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Abstract

In the past several decades, there has been a spate of interest in applying refuse-derived fuels (RDFs) in
industrial combustion processes, for instance, cement production. As a consequence of the economic
merit and the carbon-neutral characteristic, RDF owns a favorable application prospect. Nevertheless,
utilizing RDF for controllable and secure combustion is challenging since RDF is composed of various
waste fractions with complex shapes resulting in relatively complicated flight and combustion behaviors.
The undertaken research presents a novel plenoptic camera based measurement system to determine
the properties of RDF particles using image processing approaches. At first, the particles are captured
by a plenoptic camera, which is able to provide information in 2D gray value images and 3D point
clouds, i.e., each spatially captured pixel contains both gray value as unsigned integer number stored
with 16 bit and spatial coordinate in mm. Based on the information, the particles can be detected by 2D
gray value based algorithms and 3D clustering approaches. Owing to the considerable fluctuation of
the obtained point clouds, 3D clustering approaches perform inferiorly. Compared to the 3D clustering
approaches, the 2D gray value based algorithms also exhibits particular deficiencies despite their better
accuracy performance. Under the circumstance, the study proposes an innovative combined detection
approach that combines the detection results of a 2D gray value based algorithm and a 3D clustering
method aiming at making the most of the acquired 2D and 3D information to deal with the fluctuations
of the measuring system. Subsequently, the particles are tracked by the linear Kalman filter, with
the 2.5D global nearest neighbor (GNN) and the joint probabilistic data association (JPDA) approach,
respectively. By introducing the depth information in gating, the tracking approach is extended to
2.5D. As a consequence of several inaccurate detection results caused by the measuring system, the
initial tracking results contain faulty and incomplete tracklets that entail a post-processing process.
Therefore, in the study, a post-processing framework based merely on particle motion similarity is
developed, which benefits a precise tracking performance by eliminating faulty tracklets, deleting
outliers, connecting tracklets, and fusing trajectories. The thereby obtained 2D particle trajectories
are converted into spatial particle traces in accordance with the provided 3D information by the
plenoptic camera. Subsequently, the trajectories are estimated by polynomials independently in three
spatial directions for the sake of compensating fluctuations existing in the trajectories. To conduct
a quantitative assessment of the proposed approaches, manually labeled ground truth datasets for
particle detection and tracking are generated. The presented methods in the study are proven to deliver
satisfactory performances with respect to several measurements, for instance, precision, recall, and
F;-score.

The thereby obtained complete spatial fuel trajectories enable the analysis of the flight and combustion
behaviors of various fuel fractions. For the flight properties, the flight duration and space-sliced particle
velocity in the depth direction are elaborated. The combustion behavior refers to the ignition time. As
revealed by the study, wood chips and PE granules move more rapidly than the two paper materials.
While paper shreds and confetti could be ignited during their flights, PE granules and wood chips land
before ignition. The acquired statements demonstrate an excellent agreement with the computational
simulations, which reversely prove the availability and applicability of the developed measurement
system. This new measurement system and the provided experimental results can benefit a better
understanding of the RDF’s combustion for future research.

ii






Kurzfassung

In den letzten Jahrzehnten ist das Interesse an der Verwendung von Ersatzbrennstoffen (EBS) in
industriellen Verbrennungsprozessen, z.B. bei der Zementherstellung, stark gestiegen. Infolge des
wirtschaftlichen Nutzens und der Kohlenstoffneutralitdt besitzen Ersatzbrennstoffe eine giinstige
Anwendungsperspektive. Dennoch ist die Nutzung von Ersatzbrennstoffen fiir eine kontrollierte und si-
chere Verbrennung eine Herausforderung, da sich Ersatzbrennstoffe aus verschiedenen Abfallfraktionen
mit komplexen Formen zusammensetzen, was zu relativ komplizierten Flug- und Verbrennungsei-
genschaften fihrt. In der vorliegenden Arbeit wird ein neuartiges plenoptisches, kamerabasiertes
Messsystem zur Bestimmung der Eigenschaften von RDF-Partikeln mit Hilfe von Bildverarbeitungsan-
sitzen vorgestellt. Zunichst werden die Partikel von einer plenoptischen Kamera erfasst, die in der
Lage ist, Informationen in 2D-Grauwertbildern und 3D-Punktwolken zu liefern, d.h. jedes raumlich
erfasste Pixel enthélt sowohl den Grauwert als vorzeichenlose Ganzzahl, die mit 16 Bit gespeichert als
auch die raumliche Koordinate in mm. Auf der Grundlage dieser Informationen kénnen die Partikel
durch 2D-Grauwertalgorithmen und 3D-Clustering-Ansétze erkannt werden. Aufgrund der erheblichen
Fluktuation der erhaltenen Punktwolken schneiden 3D-Clustering-Ansétze schlechter ab. Im Vergleich
zu den 3D-Clustering-Ansitzen weisen die 2D-Grauwert-basierten Algorithmen trotz ihrer besseren
Genauigkeitsleistung ebenfalls besondere Defizite auf. Vor diesem Hintergrund wird in der Studie
ein innovativer kombinierter Erkennungsansatz vorgeschlagen, der die Erkennungsergebnisse eines
2D-Grauwert-basierten Algorithmus und einer 3D-Clustering-Methode kombiniert und darauf abzielt,
die gewonnenen 2D- und 3D-Informationen optimal zu nutzen, um die Schwankungen des Messsystems
zu bewiltigen. AnschlieBend werden die Partikel mit dem linearen Kalman-Filter, dem 2,5D Global
Nearest Neighbour (GNN) bzw. dem Joint Probabilistic Data Association (JPDA) Ansatz verfolgt. Durch
die Einfithrung der Tiefeninformation im Gating wird der Tracking-Ansatz auf 2,5D erweitert. Als Folge
mehrerer ungenauer Erkennungsergebnisse, die durch das Messsystem verursacht werden, enthalten
die anfinglichen Tracking-Ergebnisse fehlerhafte und unvollstandige Tracklets, die einen Nachbearbei-
tungsprozess erforderlich machen. Daher wird in der Studie ein Nachbearbeitungsrahmen entwickelt,
der lediglich auf der Ahnlichkeit der Partikelbewegungen basiert und eine prézise Verfolgungsleistung
durch die Eliminierung fehlerhafter Tracklets, das Loschen von Ausreifiern, das Verbinden von Track-
lets und das Verschmelzen von Trajektorien ermdglicht. Die so gewonnenen 2D-Partikel-Trajektorien
werden in Ubereinstimmung mit den von der plenoptischen Kamera bereitgestellten 3D-Informationen
in raumliche Partikelspuren umgewandelt. Anschlieend werden die Trajektorien durch Polynome
unabhingig in drei Raumrichtungen geschatzt, um die in den Trajektorien vorhandenen Schwankun-
gen zu kompensieren. Zur quantitativen Bewertung der vorgeschlagenen Ansitze werden manuell
Ground-Truth-Datensétze zur Partikeldetektion und -verfolgung erstellt. Die in der Studie vorgestellten
Methoden liefern nachweislich zufriedenstellende Leistungen in Bezug auf verschiedene Messgrofien,
wie z.B. Prazision, Recall und F;-Score.

Die so gewonnenen vollstindigen raumlichen Brennstofftrajektorien ermoglichen die Analyse des
Flug- und Verbrennungsverhaltens verschiedener Brennstofffraktionen. Fiir die Flugeigenschaften
werden die Flugdauer und die raumlich geschnittene Partikelgeschwindigkeit in Tiefenrichtung her-
ausgearbeitet. Das Verbrennungsverhalten bezieht sich auf die Entziindungszeit. Wie die Studie zeigt,
bewegen sich Holzhackschnitzel und PE-Granulat schneller als die beiden Papiermaterialien. Wahrend



Papierschnipsel und Konfetti wahrend ihres Fluges entziindet werden konnten, landen PE-Granulat und
Holzhackschnitzel vor der Entziindung. Die gewonnenen Aussagen zeigen eine hervorragende Uberein-
stimmung mit den rechnerischen Simulationen, was umgekehrt die Verfiighbarkeit und Anwendbarkeit
des entwickelten Messsystems belegt. Dieses neue Messsystem und die bereitgestellten experimentel-
len Ergebnisse konnen zu einem besseren Verstindnis der Verbrennung von Ersatzbrennstoffen fiir
zukiinftige Forschungen beitragen.

vi
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1. Introduction

1.1. Motivation

In the last several decades, the application of refuse-derived fuel (RDF) has been favored in industrial
combustion processes. In addition to economic advantages, a significant merit of utilizing RDF is its
benefit to the CO, balance in the combustion process owing to the biogenic proportion of RDF. Weber et
al’s [121] study provides a detailed overview of all treatment facilities in Germany that converted waste
into energy in 2015, including e.g. RDF power plants, municipal solid waste incineration plants, and
cement plants (co-firing of waste). According to the study, roughly 320 PJ of end energy are produced
in German waste treatment plants consisting of 225 P] of heat and 90 PJ of electricity, contributing
to around 3.7 % of the German end energy consumption. Faulstich et al. [28] studied the utilization
of waste-based fuels in various plants in Germany, such as RDF heating power plants and cement
plants. The research indicates that RDF has also been widely applied in the cement industry to replace
fossil fuels in addition to industrial RDF power plants. The German Association for Substitute Fuels,
Waste Wood, and Biogenic Waste estimates the amount of high-caloric waste appropriate for co-
incineration at around 6 million tons per year [1]. In 2020, alternative fuels with energy production of
66.4 million GJ composed 69.2 % of the total fuel energy demand of the German cement industry and
had been increasingly replacing fossil energy consumption [3]. Typical alternative fuels are waste oil,
solid fuels, e.g., wood and plastic waste, processed fractions from industrial, commercial, and municipal
waste, animal meal, as well as lumpy fuels, especially used tires. In terms of mass, the largest proportion
of high-calorific waste in cement works is processed, solid, pneumatically conveyable fuels, which are
often denominated as Fluff.

Since the composition of Fluff is considerably complex with various fractions, for instance, paper,
wood chips, and plastics, the flight and combustion behaviors can be significantly complicated and
unsteady, which affects its widespread application. In addition, the particle size of Fluff (particle size
in cm range) differs greatly from the standard fuel coal dust (particle size <200 pm), as depicted in
Figure 1.1. Therefore, replacing fossil fuels with Fluff in the cement industry remains problematic.
The changes in flame lengths, local heat flows, burnout times, and particle trajectories of Fluff result
in several issues, such as malfunctions, decreases in energy efficiency, and negative impact on the
product quality. Thus, the properties of Fluff ought to be investigated detailedly. Nevertheless, studies
of replacing standard fuels with Fluff on the original scale are generally too expensive and complex.
Moreover, the accessibility of measurement technology is also restricted. Under this circumstance, 3D
Computational Fluid Dynamics (CFD) simulations of Fluff’s combustion provide a cost-effective and
efficient alternative. The simulation outcomes are of significant importance to instruct the industrial
application of Fluff and entail validation of real technical data gathered in a semi-technical rotary
kiln by a camera measuring system. Hence, the research project FLUFF, financed by AiF — German
Federation of Industrial Research Associations, aims to conduct 3D CFD simulations of the entire
flight and combustion processes of RDF particles and validate the outputs of the CFD model utilizing
computed particles’ properties based on captured images from a camera system.
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(a) (b)

(a)

Figure 1.2.: Examples of captured images [129]. (a) Basic-focus image captured by the plenoptic camera. (b) Corresponding
depth map in false color, where black indicates no 3D information available.

This work focuses on monitoring the flight and combustion processes of RDF particles in the test facility
BRENDA using a plenoptic camera system to investigate several particles’ properties based on the
concept of tracking-by-detection. The applied camera enables simultaneous 2D gray value and 3D
position measurements. As depicted in Figure 1.2, the camera provides gray value images as captured
by conventional cameras, and meanwhile, the corresponding spatial positions of the captured pixels can
also be measured. Based on the obtained information, RDF particles within video sequences ought to be
detected and tracked to build spatial particle trajectories for further research into particles’ properties.
For the sake of studying the combustion properties of the particles, brightness changes of the particles
represented as varying gray values on the captured images should be taken into consideration as well.
The acquired flight and combustion properties of the particles, such as velocity, dwell time, and ignition
time, are compared to the outcomes of the CFD model for the purpose of an objective and adequate
validation of the model.
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1.2. Related work

Since RDF is a vital alternative to fossil fuels, researchers have conducted a spate of investigations
into its characteristics and behaviors in recent years. For instance, Marsh et al. [71] focused on
the physical and thermal properties of extruded RDFs for further application in energy from waste
technologies. The material charge was compressed and compacted to produce the desired extrusions,
whose properties were then investigated by compressive and devolatilization testing. The research
reports on the RDF pellet compressive strength by extrusion conditions and the devolatilizing properties
at a high-temperature environment. Dou et al. [23] investigated the pyrolysis characteristics of RDF in a
pilot-scale unit to determine the operating conditions of a melting incinerator. The research utilized gas
chromatography for measuring the gaseous volatile and tar components, and moreover, the morphology
of the char derived from RDF pyrolysis was observed by scanning electron microscopy.

In addition to the physical and chemical properties, the flight and combustion behaviors have also
attracted a spate of interest since combustion builds an integral part of RDF’s application. To determine
RDF’s flight characteristics and combustion behavior, Marzi et al. [72] researched trajectories of single
RDF fractions in a cement kiln. Danz et al. [20] accumulated practical information concerning RDF’s
flight and combustion behaviors in a rotating tubular kiln by investigating trajectories of single RDF
fractions and computing their combustion through air separation. Based on empirical methods and
models, the research is able to determine several properties of RDF, for instance, the sink speed, the
release speed, and the particle size. Liedmann et al.’s [62] paper demonstrates a simplified modeling
approach for the combustion and flight behavior of RDF processed from municipal or industrial
waste based on an advanced fuel characterization starting with a sorting analysis of various fractions.
Beckmann et al. [11] applied various examples to elaborate on the influence of the RDF’s fuel technical
properties on its combustion behavior. In addition, the combustion behavior of RDF is also investigated
by modeling the combustion of RDF particles under the consideration of particle shrinking, the release
of volatile matter, and the gasification of fixed carbon. N¢rskov [84] carried out experiments in a
combustion reactor to investigate burnout behaviors of RDF particles, including ignition, devolatilization,
and char oxidation times. Additionally, the impact of fuel properties on the combustion was also
analyzed based on a developed mathematical model of the rotary kiln. Duan et al. [24] studied the
combustion behavior and pollutant emission characteristics of RDF in a pilot-scale vortexing fluidized
bed combustor. The authors employed flue gas recirculation (FGR) combustion mode to analyze the
effects of several operating parameters, e.g., oxygen ratio and temperature, on the combustion behavior
and emission characteristics, such as CO and NO, emission. These studies use particular instruments,
methods, or CFD simulations supplemented by empirical models to investigate various RDFs‘ flight
and combustion behaviors. Therefore, they might suffer from a lack of generalizability under some
circumstances, especially when researching flight properties. Imprecisely localization and tracking of
particles could abate the accuracy of the results.

Recently, the investigation of various fuels by means of advanced imaging systems and approaches has
attracted the attention of researchers. Different from previous studies, where physical or mathematical
models are necessary for analyzing the fuel’s properties to some extent, the image processing techniques
can provide information without particular assumptions, which facilitates the accuracy and benefits a
wide range of applications. Pedersen et al. [90] utilized an extraordinary camera setup for the sake of
monitoring the combustion processes of various kinds and percentages of alternative fuels inside a
rotary kiln. Nakhaei et al. [79] conducted studies on the physical and aerodynamic characteristics of
RDF samples, where the particles were classified in a wind sieve and physically characterized by weight
measurement and 2D photographing subsequently. The study put emphasis on CFD model relevant
parameters, such as the size, shape, and mass of the RDF particles. Streier et al. [110] investigated the
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aerodynamic properties of RDF in a drop shaft system using computer vision methods, including a
method determining 3D particle models as well as an approach to obtain temporal particles’ positions
and velocities. An in-depth review of versatile image processing techniques applied in fuel science is
given in [108]. In these studies, image processing was used as an auxiliary research method to provide
uncomplicated fuel information, such as a single 2D trajectory. These researches are insufficient
to simultaneously track the spatial motions of multiple particles independently without using any
supplementary information, such as empirical models, computational models, etc. The literature survey
reveals a research blank space of a straightforward application of image processing techniques to
monitor industrial tanglesome fuel motions and combustions.

1.3. Problem formulation

As delineated before, the primary task of the work is developing a measurement system for investigating
the spatial flight and combustion properties of particular fuel particles using the basic idea of tracking-
by-detection based on captured images from a plenoptic camera system in relatively hot measurement
conditions (round 1200 °C). Nevertheless, current solutions to object detection and tracking fail to
address the special issues listed below:

1. Flames, temperature fluctuations, and flickering from hot air strands of real combustion processes
in the rotary kiln and combustion chamber challenge the performances of current background
subtraction approaches, which is essential for a reliable 2D particle detection. Therefore, the
accuracy and adequacy of the state-of-the-art background models under the mentioned conditions
remain questionable.

2. Object detection algorithms based on gray value images fail to identify several fuel particles
accurately because of errors from background subtraction .

3. 3D detection approaches fail to detect particles close to the inside wall of the rotary kiln since
these particles are considered part of the wall.

4. Although the plenoptic camera can implement 3D measures with a single camera, the limitation
of the camera is also apparent. The depth information captured and calculated by the camera
fluctuates considerably, as schematically illustrated in Figure 1.3. Since the object tracking
algorithms depend highly on the coordinates of the particles, a noticeable fluctuation of the
particles’ coordinates impacts the tracking performance considerably negatively.

5. The applied high-speed plenoptic camera records the scenes with a framerate of 330 fps, resulting
in video sequences with several thousand frames. Plenty of particles are conveyed inside the
scenes, and therefore, the requirements for object tracking algorithms are raised. The algorithms
must deal with a large database with sufficient accuracy and efficiency.

6. The fuel particles rotate irregularly during their flights, which sometimes causes the invisibility
of a few particles. Therefore, the tracking algorithm must overcome this difficulty.

7. Another challenging area in the work is determining realistic flight paths and velocities of the
fuel particles from the achieved disturbed spatial trajectories.

8. Because of the limited amount of researches into the analysis of particles’ combustion properties
based exclusively on image processing approaches, the measures describing the properties and
the approaches to computing the measures need defining and determining.
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Figure 1.3.: An example of depth-frame of a particle trajectory that is acquired by detecting and tracking refuse-derived fuel
particles inside a rotary kiln based on images captured by a plenoptic camera. The rotary kiln has a length of 8.4 m. Abscissa
represents frame and the corresponding temporal depths of the trajectory are plotted on the ordinate.

1.4. Objective and outline

The research aims to develop a novel plenoptic camera based measurement system, which allows the
investigation of several fuel particles’ flight and combustion properties. In order to achieve the goal,
the unresolved problems presented in the last section must be overcome. Hence, object detection and
tracking algorithms ought to be adapted to the given work. Moreover, novel algorithms concerning
object detection and tracking are also developed for the sake of sufficient performance accuracy.
Figure 1.4 outlines the primary contribution of the dissertation.

This dissertation is organized as follows:

In Chapter 2, the experiment setup, including the test facility BRENDA and the applied plenoptic
camera system, is schematically described. Besides, foundational work focused on image processing,
especially particle detection and multiple particle tracking, is also discussed.

The third chapter describes a novel methodology concerning particle detection, which combines a 2D
gray value based detection approach and a 3D clustering algorithm to enhance the detection accuracy.
Furthermore, a modification of background subtraction methods is also presented. The approach to
spatially classifying the detected particles is proposed in this chapter as well.

Chapter 4 focuses on an extended 2.5D particle tracking algorithm and a novel post-processing approach
for multiple particle tracking. With the proposed post-processing, false tracklets can be deleted and,
meanwhile, incomplete tracklets can be connected into desired trajectories. Subsequently, the acquired
trajectories are converted into 3D particle traces, which entail a regression procedure to compensate
for the fluctuation of the spatial coordinates from the plenoptic camera.

In Chapter 5, the new developed measurement system is evaluated. The results of particle detection from
various approaches are presented and compared. Consequently, the detected particles are temporally
associated into tracklets that are connected into trajectories afterward. The obtained trajectories are
then quantitatively compared with manually tracked ground truth for the purpose of a subjective
statement of the tracking performance. Furthermore, the 3D particle trajectories after 3D regression
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Figure 1.4.: Schematic of the primary contribution of the dissertation.

are also provided in the fifth chapter. Besides, the flight and combustion properties of the fuel particles
based on the acquired trajectories are also analyzed.

The last chapter concludes the work and gives recommendations concerning future researches.



2. Experimental setup and theoretical foundations

This chapter focuses on the experimental setup and the theoretical foundations of the presented work.
The first part describes the test facility BRENDA and discusses several 3D camera models briefly. In
Chapter 2.2, the foundational approaches of particle detection and tracking are outlined and reviewed.
Furthermore, several particle detection and tracking methods applied in the work are detailed as well.

2.1. Experimental setup

The test facility named BRENDA, located at the KIT campus north, is elaborated on in the section. The
experiments conducted in a rotary kiln and a combustion chamber of the test facility are described in
Chapter 2.1.1. The utilized RDF fractions are also presented in Chapter 2.1.2. Chapter 2.1.3 introduces
and compares several widespreadly applied 3D cameras. In Chapter 2.1.4, the applied plenoptic camera
that enables a spatial measurement with only a single sensor is illustrated. Moreover, the plenoptic
function is also briefly explained based on which the plenoptic camera is produced.

2.1.1. BRENDA test facility

The test facility named BRENDA, which stands for (BRENnkammer mit DAmpfkessel, Engl. Combustion
chamber with steam boiler) locates at the Institute for Technical Chemistry at KIT. As schematically
illustrated in Figure 2.1, BRENDA is equipped with a boiler for heat recovery and a flue gas cleaning
system [6]. The test facility enables a scalable investigation of the combustion process, for instance,
the thermal properties of the fuels. Two main components of BRENDA are the rotary kiln and the
combustion chamber, which are able to provide a thermal power of 1.5 MW and 1 MW, respectively.
The experiments to analyze the particles’ properties are carried out in these two components.

Rotary kiln

The rotary kiln has a length of 8.4 m and an inside diameter of 1.4 m. The refuse-derived fuel particles
are blown into the rotary kiln via a lance at the inlet of the kiln, as illustrated in Figure 2.2. The rotary
kiln rotates around its major axis with an angular velocity of 0.2 rpm. The rotary kiln rotates with
the minimum speed to avoid sticking particles to the rotary kiln. Various RDF fractions are manually
conveyed into the rotary kiln through the lance under the air feed pressure varying from 0.5 bar (outlet
velocity ~ 4m/s, volume flow 70.5m>/h) to 5 bar (outlet velocity ~ 16 m/s, volume flow 76.6 m*/h).
The conducted experiment primarily experiments with the air feed pressure of 4.5 bar and 5 bar since
the particles gets stuck inside the lance with a pressure less than 4 bar. Simultaneously, a plenoptic
camera is mounted outside the kiln to observe the particle movements through a quartz glass window
at the outlet of the kiln, as depicted in Figure 2.3. Meanwhile, an infrared camera (IR, measuring at a
wavelength of 10.6 pm) is also applied to measure the temperature distribution inside the kiln. Since
the camera is mounted inside the kiln, which can reach a temperature of maximal 1200 °C, the camera
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Figure 2.1.: Schematic of the BRENDA test facility [6]. Part of the test facility, where the experiments are conducted, is
marked with a red dashed rectangle.

Figure 2.2.: Sketch map of fuel particle moving in the rotary kiln.

requires a cooling system to ensure a rational ambient temperature range. Thus, the camera is installed
in a water-cooled cooling probe.

As mentioned, the infrared camera at the end of the rotary kiln enables the determination of the
temperature profile at the inner wall of the rotary kiln. Trapezoidal image regions are defined from the
camera perspective, which can be transformed into an equalized rectangle by a geometric transformation,
as shown in Figure 2.4. This allows the extraction of inner wall temperatures along the rotary kiln axis
by determining the mean temperature in each image line of the rectangle. Therefore, the temperature
profile along the inner wall of the rotary kiln can be ascertained. An example of the temperature profile
inside the rotary Kkiln is also illustrated in Figure 2.4. The acquired temperature information of the
rotary kiln’s inner wall is only essential for the later alignment with the CFD simulation. Thus, the
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Figure 2.3.: Images of the experiments conducted in the rotary kiln. The plenoptic camera mounted outside the kiln marked
with a green dashed rectangle is triggered by the computer in the left. An infrared camera cooled by a cooling probe is
marked with a red dashed rectangle. The camera is controlled by the laptop on the right side.
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Figure 2.4.: Defined trapezoidal image area and an example of temperature profile at the inner wall of the rotary kiln.
Left: Defined trapezoidal image area. Right: Example of temperature profile inside the rotary kiln.

delivered IR images are not considered further to analyze the RDF particles’ properties within this
work.

Combustion chamber

The post-combustion chamber is 9m high with an inner radius of 1.75m. The fuel particles are
manually blown into the chamber via a position-adjustable lance above, which has a diameter of 40 mm,
as illustrated in Figure 2.5. Unlike the experiments in the rotary kiln, the plenoptic camera is installed
directly at the top of the inside chamber, which can be heated above 900 °C. Hence, the camera is
mounted in a water-cooled cooling probe, whose real-time temperature is measured by thermocouples,
as illustrated in Figure 2.6. The height position of the lance is adjusted until it is visible by the camera.
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Thermocouple

Figure 2.6.: Images of the experiments conducted in the combustion chamber. The plenoptic camera cooled by a cooling
probe installed at the top of the combustion chamber is marked with a yellow dashed rectangle. The real-time temperature
inside the cooling probe is measured and displayed by the thermocouple on the left side. A height-adjustable lance is marked
with a red dashed rectangle.

2.1.2. Refuse-derived fuel

Refuse-derived fuel (RDF), produced from various types of waste, has a wide application in combustion
processes, such as combustion in cement industry kilns for heat production. In addition to the cost
efficiency, a significant advantage of utilizing RDF is the benefit for the CO; balance in the combustion
process owing to the biogenic proportion of RDF. The most widely applied RDFs are processed, solid,
pneumatically conveyable fuels and often denominated as Fluff. Fluff is a mixture of various fractions,
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Figure 2.7.: Refuse-derived fuel. (a) Composition of the RDF. (b) Various fractions of applied RDFs [130], (a) wood chips, (b)
confetti, (c) paper shreds, (d) PE granules.

such as paper, wood, plastic film, and PE granules, as depicted in Figure 2.7. The particle sizes can be
estimated according to the 1 cm scale in the bottom right of Figure 2.7.

2.1.3. Selection of camera system

To achieve the 3D localization and tracking of fuel particles, a camera system that is able to capture
scenes spatially is of significant importance. Instances of typical 3D cameras are the stereo camera
system, the time-of-flight camera, the structured light camera, and the plenoptic camera that are briefly
illustrated in the following.

