rooms. It was found that
particle movements were highly affected by airflow patterns as well as particle size. The results
showed that a ”displacement ventilated room” has lower deposition rate, higher escaped particle
rate and higher average concentration than for a ”mixing ventilated room”. This goes to show
that both a displacement and a mixing approach is important to consider to affect the transport
of particles.
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Chapter 3

Methodology

In this chapter, the relevant theory and employed methods are presented over four sections.
First is a presentation of the two-phase models, which are used for simulations of the numerical
experiments. In the second section, system identification methods and model structures for
black-box modelling are discussed and motivated, and the third section goes through the theory
and idea behind model predictive control. Finally, the energy and error measures which are used
to gauge the performance of the models from the previous sections are presented.

3.1 Two-Phase Flow Dynamics

The physical process of the research problem is a turbulent particle-laden airflow. A high level
methodology for modelling of such flows is the Eulerian-Lagrangian approach, where the fluid is
considered a continuous medium and the discrete-phase particle trajectories are solved individu-
ally for each particle. Different levels of coupling between gas and solid phase may be considered
and turbulence phenomena can be treated for both phases through various turbulence models.
One way coupling is assumed in this study, meaning that only the solid phase dynamics depend
the fluid phase, and not vice versa. As a result, the fluid phase can be solved independently of
the solid phase.

3.1.1 Fluid Phase Dynamics

The most common approach to solving a fluid mechanical related problem is to employ the
Navier-Stokes equations, which describe the motion of viscous flow. With the assumption of
an incompressible and Newtonian fluid, the time-dependent NS momentum equation can be
formulated in two dimensions as

ρ
∂u

∂t
+ ρ(u · ∇)u = −∇p+ µ∇2u + F , (3.1)

where u = u(t, x, y) is the fluid velocity field, p = p(t, x, y) the pressure field and F are any
external forces. The fluid density ρ and viscosity µ are in this formulation of NS assumed to be
constant. The continuity equation for an incompressible fluid is given by

ρ∇ · u = 0. (3.2)

In most realistic flow situations, chaotic behaviour caused by turbulence has to be considered,
where all flow quantities fluctuate in time and space. Due to the large range of length scales that
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have to be resolved for turbulent flow, numerically solving the regular NS equation in such cases
become a very time consuming task. To better handle the problem of turbulence, time-averaged
equations can be used, such as the Reynolds-Averaged Navier-Stokes (RANS) equations. For
RANS, the velocity and pressure fields in equation (3.1) are decomposed into a time-averaged
(barred) and a stochastically fluctuating (primed) quantity: u = ū + u′ and p = p̄ + p′. By
substituting these expressions into equation (3.1) and introducing a turbulent viscosity µT which
accounts for the fluctuating quantities, the RANS equations are given by

ρ
∂ū

∂t
+ ρ(ū · ∇)ū = −∇p̄+ (µ+ µT )∇2ū + F , (3.3)

ρ∇ · ū = 0. (3.4)

The turbulent viscosity is also commonly referred to as the eddy viscosity, as it characterises the
macro-scale transport and dissipation phenomena of kinetic energy with regards to the small-scale
”eddy” vortices that are present in turbulent flow.

To evaluate µT and close the RANS equation, several different types of turbulence models
may be employed, depending on the specific situation. In this thesis, turbulence is modelled
using the SST k-ω model [99, 100, 24], for which the relevant equations are presented below.
The values of recommended model constants that have been used here are given in table 3.1.
The transport equations of the SST k-ω model are expressed in terms of the turbulence kinetic
energy k and specific turbulence dissipation rate ω as

ρ
∂k

∂t
+ ρu · ∇k = P − ρβ∗0kω +∇ · ((µ+ σkµT )∇k), (3.5)

ρ
∂ω

∂t
+ ρu · ∇ω =

ρλ

µT
P − ρβω2 +∇ · ((µ+ σωµT ) + 2(1− fv1)

ρσω2

ω
∇ω · k. (3.6)

where
P = min(Pk, 10ρβ∗0kω), (3.7)

with production term

Pk = µT (∇u : (∇u + (∇u)T )− 2

3
(∇ · u)2)− 2

3
ρk∇ · u. (3.8)

Here, the : operator signifies a contraction between two tensors. The turbulent kinetic energy
k is the mean kinetic energy per unit mass of the velocity field fluctuations u′ and is related to
the eddy vortices in turbulent flow. It is considered a fundamental flow property that must be
calculated for turbulence to be modelled properly and is generally characterised by the sum of
variances of the velocity fluctuation components. The specific dissipation ω holds information
about the rate per unit volume and time at which the turbulence kinetic energy is gradually
absorbed by smaller and smaller eddies, until it is completely dissipated into thermal energy by
viscous forces.

Both k and ω characterises the turbulent viscosity µT , which is given by

µT = ρ
a1k

max(a1ω, Sfv2)
, (3.9)

where
S =

√
2SijSij (3.10)
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is the characteristic magnitude of mean velocity gradients. The model constants φ = β, λ, σk, σω
are defined through interpolation of outer and inner values φ1,2 as

φ = fv1σ1 + (1− 1fv1)σ2, (3.11)

where the interpolation functions fv1,v2 are defined as

fv1 = tanh
(
θ4

1

)
,

θ1 = min(max
( √k
β∗0ωlw

,
500µ

ρωl2w

)
,

4ρσω2k

CDkω l
2
w

),

CDkω = max(
2ρσω2

ω
∇ω · ∇k, 10−10),

(3.12)

and
fv2 = tanh

(
θ2

2

)
θ2 = max

( 2
√
k

β∗0ωlw
,

500µ

ρωl2w

)
,

(3.13)

with lw being the distance to closest wall. SST k-ω is a low Reynolds number model and thus
special wall functions are not applied close to the walls. Furthermore, realisability constraints
are applied to the model.

Table 3.1: Constants in SST turbulence equations

Constant Value

β1 0.075
β2 0.0828
β∗0 0.09
γ1 5/9
γ2 0.44
a1 0.31
σk1 0.85
σk2 1.0
σω1 0.5
σω2 0.856

To solve a fluids problem in a constrained geometry, appropriate boundary conditions have to
be set. The inlet boundary condition signifies how the inward flow of the geometry is initialised,
which is mainly affected by the choice of inlet velocity profile. One option is to use a uniform
velocity profile that can be allowed to develop naturally depending on the flow situation. Other-
wise, if the expected flow characteristics are known, a predetermined profile may be chosen. One
choice is to use a parabolic profile that is given by s(s − 1), where s is a parametrised variable
between 0 and 1 along the inlet boundary. The parabola is often used as inlet condition for
laminar flow, since it is the profile of a fully developed laminar channel flow. Although more
intricate profiles may be considered when turbulent flow is expected, the choice of inlet profile
is likely not that impactful in the case of a open room geometry, as is the case for this study.

At the interface between a viscous fluid and a solid boundary or a wall, the no-slip condition
is typically used, which assumes the relative velocity between wall and fluid to be zero at the
wall. Conversely, at a non-solid boundary, such as an outflow towards the rest of an open
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geometry, outlet boundary conditions have to be set. If a velocity condition is used at the inlet,
an appropriate choice is to impose a constant pressure value p0 at the outlet.

Depending on the turbulence model being used, the boundary conditions have to be extended
with relevant turbulence variables. For SST k-ω, no slip condition on walls are defined as

u|lw=0 = 0,

∇k|lw=0 · n = 0,

lim
lw→0

ω =
6µ

ρβ1l2w
,

(3.14)

where n is the wall normal vector. von Neumann boundary conditions with zero pressure at the
boundaries are enforced as

(−p+ (µ+ µT )∇u) · n = 0

∇k · n = 0

∇ω · n = 0.

(3.15)

3.1.2 Solid Phase Dynamics

Lagrangian particle tracking refers to the modelling approach when the solid phase dynamics are
simulated as individual particle tracks within the Eulerian (fluid) phase, based on Lagrangian
description of motion. An ordinary differential equation is solved in time-domain for each particle
using Newton’s second law of motion, and thus appropriate forces that act on the solid particles
have to be defined.

One way coupling between particle and fluid phase may be assumed when the particles are
tiny, light and sparsely dispersed in the fluid stream. Generally, a volume fraction of particle to
fluid of less than 1% should be considered for assumptions of a sparse flow to be valid [101]. This
implies that the particle dynamics are only affected by the fluid fields and not by interactions
with other particle. Neither do the particles affect the fluid motion. When modelling a one-way
coupled sparse fluid flow, it is generally most efficient to solve the continuous fluid and discrete
particle phase separately.

In the Lagrangian particle tracing approach, the solids are treated as point masses and
displacement of fluid volume is thus not considered for the dynamics. The particle size is however
relevant for the effect of fluid dynamical forces such as drag and lift.

Depending on the situation, multiple different forces may affect the particle trajectories. Here
a drag force Fd, a lift force Fl, a pressure gradient force Fpg and gravity Fg is considered, as
well as van der Waals interactions Fvdw close to walls. With particle mass mp, the equation of
motion for each individual particle then comes from Newton’s second law

mp
dv

dt
= Fd + Fl + Fpg + Fg + Fvdw. (3.16)

where v is the particle velocity. Usually the most prominent way the fluid affects particle
movement is through the drag force which can be seen as the friction between fluid and solid. It
acts as a resistance force in opposite direction to the relative motion of the object and is defined
as

Fd =
1

τp
mp(u− v). (3.17)

where τp is the particle velocity response time. The expression for the response time is here given
by Stokes’ drag law [20, 101] as

τp =
ρpd

2
p

18µ
. (3.18)
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In contrast to drag, which acts in parallel to the relative motion of a solid, lift force acts
perpendicularly to the object’s trajectory. The origin of this perpendicular force is due to dif-
ferences in fluid velocity around the surface of a solid object, which may result in pressure
imbalances which in turn generate lift. For spherical particles immersed in a non-uniform fluid
field, Saffman’s lift force [102, 101] can be used to model lift as given by

FL = 6.46
d2
p

4
Lv

√
µρ
|u− v|
|Lv|

Lv = (u− v) × [∇× (u− v)].

(3.19)

The pressure gradient force shows up as a consequent of gradients showing up in the pressure
field which surrounds the particle and is given by

Fpg = −∇pρf
ρp
·
πd3

p

6
(3.20)

Furthermore, in situations where tiny objects are close to a surface, van der Waals force [103,
104] may have to be considered to correctly model wall interactions. It is an intermolecular force
which acts either attractively or repulsively between pairs of atoms or molecules, depending on
the intermolecular distance. The wan der Waals force is thus relevant for when particles are very
close to walls and is given by

Fvdw = −Avdw
dp

12a2
vdw

, (3.21)

where Avdw is the material dependent Hamaker constant and avdw is the particle-wall distance.
For realistic simulation of particle trajectories, turbulence effects have to be considered. The

turbulent dispersion of the particles can be modelled by discrete random walk [12] (DRW), where
an instantaneous perturbation is added to the mean velocity field of the fluid each time the drag
force is calculated. The velocity perturbation ∆u is dependent on the local turbulent kinetic
energy k and is generated stochastically through a vector ξ of uncorrelated Gaussian random
numbers with unit variance as

u′ = u + ∆u,

∆u = ξ

√
2k

3
.

