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ABSTRACT

Washing powder needs to undergo quality checks before it is sold, and according
to a report by the partner company, these quality checks include an offline
procedure where a reference sieve analysis is used to determine the size
distributions of the powder. This method is reportedly slow, and cannot be used
to measure large agglomerates of powders. A solution to this problem was
proposed with the implementation of real time Acoustic Emissions (AE) which
would provide the sufficient information to make an assessment of the nature of

the particle sizes.

From the literature reviewed for this thesis, it was observed that particle sizes can
be monitored online with AE but there does not appear to be a system capable
of monitoring particle sizes for processes where the final powder mixture ratio
varies significantly. This has been identified as a knowledge gap in existing

literature and the research carried out for this thesis contributes to closing that

gap.

To investigate this problem, a benchtop experimental rig was designed. The rig
represented limited operating conditions of the mixer but retained the critical
factors. The acquired data was analysed with a designed hybrid signal processing
method based on a time domain analysis of impact peaks using an amplitude
threshold approach.

Glass beads, polyethylene and washing powder particles were considered for the
experiments, and the results showed that within the tested conditions, the
designed signal processing approach was capable of estimating the PSD of
various powder mixture combinations comprising particles in the range of 53-
1500 microns, it was also noted that the architecture of the designed signal
processing method allowed for a quicker online computation time when
compared with other notable hybrid signal processing methods for particle sizing

in the literature.



Keywords:

Signal processing, process monitoring, time domain, online monitoring, non-

invasive monitoring, amplitude threshold.



Publications Made From Thesis

All manuscripts were drafted by E.Nsugbe and listed co-authors either assisted
with the data collection/analysis or provided feedback and corrections on the

manuscripts.
Journal Publications:

-E.Nsugbe, A.Starr, C.Ruiz-Carcel Monitoring The Particle Size Distribution
Of A Powder Mixing Process With Acoustic Emissions: A Review.
Engineering Technology Reference, pp. 1-12 ,doi: 10.1049/etr.2016.0139

-E.Nsugbe, A Starr, | Jennions and C Ruiz-Carcel Online Particle Size
Distribution Estimation Of A Particle Mixture In Free Fall With Acoustic
Emission submitted to Journal Of Particulate Science And Technology

(Revisions Suggested)

-E.Nsugbe, C Ruiz-Carcel, A Starr, and | Jennions Estimation Of Fine And
Oversize Particle Ratio In A Heterogeneous Compound With Acoustic
Emissions submitted to Multidisciplinary Digital Publishing Institute: Sensors
(Revisions Suggested)

-E Nsugbe, C Ruiz-Carcel, A Starr and | Jennions Particle Size Distribution
Measurement Of A Heterogeneous Powder Mixture Using Acoustic
Emissions to be submitted to Powder Technology

Conference Publications:

-E. Nsugbe, A Starr, P Foote, C Ruiz-Carcel and | Jennions Size Differentiation
Of A Continuous Stream Of Particles Using Acoustic Emissions IOP Conf.
Series: Materials Science and Engineering 161 (2016) 012090 doi:10.1088/1757-
899X/161/1/012090 (Best Paper Award)

- E. Nsugbe, A Starr, | Jennions and C Ruiz-Carcel Online Particle Size
Distribution Estimation Of A Mixture Comprising Of Similar Sized Particles
With Acoustic Emissions The 6th International Conference on Manufacturing

Engineering and Process (Best Technical Presentation)

7



- E. Nsugbe, A Starr, | Jennions and C Ruiz-Carcel Particle Size Distribution
Estimation Of A Mixture Of Regular And Irregular Sized Particles Using
Acoustic Emissions 27th International Conference on Flexible Automation and
Intelligent Manufacturing

Co-Authored Journal Publication:

-C Ruiz-Carcel, A Starr, and E. Nsugbe Estimation Of Powder Mass Flow Rate
In A Screw Feeder Using Acoustic Emissions Published In Powder

Technology



In loving memory of my Godfather “Uncle Odion” and
also former Reader in Electronics Engineering At

Sussex University “Dr Lionel Ripley”.

....R.I.LP to both of you.