One general way to realize the spatial measurement is the stereo camera system consisting of more
than one lens with a separate sensor for each lens. By utilizing stereo matching algorithms, pixels
corresponding to the same 3D point from multiscopic views can be found [87]. This allows the stereo
camera system to capture 3D images. This kind of camera system is widely applied for the acquisition
of stereoviews and 3D information. For instance, Wu et al. [124] used a stereo camera system to detect
and localize objects, and Raffel et al. [95] applied a stereo camera system for Particle Image Velocimetry
to investigate fluid fields three-dimensionally. Notwithstanding, a stereo camera system entails a quite
simultaneous trigger and a sophisticated calibration for both lenses. Moreover, for a stereo camera
system with more than one camera, the test facility must contain more apertures and appropriate spaces
for the cameras, which restricts the application of the stereo camera system. In addition, the calibration
of the camera inside a combustion chamber could also be prolematic, as in the present work.

Alternatively, time-of-flight (ToF) cameras, which employ time-of-flight techniques to acquire distance
information of objects, have also found wide applications in various fields, for instance, robotics and
navigations. Light pulses illuminate the scenes for a short time, which are reflected by objects and
gathered by the time-of-flight camera afterward. By multiplying the time delay of the reflected light
pulses and the light speed together, the objects’ depth information can be obtained. In general, a
time-of-flight system consists of an optical transmitter and an optical receiver [98]. This camera system
is cost-efficient and able to provide a high real-time capability. Therefore, the ToF camera is often
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Table 2.1.: Comparison of different 3D imaging technologies according to [59] and [2].

Type Stereo camera ToF camera Structured light Plenoptic camera
system camera
Utilized property Distance between cameras Speed of light Pattern of light  Positioning of microlenses
Effective range Long Medium Short Long
Compute load High Low Medium High
Cost Low Medium Low High
Resolution High Low Medium High
Depth accuracy cm cm mm mm
Applicability Relatively inapplicable Inapplicable due to Inapplicable due to Applicable

in the present work bacause of the experimental setup small particle size small particle size

utilized in autonomous processes. For instance, Niskanen et al. [82] used an advanced ToF sensor to
monitor urban transportation and traffic movements based on a novel approach, which plays a vital
role in autonomous driving. Moreover, Ringbeck [99] applied ToF systems based on the Photonic Mixer
Devices (PMC) principle to implement fast 3D measurements. However, the drawbacks or disadvantages
of the ToF cameras are noticeable. Compared to other 3D systems, the present ToF technology offers a
lower resolution, which leads to the missing capture of smaller particles. Moreover, the performance
of the camera is relatively sensitive to external intrusions, such as strong ambient light or scattered

light.

A structured light camera is also a viable alternative to conduct 3D measurements. This kind of camera
pairs the camera sensor with an IR projector, which emits a particular pattern (typically lines or speckled
dots) on the scene and determines the depth by analyzing the distortions of the pattern. Compared
to other 3D cameras, a depth camera based on structured light attracts a spate of commercial interest
owing to its cost-efficiency, e.g., Microsoft Kinect. The availability of the camera also results in plenty
of research around its application. Jafari et al.’s [42] study presents a real-time Kinect RGB-D based
multi-person detection and tracking system appropriate for mobile robots. Liu et al. [64] designed a
human detection and tracking system based on color data with depth information captured by a Kinect
RGB-D camera. Structured light cameras are able to provide accurate depth information with relatively
high resolution. Nevertheless, the majority of available structured light cameras fail to provide complete
depth information for objects with thin surfaces, such as small particles [134]. Moreover, structured
light cameras operate with a limited range of depth, and the depth error increases significantly with a
distance greater than 3.5 m [128]. Besides, a structured light camera might fail to capture small particles
when applied in a combustion chamber with additional light sources such as burning particles and
flames.

Another option to realize 3D measurements is the plenoptic camera. Based on the plenoptic function
introduced in 1997 [4], Ng [80] developed the first version of the plenoptic camera. With a microlens
array in front of the sensor, the plenoptic camera is able to capture the light field of the scenes, in
accordance with which the 3D information can be restored. In comparison to stereo camera systems,
the plenoptic cameras involve only a single main lens and image sensor, which benefits its universal
usability. Meanwhile, the plenoptic cameras precede the time-of-flight cameras in terms of resolution
and robustness. In addition, Sandemann [100] proved the accuracy and adequacy of the focused
plenoptic camera for long-distance measurements. Nevertheless, several problems of the plenoptic
cameras remain to be solved, such as incomplete corresponding data processing techniques and required
custom imaging hardware [35]. Considering comprehensive factors, e.g., the construction of the test
facility and the characteristics listed in Table 5.1, the plenoptic camera system is selected to capture the
fuel particles.
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2.1.4. Plenoptic camera system

The concept of a plenoptic camera, also called a light-field camera, was developed a century ago.
Nevertheless, the type of camera has been introduced in several decades due to the ability limitation of
the graphic processor units. In the work, a focused plenoptic camera with a microlens array consisting
of microlens with different focal lengths is used, as elaborated in the following.

Plenoptic function

The plenoptic function, which was firstly introduced by E.H. Adelson and ]J. R. Bergen in 1997 [4],
parameterize the intensity distribution P with seven parameters and takes the following form

P = P(6,4, A1V, Vy Vo). (2.1)

where P is the intensity distribution, 6, ¢ stand for the angles that light rays passing through the center
of the lens, A is the wavelength of the light, ¢ describes the time dimension, and (Vy, Vy, V) indicates
the viewing position, as schematically illustrated in Figure 2.8. Alternatively, the angles in equation
one can be replaced by x and y, which indicate a parameterization of the light rays in terms of spatial
coordinates (x, y). Thus, the plenoptic function becomes

P = P(x,y At Ve, Vy, V). (2.2)

=~
=~

(a) (b)

Figure 2.8.: Schematically depicted plenoptic function. (a) Function parametrized by angles. (b) Function parametrized by
Cartesian values. [4]

In practice, the 7D plenoptic function can be simplified to 5D by neglecting the time dimension t and
the wavelength A since the image capture time is often of slight importance and the wavelength of
a light beam changes scarcely. Marc Levoy and Pat Hanrahan parametrized a light beam with four
dimensions in [58]. They described a particular light beam utilizing the intersection points of the beam
via two arbitrarily positioned planes, as illustrated in Figure 2.9. The (s, t) plane is defined as the Focal
Plane, and the (u,v) plane is called the Camera Plane.

Plenoptic camera

In accordance with the plenoptic function, plenoptic cameras, also called light-field cameras, are
developed. Compared to conventional cameras, the plenoptic camera has a microlens array in front of
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L(u,v,s,t)

u

Figure 2.9.: Parametrization of 4D light-field. [58]

the camera sensor. As illustrated in Figure 2.10, a plenoptic camera consists of a main lens, a sensor, and
a microlens array that is placed at a distance of f in front of the sensor. This distance f corresponds to
the focal length of the microlenses, and d denotes the aperture of the microlenses.

Mainlens 1 _(q.p)

r(q,p)

Sensor

0_1d
0
y

. Microlenses

— | .

(@) (b)

Figure 2.10.: Plenoptic camera model. (a) Traditional plenoptic camera. The main lens is focused at the microlens plane. (b)
Single microlens model [68].

In order to explain the way the plenoptic camera functions, an arbitrary microlens is selected and
denoted r(gq, p) as the radiance at the microlens plane, where (g, p) is a ray factor. Hereby, g stands for
the displacement away from the optical axis, and p is the slope [30]. Besides, r (g, p) stands for the
radiance at the sensor behind the microlens. According to [68] , the image captured by the sensor is
denoted as

Ir(q) = /p re(q,p)dp = /p r(q—fp,jl;q)dp- (23)

With the plenoptic camera configuration, the radiance r(q, p) can be recovered from the sensor image
I (q).

Generally, the plenoptic cameras are based mainly on two concepts: unfocused plenoptic camera
introduced by Ng [80] and focused plenoptic camera described in [67], which is also known as plenoptic
camera 2.0. These two camera models are schematically depicted in Figure 2.11. In the unfocused
plenoptic camera, the main lens is focused at the microlens plane and the microlenses focus at optical
infinity (equivalently, the main lens) [68], while in the focused plenoptic camera, the microlenses
are focused on the image created by the main lens. Thus, [67] suggests placing the microlenses at
a distance of 4/3f in front of the sensor instead of precisely f. The additional space is created by
adding micro sheet glass. In comparison to the unfocused plenoptic camera, the focused plenoptic
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Figure 2.11.: Plenoptic camera model. Left: Traditional plenoptic camera model. Right: Focused plenoptic camera model
(Plemoptic camera 2.0). [67]

camera provides a high resolution of the synthesized image, which benefits the estimation of the depth
information [67] [127].

In our work, a focused plenoptic camera R12 produced by Raytrix based on the concepts demonstrated
in [92] is utilized. The used plenoptic camera has a framerate of 330 frames per second and a lateral
resolution of 1536 pixel X 2048 pixel. The microlens array of the camera consists of a microlens of three
distinct focal lengths, which is defined as a multi-focus plenoptic camera and enables both a great depth
of field and a high maximal lateral resolution [92]. The plenoptic camera is calibrated according to the
algorithm presented in [38]. Since the accuracy of the obtained depth information from the camera
is enhanced significantly with a great lateral resolution of the sensor, a big focal length of the main
lens, and a short distance between sensor and object [100], a main lens with a focal length of 85 mm is
selected for the measurements in the rotary kiln. Utilizing the identical lens for the experiments in
the combustion chamber is not possible due to the camera’s field of vision. Hence, an objective with a
35 mm focal length is chosen for the measurements in the chamber.

In addition, the camera software is able to generate 3D point clouds, whereby each point corresponds
to a pixel in the original 2D gray value image, as illustrated in Figure 2.12. However, not all pixels can
be captured spatially, as shown in Figure 2.8(b). The black color indicates no 3D coordinates available.
Thus, the point cloud contains significantly less points than the resolution (1536 pixel X 2048 pixel).

2.1.5. Fluctuation and calibration of the depth coordinate

In order to acquire prior knowledge concerning the accuracy of the plenoptic camera in the depth
direction before the experiment, a simple experiment using a test plate was performed. During the
experiment, the plenoptic camera was fixed on a tripod and captured the pattern on the plate, as shown
in Figure 2.13. The test plate was regularly arranged with solid black dots of 14 mm diameter, and the
distance between adjacent dot centers is 28 mm. Initially, the test plate was placed 1 m away from the
camera, then moved backward by one meter gradually until 11 m distance to the camera.

Figure 2.14 presents the 3D point clouds of the test plate obtained at different distances. Apparently, the
depth values of each distance fluctuate with different intensities. In particular, the fluctuation at 4 m
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Figure 2.12.: An example of 3D point cloud of the rotary kiln and fuel particles captured by the plenoptic camera. The red
circle on the right marks the point cloud of a single particle.
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Figure 2.13.: Experiment setup to test the accuracy of the plenoptic camera in the depth direction. The left illustrates the test
schematic; the center presents the test plate; the enlarged view of the pattern on the test plate is shown on the right side.

from the camera is only a few tens of centimeters, while the fluctuation at 3 m exceeds 1 m. Moreover,
the average depth values obtained for each distance also deviate more or less from the actual values
overall, as detailed by the boxplot in Figure 2.15.

As in the previous boxplots, the red line in the middle of each box indicates the median, and the outliers
are plotted individually using the ’+’ symbol. As shown in Figure 2.15, the amount of outliers at 3m is
the most, and several outliers are significantly off the actual value. In addition, lots of outliers occur
at 5m and 6 m, whose degree of deviation is, however, lower than at 3 m. Besides, the depth values
at 3m are distributed dispersedly since the distance between the top and bottom lines of the box is
the largest. Except for 3 m, the overall depth distribution becomes scattered as the distance increases.
As for the matching degree between the obtained depth and the actual value, the median depth from
3m to 5m is very close to the actual value, with a difference of only a few centimeters. From 6 m to
8 m, the measured values deviate from the actual value by 0.3 m in general, but the absolute distance
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Figure 2.14.: Acquired 3D point clouds of the test plate at each distance in the depth direction. Each time the test plate was
spaced 1m apart in the depth direction.

between the measured values remains roughly 1m. Furthermore, from 9m onward, the deviation value
shrinks.
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Figure 2.15.: Boxplot of the depth coordinates of the test plate at each distance.

Under this condition, the measured depth information is fitted by functions to approximate the actual
values, facilitating subsequent tracking and analysis of the behaviors. Given that the segmented
character of the measured values is pronounced, the estimation is also carried out in segments. The
segmentation and the corresponding functions are referred to the following equations,

—0.0020552% + 10.65z — 10230 if z < 3000mm
f(z) = {—0.000041582% + 1.367z — 857.5 if z € [3000,5000]mm , (2.4)
0.00004504z2 + 0.3219z + 2189 if z > 5000mm
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where z is the captured depth coordinate by the camera. The measured depths are transformed by
the polynomials, and the result of the transformation, together with its comparison with the pre-
transformation, are presented in Figure 2.16. The blue line with circles represents the measured values,
and the green line is the transformed depth. The red dashed line stands for the expectations, i.e., the
measured values equal the actual values. As indicated by Figure 2.16, the transformed depth exhibit high
agreement with the expected values. This transformation is also regarded as a preliminary calibration
of the measured depth coordinates and is applied to the experiments conducted in the study.
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Figure 2.16.: Depth information graphic. The blue line is the average measured value, the red dashed line is the expected
value, and the green line is the depth value after calibrating the measured value by the functions.

2.2. Particle detection

Object detection is increasingly becoming a vital task in computer vision and image processing. Many
researchers contribute to developing algorithms concerning object detection from macro to micro
based on 2D gray value images. Shantaiya et al. [104] reviewed and discusses various 2D detection
approaches for recognizing relatively big single or multiple objects, such as pedestrians and vehicles,
including, e.g., feature based approaches, template based methods, classifier based, and motion based
algorithms. Kulchandani et al. [52]provided a brief classification of approaches to identifying moving
objects, including background subtraction, frame differencing, temporal differencing, and optical
flow. Furthermore, the authors also reviewed the recent research trends to detect moving objects
and compared them regarding positive aspects and limitations. Zou [138] compared and discussed
various object detection approaches based on traditional machine learning techniques and deep learning
methods, such as Harris corner features extraction and general Hough transform. Meanwhile, object
detection utilizing deep learning methods is also summarized and introduced. Moreover, Zou et al. [139]
extensively and comprehensively reviewed beyond 400 papers on object detection of a particular class
(such as humans, animals, or vehicles) over the last two decades. The review covers a variety of
topics, for instance, milestone detectors in history, detection datasets, speed-up techniques, and current
state-of-the-art techniques.
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Compared to detecting apparent objects, detecting multiple small objects, such as particles and cells,
is more complex and challenging due to sophisticated gray value distributions. Therefore, existing
approaches for multiple object detection might not definitely be appropriate for detecting small particles.
Additionally, detecting small objects without specific properties usually entails a preprocessing of
background estimation and subtraction (Chapter 2.2.1) so that the detection can be performed on the
foreground image to facilitate accuracy. This work focuses on identifying multiple small fuel particles
without specific texture, shape, or color features as a consequence of their small sizes. Detecting these
particles entails sufficient illumination before combustion; meanwhile, overexposure should be avoided
during combustion. For simple applications, threshold selection approaches, such as the OTSU selection
method (Chapter 2.2.2) , which was proposed in 1979 and performs automatic image thresholding by
selecting a single gray value threshold [89], could achieve satisfactory accuracy and efficiency. Matthes
et al. [73] detected burning fuel particles inside a combustion chamber by applying a simple threshold to
estimated foreground models. Further practical usage is exampled in [126], where the authors propose
a detection and tracking method of firing particles from an image sequence based on gray level change.
To deal with complex detection cases, the feature extraction method Scale Invariant Feature Transform
(SIFT) [65] (Chapter 2.2.3) that extracts highly distinctive image features and matches them to features
from particular objects in order to detect the objects is able to provide precise outcomes, as exampled
in [114]. Unlike several feature based approaches that are sensitive to the image geometric features and
can be affected by image translation, scaling, and rotation [138], SIFT is invariant to image translation,
scaling, and rotation [65]. Different from feature generation, Kass et al. proposed active contour models
using energy minimization aiming at detecting edges, lines, and subjective contours in images [46].
Principally, the detection of microscopic objects, for instance, microscopic particles and cells, shares the
analogous solutions as detecting fuel particles. Therefore, several presented methods in the literature
could be applied to detect RDF particles as well. A comprehensive review of nuclei detection approaches
is illustrated in [41], including diverse thresholding approaches, the above-mentioned active contour
model, and several clustering methods, which is elaborated later in the section. Another detailed
introduction of various methods for particle detection and classification in electron microscopy is given
in [81], such as cross correlation based approaches [76], texture-based methods [55], and artificial neural
networks [74]. With the development of modern computer techniques, the appliance of deep learning
methods, especially convolutional neural networks (CNN), is commonly discussed and investigated
in image processing. Girshick et al. [32] proposed an approach named Regions with CNN features
(R-CNN) that combines region proposals with CNN for object detection. The R-CNN approach achieves
significant performance enhancement proved by the inventors. Later, the approach is modified and
optimized to Fast R-CNN [31] and Faster R-CNN [97] to improve computational efficiency. Further,
Tong et al. [112] detailedly reviewed small object detection approaches based on deep learning methods
with respect to five aspects, including multi-scale feature learning, data augmentation, training strategy,
context-based detection, and GAN-based detection. The artificial neural network might provide precise
performance compared to several conventional methods, such as the thresholding and cross-correlation
approach that depends intensely on local gray value distribution and could vary significantly in actual
industrial combustion processes. Nevertheless, it entails relatively high computational costs and
learning datasets.

Unlike the above-mentioned gray value based detection algorithms, several researchers conducted
investigations into object detection by clustering. In case input images are in the form of point clouds,
the clustering algorithms are capable of classifying the points into corresponding objects based on
the distribution of the points. One well-known clustering method is k-means clustering presented
in [36]. The basic idea of the k-means clustering is to divide points into clusters by minimizing the
within-cluster sum of squares. K-means clustering relies not only on pixel values but also on clusters’
initialization, limiting its utilization. Hence, the approach is later generalized in [13]. This generalized
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algorithm is defined as mean shift, which shifts points to the average of points in its neighborhood. To
efficiently apply the clustering concept to a large spatial database, Ester et al. [26] developed a novel
clustering algorithm DBSCAN (Chapter 2.2.4), which is the abbreviation for Density-Based Algorithm for
Discovering Clusters in Databases with Noise. According to the distribution and position of the points,
DBSCAN classifies them into core points, border points, and noise. Objects are identified by connecting
core points and border points with respect to two pre-determined parameters. So far, DBSCAN has been
slightly modified several times. For instance, the Ordering Points To Identify the Clustering Structure
(OPTICS) is one of the DBSCAN variants that focus on finding hierarchical clustering results [7].
Practical applications of the clustering approaches to object detection are illustrated in [64], where a
new idea using mean shift clustering candidate segmentation for people detection based on the point
clouds gathered by an RGB-D camera is introduced. Besides, Chiang et al. [15] proposed a fast clustering
method on the basis of the DBSCAN algorithm to realize traffic detection for self-driving technology.
Differing from the density based clustering approaches, such as DBSCAN, clustering methods based
on the adjacency of data points, for instance, clustering based on morphological operations [120],
have been researched recently. According to the study, the method employs morphological dilation
to connect adjacent points to form connected domains and is able to achieve enhanced accuracy in
several usage cases. Another clustering idea is center-based clustering, for instance, the Quasi-Cluster
Centers (QCC) algorithm [39] that builds clusters by defining quasi-cluster centers with a database and
extending them by the corresponding sparse neighbors.

In addition to single information based (gray value point cloud) detection approaches, researchers
attempted to fuse various 2D- and 3D information to realize more possibilities in image processing
recently. For instance, Halima et al. [34] presents an approach to detecting and tracking human heads
by fusing depth and 2D thermal information. Besides, an object detection approach based on a particle
filter with integrated information, such as color, texture, and depth information, is introduced for the
detection of everyday items [8]. Furthermore, Justen [44] conducted 3D-image processing, e.g., 3D
object reconstruction and classification, utilizing gray value images and individual depth information,
which is considered a novel 2D/3D camera concept. Another application of information fusion for object
detection is demonstrated in [86], where real-time object detection is realized by fusion of standard
RGB data with depth information that can increase the performance of current detection networks.

Various detection approaches show sufficient adequacy for diverse applications, such as detections of
single or multiple objects, macroscopic objects or microscopic particles, and objects with specific features
or generally similar objects. For simple applications, such as single macroscopic object detection with
specific features, the majority of the approaches is able to achieve reasonable accuracy and performance.
Nevertheless, adaptions are usually entailed when detecting objects in complex situations, such as in
our project, where plenty of small particles without particular features should be detected inside a
rotary kiln with considerable illumination changes. Moreover, the particles could be ignited during
their flights, enhancing further the difficulty of the detection procedure.

2.2.1. Background subtraction

Background subtraction aims to model background images subtracted by each corresponding cur-
rent frame to detect foreground objects. The background image can be modeled both statically and
dynamically. Generally, static background models are simple, while dynamic models illustrate high
accuracy. One typical example of the static models is the static mean background, which computes
the pixel-wise arithmetic average of the gray values from a set of selected images. Dynamic models
contain a wide range of approaches, for instance, the running Gaussian average [122] and the mixture
of Gaussians [107]. Piccardi [93] reviewed seven common background subtraction approaches and
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highlights their merits and demerits. Later, Sobral et al. [105] conducted a more comprehensive review
of background subtraction algorithms and evaluates them with synthetic and real videos.

Static frame difference

A straightforward way to create a static background model without moving objects is to select a set
of captured images and compute their temporal mean or median value pixel-by-pixel. The thereby
computed image remains unchanged in a certain time intervall and is thus considered as a static
background model, which will then be subtracted by each current frame for the purpose of foreground
detection. The basic idea of the method is that the background dose not change or changes more
slowly than the foreground, as in the present work, where the radial intensity of the rotary kiln walls
varies significantly slightly compared to the rapid movements of the fuel particles. The selected time
interval for computing the static background model ought to be sufficiently short so that the slight
changes in the background can be captured. Meanwhile, the chosen interval should be so long that the
fast dynamics of the foreground do not appear in the background model. This method requires a low
computational cost. Nevertheless, the accuracy of the foreground detection might decrease significantly
with an enormously changed illumination.

Moving frame difference

Instead of a computed static background model, the previous frames can also be regarded as firsthand
background models, defined as the frame difference. The frame difference is able to rectify the problem
of applying static frame difference, whereby a high framerate could minimize the impact of illumination
changes. As illustrated in [103], the 2-frame diffence at time ¢ is defined as

D, = |I -1, (2.5)

where I; denotes the captured 2D gray value image at time ¢, and i stands for the selected frame interval.
The frame difference could highlight the pixel locations, whose intensity change in the two frames.
In practice, the frame difference might be modified defining a threshold to eliminate slight changes
depending on the application. In the present work, where unburning particles with slight brightness
persist, using a threshold value will adversely affect the detection performance.

In addition to 2-frame difference, a 3-frame difference model is also proposed in the work as follows,
1
D; = 2 (1T = Li—i| + |I; — Iy - (2.6)
The 3-frame difference model takes both the previous frame and the following frame into consideration

to achieve a precise localization of local intensity changes.

Generally, the frame interval i takes the value of 1. Whereas, it can also raise to 2 or 3 to possibly
identify slow-moving objects. The frame difference D, is simply the foreground image at time ¢. This
approach is relatively efficient for the acquisition of the foreground image. However, the approach fails
to segment non-moving and slow-moving objects accurately.
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Adaptive background learning

To adapt the background model temporally, some authors recommend initializing and maintaining
the background utilizing the arithmetic mean pixel-by-pixel [105]. The initial background model By is
defined as

1
1
By = TZL, (2.7)
t=1

where [ stands for the amount of the frames and I, represents the current frame. It should be noted that
the start time of the initial background model does not necessarily have to start from the first frame, as
defined in the equation. Actually, the time period can be selected arbitrarily according to the use cases.
Subsequently, the background model will then be adapted by the recursive equation

BI = (1 - a)Bl’—l + O(It. (28)

Here B; is the background model at time ¢, and « is the learning rate. Thus, this approach is defined as
adaptive background learning, which performs background maintenance to adapt changes in the scene.
Ultimately, the active background model corresponds to a discrete first order temporal low-pass filter
(PT1) of the gray values in each pixel, where the time constant can be adjusted by the parameter a.

Running Gaussian average

Wren et al. [122] proposed an approach to model background on the basis of fitting a Gaussian probability
function on the gray values. To avoid fitting the function at each new frame, the authors suggest
computing a running average instead as follows,

e = aly+(1—a)p. (2.9)

Here, I, is the current frame, p, is the previous average image, and « represents an empirical factor. If
the gray value of a pixel in the current frame ¢ satisfies the following condition

I — pel > ko, (2.10)

the pixel will be classified as foreground. Otherwise, the pixel is considered as background. The standard
deviation o; can be computed similarly as y; [93]. Compared to adaptive background learning, the
running Gaussian average algorithm has the additional step of dynamic foreground selection introduced
in the above equation. Therefore, the foreground image comprises a set of pixels that fulfill equation
2.10 instead of the difference between the current frame and the background model.

2.2.2. 2D-OTSU threshold selection method

OTSU [89] derived a nonparametric method to select a threshold automatically from a gray-level
histogram for extracting foreground objects. In the method, only the gray-level histogram is relevant
as input. Gray values of a given image are represented in several gray levels from low to high. The
number of pixels at each level is counted and normalized by the total number of pixels afterwards. Then
the pixels are dichotomized into background and foreground objects by a threshold at a certain level.
To elaborate the method, the following assumptions are made: The pixels from an image are divided
into L gray levels and P; denotes the normalized number of pixels at the level i. Then a threshold
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level k is selected and thus, the corresponding normalized number of pixels of the background and the
foreground are

wyg = Pl' (211)

M-

1l
—

w1 =

-

P;. (2.12)

1
b

+1

wy is regarded as the zeroth-order cumulative moment of the histogram up to the kth level. If P; is
weighted by its gray level i and the weighted P; are totaled up from i = 1 to i = k, the first-order
cumulative moment of the histogram is obtained as

k

p(k) = > iP. (2.13)

i=1

Then variances of the foreground and the background are given by
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Following criterion measures are introduced and thereby evaluate the selected threshold k as
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Hence, the problem is converted to the calculation of an appropriate threshold that maximizes one of
the criterion measures. 7 is the simplest among the three measures in terms of k, since 7 is based on
first-order statistics. Therefore, an optimal threshold k* is achieved by maximizing 1 as

[p(L)wo — p(k)]?