(3.22)

The random numbers in the vector ξ are uniquely seeded at discrete time intervals, which the
length of should correspond to the average time a particle interacts with a single eddy in the
flow. This is to ensure physical meaningfulness of the turbulent diffusion.

3.2 Black-Box Modelling for System Identification

The black-box input-output system is identified using different data driven methods and model
structures. For benchmarking purposes, a linear autoregressive model with exogenous inputs is
used in this thesis as a baseline model. Due to the non-linear and coupled dynamics involved in
the underlying physics, a non-linear ARX based neural network model structure is also used to
potentially improve performance. To be noted, both the ARX and NN models presented here
consider only a single input and a single output channels.
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3.2.1 Auto Regressive Model with Exogenous Inputs (ARX)

The ARX model is a difference equation type model, which relates the output y(k) at current
time k, to inputs u(k−n) and outputs y(k−n) at time instances n steps back in time. Discrete
time dynamics is considered, where k + 1 = k + ∆t and n = 1, 2, . . . , Ns. A basic formulation of
the ARX difference equation model is

y(k) + a1y(k − 1) + ...+ ana
y(k − na) = b1u(k − 1) + ...+ bnb

u(k − nb), (3.23)

where an and bn are free constants, and na and nb are integers defining the model order. After
rewriting and including another order parameter nk to account for time delays in the input, we
get

y(k) = −
na∑
n=1

any(k − n) +

nb∑
n=1

bnu(k − nk − n), (3.24)

which is the ARX model used for experiments in this thesis. For a more compact and convenient
notation, the vectors

θ = [a1, ..., an, b1, ..., bn]T (3.25)

and
φ(k) = [−y(k − 1), ...,−y(k − na), u(k − nk − 1), ..., u(k − nk − nb)]T , (3.26)

can be introduced, from which equation 3.24 can be written as

y(k) = φ(k)T θ. (3.27)

The goal of system identification is to estimate the model constants in θ, such that the
model is able to accurately predict future outputs, given past inputs and outputs. Assuming
an identified model, predicted output values are denoted as ŷ(k|θ). Estimation of constants can
be done through various regression techniques, given time series data in y(k) and φ(k) from
experimental measurements.

A straight forward regression approach is the least squares method. Suppose Ns sampled
input-output pairs u(k) and y(k) are available. The goal is then to find the parameters θ̂ which
minimise the mean square error between measured and predicted outputs, as defined

θ̂ = arg min
θ

1

Ns

Ns∑
k=1

(y(k)− ŷ(k|θ))2
. (3.28)

To find the minimum argument, the derivative with respect to θ is set to zero

0 =
d

dθ

(
1

Ns

Ns∑
k=1

(
y(k)− φ(k)T θ)

)2)
(3.29)

=
2

Ns

Ns∑
k=1

φ(k)
(
y(k)− φ(k)T θ)

)
(3.30)

and solved for θ to get the estimated model parameters

θ̂ =

[
Ns∑
k=1

φ(k)φ(k)T

]−1 Ns∑
k=1

φ(k)y(k). (3.31)
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Alternatively, the relation in equation (3.27) can be formulated to account for all k in the
dataset at once as

Y = Φθ, (3.32)

where the data matrices Y and Φ are

Y = [y(1), y(2), . . . , y(Ns)]
T , (3.33)

and
Φ = [φ(1), φ(2), . . . , φ(Ns)]

T . (3.34)

The estimated model parameters θ̂ can then be calculated from

θ̂ = Φ+Y, (3.35)

where the + superscript signifies the Moore-Penrose pseudo-inverse [105].
If the training data is obtained in form of multiple sequences over the same time period, the

data can be merged by stacking each time series appropriately. Assuming a set of j sequences,
the training matrices are then organised as follows

Y = [y1(1), . . . , y1(Ns), y2(1), . . . , yj−1(Ns), yj(1), . . . , yj(Ns)]
T (3.36)

Φ = [φ1(1), . . . , φ1(Ns), φ2(1), . . . , φj−1(Ns), φj(1), . . . , φj(Ns)]
T , (3.37)

and the least square regression is performed as shown in equation (3.35).
Certain care has to be directed towards the treatment of input and output values when k < 1.

Common choices is to either let y(k < 1) = y(k = 1) or y(k < 1) = 0

3.2.2 NARX Based Neural Networks

Artificial neural networks are computing systems inspired by the biological neuron connections
in animal brains. In a simple description, neural networks are built up by an input layer, a set
of hidden layers and an output layer, with each layer consisting of a number of interconnected
neurons or nodes, as seen in Figure 3.1. Each link between two nodes is characterised by an
activation function and a network weight, which determines the importance of that specific link.
The goal is find the optimal internodal connections such that when input data is channelled
through the network, desired outputs are produced with regards to reference input-output data.
Various training algorithms can be employed to find an optimal set of network weights for a
set number of hidden layers and nodes. This type of network structure is commonly called a
multilayer perceptron (MLP) network [106, 63].

In this study the neural network is based on a discrete time, non-linear auto regressive with
exogenous inputs (NARX) model

y(k) = f(u(k − nk − 1), . . . , u(k − nk − nb), y(k − 1), . . . , y(k − na)), (3.38)

where f is a non-linear function, described by the chosen network structure [108]. In the case of
one hidden layer and one linear output, the neural network model for y(k) can be described by

y(k) = w2
0 +

K∑
i=1

w2
i φ(zi(k)), (3.39)
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Figure 3.1: Visualisation of a MLP neural network with an input layer of three nodes, one hidden
layer consisting of four nodes and an output layer of two nodes. Each internodal connection is
characterised by a network weight which is determined through training algorithm. (Image
source: [107])

where K is the number of hidden nodes, zi(k) is the sum of inputs of the ith hidden node and φ
is a non-linear transfer function, commonly the hyperbolic tangent. The expression for zi(k) is
retrieved by consideration of the auto regressive feedback of past outputs and inputs as

zi(k) = w1
i,0 +

nb∑
j=1

w1
i,ju(k − nk − j) +

na∑
j=1

w1
i,j+nb

y(k − j). (3.40)

The network weights are w1
i,j for the hidden layer and w2

i for the output layer, with i = 0, . . . ,K
and j = 0, . . . , na + nb, where i = j = 0 signifies the bias weights.

Appropriate network weights are found by minimisation of a performance function, such
as mean square error. While similar to the ARX case of equation (3.28), the neural network
conversely has to be trained using non-linear optimisation routines. The Levenberg-Marquardt
algorithm, for solving non-linear least-square problems is commonly used for its fast convergence
and robustness [109, 110]. To train a network with good generalisation properties the Levenberg-
Marquardt algorithm can be extended with Bayesian regularisation [111], which minimises and
modifies a linear combination of squared errors and weights, within the optimisation algorithm.

Usually, a large amount of input-output data is required to train the neural network model,
such that it can accurately simulate a non-linear relationship. Furthermore, finding a good
network structure with reasonable generalisation qualities is typically a process of systematic
trial and error of different number of nodes and hidden layers.

To use the identified neural network system in a linear control framework, the NARX model
of equation (3.38) has to be linearised in each time step of the control algorithm [63]. The linear
approximation is an ARX type model

y(k) = −
na∑
n=1

an(k)y(k − n) +

nb∑
n=1

bn(k)u(k − nk − n), (3.41)
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with time-varying coefficients an(k) = − ∂y(k)
∂y(k−n) and bn(k) = ∂y(k)

∂u(k−n) . The coefficients can be

calculated from equation (3.39) as

an(k) = −
K∑
i=1

w2
i

dφ(zi(k))

dzi(k)
wi,n+nb

, (3.42)

for n = 1, . . . , na and

bn(k) = −
K∑
i=1

w2
i

dφ(zi(k))

dzi(k)
wi,n, (3.43)

for n = 1, . . . , nb. In the case that the hidden layer transfer function φ is the hyperbolic tangent
function, one has that

dφ(zi(k))

dzi(k)
= 1− tanh2(zi(k)). (3.44)

To speed up learning and improve convergence, the data used for training is commonly
normalised such that all values fall between a specified range. With tanh as activation function,
this range should be [−1, 1] [112].

3.2.3 Training Data and Input Excitation Signals

For black-box system identification, it is of high importance to have information rich input-output
data from the system to be identified. To generate such data, suitable input signals should be ap-
plied to excite the output of the system to be identified. Depending on the underlying dynamics,
the input excitation signal should be tuned to cover relevant amplitudes and frequencies.

The choice of excitation signal depends on the dynamics. If no prior knowledge is available,
the system responses may be tested with basic signals of different amplitudes, such as constant
steps and also signals of different frequencies, such as sine waves. A step signal is characterised
by an immediate change of amplitude to a constant value.

Often times it is beneficial for training data to contain elements of randomness, to achieve
as general identification results as possible. A commonly used excitation signal is the pseudo-
random binary sequence (PRBS), which is a cyclical binary sequence with random hold times,
defined by a lower and higher hold interval. Although, the PRBS is generated from a deterministic
algorithm, it behaves stochastically within its cycling period. Using PRBS for excitation can be
useful to capture a large range of frequencies.

An extension of PRBS is to also vary the amplitude stochastically, which may be useful if the
system response is very amplitude sensitive. This type of signal can be denoted as an amplitude
modulated pseudo-random binary sequence (APRBS). Another variation is to vary the amplitude
stochastically, while keeping hold times constant, which puts more focus on amplitude sensitivity
over frequency range. Due to its similar appearance of a square wave, this type of signal is here
named amplitude modulated square wave (ASS). Figure 3.2 shows examples of step, PRBS,
APRBS and ASS type signals.

3.3 Model Predictive Control with Linearisation

In this section the control problem is outlined, together with key features of model predictive
control. MPC [59] solves an optimal control problem by finding a control input which minimises
an objective function over a receding time horizon. A system model is used to predict future
time states and through optimisation routines an optimal set of inputs is found, with respect to
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Figure 3.2: Examples of excitation signals that are initialised at t = 5. PRBS and APRBS with
minimum hold time 0.25 s and maximum hold time 2.5 s. ASS with hold time 0.5 s.

desired objectives as well as system constraints. At each time step, the time horizon is shifted
one step forward by choosing the first input, and the optimisation routine is reinitialised.

The receding control horizon problem is formulated by defining a sequence of future control
actions

u(·|k) = [u(k|k), u(k + 1|k), . . . , u(k +Nc − 1|k)]T , (3.45)

where Nc is the control horizon. The notation u(k+ 1|k) signifies a future control input at time
k + 1, assuming that the system is currently evolved to discrete time k. Based on the future
control inputs, future system predictions ŷ(k + p|k) can then be calculated for p = 1, 2, ..., Np,
where Np is the prediction horizon. The control horizon is typically smaller than or equal to the
prediction horizon. If Nc < Np, future control values past Nc are considered constant.