“...the only people who tell you that you can’t do something are the ones who
failed. And I’'m not going to tell you that you can’t do something, because | did it
and you can too. So don't listen to negative people. The only person who decides
what you can do is you. ”

-Paul Stanley/Christopher Irvine



ACKNOWLEDGEMENTS

All praise and gratitude be to my creator for all the mercies, strength, wisdom
and guidance he has shown to me over the duration of the PhD.

I would like to thank the man who hired me and gave me the opportunity to
come down to Cranfield and work as part of a consortium full of bright
academics, he served as my supervisor, line manager and voice of reasoning
over the course of my PhD and his name is Professor Andrew Starr. Thank you
for being supportive, understanding and flexible with me as | matured over the
years.

I would like to thank Professor lan Jennions for agreeing to step in when help
was needed and going on to guide and capably assisting me with my research
as my co-supervisor. | would like to thank my colleague, friend and PhD mentor,
Dr Cristobal Ruiz-Carcel for the abundant help, support and guidance which he
selflessly provided me. | would also like to extend thanks to Professor Peter
Foote who provided me with assistance in getting started with my research prior
to his departure. And also many thanks to my internal review team which
comprised of the perfectionist Professor Stewart Williams and the man with an
eye for detail Professor Stephen James.

Many thanks to you all for seeing my potential and guiding me into becoming a

much stronger version of myself.

| would like to thank the likes of Claire Duckitt, Claire Martin, Paul Gould and
Dave Smyth for providing me with access to the production site as well as
relevant process information when it was needed. | would also like to
acknowledge the support of partners Procter & Gamble, IIT, Ajax, Centre for
Process Innovation, the University of Birmingham, the University of Leeds, and
the University of Durham. This research is part of Chariot and The Advance
Manufacturing Supply Chain Initiative (AMSCII) which is a government supply
chain fund which is helping to rebuild British manufacturing prowess.

10



Big thanks to the guys at the particle characterisation lab, Christine Kimpston at
the Scanning Electron Microscope lab, David Ayre and the rest of the crew that

supported me here at the Cranfield University community.

And last but not the least, | would like to acknowledge and extend my gratitude
to my family and friends, for the unconditional love and support which all of you
have shown me during this journey. As always, special thanks to my parents for
allowing me to go out there and carve my own pathway in life while constantly
supporting me every step of the way, sister Hanna(and soon to be lawyer) for
her love and support, and also Grandparents and aunts for their continuous well

wishes.

11



TABLE OF CONTENTS

Y = 1S ¥ AN O 5
ACKNOWLEDGEMENTS ..ottt e e e e e e e eeeeeeeeeeeeeees 10
LIST OF FIGURES. ........uututitiiiiiiiiiiiieeiieeeeieaensneeenesssssessssssssensssassssenssnssnnnnsnnsnnnns 15
IS IO 1Y = I S 20
LIST OF EQUATIONS . .. .eutitiititiiiiitiiitiiiieaiabesaasebeesasbeseessessaessassssbessassssssnensennnes 22
LIST OF ABBREVIATIONS ......uutititiiiiiiiiiiiiiitiiiiieieieeneeinnnseanssinseseeneeneeenneensennes 24
(O g =T o) (= 0 SR 25
L. INtrOAUCTION .. 25
1.2 Project Background............cooooiiiiii i 25
1.2.1  Chariot PrOJECT......ccciiiiiiiiiiiiiiiiiieeeeeeeeee 25
1.2.2  Washing Powder Manufacturing ProCcess .........ccccccccvvvvveiiinnnnnnn. 27
1.2.3  Post Production And Proposed Method ...........ccccccovviiiiiiinininnnn. 29