1) S D) Po(1 — o0) (219)

and the optimal threshold k* equals

n(k*) = max n(k),1 <k<L. (2.20)

2.2.3. 2D-Scale invariant feature transform (SIFT)
Scale invariant feature transform (SIFT) is an approach for image feature generation and was introduced

by Lowe in 1999 [65]. Features, which are extracted by SIFT, are invariant to image translation, scaling,
and rotation, and are as stable as possible against illumination and local affine distortions [65] [66]. The
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features are highly distinctive and thus, can be correctly matched to a large database of features from
certain objects, which offers the opportunity to detect objects. Exploiting the fact that the difference-of-
Gaussian filter used in the SIFT algorithm is quite similar to the gray scale of a particle in the image, the
method has the ability to detect fuel particles in the work [114]. As demonstrated in [66], the following
four steps are essential for the generation of the features: scale-space extrema detection, keypoint
localization, orientation assignment, keypoint descriptor.

Scale-Space Extrema Detection

Lindeberg [63] has proved that under some reasonable assumptions, the Gaussian kernel is the only
possible kernel for scale space analysis. Hence, the convolution of an image I(x, y) with the Gaussian
function G(x, y, o) will be calculated as

L(x,y,0) = G(x,y,0) *I(x,y), (2.21)
with
1
G(x,y,0) = 27[0-2e_(xz+y2)/202. (2.22)

The difference of two Gaussian functions of nearby scales is defined as the difference-of-Gaussian
function (DoG) as follow

DoG = G(x,y,ko)-G(x,y,0), (2.23)
where k is a constant multiplicative factor. In the light of [66], the DoG can be approximated by
G(x,y, ko) - G(x,y,0) ~ (k—-1)0’V’G (2.24)

and the approximation has shown almost no impact on the extrema detection or localization in the
application. Figure 2.17(a) illustrates the main concept of the approach SIFT. A set of Gaussian functions,
which are separated by the constant factor k, are convolved with the input image and the convolutions
of two adjacent scales are subtracted to obtain the difference-of-Gaussian images afterward. The process
will be repeated for the next octave by utilizing a resampled image that takes every second pixel in
each row and column from the original image. In order to detect keypoint locations, the local maxima
and minima of the difference-of-Gaussian images should be sought out at first. For this purpose, each
sample point from the image is compared to its eight neighbors and nine neighbors in both scales above
and below, as illustrated in Figure 2.17(b). Only if the sample point is smaller or larger than all the 26
neighbors, it can be considered as local extrema.

Accurate keypoint localization

After detecting the local extrema, a further step for accurate localization of the keypoints by fitting it
to the nearby data is implemented. A simple approach is to locate the keypoints at the location and
scale of the central sample point, as delineated in [65] . However, this approach is not adequate for lack
of matching performance and stability. Therefore, Brown and Lowe [12] developed a method for fitting
a 3D quadratic function to the local sample points to locate the local extrema. The method utilizes the
Taylor expansion of D(x, y, o), which denotes the convolution of DoG and the input image I(x, y):

dD(x;)

aZD(Xs)
2

LD(x;%s) = D(x)+ (x —xq) (2.25)
ox

(x=x) + 5 (x—x,)"
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Figure 2.17.: Overview of SIFT feature extraction. (a) The scale space of SIFT. (b) Comparing a pixel to its neighbors to detect
maxima and minima of the difference-of-Gaussian images [66].

where x = (x,y, )" is the scale-space coordinate, X; = (x5, ys, 05)” is the sample point, and (x — xg) is

the offset from the sample point. By taking the derivative of this function with respect to x and setting

it to zero the localization of the local extremum can be obtained as

_82D(XS)_1 oD (xs) N
ox? Ix

The function value at the maximum % can be calculated by replacing x by % in Equation (2.22) that

results in

Xs. (2.26)

10D(x)T
2 ox
which helps to discard the extrema with low contrast. Not only affect the keypoints with low contrast
the stability of the SIFT approach, but the strong edge response of the DoG function also shows an
impact on the stability. Therefore, Lowe [66] proposes to eliminate the edge response by exploiting
a 2 X 2 Hessian matrix, H, computed at the location and scale of the keypoint. The Keypoint will be
regarded as a valid keypoint only if the relation between the trace and the determinant of the Hessian
matrix satisfies a certain condition that

D(X) = D(x)+ (%X - x), (2.27)

tr(H)? - (r+1)>?
det(H) r

where r represents a user-defined threshold.

, (2.28)

Orientation Assignment

Once the location of the keypoint has been accurately determined, the next step is to assign a consistent
orientation to the keypoint. Lowe [66] recommended an approach for orientation assignment that
provides the most stable outcomes among several approaches in experimentation. The keypoint
localization, especially the scale of the keypoint, contribute to the selection of L(x, y, o) with the closest
scale and thereby, L(x, y, o) is converted into L(x, y), which is scale-invariant. The gradient magnitude
m(x,y) and orientation 6(x,y) of each image sample L(x, y) at this scale is computed as:

m(x,y) = V(L(x+1y) —Lx-1y)%+(L(x,y+1) —L(x,y—1))? (2.29)
O(x,y) = tan '((L(x,y+1)—L(x,y—1))/(L(x+1,y) = L(x — 1,1))). (2.30)
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Image samples within a certain region around the keypoint are weighted by its gradient magnitude and
a Gaussian-weighted circular window. Based on the weighted sample points an orientation histogram
is formed afterward and Peaks in the histogram correspond to directions of local gradients. By fitting a
parabola to the 3 histogram values closest to the peak, the accurate interpolated peak position can be
obtained.

The local image descriptor

After the three previous steps, each keypoint possesses its location, scale, and orientation. Therefore,
the next operation is to compute a local image descriptor that is not only distinctive but sufficiently
robust against some changes as well, for instance, change in illumination. Based on the idea from
Edelman et al. [25], Lowe [66] describes an approach to creating a keypoint descriptor. At first, the
gradient magnitude and orientation at each sample point within a region around the keypoint are
computed and weighted by a Gaussian window. The samples are then added and accumulated into an
orientation histogram over several sample regions, which results in a set of arrows with certain lengths
and directions. The length of each arrow corresponds to the sum of the gradient magnitude with a
certain direction in the defined region.

2.2.4. DBSCAN clustering method

The DBSCAN algorithm, which was firstly presented in 1996, is a density-based algorithm for discover-
ing clusters in a large spatial database with noise [26]. The algorithm is designed to discover clusters
with arbitrary shapes utilizing only two user-defined parameters, which contribute to reducing the
requirement of a priori domain knowledge. Moreover, the DBSCAN algorithm also provides efficiency
benefits on large databases. The present work applies the DBSCAN algorithm to detect fuel particles
based on 3D point clouds.

DBSCAN cluster model

With the help of two defined parameters: radius ¢ and minPts, points in a given point cloud will be
classified into three types: core point, border point, and noise. Figure 2.18 illustrates schematically the
concepts. Points with more than minPts neighbors within the radius ¢ (including the query point) are
deemed to be core points, for instance, point A and B. All points within the radius of a core point are
considered direct density reachable from the core point. Non-core points, e.g. points C and D, which
are direct density reachable from core points, are defined as border points. Border point C is not direct
density reachable from core point B but is direct density reachable from core point A, which is again
direct density reachable from core point B. In this case, border point C is defined to be density reachable
from core point B. Density-reachability is an extension of direct density-reachability with which more
points can be connected. For instance, border points C and D are both (direct) density reachable from
core point A and are therefore considered density-connected. The notions of density-reachability and
density-connectivity enable the definition of a cluster. A cluster is a set of density connected points, i.e.
all points within the same cluster are density-connected. Points that are not density reachable from
any core point are regarded as noise and hence do not belong to any cluster.
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Figure 2.18.: [llustration of the DBSCAN Cluster Model.

DBSCAN parameters

The performance of this density-based clustering algorithm depends highly on the selection of the
presented parameters: radius ¢ and minPts. Compared to radius ¢, minPts is an easier-to-set parameter
[102]. Sander et al. [101] recommended setting minPts as twice as the dataset dimensionality, i.e.,
minPts = 2 X dim. For a 3D dataset, the default value of minPts is 6. In case that the datasets involve a
lot of noise and duplicates or the datasets are very large, an increasing minPts is necessary.

The value of the radius ¢ depends on the distance function. Thus, Ester et al. [26] suggested choosing
the radius based on the distance to the fourth nearest neighbor for 2D datasets. Sander et al. [101]
provided a general heuristic for choosing the radius and recommend utilizing the 2 - dim nearest
neighbor (including the query point). The distance of each point within the database to its 2 - dim-th
nearest neighbor is computed and sorted in descending order as schematically illustrated in Figure
2.19. As defined by the DBSCAN algorithm, the points with a 2 - dim-distance equal or smaller than
¢ are considered core points, whereas the points with a higher 2 - dim-distance are probably noise.
Therefore, ¢ is selected as a threshold that distinguishes points. As recommended, this threshold value
is the first “valley” of the sorted 2 - dim-distance graph that is relatively simple to find in the graphical
representation. Nevertheless, the radius selection should also be in accordance with specific conditions
in reality. For instance, if the clustering method is used in discovering small particles with a high
density distribution, a small ¢ and a high minPts should be set accordingly. Conversely, to identify
large objects with relatively sparse distribution, a sizeable ¢, and a small minPts might be suitable.

DBSCAN algorithm

In order to compute clusters according to the cluster model and the parameters explained above, the
algorithm starts with scanning an arbitrary point in a given dataset. If a core point A is discovered, all
points that are density connected with A will be visited and added to the cluster. Non-core points or
points already assigned to a cluster will be skipped if they are visited by the scan. A border point can
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Figure 2.19.: Sorted 6-distance graph of points in descending order according to [26].

belong to more than one cluster, but it could nevertheless be assigned to only the first one of them.
Therefore a cluster might contain less than minPts points.

In principle, the result of the DBSCAN algorithm is invariant to the scanning sequence. However, it can
vary slightly if the database is permuted. For instance, the label of a cluster depends on its discovered
order, and as described in the first paragraph, a border point is assigned to the first cluster, from which
it is reachable. However, the cluster labels show almost no influence on the outcomes in most situations,
and the assignment of a few joint border points is only of little interest. Therefore, trying different
permutations of the dataset is unnecessary.

2.2.5. 3D clustering based on morphological operations

Unlike DBSCAN, which builds clusters in accordance with the local point density, Wang [120] proposed
a novel clustering method based on the adjacency of the points. Considering that points of the same
class are closer to each other than those of different classes, the approach of 3D clustering based on
morphological operations (MO-based clustering) is developed to provide robust and generic clustering
performance. For a given 3D point cloud p with the length of N, the point cloud is denoted as

p = (px(i),py(i), pz(i)),i=12,.,N. (2.31)

As the first step, the points of p are shifted and scaled to a positive range by the following equation

P - R(p—min(p)),

—p (2.32)
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where R stands for the selected range of the scaled points and P is the shifted and scaled point cloud.
Subsequently, the points of the positive point cloud P are rounded to be integers and then transformed
into a grid as

0 VxeX,yeY,zeZ

(2.33)
1 VY(x,yz2) € [P]

G(x,y,2z) = {

withX =1,2,..,RY=12,.,R Z =12, ..,R denoting the indexes in the three dimensions.

With the completion of the steps, the location in the grid is binary assigned. The locations with
the value of one are then expanded by setting all its adjacent locations with the value of one. The
process is repeated until points in the same class merge into one connected domain. The expansion of
the “1” locations corresponds to the morphological dilation, and therefore, the algorithm is named a
morphological operations based clustering method. The iteration of the morphological process stops
when the number of connected domains equals the number of clusters. Afterward, the connected
domains in the grid are labeled with sequential numbers to generate a labeled grid Gy, as

Gr(x,y,2) = j, (2.34)

and j denotes the jth connected domain. To distinguish the domains according to their sizes, a size
threhold is defined as

1< 1 < 1 <
n=M;|xj|=M;|Y,~|=M;|zj|, (235)

where |X;| = |Y;| = |Z;| denote the total number of elements in the jth labeled domain, and M stands
for the amount of the labeled domains. If one domain contains less than T elements, the domain is
regarded invalid and deleted. After removing the invalid domains, the remaining domains are labeld
again. The iterative dilation is repeated until the number of connected dimains equals the number of
clusters. Finally, the points in the remianing labeled domains can be denoted as

Cl) = (CelLk),Cy(Lk),Co(LK)), k=1,2,.., K, 1= 1,2,.., L. (2.36)

L represents the amount of labeled clusters and K; stands for the number of points in the /th cluster.
For each remaining positive point, its nearest Euclidean distance to each labeled cluster is computed.
The point is then assigned to the cluster that yields the smallest Euclidean distance to the point. After
all the positive data points are labeled with a number, they are transformed back into the original range
using the inverse function of Equation 2.32.

2.2.6. 3D clustering based on quasi-cluster centers

Another spatial clustering option is introduced by Huang et al. [39], which classifies points following
the idea that the density of a cluster center is the maximum among its K neighbors or reverse neighbors.
For an input point cloud p, the K-distance of the ith point in p is denoted as Distx (p;), which stands for
the distance between P; and its Kth nearest neighbor. Based on Distx (p;) the density of p; is defined
as

1

Den(pi) = Distg (p;)’

(2.37)
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The points with a distance to p; not exceeding Distk (p;) compose the K nearest neighbor of p; and are
denoted KNN(p;). Correspondingly, the concept of reverse K nearest neighbor of p; is also defined.
The point with a distance to p; not more than its K-distance counts towards the RKNN(p;). The two
concepts are mathematically described as

KNN(pi) = {pjld(pi,pj) < Distx(p:)} (2.38)

and

RKNN(pi) = {pjld(pj pi) < Distx(p;)}, (2.39)

where p; stands for a point within p and d(p;, p;) denotes the Euclidean distance between p; and p;.

Subsequently, the neighbors of p; are classified concerning their densities. If the density of one K
nearest neighbor of p; is greater than the density of p;, the neighbor is then defined as the dense
neighbor of p; (DN (p;)). Otherwise, the neighbor is called the sparse neighbor (SN (p;)).

Moreover, a definition of exemplar Q is also determined as follows,

Q = {pj|Den(p;) = max{Den(KNN(p))}}. (2.40)

If the density of p; is greater than the density of all KNN(p;) or RKNN(p;), p; is then the exemplar of
itself, which is also called a quasi-cluster center (QCC). With the completion of searching all quasi-
cluster centers inside the point cloud p, the proposed algorithm starts from an arbitrary center and
classifies the center and all its sparse neighbors to the same cluster. Afterward, the algorithm scans
each point within the cluster and includes the sparse neighbor of the point in the cluster until all
cluster points are visited, i.e., the algorithm builds one cluster by constantly spreading out from the
quasi-cluster center. Finally, the process is repeated for entire quasi-cluster centers.

Under this circumstance, the clusters spread from dense areas to sparse areas. Nevertheless, the
algorithm could classify one point into various clusters simultaneously. Therefore, the algorithm
recommends further a similarity parameter Sim(C;, C;) with

ICi N Cj

Slm(Cl,C]) = K

(2.41)
C; and C; are two clusters, and |C; N C;| denotes the number of mutual points. If the similarity between
two clusters exceeds a defined threshold «, the clusters are merged into one cluster. Otherwise, the
mutual points are classified into the same cluster as its exemplar.

Finally, the algorithm regards the clusters with a number of points less than K as outliers, whose points
are considered clutter. Hence, K ought to be chosen more minor than the estimated smallest cluster to
avoid missing detections. At last, the algorithm labels the remaining clusters and outputs the results.

2.3. Multiple particle tracking and post-processing

Multiple object tracking (MOT) is of crucial importance in various applications, such as target tracking,
surveillance technology, particle-tracking velocimetry (PTV), or for the purpose of investigation into
the movement characteristics of individual particles. Generally, three main ideas of MOT have been
presented over the last several decades: PTV, tracking filters with data association algorithms, and deep
learning methods.
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Some researchers recommend particle tracking based on the local flow field, for instance, the relaxation
algorithm improved by Ohmi and Li [85], the Delaunay tessellation particle tracking algorithm described
in [136], and the PTV algorithm based on Voronoi Diagramm [135]. Typically, the particles being tracked
are tracer particles suspended in a particular flow field. Because the motion of the fluid is relatively
continuous over a relatively short period of time, the particles can be matched across two consecutive
frames corresponding to a specific flow pattern. The pattern can be a geometric structure formed by
particles of the same frame or a mathematical combination of all possible particle matches [136]. These
PTV approaches usually start with the inter-frame pattern matches with respect to the implicit and
explicit geometric pattern similarity criteria. The particle matches will then be derived from the pattern
matching results. PTV requires a restriction on the inter-frame displacements of the particles and is
mainly utilized to track particles in the flow field consequently.

To address the tracking problem of relatively free-moving objects, several authors propose tracking
approaches based on tracking filters together with association algorithms. One commonly used tracking
filter is the Kalman Filter [45] (Chapter 2.3.1), which estimates the current state for the assignment
procedure and then updates the state in accordance with the assigned detection from the data association
algorithms. The nearest neighbor approach is a simple and efficient data association algorithm that
assigns the local nearest detection to the corresponding track, as used in [73]. Nevertheless, the method
fails to provide sufficient accuracy when tracking a large number of objects. Hence, the method is
modified to the global nearest neighbor algorithm (Chapter 2.3.2), which associates the detections with
tracks by taking the global cost instead of the individual nearest neighbor into account, as illustrated
n [50]. The global nearest neighbor approach achieves better tracking performance compared to
the nearest neighbor algorithm. However, the method is inadequate for tracking tasks in a cluttered
environment since one track might be associated with the nearest noise. To avoid the issue caused by
clutter, some researchers advise using probabilistic data association (Chapter 2.3.3), which weights
all detections within the gating region instead of assigning simply one detection for data association.
The probabilistic data association is firstly introduced in [10] and shows its adequacy and accuracy in
following tracks in a cluttered environment. This probabilistic approach has been directly extended to
integrated probabilistic data association, which regards the existence of a track as an event with an
associated probability [78]. Parallelly, Fortmann et al. [29] improved the probabilistic data association
algorithm by computing the probabilities jointly across the set of tracks and clutter instead of separately
for individual tracks (Chapter 2.3.4). Musicki et al. [77] introduced a further extension of integrated
probabilistic data association named joint integrated data association that is recursive and integrates
seamlessly with the integrated data association algorithm. Besides probabilistic data association and its
deviation, Reid developed the multiple hypotheses tracking algorithm in 1979 [96]. This algorithm is
able to track objects in a cluttered environment by building a tree of potential track hypotheses for
each candidate track and, therefore, providing a systematic solution to the data association problem.
The algorithm is capable of acquiring tracking results with high accuracy. However, the disadvantage is
also apparent. The computational cost increases significantly with an increasing number of objects.

The third tracking idea is based on neural networks and is generally particular for tracking objects
with explicit features, such as human beings. The unique features of the objects are extracted and
utilized in the association procedure subsequently, as illustrated in [17,27]. Further, Milan et al. [75]
introduced an approach to online multi-target tracking based on recurrent neural networks (RNNs) and
applies the approach to a benchmark of people tracking, afterward. Later, Ahmad et al. [5] investigated
the performance of Faster region convolutional neural network (Faster-RCNN) in combination with
Generic Object Tracking Using Regression Networks (GOTURN) architecture for human-being tracking.
As revealed by the authors, deep learning methods could achieve sufficient accuracy. Nevertheless,
the computational cost increases significantly, and in addition, extensive training data and specific
features of the tracked objects are necessary, which leads to the inapplicability of the methods in the
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present work. The above-mentioned tracking approaches are feasible in both 2D and 3D under the
circumstance that the recorded 3D information can deliver satisfactorily steady depth information
within a video sequence. In the following, the approaches used in work are outlined.

2.3.1. Kalmanfilter

Kalman filter, which is proposed by R. E. Kalman in 1960 [45], is a state estimator for dynamic systems
and has been widely applied in various fields, e.g., target tracking and navigation, due to its efficiency
and robustness. The three mainly utilized Kalman filters are Linear Kalman filter, Extended Kalman filter,
and Unscented Kalman filter [60]. Linear Kalman filter estimates state for linear systems by presenting
them with state equations and measurement equations under the consideration of corresponding noises
and updating the states together with the noises in accordance with the measurements afterward. The
state equation propagates the state x from time ¢ — 1 to time ¢ as

x; = Fx;_1+Buj_1 +wi_q, (242)

where F stands for the state transition matrix, B is the control-input matrix, u# denotes the control vector
at time ¢t — 1, and w represents the process noise vector that is supposed to be zero-mean Gaussian with
the covariance Q.

The measurement equation describing the relationship between the state and the measurement at the
current time step t is defined as

Zy = th + v;. (243)

Here, z is the measurement vector, H denotes the measurement matrix, and v stands for the measurement
noise vector that obeys normal distribution with the covariance R.

Let x; denotes the prior estimated state at time ¢ derived from the state at ¢ — 1 and x; denotes the
posterior state estimation combining the measurements at time ¢, X; is then defined as

32'; = F.'i'[_l + But_l, (244)
The corresponding estimated error covariance is defined as
P; = FP_,FT+Q, (2.45)

where P, and P,_, stand for apriori estimation of error covariance at time ¢ and aposterior estimation
of error covariance at time t — 1, respectively.

Combined with the measurements, the aprior estimation x; can be updated as
x; = x; +Ki(z; — Hx;). (2.46)
Here K; is the Kalman gain, which is defined by
K; = P;H'(R+HP;H") . (2.47)
The error variance at time ¢ is then updated as
P, = (I-KyH)P,. (2.48)

As mentioned above, the linear Kalman filter is merely adequate for linear systems. Nevertheless,
most of the practical applications are nonlinear, which entails corresponding nonlinear filters for the
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Case 1: correct Case 2: incorrect Case 3: incorrect

Figure 2.20.: Overview of the nearest neighbor approach dealing with various situations. Left: correct association of tracks
and detections. Middle: Nearest neighbor approach fails to handle assignment problems with high particle density. Right:
Track 1 is incorrectly assigned with the nearest noise. Note that only a schematic representation of the assignment process is
shown here; subsequent update processes will be based on this assignment result, i.e., the association does not represent the
final track. It is also valid for Figure 2.21 and 2.22.

investigation. Thus, the extended Kalman filter (EKF) is developed, transforming the nonlinear system
into a linear system equation based on the first-order nonlinear Taylor expansion around the estimated
states [60]. Due to the utilization of the linear process Taylor expansion, EKF provides results with
sufficient accuracy only if the practical system is approximately linear.

The unscented Kalman filter (UKF) proposed by Julier and Uhlmamm [43] is also applied to estimate
states for nonlinear systems. Since the state distribution in the EKF is approximated by a Gaussian
random distribution and predicted through the first-order linearization of the nonlinear system af-
terward, the cumulative error in the posterior estimation can be significant. Thus, the UKF uses a
deterministic sampling approach instead of random sampling and represents the state distribution by a
set of chosen sample points, which facilitates the posterior mean and covariance accuracy. Moreover,
the computational efficiency of the UKF is approximately equivalent to the efficiency of the EKF [117].

Since the used camera has a framerate of 330 fps, the motion of a particle between two consecutive
frames can be approximated as uniform and modeled as a linear dynamic model consequently. Hence,
the linear Kalman filter is selected as the state estimator, and the EKF and UKF are only crudely
described.

2.3.2. Nearest neighbor and global nearest neighbor approach

One simple solution for data association is the Nearest Neighbor (NN) approach, which assigns the
detection closest to the predicted state vector for state update. This approach achieves adequate
accuracy and efficiency in sparse scenarios with fewer false detections and duplications. In the presence
of many detections and much clutter, NN probably tends to associate the predictions with detections or
clutter incorrectly. As depicted in Figure 2.20 middle, when a detection D; locates nearer to T; than
T,, it will be assigned to T;. Meanwhile, D, is discarded as noise, and T, fails to be associated with
any detections leading to incorrect update outcomes. If noise Nj coincidently appears nearest to the
predicted position P; of track Ty, N; will be wrongly associated with Tj, as shown in Figure 2.20 right.

Since NN is not capable of acquiring satisfied results in case of complex association problems, some
researchers modified NN by searching the global nearest neighbor instead of local nearest neighbor. The
approach Global Nearest Neighbor (GNN) generates at first a cost matrix with n rows and m columns,
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where n represents the number of tracks and m stands for the number of detections, as in the following

equation,
Ci1 Ci2 €13 - Cim
Ca1 C22 C23 - Com
[Ciil=1] . } } ) - (2.49)
Cn1 Cn2 Cn3 Cnm

The elements in the cost matrix are defined as

C if measurement j is not in the gate of track i (2.50)
cij = '
Y dl.Zj +1In|S;| if measurement j is in the gate of track i

where C denotes a predefined cost for non-assignment, which is much larger than the maximum of
Cijs d?j represents the 2D Mahalanobis distance between track i and measurement j; S; is the residual
covariance matrix for track i at the current time dimension. In |S;| is a penalizing term for tracks with
highly uncertain predictions, such as the tracks without assigned measurements for a period of time.
For those tracks, S; could be very large, which lead to smaller Mahalanobis distance and further to
incorrect data association. Under this circumstance, the penalizing term is conducive to reducing the
possibility of wrong assignments [50].

The assignment problem is addressed by searching for the sole solution of minimal global cost (the sum
of the individual assignment costs) using the Kuhn-Munkres algorithm [51]. Since the detections and
tracks are associated under the consideration of the minimal global cost, wrong assignments caused by
NN can be modified, as illustrated in Figure 2.21(b). While D, remains to be the nearest detection of
Ti, Dy is assigned to T, for the sake of a minimal global cost. Nevertheless, the problem illustrated in
Figure 2.20 caused by clutter can not be solved by GNN, as indicated in Figure 2.21(c).

2.3.3. Probabilistic data association

Instead of assigning only one detected measurement to a particular track and discarding the others, Y.
Bar-Shalom and E. Tse [10] used probabilistic data association (PDA) that weights all detections within
the gating region of the track to follow targets in a cluttered environment. The detections in the gate
are weighted by their probabilities calculated on the basis of the Mahalanobis distances to the current
predictions. For a track T; at time ¢ with m detections in the gate, the set of detections can be denoted
as

z(t) =z, (2.51)

where z;(t) is the jth detection in the gate and m(t) stands for the total number of detections in the
gate at time ¢.

Taking the entire detections in the gate into account, the state is updated as
5&1‘ = &t_ +Kt‘u(t), (252)

where p(t) represents the combination of the detections and is defined as

m(t)

woy = Y Bu). (2.53)
=1

J
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Figure 2.21.: Overview of the global nearest approach dealing with various situations. (a) correct association of tracks and
detections. (b) Following the cost matrix in the middle, GNN is able to correctly associate the detections with the corresponding
tracks. (c) Track 1 remains incorrectly assigned with the nearest noise.