The core of the MPC algorithm is solve the optimisation problem of finding a future control
sequence u(·|k) which minimises a cost function J(k). Desired characteristics of the cost function
is in this study to

� Penalise deviations of predicted states from a reference trajectory yref (k + p)

� Penalise deviation from the reference at the final prediction step

� Penalise deviations of the control signal u(k) from a default value u0
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Based on the list above, the cost function is given by

J(k) =

Np−1∑
p=1

|ŷ(k + p|k)− yref (k + p)|2

+γ|ŷ(k +Np|k)− yref (k +Np)|2

+λ

Np−1∑
p=0

|u0 − u(k + p|k)|2,

(3.46)

or with more compact notation

J(k) =

Np−1∑
p=1

|e(k + p|k)|2 + γ|e(k +Np|k)|2 + λ

Np−1∑
p=0

|u∆(k + p|k)|2, (3.47)

where e(k) = yref (k)− ŷ(k) and u∆(k) = u0 − u(k). The weights γ and λ are chosen relatively
between the terms in the cost function to balance the importance between output prediction and
control effort. Given the cost function in equation (3.47), the optimisation problem is then to
find

arg min
u(·|k)

J(k), (3.48)

subject to system dynamics from models under Section 3.2 and input constraints

umin ≤ u(k) ≤ umax,

∆umin ≤ ∆u(k) ≤ ∆umax.
(3.49)

Additional equality and inequality constraints can also be imposed on the output variable if
required.

It is convenient for the optimisation routine to consider increments of future control inputs,
rather than the inputs themselves. The sequence of future control actions is then

∆u(·|k) = [∆u(k|k),∆u(k + 1|k), . . . ,∆u(k +Nc − 1|k)]T , (3.50)

where the first increment is given by ∆u(k|k) = u(k|k) − u(k − 1) and proceeding ones by
∆u(k + p|k) = u(k + p|k)− u(k + p− 1|k) for p = 1, 2, . . . , Np. Figure 3.3 shows a visualisation
of future predictions in MPC through incremental changes in the control input.

For each time step of the control algorithm, we consider a linear model on ARX form to
simulate the system. In the case of a neural network modelling the dynamics [63], linearisation
has to be applied in each time step and the coefficients an(k) and bn(k) of the linearised ARX
model thus vary with time, as shown in equation (3.41). Conversely, if the dynamic process is
modelled directly by a linear ARX model, as in equation (3.24), the coefficients naturally remain
constant throughout the control procedure. By using equation (3.41) recursively, future output
predictions are obtained as follows, assuming zero time delay (nk = 0) for simplicity

ŷ(k + 1|k) =b1(k)u(k|k) + b2(k)u(k − 1) + . . .

+ bnb
(k)u(k − nb + 1)

− a1(k)y(k)− a2(k)y(k − 1)− . . .
− ana(k)y(k − na + 1)

(3.51)
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Figure 3.3: Visual presentation of future predictions in MPC from time k over a prediction
horizon N . The control signal u is incremented in each time step over the control horizon Nu
such that the predicted trajectory ŷ converges towards the reference trajectory yref . (Image
source: [63])

ŷ(k + 2|k) =b1(k)u(k + 1|k) + b2(k)u(k|k) + . . .

+ bnb
(k)u(k − nb + 2)

− a1(k)ŷ(k + 1|k)− a2(k)y(k)− . . .
− ana

(k)y(k − na + 2)

(3.52)

ŷ(k + 3|k) =b1(k)u(k + 2|k) + b2(k)u(k + 1|k) + . . .

+ bnb
(k)u(k − nb + 3)

− a1(k)ŷ(k + 2|k)− a2(k)ŷ(k + 1|k)− . . .
− ana(k)y(k − na + 3)

...

(3.53)

This sequence of future predictions can be written in a compact form by using that u(k|k) =
∆u(k|k) + u(k − 1) and u(k + 1|k) = ∆u(k + 1|k) + u(k|k) = ∆u(k + 1|k) + ∆u(k|k) + u(k − 1)
and so on. We then get

ŷ(k + 1|k) =g1(k)∆u(k|k) + y0(k + 1)

ŷ(k + 2|k) =g2(k)∆u(k|k) + g1(k)∆u(k + 1|k) + y0(k + 2)

ŷ(k + 3|k) =g1(k)∆u(k|k) + g2(k)∆u(k + 1|k) + g1(k)∆u(k + 2|k) + y0(k + 3)

...

(3.54)

where gi are the model’s step response coefficients, which are determined recurrently from the
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linear model parameters

gi =

min(i,nb)∑
i=1

bi(k)−
min(i−1,na)∑

i=1

ai(k)gi−1(k), (3.55)

and y0 is only dependent on past values. The step response coefficients can be organised in a
Np ×Nc dynamic matrix G(k) as follows

G(k) =


g1(k) 0 . . . 0
g2(k) g1(k) . . . 0

...
...

. . .
...

gNp
(k) gNp−1(k) . . . gNp−Nu−1(k)

 . (3.56)

A vector ŷ(·|k) = [ŷ(k+ 1|k), . . . , ŷ(k+Np|k)] of future output predictions can now be retrieved
in form of a linear matrix equation, separated into a term dependent on future control increments
and a term y0(·|k) = [y0(k + 1|k), . . . , y0(k + Np|k)] dependant solely on known past input and
output values as

ŷ(·|k) = G(k)∆u(·|k) + y0(·|k). (3.57)

For the case of non-zero time delay, the matrixG(k) has to be modified to contain nk preceding
rows of zeros. This is to account for the fact that the first nk future predictions will not have
any dependence on future inputs. Furthermore, the entries of the free response vector y0(·|k) are
computed recurrently for each prediction step p = 1, 2, . . . , Np as

y0(k + p) =

max(0,p−nk)∑
n=1

bku(k − 1) +

nb∑
n=max(1,p−nk−1)

bnu(k − nk − n+ p)

−
p−1∑
n=1

any0(k + p− n)−
na∑
n=p

any(k + p− u).

(3.58)

The purpose of the MPC controller is to drive future outputs as close as possible towards a
reference trajectory, in a least squares sense. The inclusion of an input term in the cost function
allows future control efforts to be penalised, as to potentially achieve a more energy efficient
controller. To retrieve the sequence of future inputs, one may multiply the increment vector
with an all ones lower triangular matrix L ∈ RNp×Np , such that u(·|k) = L∆u(·|k) + u(k − 1).
By using the expression for future predictions in equation (3.57), the cost function of equation
(3.46), can then be reformulated as

J(k) = ‖yref (k)−G(k)∆u(·|k)− y0(·|k)‖2Γ + ‖u0 − (L∆u(·|k) + u(k − 1))‖2Λ, (3.59)

or more compactly
J(k) = ‖e(·|k)‖2Γ + ‖u∆(·|k)‖2Λ. (3.60)

The weighing matrices can be taken as Γ = diag(1, 1, . . . , γ) and Λ = diag(λ, λ, . . . , λ), where
the two parameters γ and λ can be used for tuning the efficiency of the controller. Furthermore,
the norm is defined by ‖x‖2A = xTAx.

This formulation of MPC allows for the optimisation to be performed at each time step by
solving the quadratic programming [113] problem

min
x

(
1

2
xTHx+ FTx), (3.61)
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such that Ax ≤ b. To solve for x = ∆u(·|k) with the cost function in equation (3.60), the matrix
H and vector F are derived to be

H(k) = G(k)TΛG(k) + LTΓL, (3.62)

and
FT (k) = e(·|k)TΛG− u∆(·|k)ΛL. (3.63)

Constraints on the input signal are handled by A ∈ R2Np×Np and b ∈ R2Np×1, which here become

A =

[
L
−L

]
, (3.64)

and

b(k) =



umax − u(k − 1)
...

umax − u(k − 1)
umin − u(k − 1)

...
umin − u(k − 1)


. (3.65)

The minimisation of equation (3.61) can be solved by employment of e.g. interior-point-convex
algorithm [114].

3.4 Error and Energy Performance Measures

To measure the performance of the different methods described above, reasonable performance
measures have to be defined. In particular, the simulative accuracy of the numerical two-phase
model have to be shown in relation to experimental validation data. Additionally, the perform-
ance of the identified black-box ARX and NN models also have to be measured with regards to
how well they simulate the full system that they model. Finally, the control performance have
to be measured with respect to how well the controller is able to track the defined reference
trajectory. The control output produced by the black-box model must also be compared to the
control output of the full system.

A common error measure for gauging performance is the mean squared error (MSE). It is
defined as the sum of squared errors for each measurement point, averaged over the whole data
set. For discrete signals, the MSE between measurement data x(k) and reference data xref (k))
is given by

MSE(x, xref ) =

Ns∑
i=1

|x(i)− xref (i)|2

Ns
, (3.66)

where Ns is the total number of samples in the dataset. Due to the errors being squared, the MSE
includes an inherent bias towards datasets which contain values that lie far away from expected
reference data. This results in datasets with diverging measurements to produce a significantly
worse MSE than datasets with measurements that are close to what is expected or desired.

A similar error measure that is commonly used is the root mean squared error (RMSE), which
is given by the square root of the MSE as

RMSE(x, xref ) =

√√√√ Ns∑
i=1

|x(i)− xref (i)|
Ns

. (3.67)
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Both the MSE and RMSE are strictly non-negative quantities and the closer their values are to
zero, the better the fit between measured and reference data, or alternatively the performance
of the measurement source.

While the error measures gives an idea of the predictive or simulative performance of a
model or a signal, an energy measure can provide additional information about the efficiency
and capacity of a system. In particular, the amount of energy in a certain situation may be
limited or constrained. It may thus be of best interest to keep track of and make optimal use
of available energy, typically in relation to another variable. Here the energy of a discrete signal
x(k), cumulated from sample 1 to Ns is defined as

E(Ns) =

Ns∑
i=1

|x(i)|2∆t, (3.68)

where ∆t is the time interval between each discrete sample. This signal energy can be associated
to the physical energy usage of the source process, such as the airflow intensity in the thesis’
experiments. Thus, while the expression of equation (3.68) might not directly describe the
physical energy situation, the value produced is still significant for the fluid dynamical engineering
problem in relative terms. Furthermore, an as low as possible energy consumption is typically
desirable for real life applications.

An important remark is that the performance measures presented above will have a certain
bias towards identification and control results that are based on low sample frequencies. For
instance, it is easier to get a good fit from system identification if the number of data points in
the training data is small, since less constraints have to be fullfilled in the regression procedures.
This limitation can be good to keep in mind if results based on different sample frequencies are
compared with each other. It should be noted however, that if a sufficiently large number of
samples is considered for both of the compared datasets, the advantage towards less frequently
sampled data can likely be neglected.
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Chapter 4

Results and Discussion

This chapter presents the results and corresponding discussion over three sections, where each
section is tied to each of the thesis’ major subject areas. The first section goes through the
results produced from the two-phase flow simulations, as well as a performance validation of
the applied models. In the second section, a presentation is given for the results from black-
box identification of the particle corner concentration system. In particular, the simulative
performance of ARX and NN model structures is compared. Finally, the performance of model
predictive control applied to the identified black-box models is analysed, with regards to output
and energy optimisation. Each section contains a sub-section with a more thorough discussion
of relevant results and analysis.

4.1 Two-Phase Flow Modelling

The Eulerian-Lagrangian approach was employed for modelling of the two-phase flow. For the
fluid phase, the RANS equations were used together with the SST k-ω turbulence model. Mean-
while, the particle phase was solved using one-way coupled Lagrangian particle tracking and
DRW to account for turbulence.