1.3  AIMS and ODJECLIVES .....cooeeeeiiiieiiei e e e e eeaaans 30
1.3 AIMe 30

I T O o = Tox 1Y/ 30
1.3.3 Key Steps INVOIVEd ...........ovviiiiiiecceeeeie e 30

1.4 TheSiS OULIINE ...ccoeeeiiiiie e e e e e e eeeees 30

2 LIterature REVIEW ..........uuuuiiiiii et e e e e e e e eatan s e e e e e eeeeenes 33
2.1 Research Methodology ..........ccccviiiiiiiiiiiiiiiiiieeee 33
2.1.1 Design Of EXPENMENTS .....ccovviiiiiiiiiiiiiiiieeeeeeeeeeeeeeeeeeeee e 35
2.1.2  Components Of Experimental DeSign...........cccovvvvvvviiiiiieeeeeeenenns 35
2.1.3 Application Of Design Of Experiments (DOE)...........cccccvvieieiiieeeeeennn, 36
2.2  Particle Size and Particle Size Distribution ..........ccccccvvvvviiiiiiiiiiiennnn. 41
2.3 Process Analytical Technology Used In Particle Size Monitoring ........... 41
2.4 ACOUSLEIC EMISSIONS ...ccoiiiiiiiiiiiiiiiiiieeeeeeee ettt 45
2.5 Impact Dynamics and Elastic Waves..........cccccccvvvviiiiiiiiiiiiiiiiiiiiiiieeee 46
2.6 Analysis Of Previous WOrK ..........ccoiiiiiiiiiiiiiiiiiieeeeeeeeeeeeeeeeeeeeeeeeee 49
2.7 Summary Of Previous Work and Knowledge Gap Identification ............. 51

2 < 3 o] o Tod U1 o] o SRR 52

3 Experimental Rig DeSIgN .....ccuuiiiiiiiiiieeee e 53

G 700 R 111 o o (3 ox 1o o [P PP 53
3.3.1L AE SIgNal SOUICE ....coeviiieeee e e 56
3.3.2 AE SBNSOI .. 56

3.4 Experimental PArtiCles .............uuuuiuiiiiiiiiiiiiiiiiiiiiiiiiieiiiieeieee 57
3.5 Rig Repeatability TESIS ........uuuuuiiiiiiiiiiiiiiiiiiiiiiiiiiiiiieiiei e 58
3.6 Signal Processing Method ............uuuuuiiiiiiiiiiiiiiiiiiiiiiiiiiiiieeieeeeeeeaeeees 62
3.6.1. Particle Sizing With AE - Theoretical Background...............ccc..uuee. 62

3.7 CONCIUSION ... e e e e eanaas 66



4 Particle Size DIifferentiation ..o 68

4.1 EXPEriMENt DELaAIIS. ......uuuiiiiiiiiiiiiiiiiiiiiiiii e 68
4.1.1 EXPeriment ProCEAUIE..........uuuuiiiiiiiiiiiiiiiiiiiiiiii e 68
4.1.2 EXPeriment PArtICIES ............uuuuiuiiiiiiiiiiiiiiiiiiiiii e 68
4.1.3 Particle Sizing APProach .......cccoccoiiiiiiiiiiiiiie e 69

A2 RESUIES ...ttt n e 73
4.2.1 Polyethylene ReSUILS...........cooiiiiiiiiiieecee e 73
4.2.2  Glass Beads ReSUILS............uuuuuiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiieenenns 75

G I @ ] o 1111 (o] o [P SR 77

5 Particle Size Distribution Estimation Of 2-Particle Mixtures...............ccceeeeeeee 79

00 11 o o (3o 1o o PP 79

5.2 Particle Mixture Threshold Method ..............ceiiiiiiiiiiiici e, 79

5.3 Mixture of two sets of glass beads with regular geometry....................... 83
5.3.1. Experimental Method ...........cccoooiiiiiiiiiic e 84
5.3.2 Results and Validation................uueueeiiiiiiiiiiiiiiiiiiiiiiieeiiiee. 85

5.4 Mixture of a set of regular and irregular sized particles.............ccccovvveenn. 88

5.5 Mixture of a set of similarly sized particles.............cccuuvvviiiiiiiiiiiiiiiiiis 91

5.5.1 Mixture of a set of similar sized particles with irregular geometry .... 92
5.5.2. Mixture of two sets of similar sized particles with regular geometry

.................................................................................................................. 94