Here, f;(t) is the conditional association probablitiy of the jth detection, and y;(t) is the difference
between the jth detection and the estimated state.

The corresponding error covariance is updated as

Pr = foP; +[1-folP{ +P(1) (2.54)
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with
P¢ = P; —K;(R+HP; H)K], (2.55)

and

m(¢)

P(t) = Kt[z Bi (O ()T = p()p®)T1K] (2.56)

Jj=1

is an additional term according to the mixture probability density function [10].

The prediction of the state and detection to time step ¢ + 1 is implemented as in the standard linear
kalman filter as mentioned in Subsection 2.2.1. PDA could handle cases with a high density of detections,
such as in Figure 2.22 (b), Ty with D; and D, in the gate. Although D; is closer to T; than Dy, T is
updated in accordance with both D; and D; (W;). Therefore, T; will not be entirely wrong due to a
faulty assignment and can be modified to correct trajectory later by accurate detection performance.
Notwithstanding, the correctness of the association can only be determined later according to the
subsequent trend of the two trajectories. Since PDA considers all possible detections in the gate, the
negative influence caused by clutter or high density of detections leading to wrong tracking results can
be reduced, as depicted in Figure 2.22(c). While clutter Nj still locates closest to Tj, T; is updated by
the combination of Ny and D; (W;) and remains not far from D;. Because clutters appear temporally
irregular compared with detections, T; is supposed to be correct after several assignments despite a few
clutters.

2.3.4. Joint probabilistic data association

Since PDA assumes that tracks are isolated from each other, i.e., the situation that different tracks share
the same detections has not been paid much attention, T. E. Fortmann et al. [29] proposed the joint
probabilistic data association (JPDA) algorithm that computes joint posterior association probabilities
for multiple object tracking. Principally, JPDA and PDA utilize identical prediction and update equations.
The only difference is the way the association probabilities are computed. Instead of computing the
probabilities separately for each track, as in PDA, JPDA computes the probabilities jointly across the
set of tracks and clutter.

The JPDA algorithm contains four essential steps:
- Formation of the validation matrix
- Generation of feasible event matrices
- Computing the temporal association probabilities for each track
- Updating the state estimate vector and the corresponding error covariance

Since the last step is the same as PDA in Subsection 2.3.3, it is not detailed here. The other three steps
are discussed in the following.
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Figure 2.22.: Overview of the probabilistic data association dealing with various situations. (a) Correct association of tracks

and detections. (b) Track 1 is associated with a weighted position of detection 1 and detection 2. However, the correctness
can only be determined later. If the two trajectories are close together subsequently with mostly overlapped gating areas, the
two trajectories will probably become increasingly similar later on. Conversely, if the two trajectories tend to be separated,
the PDA will most likely arrive at the correct trajectories. (c) The probabilistic data association approach is able to reduce the
impact of noise.
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Validation matrix

A validation matrix denoted as Q in the following equation, which consists of binary elements wj;,
indicates if the jth detection lies in the gate of the ith track, as

Q = |wil, j=1---.m i=01---,n (2.57)

Here, index i = 0 means non-matching of a detection. Let y denotes a joint event, the validation matrix
of event y is then represented as

Q) = [ou(0)] (2.58)
with
. 1 if yji occurs
oii(y) = , 2.59
510 {0 otherwise ( )

Based on the validation matrix of a particular event y , the detection association indicator 7;(y) and
the target detection indicator §;( y) can be defined as

7j(x) = an‘:)ji()() (2.60)
i=1
and
6i(x) = zm:é)ﬁ()(), (2.61)
j=1
respectively.

Feasibility matrices

Feasibility matrices of a validation matrix are acquired by selecting one 1 per row and at most one
1 per column, except for the first column with i = 0, so that a detection is associated with at most
one track and a track is responsible for at most only one detection. Figure 2.23 gives an example of a
validation matrix and the corresponding feasibility matrices. Track 1 with current prediction P; has
two detections (D, , D;) in the gate, and track 2 has three detections (D;, D3, D,) in the gate. For this
case, there are totally eleven possible feasibility matrices, as listed in Figure 2.23 right. For instance, Q;
denotes the feasibility event that all detections are non-matching detections, since all 1 appear at i =0
(fitst colume). Meanwhile, Q3 represents the event that D, is assigned to P; and D;, is associated with
P,, while P5 and P, fail to find corresponding tracks.

The number of feasibility matrices of a unique validation matrix depends on the structure of the
validation matrix. For a validation matrix with n tracks and m detections, the number of feasibility
matrices is not exceeding the following number

n—1
n!'m!
number of feasibility matrices < 1+ Z - - —, (2.62)
P i'(n=0D!(m—-n+i)!

which represents the number of possible feasibility matrices of a validation matrix that is all 1’s.
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Figure 2.23.: Detection validation example with the corresponding validation matrix and all possible feasibility matrices of
the validation matrix.

Association probabilities Let 0;;(t) denotes the particular feasibility event that detection j from time
k belongs to track i, the probability of this event conditioned on all detections up to time ¢ is defined by
Bayes’ rule as

Bji(t) = P{0;:(t)|Zk}, (2.63)

where Zj stands for the total amount of detections up to the present time. The probability f§;;(t) can be
obtained by summing over products of feasibility events y and their corresponding factors @;;(y) as

Bi(t) = D ou(0P{xIZ}. (2.64)
X

With the ability to compute the association probability of the joint events, the state vector can be updated
subsequently. As mentioned before, the joint probabilistic data association utilizes the estimation and
update equations formatted in equation 2.37-2.42. Regarding the implication f;;(t) is consistent with
the previous f;(t) for a particular track T;. In PDA, f;(¢) is not specifically labeled for an individual
track because the computing of the probability algorithm is identical for different tracks. In JPDA,
however, the probabilities of tracks are specially marked since they are calculated separately according
to their respective cases.

As described in the text, the JPDA approach is relatively sophisticated, which entails a high com-
putational load due to the considerable number of matrices to be computed. In order to reduce the
computational cost of JPDA and further achieve a wide range of applications, several researchers
present fast JPDA algorithms to facilitate computational performance. Zhou et al. [137] introduced
three fast algorithms to compute the joint probability, including a direct computation approach, an
approximate computation algorithm, and a depth-first search method. As proved by the authors, the
fast algorithms are able to reduce the computational cost significantly. Whereas the first two methods
are generally appropriate for tracking problems with few tracking targets, the computational time of
the last approach increases drastically with increasing targets.
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2.3.5. Post-processing

In order to obtain accurate object trajectories and eliminate unsatisfactory tracking outcomes, post-
processing is vital to deal with initial tracking results. In some unsophisticated cases, the post-processing
only needs to remove trajectories that are not able to fulfill several pre-defined requirements, such
as spatial and temporal length. Whereas for complex tracking problems with frequent appearances
of clutter, miss detections, and duplications, the post-processing should realize more possibilities.
Since false detections or duplications show a considerably negative impact on the tracking accuracy
and remain inevitable due to characteristics of utilized measurement equipment, more precise and
robust tracking filters [83,119,123] or more sophisticated data association methods [106] could merely
achieve limited enhancement of tracking performance. Therefore, the post-processing process ought
to implement a thoroughgoing verification and processing of the original tracklets. Thereby, the
direct tracking results is preliminarily defined as tracklets regardless of their actual lengths. Several
researchers contribute to developing post-processing frameworks to optimize tracking performance.
For instance, Bae et al. [9] proposed the tracklet confidence using the detectability and continuity of
the tracklets and associate the tracklets based on the computed confidence values. Wang et al.’s [118]
study demonstrates an efficient method to extract discriminative appearance based tracklet affinity
models by training convolutional neural networks (CNNs) for tracklet association. Similarly, tracklets
reconnection approaches based on the appearance affinity of the representative objects and the motion
similarity of the tracklets are introduced in [69,91]. Some studies regard the tracklet association and
reconnection as part of tracklet association based tracking methods. In the present thesis, this process
is classified as part of the post-processing procedure since it is based on the already acquired tracklets
from a certain tracking algorithm. The majority of tracklet association approaches work with CNNs
and depend highly on the representative features of the targets and the similarity between tracklets.
Therefore, modified post-processing to handle tracklets of small particles without specific appearance
properties is necessary.
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classification

In this chapter, a novel multiple particle detection approach is comprehensively detailed. The presented
detection approach synthesizes two distinct detection methods and validates their results to tackle
the deficiencies of each individual method in the applications. In addition, a 3D particle classification
procedure to classify the current states of particles by computing their euclidean distances to a simulated
cylindrical rotary kiln model is also illustrated.

3.1. Anovel combined multiple particle detection approach

As reviewed in the previous state-of-the-art detection approaches, two major object detection concepts
are existing: object detection based on 2D gray value images and object detection via 3D clustering.
Notwithstanding, these two concepts have specifically inherent merits and deficiencies. Their accuracies
suffer from dependency on the characteristics of the images. One common error source for object
detection utilizing 2D gray values is the local gray value difference caused by background subtraction.
Since the computed background model could vary slightly from the actual background of each image,
new gray value gradients could arise after background subtraction and subsequently impact the object
detection. Moreover, a large object might be identified as several small separate objects owing to the
unfavorable gray value distribution of the object. This could lead to wrong object localizations and
adversely affect the subsequent object tracking. In addition, the gray value based methods fail to detect
objects that differ minorly from the background. On the contrary, if objects are detected by forming
clusters in 3D point clouds, the above-mentioned problems caused by gray values are avoided. In
comparison, the performances of the clustering methods are conditional on the characteristics of point
clouds. Thus, the clustering approaches are only capable of clustering several particular types of data
robustly. Since the camera also captures several non-particle objects, e.g., edges, lance, and the wall of
the rotary kiln, the acquired point clouds contain points from these objects, which could incorporate
into existing clusters or even form new clusters. These false clusters constitute the first error source of
the clustering methods. In addition, several clusters might be formed inside one big particle due to the
unfavorable point distribution. Furthermore, the clustering method is not able to divide the points from
neighboring objects correctly if the objects are too close to each other. Analogously, particles lying on
the inner wall of the rotary kiln can be incorporated into the cluster of the rotary kiln leading to missing
detections. In order to detail the mentioned issues, the SIFT algorithm and DBSCAN approach are
implemented separately. For a visualized comparison of the detection performances, the 3D detection
outcome of 3D-DBSCAN is converted into the 2D image coordinate, where a 2D image area represents
each spatial cluster, as depicted in Figure 3.1. Figure 3.2 schematically illustrates the detection results
of SIFT and DBSCAN with examples of respective detection inaccuracy.

To rectify the problems of the individual concepts, a combined detection approach is presented, which
applies not merely the 2D gray value images but also the 3D point clouds to extract objects accurately.
This approach was firstly introduced in [131] and subsequently extended in [129]. The schematic
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Figure 3.1.: Spatially formed clusters and their corresponding 2D image areas. Each color stands for an individual cluster.
Since each captured pixel is assigned with an image coordinate, a spatial coordinate, and a gray value, the 3D clusters in the
cartesian coordinate and the 2D clusters in the image coordinate can be transformed into each other. The red ellipse and the
green rectangular enlarge a 3D cluster and a 2D transformed image area, respectively.
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False positive detection caused by the background subtraction. D False positive detection caused by non-particle objects.

. . . . D Detection mistake because of unfavorable point distribution.
D Identification of one large particle as several small particles.

Identification of one large particle as several small particles.

D False negative detection due to low gray value. . . . . .
D False negative detection owing to particles on the rotary kiln.

SIFT detection DBSCAN detection

Figure 3.2.: Detection results of 2D-SIFT and 3D-DBSCAN. Left: Detection result of 2D-SIFT. The center of each green circle
corresponds to the position of the detected particle, whose sizes are pointed by the circles’ radius. The yellow box is zoomed
in to display the detection on the initial frame and the frame after background subtraction. Right: Detection result of
3D-DBSCAN. The center of each red circle corresponds to the center of the cluster. Radius of the circle indicates the cluster
size. The yellow box shows the particle detection both on the 2D frame and in the 3D point cloud. [133]

presented in Figure 3.3 illustrates the process of the novel detection approach. In the work, SIFT
algorithm is used as an instance of the gray value based object detection method. In principle, the
method can be replaced by other detection approaches with respect to the applications, such as OTSU-
threshold or artificial neural networks. Because the objects detected in the work are RDF particles, the
term particle detection in Figure 3.3 is consistent with object detection.
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Figure 3.3.: Schematic of the novel combined detection approach.

As mentioned in the chapter on the experimental setup, an oil burner that is partly inside the rotary
kiln heats the test facility and thus, brings flame into the kiln. The flame is exceptionally bright and can
be identified by the gray value based detection approach resulting in false positive detection. Hence, a
flame domain is defined, and the flame within the domain is segmented utilizing the OTSU-threshold
method before the detection, as schematically depicted in Figure 3.4. In addition, the two-dimensionally
segmented flame of a certain frame is converted into 3D points pixel-by-pixel, which ought to be deleted
in the 3D clustering input point cloud afterward. With the completion of background subtraction and
flame segmentation, the images are processed by the SIFT approach.

First, flame domain binarization
using computed OTSU threshold.

Second, labelling connected
components in 2D binary image.

Figure 3.4.: Flame segmentation within a defined rectangular ROI around the burner, as marked in red rectangular. The
red-marked flame on the right is the segmented flame.

In parallel, particles are identified by forming clusters in the input point clouds utilizing the DBSCAN
algorithm. At first, a relatively big radius ¢ and a small minPts are selected, which allows us to gather
more points within one cluster, aiming at discovering the biggest cluster: the inner wall of the rotary
kiln. Subsequently, the points belonging to the flame and the clustered rotary kiln are eliminated from
the input point cloud to reduce false positive detections. Finally, clusters in the rest of the point cloud
are formed with a small radius and a big minPts in order to separate the particles adequately.

After the independent implementation of the two object detection approaches, their detection results
can be compared and combined to tackle the deficiencies of the individual methods. To reduce the
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issues caused by artifacts around the images, a region of interest is defined to exclude the artifacts and
concurrently contain as many particles as possible. One ROI example is depicted in Figure 3.5, where
the ROI is marked by a light blue polygon. Apparently, a few particles at the side are also excluded
from the scope leading to false negative detections. Notwithstanding, the majority of these particles
are on the kiln’s wall and are consequently not of research interest for further analysis of particle flight
properties. Therefore, the benefits of defining the ROI outweigh the disadvantages.

After introducing the ROI and excluding the particles outside the polygon, the two acquired detection
results are validated with each other, which results in five specific cases, as highlighted in Figure 3.5.
The SIFT algorithm ascertains not only the pixel-exact localization of a particular particle (keypoint)
but also its corresponding size (radius), viz., a keypoint bounds to a corresponding radius. A keypoint
together with the radius is considered as a detected particle. Therefore, the 5th case, that a potential
particle corresponds to precisely one detected keypoint and more than one discovered cluster is rare
but possible. In the following, solutions to deal with the specific cases are elaborated separately.

# Casel Case2 ¥ Case3 ¥ Cased ¥ Case5

Figure 3.5.: Five cases of the comparison of particle detections. The blue polygon is an instance of the defined ROI. [133]

Case 1: A potential particle corresponds to exactly one detected keypoint and one discovered
cluster.

Case 1 is relatively common and indicates identical detection results of the utilized approaches. Under
this circumstance, the potential particle is identified by both methods, which confirms the correctness
of the outcomes. Therefore, the detection is straightforwardly regarded as a particle without any further
analysis.
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Case 2: A potential particle corresponds to exactly one discovered cluster but more than one
detected keypoint.

Case 2 frequently occurs under the circumstance of a large particle or several contiguous particles.
For the former, the large particle might contain complicated gray value distribution after background
subtraction that could lead to a SIFT detection result with a few keypoints. On the condition that
several particles are too close to each other, the clustering algorithm might fail to divide the points
appropriately. To deal with this case, the cluster region is determined, and the gray value distribution
within the area is investigated, as depicted in Figure 3.6. The cluster area is a rectangle enclosed by
the cluster’s maximum and minimum line ([min i, max i]) and column ([min j, max j]) coordinates.
By counting the amount of the local gray value peaks within the cluster area, the precise number of
particles is able to be determined.
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Figure 3.6.: Instance and solution for case 2. Transformed 2D clusters are marked by small dots, where each dot corresponds
to a pixel. Circles with cross centers highlight the detections of the SIFT algorithm. The cross center locates at the detected
keypoints, and the circle’s radius indicates the particle’s size. The identical notation is also used in the following three figures.

Case 3: A potential particle corresponds to exactly one detected keypoint and more than one
discovered cluster.

This case occurs only rarely and only if one massive burning particle was not captured entirely by
the plenoptic camera, as shown in Figure 3.7. As a consequence of these particles’ overexposure, the
plenoptic camera fails to provide complete 3D point cloud information for such particles. The solution
for this special case is similar to the solution for case 2. The gray value within the particle area ought to
be investigated to decide the accurate number and location of particles. The particle area is determined

45



3. Novel approaches to particle detection and classification

by overlapping the SIFT detection and the discovered clusters. The area remains a rectangle, which is
enclosed by the maximum and minimum line and column coordinates of the overlapping. As depicted
in Figure 3.7, both burning particles are considered as multiple particles by the clustering method
because of the provided dispersed three-dimensional information. The final determination of the
particle number can be accomplished by analyzing the distribution of gray values in the defined area
and determining the number of peaks within the region.
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Figure 3.7.: Instance and solution for case 3.

Case 4: A potential particle is only discovered by the clustering approach.

This case can result from dark particles and non-particle objects inside the rotary kiln, for instance,
edges. The dark particles might be deleted automatically after the background subtraction, depending
on the applied background model. Therefore, the SIFT algorithm fails to detect such particles. In
comparison, the clustering method is able to discover clusters of both particle and non-particle objects,
which could also give rise to case 4. Figure 3.8 illustrates the instances and the solution for the case
schematically. In order to ascertain whether a discovered cluster corresponds to a real particle, the gray
value distribution within the 2D cluster area on the current frame is analyzed at first. On the condition
that troughs or peaks can be detected in the area, the analysis of the gray value distribution proceeds
on the absolute frame difference, which takes the absolute value of the difference between the current
frame and the adjacent previous frame. Therefore, non-particle detections can be removed since they
hardly move between two consecutive frames.

Case 5: A potential particle is only detected by the SIFT algorithm.

If a potential particle can only be detected by the SIFT algorithm, the reason could be relatively
diversified, as exampled in Figure 3.9. For instance, if one particle is on the rotary kiln, its corresponding
point cloud is assimilated into the kiln’s cluster resulting in a missing cluster. Additionally, one tiny
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Figure 3.8.: Instance and solution for case 4. Three instances containing one particle and two non-particles and their
corresponding solutions are presented in the figure. Each column of the solution illustrates an example.

particle with several pixels in size could also lead to a false negative cluster since the plenoptic camera
might not successfully capture the 3D information of these tiny particles. Besides particles, non-particle
objects could also cause case 5, such as local gray value peaks in consequence of light reflection and
gray value peaks owing to the background subtraction. The approach to dealing with this case is the
same as in case 4. The false positive detections caused by the background subtraction can be discovered
by analyzing the gray value distribution on the current frame, whereas the local gray value peaks due
to the light reflection disapper on the absolute frame difference.

The proposed method is able to address the mentioned problems of the detection approaches and, thus,
reduce false detections and correct inaccurate detection results. In Chapter 5, the results of different
detection methods are compared that can quantitatively confirm the accuracy and adequacy of this
novel combined detection method. The detection results of this method provide a reliable basis for the
subsequent particle tracking.

3.2. 3D Particle classification

Since only the particles in the air are of research interest for further analysis of particles’ flight and
combustion behaviors, particles are classified regarding their spatial positions relative to the rotary
kiln. The particles near the rotary kiln are considered to be landed particles, while those not yet close
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Figure 3.9.: Instance for case 5.

to the rotary kiln are regarded as in-air particles. In the following, the simulation of the rotary kiln and
the classification of the particles are demonstrated.

Estimation of the rotary kiln geometry from the point cloud

To achieve the classification, the 3D position and geometry of the cylindrical rotary kiln are estimated
by employing the estimator maximum likelihood estimation sample consensus (MLESAC) [113] at
first. The estimator MLESAC is a robust method to estimate image geometry. It utilizes a particular
sampling strategy to generate putative solutions and determines the sole solution by maximizing a
derived likelihood. By limiting a maximum point-to-cylinder distance and an orientation cylinder axis,
the rotary kiln model can be estimated by the MLESAC estimator based on the temporally obtained
clusters of the rotary kiln, as mentioned in Figure 3.3. In the present work, the input is point clouds
representing the inner wall of the rotary kiln. Additionally, a maximum allowable distance from an inlier
point to the cylinder model ought to be defined. Moreover, the approximated axis of the cylinder (the
depth direction, i.e., the z-axis) could also be given for the sake of accurate estimation. Consequently,
the MLESAC algorithm is able to estimate the geometry of the rotary kiln as a specific cylinder with
certain information, such as position, center, radius, and length. Alternatively, the prior knowledge
concerning the size and the position of the rotary kiln can also be applied to estimate the kiln’s model.
Nevertheless, the exact position of the kiln relative to the camera is hardly measurable. Withal, the
calibration might also result in deviation of the point cloud from the actual size and position. Therefore,
the rotary kiln geometry is simulated by the MLESAC based on the captured point cloud that is precies
and universally applicable. Figure 3.10 gives an example of a rotary kiln cluster and an estimated
cylindrical kiln model.

Particleclassification

Based on the estimated cylinder model, the particles are able to be classified according to their Euclidean
distance to the cylinder axis. In order to determine an appropriate criterion for particle classification,
the particles of the detection ground truth were manually followed to ascertain their positions relative
to the rotary kiln. Figure 3.11 depicts the distances between particles and the cylinder axis. As shown
in the figure, the majority of the in-air particles have a distance to the axis shorter than the radius of
the rotary kiln (700 mm). Notwithstanding, owing to the measurement uncertainty of the plenoptic
camera, several in-air particles are beyond (800 mm) away from the cylinder axis. Approximately, all
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Figure 3.10.: Cluster of the rotary kiln and a corrresponding estimation of the kiln’s geometry. (a) A cluster of the rotary kiln.
(b) Estimated cylindrical kiln model.

the particles on the inner wall of the kiln have a distance to the axis over the kiln’s radius. In the light
of the distance distribution illustrated in Figure 3.11, a criterion to classify the particles can be selected
preliminarily. In the present work, the intersection point of the two Gaussian distributions is chosen
as the criterion to determine the relative positions of the particles. These two Gaussian distribution
curves are obtained by computing the expectation and standard deviation of the respective distance to
the cylinder axis, i.e., particle in air and particle on the rotary kiln.
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Figure 3.11.: Distribution of the distances between particles and the rotary kiln axis. The horizontal coordinate represents
the distance to the axis, and the vertical coordinate illustrates the number of particles from the individual distance interval.

3.3. Detection performance evaluation method

In order to investigate the relevance between the detections and the manually labeled ground truth
(Chapter 5.1.1), a confusion matrix is constructed and the precision, recall, and F1-score are computed
accordingly [94]. The confusion matrix consists of four elements: true positive (TP), false positive (FP),
false negative (FN), and true negative (TN). TP stands for correct detection, while FP indicates false
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detection and FN denotes the missing-detected particle in the ground truth. TN refers to the missing
detection of a non-particle object, which is not available in our detection work. Based on the three
obtainable elements of the confusion matrix, the measures to assess the detection performance can be
computed by the following equations

.. TP
Precision = ——, (3.1)
TP + FP
TP
Recall = ——, (3.2)
TP + FN
Precision - Recall
F| score = (3.3)

Precision + Recall”

The precision, also called the positive predictive value (PPV), is the proportion of positive detections
that are true positive. A high precision value can be interpreted as a precise detection performance. The
recall, which is also defined as the sensitivity or the true positive rate (TPR), refers to the probability
of positive detections conditioned on truly being positive. A high recall value indicates the ability to
identify true positive detections. The F; score is a combination of precision and recall that synthesizes
the individually provided information and estimates the detection performance more comprehensively.
The further evaluation of the detection performance is in accordance with these three measures.

Apparently, the completion of the confusion matrix entails a correct assignment between the detections
and the particles from the ground truth. Therefore, a tool is developed that assigns detections to particles
based on the Hungarian method [51]. One significant benefit of the developed tool is to get rid of the
dependence on the detection scan order that affects the matching performance noticeably. Moreover,
by computing the costs of possible assignments, various factors can be taken into consideration, such
as the Euclidean distance and the gray value.

In our research, the cost of each assignment is defined as

(3.4)

Cost = ,
Conax if d(d, p) > d.

where d(d, p) denotes the Euclidean distance between one detection and one particle in image coordinate,
de stands for a gating threshold for the distance, and C, 4y is a preset maximum cost that is significantly
greater than the Euclidean distances. To determine the appropriate gating threshold d, the sizes of
1500 ground truth particles have been investigated. The particles were assumed as circles, whose radii
were acquired by regarding the clusters’ sizes as the circular areas since each cluster point is exactly 1
pixel X 1 pixel in size. Figure 3.12 illustrates the rounded particle radius schematically. Approximately
all particles are with radii smaller than 15 pixel, and the mathematic expectation of the radii is around
7.7 pixel. Considering the shape of the actual particles, the diameter of the particles is enlarged by a
factor of 1.5. Therefore, the gating threshold (diameter) is selected as 45 pixel.

Figure 3.13 details the assignment process using a matching instance with corresponding cost matrix.
Detection d4 can not be assigned to any ground truth particles under the condition of the gating
threshold and is therefore regarded as FP. Analogously, the ground truth particle p; is identified as
FN in consequence of non-assignment. In addition to computing merely the Euclidean distance as the
assignment cost, experiments using the distance together with the gray value changes between particles
and detections as cost were also performed. For instance, the standard deviation of the gray values at
the detection position, the ground truth particle position, and the middle of these two positions was
computed as an additional term of the assignment cost. Because the gray value between unmatched
particles and detections varies considerably, more accurate assignment outcomes is expected using this
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Figure 3.12.: Rounded particle radii of 1500 particles. (a) The radii are sorted ascendingly. The horizontal coordinate indicates
the index of a particle, and the vertical coordinate reports the rounded radius of the particle. (b) Distribution of the particles’
radii and the corresponding normal distribution. The horizontal axis shows the radii, and the vertical axis stands for the
probability of each radius interval.

complicated cost function. Nevertheless, the thereby obtained results were similar to those obtained
utilizing only the distance since the matched detection and particle with the closest Euclidean distance
is usually the matching pair with the slightest gray value change. Thus, the most straightforward way
is chosen to define the cost function.