Two experiments were performed with regards to the two-phase flow modelling. Firstly,
the methodology presented in Section 3.1 was validated against experimental results from the
literature. Secondly, simulations were done in an experimental setup designed specifically for
this thesis to evaluate the suitability and performance of the turbulent two-phase model.

The experiment geometries were discretised using unstructured meshing with triangular ele-
ments, as seen in Figure 4.1 for the corner experiment. A finer meshing was applied in regions
were complex flow patterns were expected, such as in the corner. Furthermore, the time-stepping
method for the fluid phase was backward differentiation formula [115] and for the particle phase
generalized alpha was used [116, 115].

4.1.1 Validation of Gas-Solid Turbulence Model in Corner Geometry

No experimental results of turbulent gas-solid corner flow, with direct correspondence to the
thesis problem, were found in the literature. The methodology was therefore validated against
an experiment of a particle-laden flow over a backward-facing step [29]. The BFS is a suitable
geometry to compare with since it contains flow separation and zones of recirculation around
a corner region. These phenomena have similar presence and importance in the present study.
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Figure 4.1: Spatial discretisation of the corner experiment geometry was performed using un-
structured meshing with triangular elements.

Velocity profiles and maximum negative velocities downstream the step were compared to ex-
periment.

The geometry of the BFS can be seen in figure 4.2, with (x, y) = (0, 0) at the bottom left
corner of the step. The x-axis was taken positive in stream-wise direction to the right, and the
y-axis positive upwards. Dimensions as well as fluid and particle properties are compiled in Table
4.1. A sufficiently long inlet length was taken to ensure fully developed flow at the step, given a
normal inflow velocity of 35.5 m s−1 at the inlet. No-slip condition was set on the walls and zero
pressure at the outlet.

The fluid phase was converged to a stationary solution. In figure 4.3 a velocity contour is
shown around the area of the step. The free-stream velocity u0 was found to be 39.67 m s−1,
12 step heights upstream the step. Based on the step height as the characteristic length, this
produced a Reynolds number of around 64000.

Table 4.1: Parameters for validation experiment.

Property Value

Step height Hstep 0.025 m
Inlet length Hstep × 50
Inlet height Hstep

Outlet length Hstep × 32
Dynamic viscocity 1.825× 10−5 kg m−1 s−1

Fluid density 1.204 kg m−3

Free stream velocity 39.67 m s−1

Particle density 810 kg m−3

Particle diameter 1µm

5000 particles with diameters 1µm were released 12 step heights downstream the step, with
initial velocities identical to that of the fluid phase. The trajectories were computed using
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Figure 4.2: Geometry of the backward facing step with step height 0.025 m. The inlet and outlet
lengths are 50 and 32 multiples of the step height respectively.

Figure 4.3: Velocity contour with streamlines around the backward facing step. A region of
recirculation can be seen just downstream from the step.
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Lagrangian particle tracking and Stokes’ drag, Saffman’s lift, pressure gradient and gravity forces
were incorporated to affect the particle movement.

The validation errors were calculated by taking the RMSE between known and measured
values, relative to the largest known value as

globalerror =
RMSE(known,measured)

max(known)
, (4.1)

where the measured values are evaluated in the same points as the known values.
Particle velocity profiles in stream-wise direction are seen in Figure 4.4, compared to exper-

imental data by Ruck and Makiola [29] and simulation data by Tian, Tu and Yeoh [21]. The
measured particle profiles are 9th order polynomial fits to the data, with best fit based on min-
imised RMSE. The global relative errors compared to Ruck and Makiola for each profile from
left to right where calculated to be 5.24%, 9.19% and 8.29%, based on equation (4.1).

Figure 4.4: Particle velocity profiles from experiment by Ruck and Makiola, simulation by Tian,
Tu and Yeoh (realizable k-eps) and polynomial fit to particle data from current simulations.

In Figure 4.5 maximum negative velocities of the particles downstream the step are seen. The
maximum velocity values were taken in intervals of size 10−4 m for x ∈ [0, 0.3]. A polynomial of
order 6 was fit to the particle data with best fit based on minimised RMSE. The global relative
error compared to experiment was calculated to be 12.2%.

The errors for particle profiles and maximum negative velocity are relatively small and show
that the SST k-ω model is able to produce simulation results that correspond fairly well to
experiment. Another aspect of the validation is to show that the model is able to reproduce
relevant recirculation phenomena, which seems to be the case based on the recirculation zone
that appears just downstream the step, as seen in Figure 4.3.

4.1.2 Simulation of Particle Dynamics at an Indoor Corner

Based on the validation results in the section above, the behaviour of velocities and recirculation
phenomena of the simulations in this section are expected to be truthful to a real physical system.

35



4.1. TWO-PHASE FLOW MODELLING CHAPTER 4. RESULTS

Figure 4.5: Maximum negative particle velocity in zone of recirculation behind step. A polyno-
mial of order 6 was fitted to the measurement data from simulations and produced a relative
error of 12.2% when compared to experiment by Ruck and Makiola.

Any results must however be considered with an uncertainty of at least 12.2%. Although, the
uncertainty may be higher due to difference in geometry of the two experiments.

The corner flow experiment was set up with geometrical dimensions and fluid and particle
properties as given in Table 4.2, based on the geometry in Figure 4.6, with (x, y) = (0, 0) in the
bottom left corner. For all the results under this section a constant inlet velocity vin = 1 m s−1

was used for the entire simulation and 1600 particles were released.

Table 4.2: Parameters for simulations of two-phase corner experiment.

Property Value
Inlet height 0.1 m
Inlet length 0.2 m
Wall length 1 m
Roof length 1 m
Side of measurement triangle 0.5 m
Side of release grid 0.15 m
Dynamic viscocity 1.825× 10−5 kg m−1 s−1

Fluid density 1.204 kg m−3

Particle density 1000 kg m−3

Particle diameter 1µm
Zero energy inlet velocity 1 m s−1

The fluid phase was initialised with zero initial conditions and run for time t ∈ [0, 25] seconds
with a time step of 0.05 seconds. Figure 4.7 shows the velocity contour plot at t = 20 and at
this time the field have reached close to stationary values. From the contour, it is clear that
the corner region contains a larger area of recirculation, but also a smaller one, very close to
the corner. The development of the recirculation area is visualised in Figure 4.8 which shows
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Figure 4.6: The two-dimensional geometry used for simulations of the corner experiment.

the velocity vector field in the corner for different times. It can be seen that the larger zone of
recirculation is mostly developed after 10 seconds and furthermore that the smaller recirculation
zone in the inner corner has developed by 20 seconds.

At 10 seconds, particles were released with zero initial velocity from the corner, in a uniform
square grid. This is seen in Figure 4.9, where the particle positions are shown at different times,
starting from t = 10. The size of the grid was chosen such that the particles would be released
from positions within the zone of recirculation. In Figure 4.10, trajectories of three neighbouring
particles are shown from release at 10 to 25 seconds. In the leftmost plot, the particle is captured
by the smaller recirculation zone without leaving the region before t = 25. The middle plot shows
a particle that immediately leaves the recirculation zone without being captured by any vortex.
The rightmost plot shows a particle is captured by the larger recirculation vortex and stays in
the corner until terminal time.

To investigate the effects of turbulence the same simulations were run without the DRW
influence on the drag force. The same type of plots for particle position and particle trajectories
without DRW are shown in Figure 4.11 and 4.12. The particle movement is much more pre-
dictable and smooth compared to the case with DRW. It seems that the trajectories are highly
sensitive to the randomness of turbulent fluctuation. For accurate results of particle concentra-
tions it is thus reasonable to believe that many particle trajectories have to be simulated and
averaged.

The contribution of the various particle forces was investigated by averaging the total force
magnitudes over all particles in the measurement zone. The average force contributions are
plotted over time in Figure 4.13. It was found that the drag force has the largest contribution,
followed by lift and gravity. The pressure gradient force was on a much lower order with seemingly
insignificant influence on the dynamics, as expected by [11].
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Figure 4.7: Contour of the velocity field in the corner geometry at t = 20 s, where the colour
grading signifies the velocity amplitude. An area of recirculation can be seen in the relevant area
in the top right corner.

Figure 4.8: Vector plot of the velocity field in the corner area at four different times. The
recirculation zone in the corner develops over time and at t = 20 s the solution is more or less
stationary.
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Figure 4.9: Particle positions and velocities in the corner, at 4 different times, for 1600 particles
released at t = 10. Simulated with discrete random walk.

Figure 4.10: Particle trajectories of neighbouring particle releases, simulated with discrete ran-
dom walk. The initial positions of the particles are, from left to right: (0.9,0.8692), (0.9,0.8731)
and (0.9,0.8769).
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Figure 4.11: Particle positions and velocities in the corner, at 4 different times, for 1600 particles
released at t = 10. Simulated without discrete random walk.

Figure 4.12: Particle trajectories of neighbouring particle releases, simulated without discrete
random walk. The initial positions of the particles are, from left to right: (0.9,0.8692),
(0.9,0.8731) and (0.9,0.8769).
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Figure 4.13: Mean force contributions on particle. Measured and averaged for particles within
measurement triangle.

4.1.3 Discussion of Two-Phase Flow Simulations

The Eulerian-Lagrangian two-phase methodology with turbulence model SST k-ω and discrete
random walk for particle phase was validated against a backward facing step. A validation error
of 12.2% was deemed small enough to consider the model trustworthy for the thesis’ purposes.
Simulations of the corner experiment revealed the appearance of at least one recirculation zone
in the corner that can capture light particles. Furthermore turbulence was shown to have a
significant effect on the simulation results.

It is difficult to compare the turbulence characteristics of the validation experiment and the
present corner flow simulations. The validation experiment is a pipe flow with a small hydraulic
diameter and high flow velocities, resulting in high fluid Reynolds numbers, which characterises
the flow as highly turbulent. The present corner experiment is in comparison based on an open
room geometry with no clear characteristic length scale for computation of Reynolds number. It
can however be reasoned that the flow characteristics in an open air environment is inherently
going to be very turbulent. As such there is probably little downside for the validation experiment
to be considered highly turbulent. If a Reynolds number is to be calculated for the corner flow,
a reasonable assumption could be to take the characteristic length as the distance from inlet to
the corner. Both distance and velocity magnitudes are on the order of 1, which gives a Reynolds
number of Recorner ≈ 66000, which coincidentally is a close match to the Reynolds number of
64000 that was calculated for the validation experiment.

It was qualitatively concluded from the comparison of simulations with and without DRW
applied to the particle dynamics, that turbulence is very impactful on the results. It can be
reasoned that that a large amount of particles have to be used in simulations to a get a reliable
concentration average in the corner. How many particles are necessary for reliable results has to
be investigated more in depth through quantitative analysis. However, for the following results
in this thesis, the number of particles released in this section is considered sufficient.
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From the velocity contour in Figure 4.7, it can be clearly seen that there is a zone of recir-
culation in the upper right corner. With the purpose to reduce particle concentrations, it would
be desirable for the high intensity airflow to reach as far into the corner as possible. From a
qualitative observation of the contour plot it would seem that a potential solution can be to
consider a rounded corner, rather than a 90 degree angle. While a rounded corner may greatly
improve particle transport away from the corner, it is ultimately not within the scope of this
thesis, as the focus mainly lies on the ability to control two-phase flow in a complex geometry.

A possible thought in the same vein is that without any airflow towards the corner, the
particles would simply drop to the floor due to the influence of gravity. Thus one might think
that the optimal solution to remove the particles is to completely turn off the inlet airflow.
While this might be true to the experiment in question, it is undesirable for two reasons. Firstly,
from a practical point of view, it is unfeasible to completely turn of a ventilation unit as to
not significantly affect the room’s temperature. Secondly, it would make the studied problem
non-trivial and uninteresting. Ultimately, the experiment is setup the way it is to emulate a
complex two-phase flow situation which can be investigated for control purposes. On a similar
note, it is out of the project scope to modify the direction of the airflow, which could be argued
to have higher impact on the corner concentration than modifying the airflow intensity.

4.2 Black-Box Identification of Residual Particle Concen-
tration

The two-phase simulations results from the section above were considered good for the thesis’
purpose of identifying a reduced order model for control of the corner particle concentration. In
this section the results of black-box identification of reduced order systems that describes the
input-output relationship between inlet airflow and particle corner concentration are presented.

4.2.1 Experiment Setup and Data Collection

Firstly, information rich training data was collected from simulations of the two-phase corner
model described under Section 4.1.2. The fluid phase was simulated with a time-step ∆t = 0.05
for t ∈ [−10, 15] and the particle phase for t ∈ [0, 15] seconds. These times are identical to the
times presented in Section 4.1.2, only that they are shifted by 10 seconds backwards in time.
A total of Npart = 3600 uniformly distributed particles were released at t = 0 from the corner
triangle. For t ∈ [−10, 0], the inlet velocity had a constant value of u0 = 1 m s−1. At t = 0, the
inlet velocity u(t) was allowed to vary within the limits of umin = 0.8 m s−1 and umax = 1.2 m s−1.

The output signal R(t) was defined as the residual number of particles present in the corner
measurement area, normalised against the initial number of released particles. As the residual
particle count was measured over a constrained area it was equivalently also treated as a con-
centration. The initial release positions of particles for the output signal R(t) was uniformly
distributed over the measurement triangle, as depicted in Figure 4.6. To be noted, this re-
lease configuration was different from experiments carried out in Section 4.1, in particular with
reference to Figure 4.9 and 4.11.

Black-box system identification was employed to identify dynamics over the time interval t ∈
[0, 15]. Values before initial time were set to u(t < 0) = u0 = 1 and R(t < 0) = R(0)/Npart = 1.
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4.2.2 Physical System Responses to Basic Signals and Excitation Sig-
nals

The physical system was subjected to various different signals to learn about its intrinsic be-
haviour and to reason out reasonable excitation signals. The most fundamental signal was the
unforced, default signal u0 with a constant value of 1 m s−1. Since this signal was considered
unforced, its energy consumption was zero. The residual particle concentration response to this
signal is denoted as R0(t) and was used as a baseline to which all other responses were compared
to.

In contrast to when u(t) = u0, the largest energy consumption of the input was when its value
was either umax = 1.2 m s−1 or umin = 0.8 m s−1 throughout the whole time period. Examples of
such situations are shown in Figure 4.14, where the output R(t) is shown for input step signals
with the maximum and minimum value. Also shown is the response of a square wave that varies
between the limits, as well as the default response. An observation is that the 0.8 m s−1 step acts
similarly to the default response. Furthermore, the 1.2 m s−1 step has a similar response to that
of the square wave. Both of these observations show that the system inhibits non-linear elements
and that solely amplitude modulation of the input may not be sufficient for control purposes.

Figure 4.14: System responses R(t) when subjected to two step signals and a square signal as
the input u(t).

To investigate the physical system’s frequency dependence, it was subjected to pure sine
signals in a frequency range of 0.2 Hz to 1.6 Hz. The responses to these signals are shown in
Figure 4.15, where it can be seen that the system is indeed sensitive to the frequency component
of the input. In particular, the output is most reactive to the 0.6 Hz signal, as it decays quickly
in relation to R0(t). Interestingly, the 1.6 Hz sine signal produces an output that decays slower
than R0(t), which was not achievable with either of the step signals from Figure 4.14. These
observations suggest that it is important to take frequency aspects into consideration when it
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comes to exciting and identifying the underlying two-phase system.

Figure 4.15: System responses R(t) when subjected to sine signals of various frequencies as the
input u(t). Input signals with frequencies 1 and 1.6 Hz are omitted from the input plot for
visibility.

Figure 4.16 shows the system response to two randomly generated signals of type ASS and
APRBS, as described in Section 3.2.3. These signals were constructed to excite the system
through a range of amplitudes and frequencies, and it can be seen from the figure that they were
both able to force the output away from R0(t). For training of models, a large set of input-output
series generated from such signals would be used. Which excitation signal is more appropriate for
training is hard to say, but the ASS type has the benefit of forcing a constant hold period, which
may be more transferable to a control situation where the control input is allowed to change at
equal intervals. Furthermore, based on the specific measurements in Figure 4.16, the ASS output
is forced away further from R0(t), possibly suggesting that ASS type inputs are able to excite
the system more than APRBS. This would however have to be investigated more thoroughly in
future studies.

Based on all the responses presented in Figure 4.14, 4.15 and 4.16, the system’s time delay
was concluded to have a value of around 1 s. This was realised as each of the output signals
stayed the same during the first second of simulation. Evidently this observation corresponded
to the physical experiment setup, as the airflow inlet with a flow rate of around 1 m s−1 was
placed 1 m away from the measurement area. Due to the nature of the experiment, the time
delay was in fact expected to vary with the value of u(t), but based on observations the u(t)
dependence is likely negligible.
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Figure 4.16: System responses R(t) when subjected to randomly generated excitation signals of
type ASS and APRBS as the input u(t).

4.2.3 System Identification of Black-Box ARX and NN Models

Two types of model structures were considered for black-box system identification of the full
physical system, a linear ARX structure and a NARX based neural network. The ARX model
parameters were found by using least-squares regression and the NN models were trained using
Levenberg-Marquardt algorithm, with Bayesian regularisation. Simulative performance of the
identified models were studied by measuring the MSE (see equation (3.66), Section 3.4) against
known input-output signals, separated from the training dataset.

Results from the previous section showed that randomly generated signals of type APRBS
and ASS were able to excite the system appropriately. The training dataset used for black-box
identification was thus constructed by eight input-output pairs generated by APRBS signals
combined with eight input-output pairs generated by ASS signals.

Different order parameters na and nb of the system dynamics were tested for both ARX and
NN, while the time-delay was considered a constant 1 s for all experiments. Furthermore, two
different sampling rates of fs = 20 (fully sampled), which was the same sampling rate as training
data and fs = 5 (sub-sampled) were compared for the models. Important to note is that the
MSE was calculated based only on the sampling points that were used for the respective sampling
frequencies. In particular, when sub-sampling is used for training of models, the MSE is thus
not calculated from values based on the original sampling rate, but from values based on the
sub-sampled frequency.

Firstly, ARX models of varying orders between 2 and 50 were identified based on the full
sampling frequency and subsequently on the sub-sampled one. The models’ simulative perform-
ances, in terms of the MSE for various test signals are shown in Table 4.3 and 4.4, for the fully
and sub-sampled systems respectively. The mean MSE for all of the test signals is also presented
as an overall measure of the models ability to simulate different signals with good generality.

45



4.2. IDENTIFICATION OF PARTICLE CONCENTRATION CHAPTER 4. RESULTS

Judging by the mean MSE, there is no substantial increase in performance from increasing the
order parameters for either of the sampling frequencies. Neither does it seem to be any signific-
ant difference in the MSE performance between the two sampling frequencies. It can be noted
however, that the performance seems to be getting slightly worse as the order of the sub-sampled
system is increased. Thus, suggesting that a lower order should be kept for better simulation
generality.

Figure 4.17 shows simulation results of an ASS type test signal, using fully sampled ARX
models of varying nb. It can be seen that the linear models are able to capture the general trend
of the system response, but is unable to closely simulate the test output. The higher order model
with nb = 10 seems slightly more sensitive with regards to changes in the test output however.

Table 4.3: MSE for different system orders for fully sampled ARX models

na nb ASS const 1 m s−1 const 1.2 m s−1 const 0.8 m s−1 sine 1 Hz mean

2 2 3.12E-03 7.29E-03 1.03E-03 8.01E-03 1.57E-02 7.03E-03
2 5 3.22E-03 7.06E-03 9.23E-04 7.67E-03 1.58E-02 6.93E-03
2 10 3.64E-03 6.53E-03 8.26E-04 6.82E-03 1.65E-02 6.86E-03
2 50 3.44E-03 6.74E-03 7.56E-04 8.16E-03 1.63E-02 7.08E-03
5 2 2.84E-03 7.64E-03 9.18E-04 8.87E-03 1.50E-02 7.05E-03
5 5 2.93E-03 7.43E-03 8.01E-04 8.58E-03 1.51E-02 6.97E-03
5 10 3.47E-03 6.84E-03 7.80E-04 7.59E-03 1.59E-02 6.92E-03
50 2 3.05E-03 7.69E-03 9.30E-04 9.50E-03 1.51E-02 7.25E-03
50 50 2.84E-03 7.92E-03 5.88E-04 1.18E-02 1.43E-02 7.49E-03

Table 4.4: MSE for different system orders for sub-sampled ARX models

na nb ASS const 1 m s−1 const 1.2 m s−1 const 0.8 m s−1 sine 1 Hz mean

2 2 3.72E-03 6.31E-03 5.38E-04 7.39E-03 1.67E-02 6.93E-03
2 5 3.82E-03 6.09E-03 3.45E-04 7.71E-03 1.68E-02 6.95E-03
2 10 3.91E-03 6.18E-03 6.15E-04 8.43E-03 1.70E-02 7.23E-03
5 2 4.68E-03 5.27E-03 7.66E-04 5.13E-03 1.90E-02 6.97E-03
5 5 4.64E-03 5.25E-03 6.44E-04 5.43E-03 1.89E-02 6.97E-03
5 10 4.42E-03 5.66E-03 7.45E-04 7.04E-03 1.82E-02 7.21E-03

To investigate if a better simulative performance can be achieved compared to the ARX
models, NARX based neural networks were also identified to describe the physical system. To
find a NN topology that was able to predict with good generality, different number of neurons K
with one hidden layer were compared, using order parameters na = 2, nb = 10 and sampling rate
fs = 5. The MSE for simulation of various test signals are shown in Table 4.6, for K between 3
and 30. Five neurons were found to result in good generality of the NN models and were thus
used for the proceeding experiments.

Besides varying the order parameters and the number of neurons, other settings related to
tuning and training of the neural network model were kept constant. The settings used for the
training algorithm, Levenberg-Marquardt with Bayesian Regularisation, are presented in Table
4.5 without further discussion (for more detailed information, the reader may refer to [109] and
[117]).