Cost matrix

di d2 ds d4 I ds
(4 @ pi 12 30 Crnas Cnas 7
p2 Crnax 15 5 Cinax Cinax
| Crmax Cmax | Crmax Crmax Cmx | FN
pi Crmax 0 Cmas Cnas 30
6 ps 5 Cox | 28 Cinax Cinax
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TP: di1, d2, d3, ds
FP: d4
FN: p3

Y Particle 4k Detection

Figure 3.13.: Assignment instance with five detections and five particles. Blue stars represent particles, and red crosses stand
for detections. The corresponding cost matrix is illustrated on the left. The red color marks the FP, while the blue color marks
the FN. The green color is the global lowest cost, i.e., the final assignment outcome.
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4., Extended multiple particle tracking and
post-processing

As mentioned in the first chapter, the concept of tracking-by-detection consists of object detection and
object tracking. With the completion of detecting particles, the detections ought to be associated subse-
quently to build particle trajectories. Chapter 4 proposes the applied tracking approaches, including an
extended 2.5D tracking method aiming at yielding initial particle tracklets and a novel post-processing
framework to alleviate issues in the initial tracking results for the purpose of obtaining final particle
trajectories. Withal, a polynomial regression of the straightforwardly extracted spatial trajectories to
compensate for the fluctuations of the trajectories is also presented. The exact values of the paramertes
in this chapter are discussed detailedly in the next chapter.

4.1. 2.5D extended tracking algorithm

Principally, classic multiple particle tracking comprises four primary steps, viz., prediction, gating,
assignment, and update, as schematically illustrated in Figure 4.1. The tracking process follows the
presented four steps and adapts the selection of the approaches in accordance with the usage.

4.1.1. 2D linear Kalman filter estimator

Since the plenoptic camera captured the image with a framerate of 330 fps corresponding to around one
image every 3 ms, the motion of one particular particle within two adjacent images can be considered
simply uniform, whose state vector contains only position and velocity when empolying the efficient
linear Kalman filter to estimate the particle position and the corresponding covariance matrix for the
current frame. The tracking process can proceed in either 2D or 3D. Nevertheless, the camera fails to
provide 3D information with sufficient stability, as revealed in the first chapter. Because tracking filters
are generally based on regular motions (linear or nonlinear), the noticeable fluctuations of the spatial
information, especially in the depth direction, significantly limit the performance of direct 3D tracking.
Hence, the particles are tracked two-dimensionally on the image coordinate. Each particle detection of

Gating . .

i . . Assignment Initial

Pre‘;l'oils Prediction of current (Data agssociation) Update particle
particie detection

detections tracklets

Linear Kalman filter Fuclidean distance Global nearest neighbor Kalman ﬁlter
Extended Kalman filter Mahalanobis distance Probabilistic data P mbabllllSU.C data
Gaussian-sum filter association association

Figure 4.1.: Schematic of the multiple particle tracking procedure. Instances of available approaches for individual steps are
listed below.
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the first frame is considered an initial track, with which a linear Kalman filter begins to predict the
particle’s position. Let X; ; denotes the state vector of a special track i at time ¢, then X;; equals

X = [’f’t] . (4.1)
Uit
Both p;, and d;; are column vectors. For a uniform motion, X; ; can be propagated as
Pir = Pir-1+ AT (4.2)
Uie = Uig-1, (4.3)
where p;; stands for the position of track i at time ¢t with two elements corresponding to two image

coordinates, and 9; ; is the relevant velocity vector. Thus, the state transition matrix F can be determined
as

10 At 0
01 0 At

F = (4.4)
0 0 1 0
0 0 O 1

In order to describe the temporally vague deviation of the state vector X;;, an additive process noise
vector w;,; that is white and Gaussian with zero mean is defined [19]. The covariance of w;; is denoted
as Q; ;. As the consequence of the additional process noise vector, the state vector is modified as

Xig = FXip1+wigq. (4.5)
The corresponding error covariance matrix is predicted as

Piy = FPi;1Fr+Q. (4.6)

4.1.2. 2.5D Mahalanobis distance gating

In the gating process, a specific region around one prediction is determined to restrict the range of
candidate detections for subsequent particle association. Generally, the region is defined by a certain
distance to the prediction, such as the Euclidean distance or the Mahalanobis distance. Unlike the
Euclidean distance, which considers only pure distance, the Mahalanobis distance takes the Euclidean
norm and a probability distribution into account. Thus, the Mahalanobis distance corresponds to the
standard Euclidean distance after a whitening transformation. For a given probability distribution
A and a covariance matrix P, which reflects different measurement accuracies in row and column
directions in the image (different measurement accuracies in lateral and transverse directions of the
particle), the Mahalanobis distance between a temporal prediction p;, and an arbitrary detection of the
same frame m with respect to A equals [70]

du(Forii) = Goe = TPy — ). (47)

The gating area excludes the detections with a Mahalanobis distance to the specific prediction exceeding
a predefined threshold d.. As introduced in the second chapter, the plenoptic camera is able to provide
spatial information on the detections. Notwithstanding, the acquired 3D knowledge lacks sufficient
stability and precision in the depth direction. This could lead to the consequence that the variance in
the depth direction is predominant and significantly outweighs the other two directions. Suppose a
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detection is very close to a prediction in the x-y-plane and extremely far away in the depth direction.
In that case, it might also be incorrectly included in the gating area even with the Mahalanobis distance
gating, causing problems for the subsequent process. Additionally, the fluctuated depth information
challenges the selection of de considerably. A large d. will lead to a gating result with many candidate
detections that locate far away from the prediction in the xy-plane, whereas a small d. might ignore
the correct detection with a long depth displacement.

On the other hand, a complete abandonment of applying the depth information in gating could also
give rise to incorrect results due to the loss of the depth information. Therefore, a 2.5D gating is
proposed in the present work to tackle the abovementioned issues. As illustrated in Figure 4.2, the
gating area of an arbitary tracklet at a certain frame is defined as an elliptical cylinder, where the ellipse
corresponds to the 2D Mahalanobis distance gating in image coordinate d;; , and the length of the
cylinder is determined by a maximal depth motion within two adjacent frames d, .. A detection will
only be regarded as a potential candidate if it fulfills

dij < dij,e & dz<dz,e, (4.8)

where the ij refers to the image coordinates instead of a specific tracklet or detection.

Figure 4.2.: Gating elliptical cylinder. The center of the elliptical cylinder locates at the prediction.

The initial tracking process occurs two-dimensionally in image coordinates. Therefore, each prediction
owns a position with two image coordinates. Meanwhile, the prediction takes the depth coordinate of
the last assigned detection as its apriori depth, which is considered the origin of the gating in depth
afterward. Principally, the x-y coordinates system delivered by the plenoptic camera is an alternative
substitute for the image coordinates system. Nevertheless, the x and y coordinates computed by the
camera internally in accordance with the depth coordinate could also reflect the fluctuation to some
extent. Since fluctuation is an unfavorable condition in the tracking process, especially when using a
linear Kalman filter, the particles are thus followed in image coordinates. Moreover, utilizing the image
cocrdinates instead of the x-y coordinates benefits an objective and accurate assessment of the tracking
performance, since the ground truth is generated optically on the basis of 2D captured images.
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4.1.3. Modified data association approach

With the completion of the gating process, the predictions are then associated with the candidate
detections within the corresponding gating elliptical cylinders to extend the tracks to current frames.
In the present work, both GNN and JPDA are utilized to track the fuel particles. As demonstrated
in Chapter 2.3, the two algorithms begin to diverge significantly at the assignment step. The GNN
algorithm attempts to find the sole global minimal cost of the assignments, whereas the JPDA approach
considers the probability of each joint event and weights all candidate detections within the gate. In
the following, the algorithms specialized for the work are illustrated.

GNN

The GNN algorithm assigns detections to predictions using a generated cost matrix, each of whose
elements stands for the cost of the association of a particular detection to a particular tracklet prediction.
The universal cost is defined in Equation 2.50. This work modifies the cost by adding an ancillary cost
regarding particles’ sizes represented by the number of points in a cluster. If a detection j is inside the
gate of a prediction i, the cost of assigning j to i is thereby defined as

Cij = diZj +1n |Pi¢| + ao|Na — Npl, (4.9)

where the first two terms are directly adopted from Equation 2.50 in Chapter 2.3 [50]. The last term is
the supplemented term weighted by a factor a4 to compensate for the magnitude difference between
the terms. The term denotes the absolute difference in the point numbers between the prediction and
detection., where Ny stands for the point number of the candidate detection, and N, equals the amount
of point within the last assigned detection of the tracklet. The point number of a cluster is able to show
the size of a particle since each spatial point is commensurate with a pixel in the image coordinate
system. The point number is also a simple but efficient indicator of particle appearance similarity.
Apparently, the similarity could also be computed alternatively, for instance, by extracting certain
features of the particles. However, the fuel particles of the same fraction differ hardly from each other,
leading to an extremely challenging difficulty in searching for appropriate features. Moreover, even
if suitable features are found, the entailed computational load increases dramatically. Therefore, the
cost element contains only the point number of a cluster as the particles’ appearance similarity. As
presented in Chapter 3.1, the camera might capture the particles incorrectly due to the overexposure
caused by combustion. This problem can be solved by decreasing ay, which can consequently reduce the
weight of the point number in the cost function. The cost for the assignment of outside gate detections
C, as introduced in Chapter 2.3.2, ought to be chosen much larger than the cost elements to avoid false
assignments.

For the purpose of a precise and conveniently controllable assignment, another parameter Cy4 con-
cerning cost threshold is introduced and defined as the cost of non-assignment. If the cost of an
assignment exceeds Cn 4, this assignment will be regarded as impossible with an updated cost equaling
Cna. Introducing Cn4 aims to impose restrictions on candidate detections within the gate. Suppose
an extreme case where only one false positive detection with a sizeable assignment cost is inside the
gate of a prediction. For instance, the detection is far from the prediction, and (or) their numbers of
points are highly distinct. Without the parameter, the detection would be wrongly associated with
the prediction. Meanwhile, the parameter Cy4 can conveniently control the assignment by selecting
different values. For example, if Cy 4 and C are equal in value, the impact of Cn 4 can hardly be noticed.
On the contrary, a small Cy4 can substantially affect the association process by excluding numerous
candidate detections within the gate.
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As an alternative to using depth information only for gating, the depth information can also be integrated
into the cost function of Equation 4.9. Nevertheless, the depth information fluctuates severely and
irregularly, leading to almost unpredictable cost values. Thus, the depth information is only utilized in
the previous gating process.

JPDA

As mentioned in Chapter 2.3.3 and 2.3.4, the JPDA approach weights all candidate detections within
the gate following the respective probability . For PDA, f is generally computed by a predefined rule,
while for JPDA, f ought to be calculated separately in accordance with each joint event afterward. The
initial §; for an arbitary prediction i with totally m(i) detections in gate is defined as [47]

€j P .
—t =1,..,m(i)
b, T
BiGiy={ " . , (4.10)
b+2;~n:(li)_ej i=
where
1
ej =e U (4.11)

denotes the unnormalized probability of assigning detection j to the prediction with c;; representing
the cost function of Equation 4.9. By introducing this newly defined cost, as in the above GNN approach,
JPDA also takes the changes in points numbers into account . In Equation 4.10, b is termed as the
probability of non-assignment and equals

1-PpPs
» .

b = A|2xP;|2 (4.12)

In the expression for the non-assignment probability, A stands for a certain spatial density, which can
be replaced by the sample spatial density of the measurements [47], as

_ m(i)
V(@)

(4.13)

where V(i) is the volume of the ellipical validation region. In Equation 4.12, P; is the corresponding
covariance matrix mentioned before, Pp denotes the detection probability that i evokes a detection, and
Pg stands for the gating probability considering a detection correctly falling into the gating ellipse [33].
Grinberg [33] illustrated computing P based on the Gaussian distribution assumption. Apparently,
the larger the Pp and Pg, the lower the probability of non-assignment. In the study, a possibly large
gating threshold could increase Pg. Furthermore, the value of Pp can also be appropriately large since
the trajectories are relatively continuous. In addition, since the detections on the inner wall of the
rotary kiln have been previously removed and the detection method has been improved, reducing
the probability of non-assignment in the case of having detections within the gate is conducive to
facilitating tracking accuracy. Based on the probability f, the probability regarding the joint events are
computed following definitions in Chapter 2.3.4. Similar to GNN, the depth information is considered
in the gating process instead of explicitly being involved in the data association process.

4.1.4. Update of state vectors

The last step of multiple particle tracking is to update the state vector and its corresponding covariance
matrix according to the assignment outcomes. For GNN, the state vector and the covariance matrix
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of 2D image coordinates are updated by Equation 2.46-2.48, respectively. The update of the JPDA
algorithm refers to Equation 2.52-2.56. The measurement matrix required in the update functions to
map measurements to state vectors is detailed as

H =
01 00

1000}

since only the x and y coordinates of the detections are available, i.e., particle velocities were not
measured. Later, the depth information simply takes the depth value of the assigned detections.
Unassigned tracklets will not be updated. If a tracklet remains unassigned for a certain period, the
tracklet will be deleted from the current tracklist. During the prediction process, the error covariance
matrix of a track is enlarged, i.e., the prediction can fluctuate in a broad range, while the update step
shrinks the covariance matrix and thereby reduces the spread of the predictions. If a tracklet remains
unassigned for a while, its covariance matrix will become extremely large. In spite of a penalty term for
large covariance in the cost function defined in Equation 4.9, a tracklet with a sizeable gating caused
by the large covariance matrix will adversely impact the accuracy of the data association. Hence, the
following conditions are defined to remove tracks that have been unassigned for a long time,

v = v <v. or CIC>CIC.. (4.14)
Age

In the equation, v is the visibility defined as the ratio of total successfully assigned times V and the
age of the track. The age of a track stands for the overall appearance frames of the track, regardless of
the assignment. Once the visibility of a specific track is under a threshold v, viz., a relatively small
percentage of assigned frames in total, the track ought to be deleted from the list. Additionally, if
the consecutive invisible count CIC of a track is beyond the limited value CIC,, the track will not be
considered in the following frames as well. As for unassigned detections, based on each unassigned

detection, a new track is established.

4.2. Novel post-processing framework

Notwithstanding the efforts invested in multiple particle detection and tracking approaches, the straight-
forwardly obtained tracking-by-detection results fail to deliver satisfactory accuracy and reliability
for further analysis of fuel particles’ aerodynamic and combustion behaviors. On account of detection
inaccuracy, such as false positive detections and missing (FN) detections, tracking errors, e.g., incom-
plete tracklets and faulty tracklets, persist in the preliminary tracking outcomes. In order to address
these issues and thereby optimize the tracking performance, a post-processing framework for multiple
particle tracking-by-detection is proposed and demonstrated in the present work, which is initially
introcued in [130] and modified by [133] afterward. A concise and schematic overview is shown in
Figure 4.3. All acquired particle traces before post-processing are recognized as tracklets regardless
of their actual lengths and durations. The traces can be ultimately identified as trajectories after the
post-processing. Withal, the notations with subscript € indicate threshold values whose exact values are
elaborated in Chapter 5. In the following, the presented steps in Figure 4.3 are described gradually.

Initial False Pruning ) ) Definitive
tracking tracklots outliers in Trackl(fts Trajec.torles tracking

results elimination tracklets connection fusion results
(tracklets) (trajectories)

Figure 4.3.: Schematic overview of the novel post-processing framework.
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4.2.1. False tracklets elimination

Firstly, false tracklets ought to be excluded from the tracklist to avoid their adverse influence on further
steps. The tracklets that are extremely short, moving noticeably slowly, or too irregularly are regarded
as false tracklets. The following equation gives quantitative constraint conditions of remaining tracklets.
A tracklet T; can only persist if it fulfills the requirements

D(T)>De & [Vi|>Ve & Rpz>Re (4.15)

The three conditions restrict the duration, motion, and regularity of a tracklet, respectively. The first
term requests a minimum duration of T;, viz., the duration of T; (9 (T;)) must be beyond a predefined
limitation De. Sebsequently, if the ith particle moves considerably slowly or even non-moving, such as
particles landing on the inner wall of the kiln, its motion is outside the research interest and hence
should be pruned. The movement of the particle is represented by the arithmetic average magnitude of
the temporary velocity vector |V;| that is formulated as,

S Vil

V| = 4.16
[Vi| D) —1 (4.16)
with T T
‘/1' — i,t+At — Lt 417
=T (4.17)

denoting the temporary velocity of T; at time ¢. Here should be noted that the bolded T;; represents
the position vector of a tracklet T; at a frame ¢, while the unbolded T; simply refers to the ith tracklet.
The temporary velocity V;; is computed as the displacement within two consecutive positions T;; and
Ti r+a+ divided by the corresponding time difference At. The second condition deletes the tracklets
with an average arithmetic magnitude below the threshold value V. The third term of the Equation
4.15 places restrictions on the regularity of the tracklet. In the light of the manually labeled ground
truth trajectories, the 2D particle traces roughly approximate second-degree polynomials. Therefore,
the cross-correlation coefficient of tracklet T; and T;, which stands for a second-degree polynomial
approximation of T;, is computed and compared to the limitation Re. With a coefficient R}z over
Re, T; is able to prove its regularity preliminarily. Figure 4.4 schematically illustrates these three

I

i j i j T; T;
Duration Speed of movement Regularity
T;: tracklet fulfills the conditions T;: tracklet fails to satisfy each condition

Figure 4.4.: Examples of eligible and ineligible tracklets. Each condition is accompanied by two instances. Tracklets in green
are eligible tracklets, while red tracklets are false tracklets.
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conditions visually, and for each condition, instances of tracklets meeting and not meeting the criteria
are presented. Only the tracklets with the abovementioned three measures exceeding the defined
threshold values remain for further processing.

4.2.2. Deleting outliers in tracklets

On account of false positive detections persisting in retained tracklets, the outliers in each tracklet will
be subsequently identified and pruned. The majority of the outliers are a consequence of clutter and
could result in irregular local peaks in tracklets. Deleting outliers is conducive to computing potential
tracklet matching pairs for the next step and, thus, is regarded as a preparation for further tracklet
connection. In the present work, the change of the velocity vector, both in magnitude and angle, of two
consecutively assigned frames is defined as the criterion for judging outliers. A detection belonging to
tracklet i at time ¢ is identified as an outlier, if

91’,1‘—1 > 96 & |AVi,t—1| > AV<—:> (4-18)

with
|[AVi| = |Vie = Vigl (4.19)

denoting the magnitude of the successive velocity change and 6; ; standing for the corresponding angle,
as depicted in Figure 4.5. Additionally, three situations concerning the criteria in the Equation 4.18 are
also illustrated. As enlightened by the figure, the fulfillment of one condition (angle or magnitude) is
insufficient to identify outliers. The outliers ought to satisfy both requirements simultaneously. Once
an outlier is detected, it will be provisionally removed from the tracklet, and then the entire scanning
process is repeated until no outlier is found. Finally, the marked outliers are pruned. In practice, latent
outliers are found by extrapolating forwards, starting from the first position. Notwithstanding, the
solution could give rise to erroneous identifications for the second assigned detections, as illustrated in
Figure 4.6. Following the definition of Equation 4.18, T;;, could be inaccurately defined as an outlier.
To tackle the issue, the second assigned detection is examined backwards from the last one with the
modified condition,

Oipe1 > 0 & |AVip| > AVe. (4.20)

As revealed by Figure 4.6, the second assigned detection can be identified and pruned. Subsequently,
the identification of outlier is conducted according to the previous description.

Apparently, the above-elaborated approach can only screen for outliers except for the initial position.
The initial position lack a velocity vector. For the first point, the determination is made according to
the average of the following three velocities, as depicted in Figure 4.7. The average vector is thereby
assumed to be the following velocity. The outlier detection is performed according to Equation 4.18.
Checking whether the first point is an outlier should be performed before the backward scanning to
avoid impact on the judgment of the following points.

Trajectory outlier detection is a vital data processing research topic that increasingly attracts researchers’
interest. For instance, Knorr et al. [48] studied the notion of distance-based outliers for the sake of
detecting exceptions in large, multidimensional datasets. The trajectory is transformed into an object
consisting of three independent attributes: position, direction, and velocity. Then the traditional
distance function is applied to calculate the distance between trajectories to detect outliers. Further, Li
et al. [61] proposed a novel framework ROAM (Rule- and Motif-based Anomaly Detection in Moving
Objects) for efficiently and effectively identifying anomalies. ROAM expresses trajectories with discrete
pattern fragments (motifs) and extracts associated features to build feature space, which is then
explored by a rule-based classifier. Besides, a trajectory outlier detection algorithm TRAOD, which
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T,

Angle between velocity vector

Vie,
AV;
N T, T T
Oir, > 0 0. < 0 0ic. > 0,
Velocity vector difference Ltz € Ltz € it3
Y [AVie,| <|AV| |aV; 5| > AV, | |AV;e,| > 14V
Situation 1 Situation 2 Situation 3

Figure 4.5.: Schematics of the notations for outlier detection and three situations concerning the outlier criteria. Green circles
stand for inliers, while red circle represent outlier. Situation 1: the angle between V;;, and V;, satisfies the first condition,
whereas the vector difference magnitude (JAV;;,|) does not exceed the limit. This situation may be a consequence of several
particles falling after rising slightly due to their inertia, which is not able to judge outliers. Situation 2: the velocity difference
magnitude |AV;, | satisfies the second condition, but the angle 6; 4, is relatively small. The main reason is the cross-frame
assignment. The two positions T; ;, and T;;, are from two adjacently associated time points instead of two consecutive frames.
Consequently, |AV; s, | is beyond the threshold, while 6; ;, is small. Situation 3: Tj , fulfills the both conditions and should be
pruned.

. 4
Tl‘fl Ti,t1 /7 Ti,tl

Forward Backward

Figure 4.6.: Forward and backward computing of outliers in Situation 3 of Figure 4.5. For forward scanning, Tj s, could be
wrongly identified as an outlier because of the unfavorable influence of the real outlier T;;,. Reversely, computing both
forward and backward can address the issue since the problem does not persist in computing backward.
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Vi,tz + Vi,tg + Vi_t4

Figure 4.7.: Checking the last point. The average of the last three velocity vectors V; s, Vit,, Vi s, is assumed the next velocity
vector for computing of Equation 4.18.

partitions a trajectory into several line segments and detects outlying line segments for trajectory
outliers subsequently, is developed by Lee et al. [57]. As proved by the authors, TRAOD is able to detect
outlying parts of trajectories. Enlightened by TRAOD, Liu et al. [125] recommended a Trajectory Outlier
Detection Based on Local Outlier Degree (TraLOD) that uses a degree to express outlying features.
The approach introduces the relative distance of segments and shows a satisfactory performance of
detecting trajectory outliers. These mentioned algorithms can accurately target anomalous segments
in an extensive trajectory database and thus are adequate for analyzing suspicious motion. However,
these algorithms also require a high computational cost. Since the particle trajectories in the present
study are relatively regular, the algorithm described above (Equation 4.18) can deliver outcomes with
sufficient accuracy. Therefore these complex algorithms are not further discussed in the work.

4.2.3. Tracklets connection and merging

After accomplishing the previous two preparation steps, the remaining tracklets can be connected or
merged into trajectories. Figure 4.8 schematically illustrates the connection and merging approach,
which is developed as an iterative process. The process begins with scanning for potential tracklet
matching pairs among the entire tracklet list. Subsequently, the corresponding pairing cost of each
matching pair is computed, which constructs the cost matrix afterward. In accordance with the
cost matrix, the bilateral nearest neighbor matching pairs are allowed for connection and merging.
Afterward, the tracklet list is updated accordingly. The entire procedure will be repeated until there is
no possible tracklet matching pair within the current tracklet list. In the following, the individual steps
are elaborated.

Criteria for possible tracklet matching pair

At first, two cases with respect to time overlap ought to be highlighted and pinpointed by means of
Figure 4.9. If a potential tracklet matching pair T; and Ty with T; appears earlier than Ty, two situations
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Figure 4.8.: Flowchart of tracklet connection.

can be expected regarding the temporal overlap, as presented in Figure 4.9. If T; and T do not overlap in
the timeline, their matching is specified as the tracklet connection. Conversely, if the matching pair T;
and Ty appear partially simultaneously, their matching corresponds to the tracklet merging. In summary,
temporal discontinuity is a sign of tracklet connection, while temporal overlap is a prerequisite for
tracklet merging. The ideal situation is a complete trajectory, i.e., neither gaps nor overlaps. Therefore,
two tracklets should have as few temporal gaps or overlaps as possible in order to be regarded as
potential matching pairs. Only if the time gap or time overlap of T; and T varies within a reasonable
range can they preliminarily be considered as a potential matching pair, viz.,

tTk,l - tT,-,end < teconnect OT KNTi N KNTk < kne,merge- (4-21)

where t7, ; stands for the initial time of Ty, while tr, .,4 denotes the ending time of T;. Based on the
fact that a tracklet probably might not be successfully assigned for each frame, the parameter N is
introduced, which denotes a set of discrete appearance times of a particular tracklet. For instance, N,
in Figure 4.10 right equals [1,3,4,5,7,9,10,11], while K N7, is [8,9,11,13,14,15,16]. Under this circumstance,
KNz, N KNr, stands for the cardinality overlap, viz., [9,11] with a size of 2. Additionally, t¢ connecr and
kne merge are predefined thresholds with subscripts indicating distinct values for tracklet connection
and merging, respectively. While t connec: restricts the time gap of the matching candidate, kne merge
constraints the simultaneous time cardinality overlap to a rational range.

In addition to the temporal requirements demonstrated in Equation 4.21, further criteria to impose
restrictions on potential tracklet matching pairs with respect to the connected part are also defined.
Since the locations and tendencies of the tracklets can vary significantly, criteria apart from temporal
limitations are pretty vital. These newly introduced restrictions basically constrain the flatness and
smoothness of the connected part of the two tracklets, which is presented in Figure 4.10. Thereby,
the notations in Figure 4.9 are followed, where T; denotes the antecedent tracklet, and Tj stands for
the subsequent tracklet. The connected part Tj; is underlined by black dashed rectangles. For tracklet
connection, the connected part consists of three last temporary detections of the antecedent tracklet
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OT; 8 Ty
Tracklet connection

(@)

oT; 8 Ty A Ty

Tracklet merging
(b)

Figure 4.9.: Tracklet connection and merging [130]. (a) Tracklet connection: T; and T; do not overlap temporally and are
simply connected. (b) Tracklet merging: T; and T overlap temporally. For the overlapping time, the tracklet is represented by
the average arithmetic positions of T; and Tj.

(e.g., Figure 4.10, T;: t=5, 7, and 8 (14, t5, s))) together with three first detections of the subsequent
tracklet (e.g., Figure 4.10, Ti: t=11, 13, and 14 (fy, t5, t3))). For tracklet merging, the first temporally
coincident detection (e.g., Figure 4.10, T;: t=9 (t)) and its two previous detections of the antecedent
tracklet (e.g., Figure 4.10, T;: t=5 and 7 (14, t5)), as well as the last temporally coincident detection (e.g.,
Figure 4.10, T;: t=11 (f3)) and its following two detections from the subsequent tracklet (e.g., Figure 4.10,
T;: t=13 and 14 (14, t5)), belong to the connected part.