Similar to the case for ARX, various NN models were compared with different order dynamics
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Figure 4.17: Simulations of ASS type test signal using ARX models of different order with
sampling rate fs = 20.

Table 4.5: Training settings for Levenberg-Marquardt algorithm with Bayesian Regularisation

Parameter Value

Maximum epochs to train 1000
Performance goal 0
Marquardt adjustment parameter µ 0.005
Decrease factor for µ 0.1
Increase factor for µ 10
Maximum value for µ 1E10
Minimum performance gradient 1E-7
Maximum validation failures infinite
Training/validation/test data division 1.0/0.0/0.0
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Table 4.6: Number of neurons comparison for NN model with na = 2, nb = 10

K test const 1 m s−1 const 1.2 m s−1 const 0.8 m s−1 sine 0.6 Hz mean

3 9.69E-04 1.25E-03 2.69E-05 3.34E-01 3.01E-04 6.73E-02
4 2.07E-03 4.57E-03 2.33E-04 7.40E-02 3.31E-03 1.68E-02
5 1.57E-03 1.83E-03 1.55E-04 3.16E-03 1.26E-03 1.60E-03
6 1.18E-03 2.10E-03 6.33E-04 2.25E-01 1.74E-03 4.61E-02
7 9.69E-04 1.25E-03 2.69E-05 3.34E-01 3.01E-04 6.73E-02
8 1.01E-03 1.29E-03 1.43E-04 6.84E-03 2.71E-03 2.40E-03
9 9.54E-04 1.84E-03 1.16E-04 8.69E-05 6.61E-04 7.32E-04
10 8.29E-04 8.59E-04 6.74E-04 3.82E-03 4.95E-03 2.23E-03
20 8.64E-04 9.97E-04 5.39E-03 1.55E-03 4.61E-04 1.85E-03
30 1.27E-03 6.25E-04 2.79E-03 2.52E-03 2.16E-03 1.87E-03

for the base NARX structure. Table 4.7 and 4.8 show measurements of the MSE performance
for fully sampled and sub-sampled NN models of varying orders. Compared to the ARX results,
a few contrasting observations can be made by looking at the MSE values. Firstly, there is a
larger variance in the MSE for different orders of the NN models than for ARX. This may suggest
that there is more flexibility in tuning a NN towards accurately modelling the physical system.
Furthermore, the sub-sampled NN models perform significantly better than the fully sampled
ones, which also contrasts the ARX results. In regards to this, it must however be kept in mind
that there may be a certain bias towards the performance of the sub-sampled models, since there
are less constraints that have to be fulfilled during training, compared to fully sampled systems.
Nevertheless, the sub-sampled NN model with order na = 2 and nb = 10 shows the overall most
promising performance, based on the mean MSE across the different test signals.

Table 4.7: MSE for different system orders for fully sampled neural network system

na nb ASS const 1 m s−1 const 1.2 m s−1 const 0.8 m s−1 sine 0.6 Hz mean

2 2 9.53E-04 8.04E-03 1.43E-02 2.46E-02 1.23E-02 1.20E-02
2 5 1.64E-03 1.08E-02 1.92E-02 2.21E-01 1.29E-02 5.31E-02
2 10 3.87E-03 9.63E-03 2.73E-03 2.72E-02 2.15E-02 1.30E-02
5 2 1.06E-03 1.01E-02 1.95E-02 1.45E-01 1.47E-02 3.81E-02
5 5 3.49E-03 9.47E-03 1.28E-02 4.70E-02 2.37E-02 1.93E-02
5 10 4.59E-03 8.57E-03 2.72E-02 2.18E-02 2.44E-02 1.73E-02

Table 4.8: MSE for different system orders for sub-sampled neural network system

na nb ASS const 1 m s−1 const 1.2 m s−1 const 0.8 m s−1 sine 0.6 Hz mean

2 2 2.88E-03 1.38E-02 1.08E-04 3.92E-03 1.71E-02 7.56E-03
2 5 4.33E-03 1.55E-03 1.93E-03 4.80E-02 9.11E-03 1.30E-02
2 10 1.57E-03 1.83E-03 1.55E-04 3.16E-03 1.26E-03 1.60E-03
5 2 4.95E-03 6.85E-03 9.31E-04 1.11E-03 1.75E-02 6.27E-03
5 5 1.74E-03 4.37E-03 2.13E-03 6.29E-03 3.61E-03 3.63E-03
5 10 1.21E-03 4.49E-03 4.33E-04 2.94E-01 1.05E-03 6.02E-02
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Similar to Figure 4.17 for the ARX case, Figure 4.18 shows simulations of the same ASS
signal, using sub-sampled NN models with different nb values. It can be seen that the NN
simulations are able to follow the general trend of the response, but also track the variations
in the output more closely than the ARX models. Thus, hinting that an NN approach may be
more attractive for higher accuracy simulations, at the loss of linearity.

Figure 4.18: Simulations of ASS type test signal using NN models of different order with fs = 5.

Further visual comparison between ARX and NN models are shown in Figure 4.19, where
simulation results of four different test signals are presented using fully sampled systems. It is
quite clear that both ARX and NN perform similarly for these cases. In particular, for simulating
the sine signal neither of the models are able to simulate the output well at all. In contrast,
Figure 4.20 shows the same test simulations for sub sampled systems. Here a clear improvement
in simulative performance can be seen in the case for the NN model. Especially so for the
sine signal results, where the sub sampled NN model is able to follow the correct output much
better than the fully sampled one. These results also highlight the superior performance of NN
compared to ARX when it comes to simulating the two-phase system.

4.2.4 Discussion of Black-Box Identification Results

The relationship between inlet airflow and particle corner concentration from CFD two-phase
simulations was identified through data driven black-box modelling. The performance of linear
ARX models and NARX based neural network models were compared for different sampling
frequencies and order parameters. It was found that variations of order parameter did not
significantly affect results for either ARX or NN. Furthermore, it was found that a subsampled
NN models seemed to perform better than fully sampled NN model. Overall it was found that
NN models were able to simulate predetermined test signals more accurately than ARX.

Something that can be probed further on is the frequency response of the two-phase system.
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Figure 4.19: Simulations of different test signals with fully sampled ARX and NN models, with
fs = 20, na = 2, nb = 10 and nk = 20.

Figure 4.20: Simulations of different test signals with subsampled ARX and NN models, with
fs = 5, na = 2, nb = 10 and nk = 5.
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As visualised by Figure 4.15, the system shows significantly different behaviour depending on the
frequency of the input. Ultimately, the NN model was able to simulate sine signals fairly well but
a downside to a purely data driven neural model is that it does not provide much clarity of the
underlying dynamics. However, as seen from the identification results as well as the two-phase
simulations (see e.g. Figure 4.10, 4.11 and 4.12), there is an oscillatory behaviour present in the
system. Potentially, a parametrised model structure based on exponential decay with oscillating
components (e.g. complex exponentials) may be able to describe the system equally well as the
NN models, which would make for easier understanding.

A possible explanation to why the sub-sampled NN model performs better than the fully
sampled one may be that the fully sampled model is more prone to overfitting. Overfitting
implies that the identified model parameters are optimal only in simulating the training data,
but has poor simulative ability for general data. The relation between sampling frequency and
overfitting is that with the same order parameters, a higher sampling frequency will concentrate
the model’s dependence on earlier inputs and outputs closer together in discrete time, thus
potentially making the model less flexible. Indeed, with oscillatory behaviour being present in
the system dynamics, the sampling frequency may have a large impact on the performance of
estimated models. Ideally, knowledge about the oscillation periods could be incorporated in the
identification procedure to estimate better performing models.

Something that should also be considered with regards to the superior performance of the
sub-sampled model is that the training data contains less number of data points. This fact
implies that the training algorithm has to consider fewer constraints that the model has to
satisfy, which implies easier identification. The same argument applies to the testing phase,
where the consideration of fewer data points may make it easier to obtain lower MSE values. As
a result, the performance measure may be skewed towards a model that has been trained based
on a lower sampling frequency.

Another observation is that the system seems to be highly sensitive to what happens in the
beginning of the time interval. For the remaining time a linear model may be enough to describe
the input-output dynamics accurately. A possible explanation of the ”early sensitivity” may lie
in the initial configuration of the particle release. All particles are released into the air stream
at once, without any consideration to equilibrium positioning. Consequently, the trajectories of
some particle packets may be significantly more affected than others at initial time, depending
on the underlying velocity field. However, over time the whole distribution of particles may be
expected to align its movement patterns more in line with the airflow.

A workaround to avoid this behaviour could be to either start the signal sampling some time
after initial release, or alternatively gradually feed particles into the airstream. To be noted
though, there is a practical point to releasing all particles from the corner at once. That is to
consider a real situation, where single particles may be released randomly from a bio-aerosol
source at any random position in the corner area. To realise the removal of single particles
from specific locations is however not a feasible task, mainly due to chaotic effects of turbulence
affecting the particle trajectories. Conversely, the thesis experiment deals with this problem by
considering a bulk release of particles. The idea being that achieving a great removal of a large
distribution of evenly released particles in absolute terms can be interpreted as a great probability
of successfully removing a singularly released particle from a random location. The results are
thus meaningful for real life scenarios, such as when spores are sporadically released from a mold
source.
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4.3 Model Predictive Control of Residual Particle Concen-
tration

The final part of reaching the thesis’ goal of controlling the concentration of turbulent two-
phase corner flow is to apply the reduced order models from the previous section in a control
framework. This is achieved below, where the control performance of a model predictive controller
is investigated for both an ARX and a NN model. Furthermore, control signals are generated
with regards to energy consumption and fed back into the full two-phase model.

4.3.1 MPC Tuning and Performance of Reference Tracking

From the identification results in Section 4.2.3 it was found that a subsampled NN model with
sampling rate fs = 5 Hz and order dynamics na = 2, nb = 10, nk = 5 (time delay of 1
second) was able to describe the system with good generality. This model was thus used for a
majority of the control results presented in this section. An ARX model with same parameters
was also used for comparison and to determine if there was a noticeable difference in control
performance between the two model structures. The performance was measured as the MSE
against a reference trajectory. The total energy of the control signal was also measured and
denoted E(t = 15), where 15 seconds was the final time for all experiments. The energy is given
as a ratio of the maximum allowed energy consumption (input u(t) take on values 0.8 m s−1 or
1.2 m s−1 throughout the whole time period).

The MPC routine described under Section 3.3 requires a reference trajectory, to which the
system output is desired to converge towards. The purpose of the experiments in this section
was to investigate how well the identified models were inclined to be controlled towards this
trajectory. Thus, the reference trajectories were chosen to behave similarly to the general trend
of the output, which was largely decaying exponentially (see Section 4.2). The reference signal
Rref was therefore defined as a function of exponential decay

Rref (t, δ) = exp

(
−t
T

ln(δ)

)
, (4.2)

where T is the final time and δ is a parameter that controls the value of Rref (t = T ).
In addition, the MPC algorithm was configured such that the control input was allowed

to change value only in intervals of 0.4 seconds. This was to promote stability and physically
reasonable behaviour. (For future experiments it may be more sensible to instead constrain the
rate of change of the input.)

To investigate the controllability of the system, the MSE and energy performance was meas-
ured for different MPC tuning settings and reference trajectories. Table 4.9 shows a comparison
of controlled ARX and NN systems with reference trajectories δ = {0.3, 0.2, 0.1} (see equation
(4.2)), and varying control effort weights λ. With increasing λ values, the energy was generally
expected to monotonically decrease and the MSE monotonically increase. While both low energy
consumption and low MSE was desirable for the results, a reasonable balance between the two
quantities was ultimately the goal.

Based on Table 4.9, the expected energy dependence on λ was confirmed for both ARX and
NN, while the behaviour of the MSE showed slight divergence from expectations, in particular
for NN. This is visualised in Figure 4.21 for ARX, where there is a very slight inconsistency in
the MSE for δ = 0.2 and λ = 0.01. Correspondingly, Figure 4.22 shows the λ dependence for
the NN case, where a noticeable deviation from expectations for δ = 0.3 and λ = 0.01 can be
seen. Besides this inconsistency, the overall trend for all δ shows an increase in the MSE with
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increasing λ, and thus suggesting that the MPC controller is making an appropriate effort in
balancing error and energy.

A possible explanation to the inconsistency could be the linearisation of the network structure
that is performed in each timestep of the NN-MPC routine. This essentially causes a different
linear model, dependent on the current point of linearisation to be solved in each timestep. With
long prediction horizons this may consequently lead inconsistent results, if the system is forced
into different states due to different MPC tunings.

Table 4.9: MPC performance: Comparing λ and δ for subsampled ARX and NN models with
na = 2, nb = 10

ARX Neural Network
δ λ γ Tp E(15) MSE(RARX , Rref ) E(15) MSE(RNN , Rref )

0.3 1 1 10 3.59E-04 8.09E-03 5.37E-04 2.27E-03
0.3 0.1 1 10 3.57E-02 7.82E-03 1.22E-01 8.46E-04
0.3 0.01 1 10 8.43E-01 6.75E-03 3.03E-01 2.00E-04
0.3 0.001 1 10 9.22E-01 6.77E-03 5.40E-01 9.32E-04
0.2 1 1 10 5.11E-06 1.08E-04 4.16E-04 1.80E-03
0.2 0.1 1 10 4.49E-04 1.04E-04 3.13E-02 9.69E-04
0.2 0.01 1 10 1.90E-02 8.67E-05 1.79E-01 4.39E-04
0.2 0.001 1 10 6.25E-01 9.97E-05 3.36E-01 3.52E-04
0.1 1 1 10 6.04E-04 1.22E-02 2.04E-02 2.01E-02
0.1 0.1 1 10 5.91E-02 1.18E-02 2.87E-01 8.00E-03
0.1 0.01 1 10 9.93E-01 1.05E-02 5.59E-01 3.30E-03
0.1 0.001 1 10 1.00E+00 1.05E-02 6.93E-01 3.30E-03

Table 4.9 shows the total energy and the MSE against different reference trajectories for ARX
and NN models. The errors imply that NN-MPC generally does a better job at reference tracking
than ARX-MPC. This is illustrated in Figure 4.23, where the controlled ARX and NN system
inputs and outputs are shown for the three reference trajectories with λ = 0.01. It is clear from
the u(t) plots that the NN model has captured much more of the system dynamics and from
the R(t) plots that NN-MPC is superior at tracking the reference output. In fact, ARX-MPC is
seemingly unable to extend its output values to the trajectories defined by δ = 0.1 and δ = 0.3
at all, which is likely a limitation of the ARX structure being purely linear. Since the control
routine is directly dependent on the identified model, these results agrees with the results from
Section 4.2.3 that shows superior simulative performance of the NN model.

Figure 4.24 shows the control input u(t) and output R(t) for varying values of λ, with reference
trajectory defined by δ = 0.3. It can be observed that the input is allowed to deviate more from
the unforced value of 1 as λ is decreased. This agrees with expectations since larger deviations
from 1 requires more input energy. Furthermore, it can be seen that the reference trajectory is
tracked fairly well by all three tunings, but towards the final time the lowest value λ = 0.001
follows most closely. Interestingly, the λ = 0.001 output seems to have the largest deviation from
reference between times 3 and 7 seconds. Thus suggesting that the dynamic behaviour at early
times has a great impact on the output towards the end.

After establishing a desirable control performance of NN-MPC with regards to input weight
λ, the effect of varying other tuning parameters were also compared. In particular, the weight
on the final prediction error γ as well as the prediction horizon Tp. Results for varying γ and Tp
are compiled in Table 4.10, where γ and reference trajectory is kept constant.
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Figure 4.21: ARX model: Total energy and MSE dependence on λ for varying δ. Remaining
parameters are kept constant: γ = 1 and Tp = 10.

Figure 4.22: NN model: Total energy and MSE dependence on λ for varying δ. Remaining
parameters are kept constant: γ = 1 and Tp = 10.
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Figure 4.23: ARX-MPC and NN-MPC control simulations for different reference trajectories.
Tuning parameters are kept constant: λ = 0.01, γ = 1 and Tp = 10.

Figure 4.24: Comparison of NN-MPC control performance for different tunings of λ. Remaining
parameters are kept constant: δ = 0.3, γ = 1 and Tp = 10.
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Table 4.10: MPC performance: Comparing γ and Tp for subsampled NN model (na = 2, nb = 10)

δ λ γ Tp E(15) MSE(RNN , Rref )

0.3 0.01 1 10 3.03E-01 2.00E-04
0.3 0.01 2 10 3.00E-01 1.91E-04
0.3 0.01 10 10 3.00E-01 1.84E-04
0.3 0.01 100 10 3.01E-01 1.83E-04
0.3 0.01 1 3 8.28E-01 2.10E-02
0.3 0.01 1 5 4.48E-01 6.59E-04
0.3 0.01 1 10 3.03E-01 2.00E-04
0.3 0.01 1 15 2.98E-01 1.79E-04

In figure 4.25 control inputs and outputs are shown for varying γ and it can be seen that the
impact of this parameter is very minor with regards to tracking of the output. Thus, γ can likely
be kept at a constant value of 1 and does not have to be considered for tuning purposes.

Figure 4.25: Comparison of NN-MPC control performance for different tunings of γ. Remaining
parameters are kept constant: δ = 0.3, λ = 0.01 and Tp = 10.

Figure 4.26 shows inputs and outputs for varying prediction horizons Tp. Note that the
prediction horizon must be larger than the time delay (1 second) for the MPC routine to affect the
output. An immediate observation from the figure is that the control shows unstable behaviour
for Tp = 3 seconds. This may be caused by optimisations at early times forcing the system into a
state from which it cannot maintain trajectory at later times. In other words, future outputs are
sensitive to what happens far back in time. This further reinforces that the system’s dynamical
behaviour around initial time has a great impact on the outcome later on. Furthermore, it can
be concluded that a relatively large prediction horizon should be used to assure stability. In all
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other experiments Tp = 10 seconds have been used for desirable results.

Figure 4.26: Comparison of NN-MPC control performance for different tunings of Tp. Remaining
parameters are kept constant: δ = 0.3, λ = 0.01 and γ = 1.

An interesting aspect is to look at how the controlled system behaves when its forced towards
the limits of its output. Figure 4.27 shows control input and output for two limiting reference
trajectories defined by δ = 0.5 and δ = 0.01, and it can be seen that the system is unable to reach
neither of the desired trajectories. It does however make a respectable attempt at following the
trends of the reference curves. Judging by this, the studied NN-MPC system is able to handle
limiting reference trajectories while being appropriately constrained within its own input and
output dynamics.

4.3.2 Open Loop Control of Full Two-Phase Model with Energy Con-
sumption

The control performance results presented in Section 4.3 are based on the identified black-box
models. While the performance of the black-box models have already been established and
discussed in Section 4.2.3, it is vital that the corresponding controlled systems also produce valid
outputs with regards to the full physical two-phase model from Section 4.1.

Figure 4.28 shows a visual comparison of the output from a controlled ARX system and
the corresponding open loop output from the full physical system, for two different reference
trajectories. It can be clearly seen that neither the ARX or open loop outputs are able to follow
the reference trajectories very well. Furthermore the open loop output does not agree with the
trend of the ARX system’s output. This shows that ARX-MPC is unable to control the the
two-phase system and further implies that the presented ARX methodology is unsuitable for the
problem of this thesis.

Conversely, figure 4.29 shows a comparison of the NN-MPC output and the corresponding
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Figure 4.27: Comparison of NN-MPC control performance for limiting δ values. Remaining
parameters are kept constant: Tp = 10, λ = 0.01 and γ = 1.

Figure 4.28: Open loop output based on ARX-MPC control signal, with Tp = 10, λ = 0.01 and
γ = 1.
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open loop output. Here the improvement from ARX to NN is clearly shown as both the NN-
MPC and open loop outputs visually agree with each other and both outputs tend towards the
respective reference trajectories. From this result it can be further concluded that NN-MPC is
a suitable method for controlling the two-phase corner system.

Figure 4.29: Open loop output based on NN-MPC control signal, with Tp = 10, λ = 0.01 and
γ = 1.

One of the objectives of this thesis is to control the particle concentration together with the
constrained energy consumption of the input airflow. Based on results from the previous section
this has largely been accomplished, as the relative relevance between output value and input
energy has been shown to be tunable by the control parameter λ in the MPC routine. However,
a main point of interest is whether the applied control methodology is able to outperform a
manually constructed or randomly generated input signals.

Table 4.11 shows the energy E(t) and open loop particle concentration R(t) at times 5, 10
and 15 seconds, for different basic and controlled input signals. The basic signals are the same
signals that were presented in Section 4.2.2 and the controlled inputs are defined by λ-values
used in the NN-MPC routine as described for earlier results. The λ-values were chosen such that
a control signal could be matched to a basic signal, based on similarities in energy consumption.
Thus, effects on reducing the output (i.e. removing particles from the corner) from applying
control to the system can be studied.

Figure 4.30 shows the evolution of energy and particle concentration over time for the constant
1.2 m s−1 signal and the control signal produced by λ = 0.01. The energy consumption over time
was basically the same for both signals and it was the maximum energy that was allowed to be
consumed by the system. Conversely, it can be seen that the output of the control signal decayed
faster than the output for the constant signal. Based on earlier results this was not unexpected,
but it can be concluded that applying maximum energy through a constant airflow was far from
optimal in reducing the concentration.
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Table 4.11: Open loop energy and particle concentration for basic signals and MPC signals

Signal E(5) E(10) E(15) R(5) R(10) R(15)

Const 1 m/s 0 0 0 0.628 0.431 0.311
Const 1.2 m/s 0.335 0.667 1 0.571 0.373 0.239
Sine 0.6 Hz 0.166 0.332 0.498 0.4 0.163 0.0725
APRBS 0.236 0.356 0.387 0.596 0.341 0.224

λ - - - - - -

0.01 0.342 0.651 0.98 0.531 0.282 0.174
0.1 0.285 0.438 0.503 0.534 0.298 0.158
0.2 0.254 0.333 0.378 0.538 0.283 0.156

Figure 4.30: Open loop output of constant 1.2 m/s signal and NN-MPC control signal, with
λ = 0.01, δ = 0.01, Tp = 10 and γ = 1.
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Figure 4.31 shows the energy and output for the sine signal of 0.6 Hz and the control signal
produced by λ = 0.1. It can be seen that the sine and control signal did not follow the same energy
curve, but that they ultimately ended up consuming the same amount at final time. However,
the output of the sine was significantly lower than that of the control signal throughout the time
period. Based R(15) values in Table 4.11, the sine gave a reduction of 4.3 times compared to
the unforced case, while the control signal reduced the output by 2.0 times. This shows that a
pure sine wave of specific frequency is preferable to use over the applied control methodology
when it comes to reduction of particle corner concentration in the specific two-phase system. The
implication is that the identified black box model has not been able to capture the full dynamics
of the system, especially when it comes to the frequency response.