In order to be potential matching pair, two tracklets T; and T must fulfill the following requirements,

- No outliers exists in the connected part T according to Equation 4.18. As the outliers in the
original tracklets are already pruned, any outlier in T can forecast an inadequate connection of
T; and Tj.. Moreover, this requirement also avoids connecting two trajectories far apart in the 2D
image coordinates since, by definition, an outlier exists in this case.

- The connected part is not a false tracklet in line with Equation 4.15 but without the duration
limitation.

- An adequate tracklet connection ought to avoid significant fluctuation of the connected part, viz.,

Aziky < Aze (4.22)
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Tracklet connection Tracklet merging
® Ti A Ty * Tl x Tik

Figure 4.10.: Tracklet connection part. T; and Ty is a possible matching pair that is connected or merged to build a new
tracklet Tj . Left illustrates the connection of tracklet T; and T, while the tracklet merging is shown on the right. Dashed
rectangles mark the respective connected parts Tj. In the figure, the time cardinality of each tracklet is also indicated in
parentheses to distinguish it from the actual time (frame). Obviously, unlike the discontinuous actual time of each tracklet,
the time cardinality is always continuous.

with
Zik,t+At — Zik,t |

At
denoting the temporally averaged depth difference between two successively assigned frames.

Azjgy = | (4.23)

Matching cost

With the possible tracklet pairings identified, their pairing costs are computed on the basis of the
following expression

R
max(F, 1) '

(4.24)
These six terms represent the angle, velocity, depth, time overlap, time gap, and connection feature of
the tracklet connection, respectively. The first term 0 denotes the arithmetic average of 0, ; with the
unit degree; |AV k| stands for the arithmetic average of Vi, with the unit pixel per frame; Az;y is the
arithmetic depth difference between frames with the unit millimeter per frame. These three terms are
conducive to selecting smooth connections. If two tracklets are not adequate for matching, such as
being far away from each other, a high cost can be expected. The fourth and fifth terms penalize the
connection with long time gaps or temporal overlaps. For tracklet connection, the fourth term equals
zero, as the matching pair do not overlap. Correspondingly, the fifth term matters only for tracklet
connection since the time gap does not persist in tracklet merging. Thereby, |KN7, N KN7, | denotes
the number of elements of the intersection of the sets of appearance time.

C(Tl, Tk) = a@,-k + b|ﬁik| + CA_Z,'k + €|KNT1. N KNTkl +d - max ((tTk,l - tT,—,end) S 0) +

The last term is derived from the laws’ properties (also known as texture energy measures) [56], that
extracts texture features by virtue of filtering images with various masks. In the research, Laws [56]
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recommended five one-dimensional convolution masks, Level, Edge, Spot, Wave, and Ripple, that are
generated by convolving two 1x3 vectors, as presented by the following expressions,

[L5] [1 4 6 4 1
E5 -1 =2 0 2 1
S5|=|-1 0 2 0 -1 (4.25)
ws| [-1 2 0 -2 1
R5 1 -4 6 -4 1

The vectors are ordered by sequency and are weighted toward the center. Moreover, the vectors are
independent but not orthogonal. The five masks are designed to identify different features. L5 aims to
compute the symmetric weighted local average; E5 is able to detect borders and edges; S5 is applied to
recognize spots. As suggested by the name, W5 can detect potential wave shapes, while R5 is utilized
to identify image as rippled [54]. Additionally, the author suggested combining these masks to build
two-dimensional masks that could facilitate feature extraction performance. Based on the listed five
masks, 25 combinations can be produced, as presented in Figure 4.11. Convolving these combinations
with a texture image will accentuate the microstructure of the texture [21].

LL LW

EL EW
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|
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x X ] ] P ]

e e S

Figure 4.11.: 25 combinations of Law’s masks for feature identification.

The mask is subsequently applied on the sum of frame differences acquired by adding a set of consecutive
frame difference images within the time period of the tracklets’ appearance, as figured in Figure 4.12.
The computing window is schematized on the figure as well, which is defined as a parallelogram whose
vertexes depend on the dominant connection of the tracklets. For a vertically dominant connection, the
vertexes have the following localization,

c _ r c r c _ r c r
(’I‘ixtTi,end w, "Z—‘iytTi,end) ’ (’Ti’tTi,end + w, ’Ti:tTi,end)’ (Tk,tTk,l w, Tk’tTk,l) > (Tk,tTk,l + w, TkatTk,l ) :

Accordingly, a lateral connection entails a parallelogram with the vertexes
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Vertical
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Vertical s Vertical %
window =) \ window 1.
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t=7

Figure 4.12.: Example of windows for laws’ mask on the sum of difference images acquired by background subtraction [133].
The left window (red/green) is a vertical window for tracklet connection, where the vertical connection dominates. Corre-
spondingly, the right window (blue/yellow) is a lateral window for tracklet connection. Moreover, the window(orange/purple)
indicates a vertical window for tracklet merging.

c r _ c r c r _ c r
(’I}:tTj,end, Y}stTj,end W) > (Y}atTj,end’ Tji:tTj,end + W)’ (Tf,tTf,l’ Tf,tTf,l W) ’ (Tf,tTf,l’ Tf,tTf,l + W)

Thereby, T}, stands for the column position of the tracklet T; at time ¢, and T, denotes the row position
of the tracklet at time ¢, e.g., Ti?tr«,end is the column position of tracklet T; at the end time of the tracklet T;.
And w is the half of the window's length. The window’s direction is related to the dominant connection
distance of the pairing tracklets. The window size of a particular matching case depends on the locations
of the corresponding tracklets and the window length w, which is selected according to the average
particle size in the image coordinate. As exampled in Figure 4.12, the red/green and orange/purple
are vertical connection windows since the connection is primarily vertical. Correspondingly, the
blue/yellow window indicates a lateral window for tracklet connection. Using laws’ properties to
identify tracklet-like features reduces the impacts of accidental illumination changes and enhances the
robustness afterward. By convolving diverse mask combinations with extracted subimages with and
without tracklet-like features, the combination of Level-Edge (LE) mask is selected, which can deliver
the most considerable difference in values, as presented in Figure 4.13. Initially, 25 combinations could
give rise to 25 filtered windows. Nevertheless, for transposed mask combinations, their corresponding
filtered images are fused by taking the average value of each element resulting in 15 different varieties.
Moreover, by computing the average of the transposed filtered image, vertical and lateral features are
more likely to be detected simultaneously. Subsequently, the filtered image is summed over and divided
by the number of non-zero pixels. The result is then listed in Figure 4.13. As revealed by the tables, the
LE mask combination can best highlight the tracklet-like feature, with a maximum difference of up to
39 times and a minimum of more than 7.

Additionally, a, b, c, d, e, and f in the cost function represent the corresponding weighting factors of
each term, whose values are detailed in the next chapter.
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Figure 4.13.: Examples of windows and their respective convolutions with diverse combinations of Laws mask. Window (f)
corresponds to the window without tracklet-like features, while the remaining five are with features. The upper table shows
the convolved values of order 103, while the lower table is normalized by the corresponding bottom values, thus highlighting
the contrast of values with and without tracklet-like features.

Dual Nearest neighbor (DNN)

While the previous two steps of tracklets connection and merging tackle the problem of scanning
potential matching pairs and computing their matching costs, the issue concerning processing the
connection in accordance with the calculated pairing cost remains unsolved. In principle, the connec-
tion should follow the minimum cost rule, viz., the lower the cost, the higher the probability of the
connection. Theoretically, the Kuhn-Munkres algorithm utilized in the GNN is introduced to deal with
the problem of searching global minimum cost. However, as demonstrated in Figure 4.14, the overall
minimum cost is often accompanied by a compromise of local matching options leading to unfavorable
outcomes. The figure illustrates the solution of the Kuhn-Munkres algorithm (GNN) and a dual nearest
neighbor (DNN) approach for the exact matching problem, respectively. As mentioned before, the
tracklet connection/merging is an iterative process. Once one iteration is accomplished, the tracklet
list is updated. The GNN'’s solution of each iteration is based on the cost matrix in orange, and the
corresponding lowest cost is darkened in red. Apparently, in the first iteration, the Kuhn-Munkres
algorithm mistakenly connects tracklets 1 and 3 to achieve the global minimum cost, consequently
resulting in an undesired outcome. Under this circumstance, the dual nearest neighbor approach is
recommended, which precedes the GNN algorithm from the performance point of view. Two tracklets
are allowed to be connected only if they are the bilateral nearest neighbor, viz., one tracklet is the
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Figure 4.14.: Instances of tracklet connection using Kuhn-Munkres algorithm (GNN) and DNN, respectively. As described
previously, the connection process is iterative. The cost matrix is updated immediately after each connection, based on which
the remaining tracklets are reconnected until no potential matching pairs. Each arrow in the figure points to an iteration. C
in the cost matrices indicates the impossibility of a tracklet matching pair with a tremendous cost value. Tracklets with the

same marker belong to the same tracklet. [133]
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nearest neighbor of the other, and the other is also the nearest neighbor of the first one. As depicted in
Figure 4.14, the DNN algorithm solves the connection problem according to the cost matrix in pale
green, and the dual nearest neighbors are underlined in green. Because the DNN algorithm merely
connects the dual nearest neighbor pairs in each iteration, local connections are not supposed to make
concessions for the sole global minimum cost. In the first iteration, only the fourth and fifth tracklets
can be connected. Subsequently, the first and the fourth tracklets are matched. Finally, the second
and third tracklets are coupled. In comparison to the Kuhn-Munkres algorithm that endeavors for
a globally optimal solution, DNN considers the local minimum cost and succeeds in obtaining the
expected result.

4.2.4. Trajectories fusion

With the completion of the tracklets connection/merging, the tracklets become trajectories. For the
majority of applications, the tracking process is accomplished, and the trajectories represent the ultimate
outcomes. Nevertheless, one particle could trigger more than one trajectory within a certain period in
case of dealing with detections containing substantial duplications and noise. Hence, a further step
of fusing trajectories of one identical particle is essential. As schematically presented in Figure 4.15
left, the trajectories fusion differs only slightly from tracklets connection/merging. Generally, tracklets
connection/merging and trajectories fusion follow the same iterative procedure. Potential tracklet
matching pairs do not allow a long temporal overlap, but for potential fusion pairs, this constraint is
unnecessary. Besides, the terms in Equation 4.24 concerning the time gap and overlap are omitted.
Except for these distinctions, the rest of the procedure remains unchanged. An example of trajectory
fusion is shown in Figure 4.15 right, where trajectory T; and Ty are fused to one trajectory T;.

T;
t=1(t)@®
£=3()®
E=4(t) @
\
t=5(ts)
If any
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I Computing matching cost I t=11(t) \ t=11(ts) t=11(to)
No t =12 (tg) % t =12 (t5) t =12 (t10)
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Figure 4.15.: Flowchart of trajectories fusion (left) and a corresponding instance of trajectories fusion (right).
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4.2.5. Application examples

In order to enhance the visualization of various steps of post-processing and consequently improve
the understanding of their effects, this chapter gives application examples with respect to each step
of the proposed post-processing framework. Because the trajectories of different fuel particles vary
significantly, two representative particle trajectories, wood chip and paper shred, are exampled here.
Figure 4.16 shows the initial trajectories of the two fractions obtained by 2.5D GNN before post-
processing. As described beforehand, with the presence of tracking deficiencies, such as incomplete
trajectories and outliers, the initial tracking results fail to provide satisfactory tracking performance.
These trajectories are processed by the proposed novel post-processing framework subsequently.

Figure 4.16.: Inital tracking results of wood chips (a) and paper shreds (b).

Figure 4.17 presents the temporary tracking results after the first step of the post-processing, viz., false
tracklets elimination. The first step aims to delete tracklets that are too short, moving too slowly, or
too irregular. As shown in the figure, the vast majority of the error tracklets meet the pre-defined
conditions in Chapter 4.2.1 and are consequently removed.

(@) (b)

Figure 4.17.: Temporary tracking results of wood chips (a) and paper shreds (b) after false tracklets elimination.
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Figure 4.18 gives the tracking outcomes after performing the second step, deleting outliers in each
tracklet. With the completion of this step, the outliers defined in Chapter 4.2.2 within the tracklets
are pruned. As proved by the figure, the tracklets become smoother despite incompleteness. This step
is regarded as a preparation for tracklet connection and is conducive to scanning potential tracklet
connection pairs.

(a) (b)
Figure 4.18.: Temporary tracking results of wood chips (a) and paper shreds (b) after deleting outliers in each tracklet.

Subsequently, the post-processing framework begins to search potential tracklets matching pairs in
accordance with Equation 4.21 and connect or merge them by means of the DNN approach. Figure 4.19
shows the obtained trajectories after accomplishing the third post-processing step. For fractions with
regular motions, for instance, wood chips, the results could provide sufficient adequacy and accuracy to
allow for further analysis of the particles’ properties. Notwithstanding, for fractions with complicated
motions, such as paper shreds, the acquired trajectories entail further processing. As highlighted in the
five enlarged rectangles in Figure 4.20, several particle traces correspond to more than one obtained
trajectory. Due to the sizeable length of paper shreds, detection duplications occur more frequently,
which gives rise to more simultaneous tracklets of one particle. Therefore, the trajectories are then
processed by the supplementary step of the post-processing framework.

(a) (b)

Figure 4.19.: Temporary tracking results of wood chips (a) and paper shreds (b) after tracklets connection and merging.
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Figure 4.20.: Temporary tracking results of paper shreds after tracklets connection/merging and several enlarged exemples of
the trajectories highlighted in the rectangles.

The last step of the post-processing framework is to fuse trajectories corresponding to one particle.
This step serves as an additional step that is performed when necessary. For instance, particles with
regular motions, like wood chips, do not entail trajectories fusion since, generally, one particle triggers
only one trajectory. For paper shreds with a number of detection duplications, the last step benefits the
optimization of tracking performance and lays the foundation for the subsequent analysis. Figure 4.21
provides the final tracking result of wood chips and paper shreds. Only the trajectories starting from
the lance remain for further process. Compared to the initial tracking results, the trajectories after
post-processing provides significant improvement.

(a) (b)

Figure 4.21.: Final tracking results of wood chips (left) and paper shreds (right) after post-processing.
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4.3. 3D Regression of trajectories

Since the particles were with faint brightness as conveyed through the lance, they were probably not
captured by the plenoptic camera until several frames later. Therefore, the resulting trajectories also
do not start at the lance, as shown in Figure 4.22. Moreover, because of the fluctuating information
delivered by the camera, the obtained 3D trajectories are not smooth enough to provide a reliable basis
for further statistical analysis of particle properties.
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Figure 4.22.: Examples of spatial particle trajectories without regression from two views.

Thus, the resulting 3D trajectories should be regressed at first. On the one hand, the trajectories can
be smoothed by the regression to facilitate the subsequent analysis. On the other hand, the particles’
fly-out time can be computed, benefitting the determination of their combustion time. Given that the
motion of different particles varies significantly and the movements of the same particle in different
directions are also distinct, the polynomial order must be determined separately for each particle and
each coordinate. For each direction, the corresponding polynomial is a function of time ¢t. Meanwhile,
since the three polynomials are independent, they are also not necessarily of the same degree. For
example, in the x-direction, the displacement of the particle is smaller and more regular, and therefore
the approximate polynomial could be with a lower degree. The vertical motion is more consistent with
free fall. Thus, the polynomial corresponding to the y-direction is probably quadratic. In contrast, the
depth displacement fluctuates significantly, leading to regression with higher order.

However, considering the precondition that all particles pass through a spatial point representing
the lance’s exit, i.e., that each estimated polynomial is supposed to own a fixed coordinate at the
exact moment, these three regressions are not entirely independent. Let the following simple instance
illustrates the regression process with three quadratic polynomials,

X p2xt2 + pixt + Pox
y| = |payt® + pryt + poy |, (4.26)
z P22t2 + p1zt + Poz

with time variable ¢ and coefficient vector [pax, p1x, Pox: P2ys P1y» Poy» P22 P12 Poz]. The expression for a
trajectory passing through a particular spatial point [xo, 4o, zo] denoting the lance’s exit at time #, is

Xo P2xt§ + pixto + Pox
Yo| = |Payté + Pryto + poy| - (4.27)
Zo Pzztg + pizto + Poz
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By reformulating the equations, [pox, Poy, Poz] can be expressed as

Pox Xo — (P2xtg + pixto)
Poy| = |Yo = (P2ytf + pryto) | - (4.28)
Poz 20 — (pZztg +plzt0)

Subsequently, Equation 4.28 is substituted into Equation 4.26 to acquire the following equations

x Paxt? + pixt +x0 — (prté + pixto)
yl = PZytz + pryt +yo — (PZytg +p1yt0) . (4-29)
z Pazt® + przt + 2o — (Pazt + pizto)

Thus, the polynomials representing the trajectory are transformed from the previous nine parameters
(Equation 4.26) to seven parameters (Equation 4.29), i.e., [p2x, P1x> P2y» P1ys P2z> P1z> to]. The constraint,
viz., that each of the three polynomials take the values xy, 1o and zy respectively at the same time ¢,
reduces the polynomial model by two degrees of freedom (This also applies to higher-order polynomial
regressions). Moreover, by virtue of estimating polynomials, t, as a parameter can also be computed,
from which the exact time when the corresponding particles are conveyed out can be determined.

The polynomials are approximated by solving the nonlinear least squares problem utilizing the trust
region approach [18] based on temporal trajectory coordinates. In order to reduce the difficulty of the
regression and increase the performance accuracy, the ranges of parameters are preset beforehand. The
ranges are determined by solving Equation 4.29 for a few randomly selected points on the trajectory. In
addition, ¢, itself has its own restrictions, e.g., it must take a value less than the time when the first
detection occurs. Introducing such constraints benefits reducing the computational cost and meanwhile
improving the accuracy.

In computing, the different orders in each direction are combined with each other. If the highest order
is set to n, the total number of combinations is n3. That is to say, the number of combinations increases
significantly for each additional order. Moreover, a higher order also retains more fluctuations in the
trajectory, which is not definitively conducive to further analysis. Besides, the higher the regression
order, the longer the computation time required. On the contrary, polynomials with lower orders might
not be able to represent the motions appropriately. To determine the adequate polynomial order, a set of
trajectories with different regression orders is investigated according to the measures described in [88],
viz. root mean squared error (RMSE) [40], Mean absolute percentage error (MAPE) [22], R-squared
R? [16], and adjusted R-squared R*2, Assuming a trajectory with n data points is fitted by k order
polynomials, then the RMSE in x-direction is defined as

RMSE = (4.30)

where x; denotes the detected x coordinate, and x; stands for the corresponding fitted value. RMSE is
an average squared error and can estimate the performance of the regression. A small RMSE indicates
an accurate fitting outcome.

MAPE is another estimation criterion that compares the relative performance of forecasts. With a value
of less than 10%, an estimation is interpreted as excellent. Basically, a regression with MAPE smaller
than 50% would be acceptable. MAPE is defined as follows,

n

100 %
MAPE= — %' XiZh)

(4.31)
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The R-squared is defined as

Z?ﬂ (x; — Jei)2

Y (i — %)
where x is the arithmetic average coordinate. Theoretically, the R-squared is a normalized measurement
with a value from the range [0,1]. The value of R? provides statements concerning regression accuracy.
The larger the value, the more accurately the estimation fits the actual. Additionally, the adjusted
R-squared R*? is computed by

R®=1- (4.32)

, (1-Rdk
n—(k+1)

Obviously, R*? adjusts for the number of variables included in the regression equation and is always

more minor as R%. If R*? is much lower than R?, the sample trajectory might be over-fitted and of

R*? =R (4.33)

limited generalization [88].
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Figure 4.23.: Measures of the polynomial estimated trajectories with different orders (a) RMSE (b) MAPE. (c) R-squared. (d)
Adjusted R-squared.

Figure 4.23 figuratively shows the values of the measures for the selected trajectories fitted with
polynomials of different orders. Generally, the accuracy of the regression improves as the order
increases. However, this improvement becomes ignorable as the order increases and even slightly
decreases with the order higher than 6. Since the fluctuation in the depth direction is intensest, RMSE
in the z-direction is significantly larger than in the other two directions. Similarly, the R? and R*? values
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4.3. 3D Regression of trajectories

in the z-direction are smaller than those in the other two directions. Still, they are all higher than 0.9,
indicating the satisfied adequacy of the regression model. On the contrary, MAPE in the z-direction is
the lowest as a consequence of the relatively large depth values. Based on the information delivered by
the figure, the computational range of the directional regression order is determined from 2 to 6 to
ensure a certain adequacy and efficiency. The regression process is stopped if the optimization of the
measures is less than 1% for each order of enhancement.

An example of estimated spatial trajectories is given in Figure 4.24 left. In addition, the estimated
polynomials with corresponding average particle gray values are shown in Figure 4.24 right, which
enables a statistical investigation into the particles’ combustion properties. The estimated polynomials
are evaluated according to the measures mentioned above.
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Figure 4.24.: Spatial particle trajectories with polynomial regression. Left: Estimated polynomials. Red Cross stands for the
lance, and thick solid lines are the estimated piolynomials. Right: spatial trajectories with corresponding particle gray values.
Each point represent the corresponding gray values of the detections.
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5. Results and discussion

This chapter summarizes the findings and contributions made utilizing the beforehand presented
approaches. At first, the results of multiple particle detection and classification are illustrated and
evaluated in accordance with the confusion matrix (precision, recall, and F;-score) [53]. In addition,
a ground truth dataset of particle detection is introduced, which can also function as a benchmark
dataset to assess detection and clustering algorithms, as demonstrated in [115]. Subsequently, the
obtained 2D particle trajectories with and without the developed novel post-processing are shown. The
trajectories are further evaluated with respect to several measures recommended in [14]. Similarly, a
set of 2D ground truth trajectories is also shown in the chapter. The trajectories are then converted
into spatial trajectories and estimated by polynomials afterward. Finally, the flight and combustion
behaviors of RDF particles, primarily consisting of dwell time, velocity, and ignition time, are analyzed
and discussed. The measurements were conducted both in the rotary kiln and the combustion chamber.
Notwithstanding, the information accumulated from the measurements in the combustion chamber
fails to provide satisfactory outcomes since the fuel particles only fall a short distance before attaching
to the inner wall, which is not able to deliver statistical statements concerning the particles’ properties.
Therefore, only the results obtained in the rotary kiln are presented in this chapter.

5.1. Results of multiple particle detection and classification

In the following, the results of multiple particle detection and classification are presented. Above
all, the benchmark dataset serving as the ground truth for the assessment is introduced. Based on
the ground truth, the performance of the background subtraction algorithms presented in Chapter
2 together with particle detection and clustering approaches can be quantitatively evaluated. The
benchmark also provides statements concerning particle positions relative to the kiln’s inner wall.
Therefore, the performance of 3D particle classification using approximated cylinder model can also be
assessed objectively.

5.1.1. Ground truth dataset

For the acquisition of a ground truth dataset to quantitatively evaluate the detection performance,
particles from 50 frames were manually identified and labeled. The 50 images were selected from
five different sequences with ten images each. As mentioned before, all RDF fractions are conveyed
together into the lance to ensure an objective statement of the detection performance. The burning and
non-burning particles were not evenly distributed across the five sequences, with several sequences
containing more burned particles, some dominated by non-burning particles, and others with burning
and non-burning particles roughly equal in total number. The particles were classified into three
categories denoted by different digits 2,3, and 4, as presented in Table 5.1. The digits 0 and 1 indicate
the rotary kiln’s inner wall and the burner flame, respectively. The class representing non-burning
particle on the inner wall does not exist since the high inner wall temperature (approx. 1200 °C) ignite
all landing particles. The particles were labeled pixel-by-pixel, i.e., each pixel of a particle was labeled,
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to ensure an accurate assessment. As long as one detection falls within the pixel range of a particle, the
detection can be associated with the particle. Figure 5.1 gives an example of labeled ground truth with
the mentioned classes.

Table 5.1.: Classes with their corresponding labels in ground truth.

Class Label
Rotary kiln inner wall 0

Burner flame

Burning particle in air

Non-burning particle in air

[N ORI N CN

Burning particle on the inner wall

1 B Burner flame 2 I Burning particle in air

3 Non-burning particle in air 4 [l Burning particle on the inner wall

Figure 5.1.: Example of the labeled ground truth image. The particles and flame are labeled pixel-by-pixel.

Additionally, another label concerning the particle’s 3D information is also listed. If the 3D information
of a ground truth particle is available, the list is filled with 1; otherwise, 0. Overall, 5701 ground truth
particles are identified, with 3920 particles in air and 1781 on the inner wall, as illustrated in Table 5.2.
Because the burning particles are larger and brighter, which benefits the capturing of the plenoptic
camera, almost all burning particles own complete or partial 3D information. In contrast, non-burning
particles are relatively smaller and darker. Therefore, only less than 80% of such particles can be
captured by the camera with 3D information. In total, the plenoptic camera is able to capture 92% of
the particles spatially. Table 5.2 also details the distribution of the various classes of RDF particles in
the five subsets. V1, V2, and V4 contain significantly more burning particles in air, while in V3, the
number of burning particles in air is approximately equal to the number of non-burning particles. In
V5, non-burning particles dominate. Since the differences in these five subsets lead to distinct detection
performances, the detection results will also be discussed separately for the five subsets. The ground
truth dataset is available in [116], based on which the detection and classification performance can be
evaluated.
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5.1. Results of multiple particle detection and classification

Table 5.2.: Distribution of various classes of RDF particles in the five ground truth subsets (V1-V5).

Class Vi V2 V3 V4 V5 Amount With 3D info Percentage with 3D info
Burning particle in air 600 427 161 1150 116 2454 2439 99.39%
non-burning particle in air 335 143 145 167 676 1466 1155 78.79%
Burning particle on the inner wall 248 469 313 631 120 1781 1658 93.09%
Particle in air 935 570 306 1317 792 3920 3594 91.68%
Total 1183 1039 619 1948 912 5701 5252 92.12%

5.1.2. Results of 2D background subtraction

As described in Chapter 2, background subtraction is often used as a pre-procedure step for object
detection to highlight the foreground. Removing the background by computing a background model can
effectively reduce the negative impact of background brightness on the detection performance. In the
following, the six background models listed in Chapter 2.2.1, i.e., static frame difference (mean, median),
moving frame difference (2-frame, 3-frame), adaptive background learning, running Gaussian average,
are detailed and compared. Firstly, the resulting background images of four background models are
presented in Figure 5.2. Since the moving frame difference approaches consider simply the preceding
and following images as backgrounds, they are not shown here.

(© @

Figure 5.2.: Various backgroundmodels. (a) Temporal median background model. (b) Temporal mean background model. (c)
Adpative background model with & = 0.05 (d) Running Gaussian average with & = 0.99, k = 0.5.
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The methods of computing the temporal median and mean gray values as background models belong
to static frame difference because the resulting background models remain constant over a specific
time period. Figures 5.2 (a) and (b) show examples of background models derived from the temporal
median and mean methods, respectively. As highlighted by the figure, the temporal mean background
model contains several particle trajectories as a consequence of local high gray values enhancing the
average significantly. Whereas the median background model considers the temporal median instead
of the mean gray value, the transitory local extrema exert barely influence on the obtained model. The
adaptive background learning dynamically updates the background model by weighting the current
image and the previous background model. Since the initial background model corresponds to a mean
background, the acquired temporal model also contains several slight particle traces. Additionally, the
learning rate o determines the importance of the current image. A high learning rate will aggravate the
impact of local gray value extrema. Compared to the other background models, the background model
computed by the running Gaussian average algorithm retains the majority of the particles adhering
to the wall, which could benefit the further detection process. Nevertheless, the background fails to
completely eliminate relatively large particles, as shown in Figure 5.2 (d). Because the first image
considerably influences the background, a slow-moving particle appearing in the first frame is regarded
as part of the background according to the Equation 2.10.

In order to achieve a quantitative and accurate comparison of various background models’ effects on
particle detection, these backgrounds are subtracted from the 50 images in the ground truth dataset.
Based on the resulting foregrounds, the SIFT algorithm conducts the detection process, whose outcomes
are subsequently assessed by the evaluation method introduced in Chapter 3.3. Figure 5.3 presents an
example of the detection result using SIFT algorithm and median background subtraction. The center
of each green circle corresponds to the position of a detected particle, whose sizes are pointed by the
circles’ radius. Apparently, substantial numbers of FP detections occur at the edge due to artifacts
caused by the camera. Hence, a region of interest (ROI) that includes as many particles as possible
and meanwhile excludes the artifacts region ought to be introduced to address the issue. The ROI is
a red polygon, which is shown in Figure 5.3 as well. Table 5.3 gives the distribution of the various
classes of particles within the ROI in each subset. The last column of the table presents the percentage
of corresponding particles remaining in the ROI. Overall, almost 90% of the in air particles (burning
or non-burning) persist in the region. By contrast, around half of the particles attached to the inner
wall are excluded from the ROL Since particles on walls are of less significance for subsequent particle
tracking, excluding a large number of such particles does not actually impact the entire work negatively.
This ROI also applies to all subsequent particle detections.

Table 5.3.: Distribution of various classes of RDF particles within the defined ROI in the five ground truth subsets.

Class Vi1 V2 V3 V4 V5 Amount Percentage
Burning particle in air 554 307 119 1066 109 2155 87.82%
Non-burning particle in air 287 118 140 158 629 1332 90.86%
Burning particle on the inner wall 179 188 123 362 48 900 50.53%
Particle in air 841 425 259 1224 738 3487 88.95%
Total 1020 613 382 1586 786 4387 76.95%

As described in the previous chapter, each background subtraction method has particular adjustable
parameters, which somewhat affect the results. Table 5.4 lists the influencing parameters for the various
approaches. Moreover, the optimal values of these parameters offering the highest F;-scores of the
methods are also presented at the end of each corresponding line. The only adjustable parameter
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Figure 5.3.: Detection result of 2D-SIFT after background subtraction and the defined ROL The center of each green circle
corresponds to the position of the detected particle, whose sizes are pointed by the circles’ radius. The red polygon is the
defined ROL

Table 5.4.: The adjustable parameters of different background methods and their optimal values for the current work.

Method Adjustable parameters Optimal value
2-frame difference Computing interval 3
3-frame difference Computing interval 3
Adaptive background learning Number of frames 50
Sequence 25 previous frames and
25 subsequent frames
Learning rate o 0.05
Mean filter Number of frames 50
Sequence 25 previous frames and
25 subsequent frames
Median filter Number of frames 150
Sequence 75 previous frames and
75 subsequent frames
Running Gaussian average Number of frames 10
Learning rate « 0.99
Coefficient k 0.4

for the moving frame difference is the computing interval, viz., i in Equation 2.5 and 2.6. The static
background models require attention to the amounts of computing images and their sequences, while
for the adaptive background learning and the running Gaussian average algorithms, other parameters
should also be taken into consideration, such as a and k. The values of these parameters were studied
in detail in a supervised master’s thesis [37]. And the values listed in the table are the ones that provide
the best results within the study.
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In addition, the performance of the SIFT algorithm utilized for particle detection relies considerably
on an essential parameter, i.e., the local threshold of DoG, which can significantly affect the detection
of feature points and therefore entails particular consideration. In general, the parameter ought to
be selected by statistical techniques, for instance, cross-validation, which was also researched in the
master thesis. The study reveals a slight performance difference between applying cross-validation
to determine the SIFT parameter and using a fixed empirical SIFT parameter for various background
subtraction approaches (with a F;-score difference of the order of approx. 0.001). Since background
subtraction is only a pre-processing for 2D particle detection and the cross-correlation entails substantial
computational cost, the SIFT parameter used in the research to compare different background algorithms
is chosen in accordance with the empirical value of 500. Figure 5.4 shows the detection results (F;-score)
achieved using various background subtraction methods combined with SIFT detection. The F;-scores
presented in Figure 5.4 refer to all particles (classes 2, 3, and 4) together.

Performance (Fl-score) of various background subtraction algorithms
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Figure 5.4.: Performance (F;-score) of various background subtraction algorithms with the corresponding parameter values
listed in Table 5.4. The Fi-scores are computed by 2D-SIFT algorithm with local maximum of DoG=500.

In general, the six tested background subtraction methods provide comparable F;-scores, with the
highest value delivered by the median filter at 0.8592 and the lowest value falling on the 2-frame
difference method at 0.8385. The mean filter performs approximately as well as the median filter
in spite of remaining particle traces on the background model. The adaptive background learning
algorithm, which also has trajectory residuals, is inferior. However, the score is only less than 0.01
below the highest score. In summary, the static background methods outperform the other approaches
in this research, while the frame difference methods perform the worst. Therefore, the best-performing
median filter will be selected as the background subtraction algorithm in the subsequent 2D particle
detection.

5.1.3. Results of particle detection
The particle detection approaches mentioned beforehand, including 2D detection methods, 3D clustering

algorithms, and their corresponding combination, are applied to the ground truth data to identify
potential particles. The obtained detections are quantitatively evaluated following the criteria described
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in Chapter 3.3. Thereby, the mean filter background model is applied to all 2D particle detection
approaches. Besides, the evaluation proceeds only within the 2D ROI presented in Figure 5.3, i.e.,
particles outside the predefined region in ground truth datasets, and particle detections from 2D and
3D methods are ignored.

2D particle detection

The performance of two-dimensional particle detection algorithms is highly dependent on the local
gray values. A number of influencing factors, such as illumination changes, object rotation, and burning
flames, can greatly affect detection performances. Generally, 2D particle detection algorithms contain
parameters to adapt to different brightness situations, except for several methods that can automatically
adjust parameters, e.g., the OSTU threshold selection method. These parameters essentially dominate
the detection effect and must therefore be chosen discreetly. In this study, the parameter for 2D
particle detection (the local maximum of DoG in SIFT) is determined based on cross-validation [49] by
maximizing the corresponding F;-score. Cross-validation is a model validation technique to assess the
effect of generalizing statistical analysis results to an independent data set. By using different parts
of the data to test and train a model, the accuracy of a predictive model performed in practice can be
estimated. In the applications, a model is usually given a known dataset to train (training dataset) and
an unknown dataset to test the model (test set). As mentioned in Chapter 5.1.1, the ground truth dataset
consists of images equally from five separate sequences (subsets). Each time, one subset is selected
as the test set, and the other four are considered the training set. The parameter values that deliver
the best results in the training set are directly utilized in the test set for objective evaluation of the
performed algorithm.

2D-OTSU particle detection

The OTSU threshold selection method is autonomous in selecting thresholds for particle identification,
and, therefore, no parameters require to be defined. Table 5.5 presents the results of particle detection
by means of the OTSU algorithm for the five ground truth subsets. For V1, V2, and V4, where burning
particles are in the majority, the OTSU algorithm has the ability to reach F;-scores beyond 0.85. Whereas
for V3 and V5, which contain a lot of non-burning particles, the F;-scores are relatively low. In particular,
for V5, the score is only 0.6. Overall, the OTSU approach provides high precision scores above 0.9,
and except for V2, the others are even close to 1. Thus, the F;-scores are basically dominated by the
recall.

Table 5.5.: Performance of 2D particle detection using the OTSU approach for the five ground truth subsets.

Subset TP FP FN Precision Recall F;-score
Vi 766 9 254 0.9884 0.7510 0.8535
V2 514 44 99 0.9211 0.8385 0.8779
V3 264 5 118 0.9814 0.6911 0.8111
V4 1338 15 248 0.9889 0.8436 0.9105
V5 374 3 412 0.9920 0.4758 0.6432
Total 3256 76 1131 0.9772 0.7422 0.8436

Figure 5.5 details the distribution of various classes of particles detected in each subset, including TP,
FN, and recall values. Since only the ground truth particles are classified, only the assigned ground
truth particles (TP) and the unassigned ground truth particles (FN) can be counted. The unassigned
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detections (FP) can not be accurately classified. Consequently, for each particle class, only the recall
values, i.e., how many ground truth particles are correctly detected, are computed. As illustrated in the
figure, the vast majority of burning particles can be detected, and, therefore, they also constitute the
majority of TP detections in several cases depending on the particle distribution of the ground truth.
On the contrary, non-burning particles are less likely to be detected due to their smaller size as well as
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Figure 5.5.: Detection performance of various classes of RDF particles by means of the OTSU threshold selection approach.
Blue stands for burning particle in air; cyan represents non-burning particle in air; yellow denotes burning particle on the
inner wall. The color notation also applies to all following similar image. (a) Distribution of TP particle detections of the

ground truth subsets. (b) Distribution of FN particle detections of the ground truth subsets. (c) Recall values of various particle
classes in the ground truth subsets.

their lower brightness. The undetected ground truth particles in V2, V3, and V5 are almost all non-
burning particles. V4 is unique since the majority of the particles (over 90%) are burning particles, which
leads to high threshold values and consequently missing the whole non-burning particles. Apparently,
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5.1. Results of multiple particle detection and classification

no burning particles in air exist in unassigned ground truth particles (FN), i.e., all burning particles in air
are detected. This is also reflected in Figure 5.5. For the entire five subsets, the recall values of burning
particles in air reach equal to 1. Meanwhile, the recall value of the burning particles on the inner wall
is maintained at roughly around 0.9. In contrast, the detection performance of non-burning particles
is inferior. V1, V2, and V3 have a recall of 0.16, while V4 owns a recall of 0 as a consequence of the
overly bright particles raising the threshold. In V5, the predominance of non-burning particles results
in a lower threshold value that benefits the detection of dark non-burning particles. Nevertheless, V5
reaches a recall value of 0.35, much lower than the burning particles.

To conclude, the OTSU threshold selection method can accurately detect the burning particles in the
current study and provide satisfactory results. In contrast, it fails to prove sufficient adequacy in
detecting non-burning particles, especially when burning particles and non-burning particles are mixed.
In addition, given the simplicity of this algorithm, its computation time is also short, about 1.77 s for
one image with MATLAB.

2D-SIFT particle detection

Unlike the OTSU threshold selection method, the SIFT algorithm ought to choose a crucial parameter,
which is determined according to the cross-validation approach described before. The determined
parameters, as well as the detection results of the subsets, are separately given in Table 5.6. Essentially,
both SIFT and OTSU algorithms detect particles based on their brightness compared to local gray values
(OTSU uses global threshold, while SIFT considers local gray value differences), so the differences
existing in the detection results are not excessive. For subsets containing more burning particles, such
as V1 and V4, the detection performance of SIFT is superior, with F;-scores reaching above 0.9. For V5,
which is dominated by non-burning particles, the F;-score provided by the SIFT algorithm remains the
lowest at 0.78. However, it is still 0.13 higher than that delivered by the OTSU method. Overall, the
performance of the SIFT algorithm is better compared to the OTSU method. The recall values notably
reflect the accuracy and adequacy of the SIFT algorithm in comparison to the OTSU method, viz., the
SIFT algorithm is capable of detecting more particles in the ground truth. Moreover, the precision
provided by the SIFT algorithm is also comparable to that of OTSU. The only exception is V2, whose
detection performance is slightly inferior to the OTSU approach due to the poorer precision caused by
the selected parameters by cross-validation. The lower parameter leads to more FP detections of the
SIFT algorithm, which is disadvantageous to precision and F;-score.

Table 5.6.: Performance of 2D particle detection using the SIFT approach for the five ground truth subsets.
Test set The local maximum of DoG TP FP FN Precision Recall F;-score

V1 550 874 21 146 0.9765 0.8569 0.9128
V2 450 548 179 65 0.7538 0.8940 0.8179
V3 550 301 28 31 0.9149 0.7880 0.8467
V4 450 1449 111 137 0.9288 0.9136 0.9212
V5 550 515 15 271 0.9717 0.6552 0.7827
Total 3687 354 700 271 0.9124 0.8404 0.8749

Figure 5.6 illustrates the detection performance of the different classes of RDF particles. Similar as the
OTSU method, burning particles are the backbone of the TP detections, while the undetected ground
truth particles FN are basically composed of non-burning particles. Figure 5.6 (c) presents the recall
values for the different classes of particles quantitatively. In total, SIFT can detect almost all burning
particles, i.e., the recall values corresponding to burning particles (in air or on the inner wall) are equal
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to or approximately equal to 1. Although the detection performance for non-burning particles is the
most inferior, around 0.5 on average, it is still much more optimized than the OTSU method. V4 still

owns the lowest recall value of non-burning particles, but it is much improved compared to the previous
0 by OTSU.

In summary, the SIFT approach performs better in detecting non-burning particles in the current study
compared to the OTSU threshold selection method. Furthermore, the SIFT algorithm also presents a
slight advantage in detecting burning particles on the inner wall. With respect to burning particles in
air, the SIFT algorithm provides identical performance as the previous OTSU method, viz., all burning
particles in air can be detected. On the condition that burning particles and non-burning particles are
mixed, the performance of detecting non-burning particles is relatively inferior.
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Figure 5.6.: Detection performance of various classes of RDF particles by means of the SIFT approach. (a) Distribution of
TP particle detections of the ground truth subsets. (b) Distribution of FN particle detections of the ground truth subsets. (c)
Recall values of various particle classes in the ground truth subsets.
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5.1. Results of multiple particle detection and classification

Table 5.7 shows the computation time of one image utilizing 2D-SIFT programmed with MATLAB for
different parameter values (the local maximum of DoG). As illustrated by the table, the computation
time for one image in this study is about 5-7 s. As the local maximum of DoG increases, the conditions of
the detected particles become higher viz., particles entail higher local gray value differences compared
to the background in order to enhance the detection probability, leading to a reduced number of particle
detections. Therefore, the computation time decreases.

Table 5.7.: Computation time of SIFT with various local maximum of DoG values using MATLAB.

the local maximum of DoG 400 500 600 700 800 900 1000
Computation time (s) 6.609  6.593  6.518 5470 5412 5336  5.403

3D clustering

Different from the previous 2D grayscale value based detection method, where the gray value varies
significantly from particle to particle, and even the brightness of the identical particle may change
considerably temporally, the 3D clustering approaches, on the other hand, use the distribution of 3D
points and their distance for building different clusters to achieve particle detection. Since the distance
between two adjacent points representing the same particle is fixed at 1 pixel in image coordinates,
the spatial distance varies slightly after the camera transformation, as schematically illustrated in
Figure 5.7. Five images from V1 to V5 respectively are transformed into 3D point clouds, and the
Euclidean distances of the points from their nearest neighbors are presented in the figure. The total
number of points for V1 to V5 is about one million, and about one-third of all points have a neighbor
point within 1 mm. Another one-third of the points are between 1 and 2 mm from the nearest neighbor.
More than 90 percent of the points are less than 4 mm away from their nearest neighbors. Compared to
the grayscale values, which can vary by thousands (uint16), the distance variation of the 3D point cloud
is minimal. Under this circumstance, the clustering method does not require specific consideration for
different data. Therefore, the relevant parameters of each 3D clustering method are only selected in a
range according to the recommended or empirical values.

33.48%

32.54%

16.20%

Percentage

0-1 mm 1-2 mm 2-3 mm 3-4 mm 4-5mm >5 mm
Spatial distance to the nearest neighbor

Figure 5.7.: Distance between points from five distinct point clouds and their nearest neighbors.
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3D-DBSCAN clustering

When using the 3D-DBSCAN clustering approach for constituting clusters and thus for the purpose of
particle detection, two parameters need to be determined, viz., the minimum number of neighboring
points required to become a core point minPts and the corresponding radius ¢ (Chapter 2.2.4). Obviously,
these two parameters are not entirely independent. As a rule, the more neighbors required, the larger the
radius will follow accordingly. Sander et al. [101] recommended setting minPts to twice the dimensional
size, i.e., for the 3-dimensional data in this study, minPts should be set to 2 - 3 = 6. The radius can then
be adjusted according to the sorted n-distance graph, as exampled in Figure 2.19. Table 5.8 concludes
the detection results of all images from the ground truth with minPts = 6 corresponding to three
different radii € =10, 30, and 50 mm. Moreover, the minPts is also grown to 10 and 15, corresponding to
the different radii.

Table 5.8.: Performance and computation time of 3D-DBSCAN clustering approach with different parameter values using
Python.

Parameter value TP FP FN Precision Recall  F;-score Computation
time per image
minPts=6, e=10 3965 33986 422 0.1045 0.9038 0.1873 4.846 s
minPts=6, =30 3561 6237 826 0.3634 0.8117 0.5020 5.385s
minPts=6, £=50 3073 2732 1314 0.5294 0.7005 0.6030 7.189s
minPts=10, e=15 3865 13251 522 0.2258 0.8810 0.3595 4.590s
minPts=10, e=30 3513 5296 874 0.3988 0.8008 0.5324 5.354s
minPts=10, e=50 3034 2436 1353 0.5547 0.6916 0.6156 7.149s
minPts=10, e=70 2586 1455 1801 0.6399 0.5895 0.6137 9.104s
minPts=15, e=30 3505 5002 882 0.4120 0.7990 0.5437 5.394s
minPts=15, e=50 2990 2341 1397 0.5609 0.6816 0.6154 7.394s
minPts=15, e=70 2570 1395 1817 0.6482 0.5858 0.6154 9.245s

Small minPts and the large ¢ means that points with the presence of fewer neighbor points within a large
area can be identified as core points, which in turn determine the integration between the clusters. With
more core points, the clusters tend to be relatively combined. Therefore, this combination of parameters
leads to more points in a cluster and, thus, facilitates the building of oversized objects. Meanwhile, the
disadvantage is that distinguishing small objects in close proximity becomes tough. Therefore, when
the ¢ gradually increases, the false detection (FP) is considerably reduced, thus enhancing precision.
Simultaneously, small particles may be missed resulting in decreasing FN, so the corresponding recall is
affected. Conversely, when minPts increases and ¢ becomes smaller, i.e., a point must have substantial
neighboring points inside a small area in order to be recognized as a core point. Hence, the conditions
for constructing core points are relatively harsh, i.e,, the clusters do not integrate easily, which leads to
more detected particles and naturally more erroneous detection results (FP), thus seriously affecting the
precision value. But, also, because of more detected particles, the number of undetected particles (FN)
is reduced, so this parameter combination is often accompanied by a higher recall value. Generally, the
impact of ¢ is much more profound than minPts. With the identical minPts, changing the radius results
in significantly different F;-scores. A changing minPts can also be reflected in the differences in the
F;-scores, but the difference is less. As Table 5.8 shows, the best result comes from minPts = 10, ¢ = 50.
The thereby obtained result is also analyzed seperately for each subset, as shown in the Figure 5.8.

The 3D clustering method performs as well as the previous 2D gray value based detection methods
when detecting burning particles in air. Almost all burning particles in air were detected, which is
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5.1. Results of multiple particle detection and classification

reflected in Figure 5.8 (c). The recall values of burning particles in air are all equal to or extremely close
to 1. The DBSCAN clustering algorithm performs better than the 2D-OTSU method and slightly worse
than the 2D-SIFT algorithm in detecting non-burning particles, which is caused by the smaller sizes of
non-burning particles compared to the burning particles instead of their slighter brightness. When
the size of an non-burning particle is more petite than minPts, it is mistakenly considered as noise
by the algorithm and thus ignored. If minPts is reduced, more small-sized particles will be detected,
but also FP will significantly increase. The major difference compared to the 2D detection methods
occurs when detecting burning particles on the wall. In particular, for V1 and V4, where many burning
particles on the wall exist, the recall values corresponding to burning particles on the inner wall are
even below 0.5. As described in Chapter 3, because the particles attached to the wall may probably
be integrated into the cluster representing the rotary kiln’s inner wall, some of these particles are
neglected. Notwithstanding, the flame of several particles of the rotary inner wall can be detected,
leading to the detection of these particles.
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Figure 5.8.: Detection performance of various classes of RDF particles by means of the 3D-DBSCAN clustering method. (a)
Distribution of TP particle detections of the ground truth subsets. (b) Distribution of FN particle detections of the ground
truth subsets. (c) Recall values of various particle classes in the ground truth subsets.
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In addition, Table 5.8 also presents the computation time per image using Python in the last column.
Overall, the computation time is within a few seconds for the selected parameter values. As shown in
the table, the smaller the value of € and minPts, the lower the computation time. Compared to minPts, ¢
has a more significant impact on the computation time. And when ¢ is constant, minPtss has a minimal
effect on the computation time (of the order of 0.1 s).

3D clustering based on morphological operations

Unlike the DBSCAN clustering method, which builds clusters relying on the density of the input data
(point cloud), the clustering method based on the morphological operations (MO-based clustering)
utilizes the morphological dilation to connect points concerning their adjacency and forms different
connected domains afterward [120]. The MO-based clustering first shifts and scales the spatial coordi-
nates of input data points respectively into a range of [0,1], which is then expanded by an adjustable
parameter R. The transformed coordinates are then rounded to an integer, based on which a 3D grid
can be initialized. If there is a data point corresponding to a spatial coordinate on the grid, the location
is assigned a value of 1, otherwise 0. For each location with the value 1, its adjacent locations are also
assigned with the value 1. The morphological dilation is applied to label the connected domains. With
respect to each individual point, its Euclidean distances to points within particular labeled domains are
computed, and the point is assigned the same label as the nearest domain afterward. The morphological
dilation is an iterative process that stops when the number of connected domains remains unchanged.

Table 5.9 summarizes the performance of the MO-based clustering method for all subsets with different
values of R. R represents the range of the grid, viz., the 3D coordinates of the points are within the range
of [0, R]. When R is small, all points are distributed inside a small range of the grid, which is beneficial
to fuse clusters and thereby detect large objects. Under the circumstance, the error detection rate is
low, i.e., the precision value performs accurately. On the other hand, due to the integration of clusters,
several small particles may be incorrectly combined with their adjacent particles, which reduces the
overall detection rate of particles and leads to an unsatisfactory recall value. On the contrary, when R
takes a larger value, the point distribution is then relatively sparse, which is conducive to distinguishing
individual particles. Therefore, the recall value increases in this case. Meanwhile, the number of false
detections increases, and thus the performance in terms of precision is poor. Overall, this MO-based
clustering method performs similarly to the previous DBSCAN clustering algorithm, and both are
inferior to the 2D gray value based detection approaches.

Table 5.9.: Performance and computation time of 3D-MO-based clustering approach with different parameter values by means
of MATLAB.

Parameter value TP FP FN Precision Recall  F;-score Computation
time per image

R=100 1860 750 2527 0.7126 0.4240 0.5316 9.438 s

R=150 2619 1715 1768 0.6043 0.5970 0.6006 12.347 s

R=200 2869 4389 1518 0.3953 0.6540 0.4928 15.381s

R=250 3325 4434 1062 0.4285 0.7576 0.5474 18.483s

R=300 3468 5429 919 0.3898 0.7905 0.5221 21.207 s

R=400 3657 7987 730 0.3141 0.8336 0.4563 26.402s

R=500 3732 10638 655 0.2597 0.8507 0.3979 31.367 s

According to Table 5.9, the best Fy-score occurs when R equals 150. This result is then discussed
detailedly concerning various particle classes, as illustrated in Figure 5.9. As with the previous detection
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5.1. Results of multiple particle detection and classification

methods, the MO-based clustering approach performs best in detecting burning particles in air, with all
recall values approximating or equal to 1, except for V4. The MO-based clustering approach is by far
the worst algorithm for detecting non-burning particles. In V1, V2, and V4, where burning particles
predominate, the MO-based method missed all non-burning particles because small-sized non-burning
particles are probably incorporated into larger particles after the scaling and shifting. In V3 and V5,
where non-burning particles dominate, the MO-based method also provides worse results than the 3D-

3% - 0% 1%
s
25%
44%
93% 68% 11% 100% 64%
\%! V2 V3 V4 \6
(@)
3% 32% 0 2% 0% 5%
‘ h
65% 72% 100% 23%
Vi V2 V3 V4 V5
(b)
1 1 1
0.83
0.8 0-E53
_ 0.6+
<
]
~ 0.44
0.4 1
0.22 0.21
0.2 1
R 0 ¢ s
V1 V2 V3 V4 V5
Subset
I Burning particle in air [l Non-burning particle in air Burning particle on the inner wall

©

Figure 5.9.: Detection performance of various classes of RDF particles by means of the 3D clustering based on morphological
operations. (a) Distribution of TP particle detections of the ground truth subsets. (b) Distribution of FN particle detections of
the ground truth subsets. (c) Recall values of various particle classes in the ground truth subsets.

DBSCAN clustering algorithm. Moreover, the performance of the MO-based approach is also unsatis-
factory when detecting burning particles on the wall, especially for V1 and V4, which contain more
burning particles on the wall. The recall value corresponding to burning particles on the wall in V1
and V4 are extremely low. On the contrary, for V3 and V5, where non-burning particles are in the
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majority, the recall value corresponding to wall particles could reach 1. The possible reason is that most
non-burning particles are far from the wall, so the particles on the wall could be clearly distinguished.

The last column of Table 5.9 lists the computation time of the MO-based clustering approach for one
image programmed by MATLAB for each R value. Overall, the computation time of the approach is
longer than that of the 2D gray value based detection methods. As R increases, the range after scale
transformation expands, i.e., the scaled point range extends, which leads to a significant increase in
computation time.