Figure 4.31: Open loop output of sine 0.6 Hz signal and NN-MPC control signal, with λ = 0.1,
δ = 0.01, Tp = 10 and γ = 1.

Figure 4.32 shows the energy and output for the randomly generated APRBS signal and the
control signal produced by λ = 0.2. While the energy evolution of the two signals matched
quite well it can be seen that the control signal provided a greater reduction of concentration
over time. From this it can be concluded that the systematic approach of going through the
NN-MPC routine is preferred over applying a randomly generated signal to the system in the
hope of achieving a desired reduction of concentration.

An important observation is that the three controlled open loop outputs are very similar,
even though the energy usage is different. In fact, the results go against expectations of lower
concentration for lower λ, as can be seen in Table 4.11 for the R(15) values. This likely goes
back to the uncertainties present in the identification of the black-box system model. Although
these results imply that the methodology can be improved, they also confirm that an equivalent
reduction of concentration can be achieved with lower energy consumption. As has been men-
tioned before, a likely explanation to this may be that the greatest effect on the output comes
from control efforts around initial time and thereafter becomes less important.

61



4.3. CONTROL OF PARTICLE CONCENTRATION CHAPTER 4. RESULTS

Figure 4.32: Open loop output of APRBS signal and NN-MPC control signal, with λ = 0.2,
δ = 0.01, Tp = 10 and γ = 1.

4.3.3 Discussion of Controlled Particle Concentration Results

Identified ARX and NN black-box models were applied in a MPC framework to construct input
signals with regards to energy consumption and output particle concentration values. While
ARX-MPC showed poor control results due to the lack of accurate system model, NN-MPC was
able to track reference trajectories with desirable performance.

It can be concluded that the control parameters that has to be tuned to achieve desirable
energy and output is λ, which controls the weight of the input and δ, which defines the reference
trajectory. The other free cost function parameter γ had very little effect on the results. The
prediction horizon Tp can be kept constant, but should importantly not be chosen too small as
to avoid instabilities.

From Figure 4.22 it was unexpectedly observed for NN-MPC that the MSE did not increase
monotonically with increasing λ. A possible explanation to this behaviour may be the fact that
the control algorithm relies on linearisation of the NN model in each time step. This essentially
leads to a different linear model being solved in each time-step, dependent on the point of
linearisation. Consequently, inconsistent control behaviour may be encountered if the system is
forced into vastly different states dependent on control parameters. An alternative solution from
using linearisation in each time-step is to instead consider purely non-linear optimisation. While
this should lead to more consistent results, due to the same model being considered throughout
the whole time period, computational complexity would be significantly increased. However,
since the control routine is essentially performed offline, the time taken for control calculation
is not of highest priority, as long as they are significantly faster than the simulations of the full
two-phase flow model.

It was shown that the control signals generated by NN-MPC was able to produce outputs
with desirable reference tracking abilities when transferred to the full two-phase model, as shown
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in Figure 4.29. This is a great achievement as it implies that the applied methodology is able to
control the particle corner concentration, which was a main goal to accomplish of the thesis.

Regarding a maximal reduction of particle concentration, it is reasonable to believe that the
limit of the used NN model and MPC methodology is what is shown in Figure 4.27, where a steep
reference trajectory was used to force the output to decay as fast as possible. Interestingly, the
generated control signal oscillates aggressively between maximum and minimum input values.
This agrees with what was observed when pure sine signals was fed to the full two-phase system
(see Section 4.2.2), as certain sine frequencies were able to produce quickly decaying outputs.
Notably, certain sine frequencies, such as 0.6 Hz, was able to reduce the concentration significantly
more than the ”limiting control signal”. This observation implies that the identified black-box
model can be improved to capture more of the system dynamics, especially of the system’s
frequency response.

Another interesting observation is that control signals with varying energy consumption pro-
duced similar final outputs when applied to the full two-phase system, as seen when comparing
the control signal results in Table 4.11. From this it can be concluded that an equivalent re-
duction of concentration can be achieved with a lower consumption of energy. This is a key
result in itself as it implies that the output of the full system is inclined to be controlled with
optimised energy usage. Furthermore, it implies that the controller has the capability to produce
a desirable output with reduced energy, thus contributing to the goal of the thesis with regards
to energy efficient control of the output concentration.

In light of the above results and discussion, it can be concluded that NN-MPC overall was
shown to be a promising methodology for the control of particle concentrations in turbulent
two-phase flow. However, control results would likely be enhanced with improvements to the
identified black-box models simulative ability of the full system.
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Conclusions

This thesis has proposed a methodology for mechanical control of indoor particle concentrations,
based on a CFD modelling, system identification and model predictive control framework. The
novel idea is to utilise existing indoor airflow to transport bio-aerosols away from corners. The
aim was to energy efficiently control a temporal concentration of micrometer-size particles in
a corner, by using a directed and variable airflow. This was accomplished in three parts, as
presented below with corresponding main findings:

1. Two-Phase Modelling: A high fidelity two-phase flow model was simulated in a two
dimensional corner geometry containing an airflow source and particle release features.

One way coupled Eulerian-Lagrangian approach was used to simulate the particle dynamics,
with RANS and SST k-ω turbulence model for the fluid phase and drag force based discrete
random walk for the particle phase. The applied methods showed promising results with a
12.2% error against validation data from a backward facing step experiment. For the thesis
experiment, the chosen methods were able to produce a desirable zone of recirculation in
the corner. Furthermore, it was found that turbulence has a significant effect on the particle
dynamics over time.

2. System Identification: Based on simulation data, black-box system identification meth-
ods were employed to identify a simplified model of the full two-phase model that describes
the relationship between input airflow and output particle concentration.

A linear ARX type structure was compared to a NARX based neural network for input-
output black-box modelling. It was found that ARX models could simulate the general
trend of the output, but was unable to accurately predict large changes. Conversely, the
NN model was successful in simulating the system for different test signals. In the MSE
performance measure, the best NN model produced an overall error of 1.60E-3 compared
to the corresponding ARX model’s 7.23E-3, thus showing an accuracy improvement of
roughly 4.5 times.

3. Model Predictive Control: The simplified model was integrated in a model predictive
control framework for control and optimisation of particle concentrations, with constraints
on the energy consumption of the airflow. The aim of this procedure was to achieve a
minimal output concentration while also keeping the input energy as low as possible.

The identified NN model was integrated into a MPC framework where linearisation of the
NN model in each time step was utilised. NN-MPC of the identified model was shown
to perform well with regards to reference tracking, and desirable energy management was
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achieved by tuning of input weight λ in the cost function. The NN-MPC results were also
applied to simulations for control of the full two-phase model and good control performance
was shown in this case as well. With successful control of the CFD model, the thesis results
were tied together and the proposed methodology was concluded feasible for control of two-
phase corner flow.

Although the results from the three parts depend on each other, the corresponding methods can
all be modified independently from each other or exchanged with other methods. This modularity
allows for improvements and changes to be implemented easily.

One of the thesis’ main discoveries was the feasibility of using a NARX based neural network
model to simulate the input-output relationship of a CFD two-phase system. This outcome is
especially exciting since the NN model also showed desirable usability when applied in a MPC
framework with constraints on the input signal. These results suggest that a purely data-driven
approach to identification and control of a high fidelity CFD model is a useful technique when
it comes to manipulation of a non-trivial two-phase system. Furthermore, it was shown that
the output particle concentration could be tuned relatively to the energy consumption of the
input, and thus implying practical use for energy efficient engineering applications in bio-aerosol
control.

With regards to reducing the particle concentration as much as possible, it was found that
control signals generated from NN-MPC was able to perform better than randomly generated
input signals. However, it was found that a manually constructed sine input of frequency 0.6 Hz
was more effective in reducing the output than a control signal using a corresponding amount of
energy. In particular, the sine signal reduced the concentration by 4.3 times from the unforced
case, compared to the 2.0 times reduction of the control signal. This result implies that more
effort should be put into devising a system model that captures a larger range of the frequency
response. In this regard, it might also be beneficial to put more thought into the generation of
training data and types of excitation signals.

While the NN black-box identification was largely successful, it would be good to develop a
more systematic approach to choosing appropriate network settings, such as training parameters
and number of hidden layers and neurons.

In studying the NN-MPC performance, a small discrepancy was found in the expected mono-
tonic decrease of output value with decreasing input weight λ. This deviation from expectations
may be a consequence from the linearisation of the NN model that occurs in each time-step of
the MPC routine. An interesting focus for future research would be to investigate the control
performance of a purely non-linear optimisation routine in the MPC algorithm. While non-linear
optimisation would substantially increase computational complexity, it may not be a major cause
of concern with long computation times, since the control calculations are essentially performed
offline.

There exists a few limitations with the proposed methodology that may be considered for
future research and transferability to real life application. Firstly, the current experiments have
been performed based on a two-dimensional geometry. While a three-dimensional experiment
environment would significantly increase the complexity of the problem, it would be a great
achievement if the NN-MPC methodology could show feasibility for such a case as well. Secondly,
the black-box system models considered here only allow single input and single output channels.
For improved identification results, a potential extension could be to consider multiple inputs,
for example a variable angle of the input airflow could be used. A third point is that the two-
phase methods are validated against data from a different experiment setup, of a backward facing
step. This fact implies that the thesis’ corner flow simulations may not be completely truthful
to reality. Hence, it would be beneficial to construct a physical experiment that corresponds to
the numerical experiment presented in this study, for more trustworthy models and results.
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The specific problem of this thesis was to reduce particle concentrations from a specified area
over time, with potential applications to bio-aerosol removal techniques. With minor modifica-
tions to the experimental setup and control trajectories, the methodology could also be extended
to other situations were it instead is desirable to maintain an as high as possible concentration
of particles. This could, for example, have practical applications in 3D printing, spray painting
and automatic cleaning, with regards to corner regions.

In summary, it was found that a data-based approach of black-box identification and control
of a particle concentration in turbulent two-phase CFD simulations is a viable methodology. In
particular, it was proposed that MPC based on NN black-box modelling could control particle
concentrations governed by turbulent gas-solid flow. The gas phase was modelled using RANS
and SST k-ω turbulence equations, and drag force based DRW was used to model the solid phase.
The NN-MPC methodology showed promising results in reducing particle concentration while
simultaneously keeping the energy consumption as low as possible, which was validated by the
developed two-phase model.
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