3D clustering based on quasi-cluster centers

The clustering algorithm based on quasi-cluster centers (QCC) is another option to form clusters
according to given point clouds. Principally, the QCC method divides clusters in accordance with
defined sparse and dense regions [39]. At first, the density of each point with respect to a parameter K
is computed, which is defined as the multiplicative inverse of its distance to the Kth nearest neighbor.
One point is considered a cluster center if its density is the maximum among its neighbors or reverse
neighbors. Starting with an arbitrary cluster center, the QCC algorithm classifies the center and its
sparse neighbor to the same cluster. Subsequently, all cluster points are scanned, and their sparse
neighbors are completely classified into the cluster. This process will be repeated until all cluster centers
are visited. Finally, the similarity of the obtained clusters is computed. The clusters are merged if the
similarity is greater than a threshold value «.

Table 5.10 concentrates on summarizing the performance of the 3D-QCC clustering algorithm in
detecting particles of the ground truth with different parameter values. Similar to the performance
of the previous DBSCAN and MO-based methods, the best F;-score achieved by the QCC clustering
algorithm is around 0.6, which is inferior to the 2D detection approaches. The accuracy of QCC is
mainly affected by two parameters, namely K and a, which represent the Kth neighbors according
to which the initialized cluster centers are selected and the threshold « that determines whether the
two clusters are similar enough to be fused, respectively. When the value of K is larger, the number of
initial cluster centers for the same point is lower, so FP detections can be reduced, leading to improved
precision. However, a larger K can also result in missing the relatively small particles next to the large
particles, which increases FN and reduces recall as a consequence. A large a represents the harsh
conditions for the fusion of two clusters. Therefore, the probability of incorrectly fusing two clusters
representing different particles decreases, which is reflected in the higher recall value. Meanwhile, a
large « also enhances the conditions for the fusion of the same clusters, which is to the disadvantage of
reducing FP detections and enhancing precision. Overall, the influence of K is more significant than
that of @, and the impact of « increases as K rises.

Table 5.10.: Performance and computation time of 3D-QCC clustering approach with different parameter values utilizing
MATLAB.

Parameter value TP FP FN Precision Recall = F;-score Computation
time per image
K=20, a=0.1 3695 6461 692 0.3638 0.8423 0.5081 23.825s
K=25, a=0.1 3564 4945 823 0.4189 0.8124 0.5528 26.293 s
K=30, a=0.1 3469 4090 918 0.4589 0.7907 0.6210 26.475s
K=35, a=0.1 3342 3411 1045 0.4949 0.7618 0.6000 26.859s
K=20, a=0.2 3712 7003 675 0.3464 0.8461 0.4916 24.633s
K=25, a=0.2 3598 5423 789 0.3988 0.8201 0.5366 24.759s
K=30, a=0.2 3496 4417 891 0.4418 0.7969 0.5685 25.023s
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5.1. Results of multiple particle detection and classification

The best F;-score obtained by the QCC method is around 0.62, occurring when K = 30,a = 0.1.
Figure 5.10 shows the percentage of various particle classes in TP and FN for each data subset and the
corresponding recall values achieved by these parameter values. The QCC method performs as well as
the 2D method in detecting burning particles in air, with the ability to detect all airborne combustion
particles. With respect to detecting burning particles on the inner wall, the QCC method is also superior
to the previous DBSCAN and MO-based approaches. While the first two approaches can only detect
less than half of the particles on the wall for V1 and V4, the QCC algorithm is capable of detecting the
majority of the particles on the wall, and its performance in this respect is even slightly better than that

of the OTSU method. As for the detection of non-burning particles, the QCC method also outperforms
the other two clustering methods.
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Figure 5.10.: Detection performance of various classes of RDF particles by means of the 3D clustering based on quasi-cluster
centers. (a) Distribution of TP particle detections of the ground truth subsets. (b) Distribution of FN particle detections of the
ground truth subsets. (c)Recall values of various particle classes in the ground truth subsets.
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Finally, Table 5.10 also shows the MATLAB computation times for each image with the QCC clustering
method for different parameter values. Obviously, this method also requires a longer computation time
(basically more than 20 s). The effect of varying parameter selection values on the computation time
is less pronounced. As presented by the table, the larger the value of K and the smaller the selected
a, the longer the computation time. When the value of K increases, the range of the selected nearest
neighbors becomes wider, i.e., more points will be merged into one cluster so that the computation
time will be slightly longer. A small «, on the other hand, represents a lenient similarity condition
between two clusters, which leads to the need for multiple clusters to fuse again and so prolongs the
computation time.

Comparision of the detection performances

Since the results of the individual methods have been presented beforehand, the performance of the
methods is summarized and compared with the introduced combination approaches in the following.
In total, two 2D detection methods, as well as three 3D clustering algorithms, were tested in the study,
which gives rise to a total of six available combinations. All results are listed in detail in Table 5.11,
where the results are counted uniformly for all data sets, i.e., TP, FP, and FN are counted in total, and
then the absolute precision, recall, and F;-score are computed.

Table 5.11.: Performance evaluation of particle detection emlopying 2D gray value based algorithms with median background
subtraction, 3D clustering methods, and the corresponding combined approaches.

Method TP FP FN Precision Recall F;-score
2D-OTSU 3256 76 1131 0.9772 0.7422 0.8436
2D-SIFT 3687 354 700 0.9124 0.8404 0.8749
3D-DBSCAN Clustering 3034 2436 1353 0.5547 0.6916 0.6156
3D-MO-based Clustering 2619 1715 1768 0.6043 0.4970 0.6006
3D-QCC Clustering 3469 4090 918 0.4589 0.7907 0.6210
Combi OTSU+DBSCAN 3653 158 734 0.9585 0.8327 0.8912
Combi SIFT+DBSCAN 3784 222 603 0.9446 0.8625 0.9017
Combi OTSU+MO 3518 158 869 0.9570 0.8019 0.8726
Combi SIFT+MO 3723 219 664 0.9444 0.8486 0.8940
Combi OTSU+QCC 3647 220 740 0.9431 0.8313 0.8837
Combi SIFT+QCC 3779 287 608 0.9294 0.8614 0.8941

The results of the 2D gray value based detection approaches are presented first, followed by the 3D
clustering algorithms, and finally, the outcomes of the six combinations. Overall, the F;-scores achieved
by the 2D detection approaches are around 0.85, which is much better than the F;-scores obtained by
the 3D clustering methods. Compared to 3D clustering methods, 2D detection approaches could reach
a higher detection accuracy rate, and meanwhile, they are more capable of detecting real particles.
The OTSU threshold selection method provides the highest precision values, while its recall value is
relatively inferior. The 2D-SIFT algorithm, on the other hand, is more capable of detecting particles
and, therefore, outperforms the OTSU method in terms of score, although it detects more error particles
than the 2D-OTSU.

The 3D clustering results presented here are obtained by the set of selected parameters with the highest
F;-scores. Compared to the 2D gray value based approaches, the 3D clustering methods perform
unsatisfactorily and inadequately. The performances of the clustering methods are mainly dragged by
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precision. Because the 3D point clouds generated by the camera, on which the clustering method is
based, fluctuate with a substantial amount of noise, more FP detections remain in the results resulting
in inaccurate outcomes. Overall, the best F;-score acquired by the 3D clustering approaches is around
0.6. The difference between the best F;-score obtained by the QCC clustering method and the worst
F;-score provided by the MO-based clustering method is only 0.02. The QCC algorithm can detect
the most particles at the expense of detection accuracy. Conversely, the MO-based clustering method
achieves the highest precision value with an inferior ability to detect particles. The performance of the
DBSCAN algorithm is relatively compromised. As mentioned before, the performances of the clustering
methods are related to selected parameter values. Generally, the chosen parameters favor only one of
precision and recall values, and the best F;-score is the consequence of the coordination of these two
indices.

The novel combined method follows the procedure described in Chapter 3. For the 3D clustering
method, the set of parameter values providing the highest precision value is used to extract the cluster
of the rotary kiln inner wall, which corresponds to DBSCAN minPts = 10, ¢ = 50; MO R = 100; QCC
K = 35, = 0.1. In general, the result with the highest precision corresponds to the one with the
smallest value of FP detections. The reason for the small amount of FP is that the selected parameters
extend clusters to an extensive range by including many points within each cluster, which is beneficial
for detecting large objects. Since the inner wall of the rotary kiln is the largest object compared to the
particles, choosing the parameters providing the highest precision facilitates the complete removal
of the points belonging to the wall and further benefits the subsequent detection of particles. The
points corresponding to the inner wall cluster are deleted from the point cloud. Subsequently, each
corresponding clustering method is performed again based on the remaining points. Theoretically, this
time the parameters ought to be chosen as the ones with the highest recall values in order to detect
as many particles as possible. For the DBSCAN algorithm, the optimal recall value is achieved with
minPts=6 and ¢=10. However, this set of parameter values also causes a large amount of FP detections,
which leads to more computational cost for the combination process and may result in more FPs in the
final result. When minPts = 10 and =15, the resulting recall value is only 0.02 less than the previous
minPts = 6 and ¢ = 10, and the FP particle detection is over 20,000 less. Hence, for the DBSCAN
algorithm the parameter values with the second highest recall are chosen. Similarly, for the MO-based
clustering approach the grid range R is selected as 400. Since the precision value of the QCC method
under the circumstance of various parameter values differ slightly, the QCC algorithm utilizes the set
of parameter values with the highest recall, i.e, K = 20, = 0.2.

The experimental results on the ground truth datasets prove the superiority of the proposed new
combination approach over the individual methods. On average, the F;-scores of the combined methods
are 3 to 5 percentage points higher than those of the corresponding 2D detection methods. When the 3D
clustering methods are combined with 2D-OTSU, the recall value increases substantially. Meanwhile,
integrating the 3D clustering outcomes introduces more FP detections giving rise to a slight decrease in
the precision value. If the 3D clustering methods are combined with 2D-SIFT, both recall and precision
are enhanced. Overall, combining with 2D-OTSU could lead to higher precision values, while combining
with 2D-SIFT results in better detection ability. The best F;-score occurs when 2D-SIFT is combined
with 3D-DBSCAN with a Fy-score exceeding 0.9. This combination is also selected as the final detection
method to provide input for subsequent studies.

The experimental results on the ground truth datasets prove the superiority of the proposed novel
combination approach over the individual methods.
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5.1.4. Results of 3D particle classification

As mentioned in Chapter 3, the particles with 3D information are classified in accordance with their
relative positions to the rotary inner wall to reduce the impacts of particles on the wall. A cylindrical
inner wall model can be obtained by fitting the input point clouds by means of the MLESAC algorithm
[113] introduced in Chapter 3.2, represented by the parameters in Table 5.12. The center represents the
X, ¥, and z coordinates of the cylinder center, and the orientation stands for the reference orientation
vector of the cylinder. Additionally, the radius is the radius size of the cylinder. All data are given in
millimeters. Obviously, the estimated cylinder model differs from the theoretical cylinder of the rotary
kiln inner wall, which has a reference vector of [0, 0, 1] with a radius of 700 mm. The difference could
be the consequence of the test facility’s construction error and the deviation of the plenoptic camera
system. Since the primary purpose of the cylinder model is to classify the particles by comparing their
distances to the cylinder wall (cylinder reference vector) with the radius, the length (height) of the
cylinder is irrelevant in this process.

Table 5.12.: Parameters of the estimated cylindrical rotary kiln inner wall in mm.

Center Orientation Radius
[74.2750, 495.0013, 9257.7] [21.6677, -41.4764, 1533.6] 772.1827

According to the determined cylindrical model, particles can be classified by presetting a threshold
value of the distance from the cylinder axis. When a particle’s distance to the cylinder axis exceeds a
certain threshold, it can be considered a particle on the wall. Conversely, if a particle locates within a
certain distance from the cylinder axis, it is identified as an particle in air (burning or non-burning).
The 3D particle classification could benefit the determination of the particles’ flight durations illustrated
later. As schematically depicted in Figure 3.11, two Gaussian distributions respectively representing the
distance of the particles in air and particles on the wall to the cylinder axis intersect at about 760 mm.
However, some airborne particles are also distributed between 760-800 mm from the axis. In order to
preserve as much as possible the airborne particles, the threshold value is increased to 800 mm. This
threshold and the cylindrical model are initially applied to classify the particles in the ground truth to
evaluate the accuracy and adequacy. The result is given in Table 5.13, where only particles with 3D
information are classified. For classification performance evaluation, TP refers to correctly classified
particles in air, while FP denotes particles that are wrongly classified as particles in air, which may be
due to two reasons, i.e., false particle detections or particles on the wall being classified as particles
in air. For Table 5.13, where only particles from the ground truth dataset are classified, FP refers only
to the second case, viz., particles on the rotary kiln inner wall are misclassified. FN indicates missing
unclassified particles in air, including particles in air that are not detected and particles in air that are
incorrectly classified as particles on the wall. Similarly, FN in Table 5.13 refers only to the second case,
i.e., particles in air that are inaccurately classified.

As shown in Table 5.13, 263 particles on the wall are incorrectly classified as particles in air, while 242
are wrongly excluded after 3D classification. The vast majority of FPs, as well as FNs, are owing to
camera measurement deviation. Since only less than 8% of the particles in air are incorrectly classified,
the impact on the subsequent long-term multiple particle tracking is relatively slight.
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Table 5.13.: Performance of 3D classification on ground truth dataset.

Subset TP FP FN Precision Recall F;-score
Vi 757 63 45 0.9232 0.9439 0.9334
V2 365 57 32 0.8649 0.9194 0.8913
V3 202 33 16 0.8596 0.9266 0.8918
V4 1057 100 148 0.9136 0.8772 0.8950
V5 558 10 1 0.9824 0.9982 0.9902
Total 2939 263 242 0.9179 0.9239 0.9209

Table 5.14 presents the classification performance of the particle detection result from the combination
of 2D-SIFT and 3D-DBSCAN. Likewise, only particle detections with available 3D information are
taken into consideration. In terms of precision, the 3D classification performs well when applied to
the particle detection result, and only 16 more detections are incorrectly classified as in air compared
to the classification of the ground truth particles. Nevertheless, the performance is slightly inferior
concerning the recall, with approximately 200 more FNs than the classification of the ground truth
particles. Regarding the results provided in the previous Table 5.11, the recall achieved with respect to
all particles is 0.86. Therefore, the majority of these 200 FNs should be the consequence of undetected
particles. Another part of FNs is caused by the incorrect exclusion of the detections due to inappropriate
3D information. Overall, the 3D classification could reach an F;-score of about 0.88, which is sufficient
to deliver a reliable basis for the later multiple particle tracking.

Table 5.14.: Performance of 3D classification on the detection result from the combination of 2D-SIFT and 3D-DBSCAN.

Subset TP FP FN Precision Recall F;-score
Vi 709 61 93 0.9208 0.8840 0.9020
V2 350 74 47 0.8255 0.8816 0.8526
V3 183 40 35 0.8206 0.8394 0.8299
V4 969 82 236 0.9220 0.8041 0.8590
V5 496 22 63 0.9575 0.8873 0.9211
Total 2707 279 474 0.9066 0.8510 0.8779

5.2. Results of multiple particle tracking

This section focuses on presenting and evaluating the obtained 2D and 3D particle trajectories. The 2D
trajectories in image coordinates are acquired by the novel proposed 2.5D GNN and JPDA with Kalman
filter, respectively. The 2D trajectories are subsequently converted into 3D and then estimated by
polynomials jointly in three spatial directions. Based on the fitted 3D trajectories, the particle flight and
combustion behaviors can be analyzed. Additionally, the 2D trajectories are evaluated quantitatively in
this section according to the criteria introduced in the following. Moreover, the ground truth used to
evaluate the tracking performance is also described at the beginning.

5.2.1. Ground truth of particle tracking

In order to evaluate the multiple particle tracking results objectively and quantitatively, the trajectories
of various particles over a specific period of time are manually tracked, and then the positions in image
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coordinates are noted. Unlike the evaluation of particle detection, where various fractions are mixed to
achieve a more accurate assessment, in particle tracking, different fractions are followed separately to
obtain specific trajectories for subsequent analysis of flight characteristics. As shown in Figure 2.7, a
total of four fractions are tracked, whose trajectories and properties are also presented and discussed
separately later.

A fragment of the ground truth is given in Figure 5.11. Each trajectory is separately stored in a .txt file,
where the first column represents the number of frames, and the second and third columns stand for
the rows and columns in image coordinates, respectively. Columns with not a number (NaN) mean
one particle does not appear in this frame, or it is simply invisible, which is probably caused by the
inappropriate angle of the particle relative to the plenoptic camera.

62 NaN NaN
63 NaN NaN
64 NaN NaN
65 483.785714000000 936.285714000000
66 477.842105000000 937.473684000000
67 471.840000000000 937.440000000000
68 465.645161000000 938.354839000000

Figure 5.11.: Extract from a .txt file of the ground truth trajectories. First column indicates the frame number, while the
coordinates of a particle are presented in the last two columns.

Figure 5.12 shows two trajectories, wood chips, and PE-granules. Because only complete trajectories are
valuable for subsequent studies, trajectories that originate from the lance and continue for some time
are marked. Strictly speaking, the purple trajectory of the wood chip does not start exactly from the
lance. As a consequence of its length and the small number of trajectories overall, it is also present in
the ground truth to allow for a more objective evaluation of the tracking performance. In comparison,
the trajectory of wood is more regular. Table 5.15 summarizes the trajectories of all particle fractions,
including the amount and their corresponding number of frames. The selected frames vary because the
particles were thrown in the rotary kiln manually, resulting in a considerable variation in the number
of different particle fractions within a certain period.

(@) (b)

Figure 5.12.: Ground truth trajectories of wood chips (a) and PE granules (b). Crosses stand for particle coordinates and each
color indicates one individual trajectory.
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Table 5.15.: Overview of ground truth trajectories of the RDF fractions with their corresponding frame intervals and amount
of trajectories.

Fraction Frame Amount of trajectories
Paper shred 550-650 32

Confetti 200-500 37

PE granule 200-500 25

Wood chip 100-400 7

5.2.2. Tracking performance evaluation criteria

As a preliminarily qualitative and visual indicator of the tracking performance, optical ground truths
are generated by adding a single background image to a set of adjacent difference images, which
represents the difference between an image and a calculated statistical background image, as exampled
in Figure 5.13. These images enable a visual comparison of the computed and actual trajectories and,
thus, are able to provide qualitative information concerning tracking performance.

(a) (b)

Figure 5.13.: Adding a set of adjacent difference images and a background image of each fraction as the optical ground truth
of wood chips (a) and confetti (b).

Besides the optical ground truth, the particle positions are also manually tracked and documented,
enabling a quantitative evaluation of the tracking performance. In order to assess the tracking per-
formance quantitatively, Chenouard et al. proposed a set of evaluation indices [14]. A particular
trajectory 6 is considered as a temporal series of subsequent positions and hence, can be denoted as
0 =0(t) = ((x(t),y(t),z(t)) with t = t;...t;n;. The gated Euclidian distance between two simultaneous
positions from two distinct trajectories is defined as

| 61(2) = 02(t) lle = min(]| 61(2) — 62(2) ll2, €), (5.1)

where € stands for a predefined gate. If two positions are more than € apart, their distance is regarded
as €. For time dimensions, when only one trajectory has a corresponding position, e.g., only 9;(t) exist,
the distance at time ¢ is denoted as €. If none of the trajectories exist at time ¢, the distance is considered
as 0. Accordingly, the distance between two trajectories is formulated as

T-1
d61,0) = > (16:(1) = 6:(2) I, (5.2)
t=0
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where T represents the length of the image sequence.

Let X denote a set of ground truth trajectories with |X| individual trajectories, and Y a set of candidate
trajectories. The distance between X and Y is defined as

|X|
d(X,Y) émmZawﬁpwmzeg% (5.3)
k=1

Here, Qy stands for the acquired ensemble sets of trajectories by selecting |X| trajectories from the
extended candidate tracks Y, which extends Y with |X| dummy empty tracks. Z represents an
arbitrary element in Qy. The assignment problem between X and Y is addressed by appling the
Munkres algorithm.

Based on the optimal pairing (X, Z*) with minimum distance, the following indices to assess the
tracking performance are computed:

+ Normalized pairing score

L dXY)
d(X,0)

aX,Y) = 1 (5.4)

0 stands for the set of |X| dummy empty trajectories. If the candidate set of trajectories Y is
consistent with the ground truth set X, the distance d(X, Y) equals 0. In contrast, d((X, 0) is an
upper bound of the distance. Hence, the defined normalized pairing score ranges in the interval
[0,1]. If X and Y match exactly, (X, Y) =1, and if X and Y are entirely distinct, (X, Y) = 0.

« Full normalized pairing score

d(X,0) -d(X,Y)

px.y) = d(X,0)+d(Y,0y)

(5.5)

where Y denotes the trajectories in Y/ but not in Z* and 0  stands for a set of dummy trajectories
with |Y| elements. The trajectories in Y are considered spurious trajectories and typically
consist of trajectories associating erroneous detections and trajectories combining detections
corresponding to various ground truth trajectories. If no spurious trajectory exists, f(X, Y) is

equivalent to (X, Y). Otherwise, f(X,Y) ranges from 0 to a(X, ).
o The Jaccard similarity index for positions

. TP
JSC =2 ———. (5.6)
TP+ FN +FP
If the distance between two temporal positions is smaller than €, they are considered as a matching
pair. The number of matching pairs of positions in (X, Z*) is denoted as TP. FN stands for the

number of non-matching pairs. FP represents the total amount of positions in Y/ .
o The Jaccard similarity index for tracks

TPy

JSCy = :
TPp+ FNy + FPy

(5.7)

TPy denotes the number of non-dummy tracks in Z*. On the contrary, FNy denotes the number
of dummy tracks in Z*. FPg counts the number of tracks in Y .
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5.2.3. 2.5D Multiple particle tracking

The particle detections obtained by the combined 2D-SIFT and 3D-DBSCAN approach are associated
by employing the 2.5 D multiple particle tracking algorithms demonstrated in Chapter 4. This section
presents the 2D trajectories of various fuel fractions with and without the novel post-processing
framework, together with their corresponding evaluations in accordance with the indices introduced
before. Moreover, all positions here refer to the detected coordinates of the particles. Since the ground
truth is generated optically on the basis of captured images, utilizing the detected positions instead
of the updated coordinates by the Kalman filter benefits an objective and accurate assessment of the
tracking performance.

At first, the particle tracking is processed by GNN and JPDA. An instance of the tracking result utilizing
GNN and JPDA without postprocessing is shown in Figure 5.14 (a) and (b), whose manual ground truth
and optical ground truth are presented in Figure 5.12 (a) and Figure 5.13 (a), respectively. The identical
color indicates the positions of one particular tracklet. In comparison with GNN, JPDA updates the
state vectors with larger variances as the consequence of an additional term of the covariance update
function in JPDA (Equation 2.56) concerning the mixture probability density function [10], which
results in broad elliptical gating areas determined by JPDA. Because the computational cost and entailed
storage capacity of JPDA increase enormously with the rising gate and the number of tracks, the 2D
Mahalonobis distance gating of JPDA is selected to be smaller than GNN.

Apparently, the direct outcomes of both approaches are with the presence of discrepancies, as high-
lighted by the boxes in Figure 5.14, which are primarily caused by detection inaccuracies, such as
missing detections, false detections, and duplications. Missing detections could lead to interruptions
in the tracklets, as illustrated in the green rectangle of Figure 5.14 (a) and the yellow rectangle the
Figure 5.14 (b). And meanwhile, the detection duplications can trigger another tracklet, thus also
causing the incompleteness of the trajectories, as presented in the blue box in Figure 5.14 (b). Besides,
the two detection algorithms yield different results for the same input detections, primarily due to the
different values of the 2D Mahalanobis distance gating threshold and distinct functions for updating the
covariance matrices. As mentioned, the 2D gate selected by JPDA at the beginning is small, resulting
in missing potential associations at the beginning of each tracklet, as shown in the yellow area of
Figure 5.14 (b). While GNN has a relatively large gate selection initially, its updated covariance for
computing the Mahalanobis distance is smaller than JPDA. Hence, in the later part of a tracklet, JPDA
can successfully associate the detections with the corresponding tracklets, but GNN might fail to search
for the candidate detection in the gate, as shown in the green area in Figure 5.14 (a).

In general, the direct outcomes of both approaches are unable to provide sufficient accuracy for further
analysis of spatial particles’ flight trajectories and properties. In addition, choosing the appropriate
initial 2D gate for each method is also challenging since subsequent updates of the states’ covariances
are difficult to estimate quantitatively. The initial gate, however, is critical to the tracking results.
Therefore, the presented novel post-processing framework is applied to the tracking results with the
parameter values listed in Table 5.16.

As depicted in Figure 5.15, the obtained trajectories of wood chips by GNN and JPDA differ only slightly
from each other after the proposed post-processing procedure. Compared to tracking results without
post-processing in Figure 5.14, the tracking outcomes with post-processing prove better visual accuracy.
Referring to the ground truth in Figure 5.13, the results are also close to the actual particle trajectories.
Withal, the trajectories of the PE granules derived by the two algorithms are also shown in the figure.
Compared with the ground truth trajectories in Figure 5.12, the post-processed trajectories indicate a
high degree of similarity to the actual traces.
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Figure 5.14.: Tracking results of wood chips. (a) Tracking result of GNN. Crosses stand for detections. Detections of same
tracklets are linked with solid lines. (b) Tracking result of JPDA. Squares stand for detections. Detections of same tracklets
are linked with solid lines.

Table 5.16.: Parameter values of the post-processing framework.

Parameter Value Unit Parameter Value Unit
De 2 frame te CONNECT 15 frame
V. 1 pixel/frame | kne merge 5 frame
Re 0.9 - Ze 1500 mm
AVe 18 pixel/frame | € 10 pixel
0. 30 ° a 2 -

b 2 - c 0.1 -

d 1 - e 2 -

f 10! - w 15 pixel

For the purpose of a quantitative assessment and comparison of the tracking performance, the tracking
outcomes are evaluated utilizing the measurements mentioned in Chapter 5.2.2, viz., a, f, JSC, JSCp.
Table 5.17 exhibits the performance of multiple particle tracking with and without post-processing. As
visually presented in Figure 5.14 and quantitatively shown in Table 5.17, the direct tracking outcomes of
GNN and JPDA are relatively inaccurate with lower measurement values owing to the incompleteness
and inexactitude of the tracklets. In particular, tracking performances of confetti and paper shreds are
relatively worse. Since small papers are, in comparison to wood chips and PE granules, light in weight
and therefore fall slowly down with rotations in the air, their trajectories are tangled and intertwined,
which exerts adverse impacts on particle tracking.

As indicated in Table 5.17, the proposed novel post-processing approach benefits a precise tracking
performance and significantly facilitates the tracking performance with respect to the four measures.
Since a lot of faulty tracklets and outliers in the tracklets are deleted, the acquired trajectories show
more similarity to the original trajectories. Thus, the measurements achieve considerable enhancements.
While « and f of the direct tracking outcomes from GNN and JPDA are relatively low, with values
of roughly 0.2-0.3 for the majority of the fractions, the trackin<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>