6 Estimation Of The Ratio Of Fines To Oversize Particles In a Washing
Powder COMPOUNG...........oiiiiieeiieieice e e e e e e e e e e e e 101
LG I [ a1 (o o (U Tod 1 ] o I PP 101
6.2 Experiment Structure and ReSUIS ..........ccooviiiiiiiiiii e 102
6.3 CONCIUSION ..o 107
7 Particle Size Distribution Estimation Of Washing Powder ........................... 109
4% T 1 0T ¥ Tod 1 o] o RSP 109
7.2 Signal Processing Extension And Data Driven Modelling Technique ... 109
7.2 ReSUItS and DiSCUSSIONS......cccviiiiiiiiiieeeeeeeeeeiiias e e e e e ee et e e e e eeeeeeenes 112
7.3.1 Normal DiStriDULION........cocvviiiiiiiiiiiiiiiiieeeeeeeeeeeeeeeeeeeeeeeeee e 112
7.3.2 Uniform Distribution ... 117
7.4 Discussion and CONCIUSION ...........uuuiiiiiiiiiiiiiiie e 122
8 Algorithm Comparison Case StUdY ..........covieiiiiiiiiiiiiiiee e 124
S 700 1 1 o o [ o 1o o P 124
8.2 Wavelet TransSformM.... ... 124
8.2.1 Wavelet Approximations And Details ..............uueveemiiiimiiiiiiiiniiiiiinnns 125
8.3 TheoretiCal MOUEl .......ccceeeiiieece e 126
8.4 Particle Size Differentiation ... 128
8.5 Glass Bead Mixture PSD EStIMation............ccoooeeivieiiiiiiiinneeeeeeeeeeiiiinnnnn 130
8.6 Washing Powder PSD Estimation............ccccoooviiiiiiiiiiii e, 131

13



8.7 Ren’s PSD Estimation Algorithm For PSD Estimation In A Fluidised

BB .. e 132
8.8 CONCIUSION ... 135

9 Conclusion And FUrther Work ... 138
9.1 General conclusions and NOVEIY ............oeuviiiiiieeiiiiece e, 138
9.1.1  Specific CONCIUSIONS.........uuiiiiiieeeiiiieices e e e 139
9.1.2 Limitations observed...........ccoooe o 142
9.1.3 Proposals for further Work............cooooviiiiiiic e, 142

10 REFEIENCES ... et e e e e e e e e 145
F N o N | [ 152

14



LIST OF FIGURES

Figure 1.1: Schematic Views Of Work Packages Interactions-Page27

Figure 1.2: Schematic Representation of the Washing Powder Production

Process-Page28
Figure 1.3: Picture of a batch mix drum at a P&G plant-Page29
Figure 2.1: Design Space Approach Schematic-Page34

Figure 2.2: Levels of Components of Experimental Design Involved In Making A
Box Of Washing Powder-Page36

Figure 2.3: Picture illustrating the Discrete Element Modelling (DEM) results
illustrating various flow patterns in a mix drum (a=slumping, b=slumping-rolling,

c=rolling. d=cascading, e=cataracting, f=centrifuging) —-Page38
Figure 2.4: Microscope Image of Washing Powder Particles-Page40
Figure 2.5: Longitudinal Wave-Page47

Figure 2.6: Transverse Wave-Page47

Figure 2.7: Rayleigh Wave-Page48

Figure 2.8: Symmetric Wave Mode-Page48

Figure 2.9: Asymmetric Wave Mode-Page48

Figure 2.10: Experimental setup showing white drum and condenser microphone-
Page49

Figure 3.1: Experimental Setup-Page54
Figure 3.2: Placement of the sensor-Page54
Figure 3.3: Sample AE Signal Of Washing Powder-Page56

Figure 3.4: Block Diagram Of The Sensor Signal Processing Chain-Page57

15



Figure 3.5: Microscope Image Of Glass Beads Particles-Page57
Figure 3.6: Microscope Image Of PE Particles-Page58

Figure 3.7: Load against Time Plot For 90 grams of Powder With A 60/40 Mix
Ratio-Page60

Figure 3.8: Graph Showing Average Slope of Line against Class 2 Particle

Percentage In Mixture-Page61
Figure 3.9: Signal Shaping Chain-Page62

Figure 4.1: Workflow Diagram For Threshold Approach Of Unmixed Sample-
Page71

Figure 4.2: Acoustic Emission Plot Of 126-150 Microns Polyethylene Particles-
Page72

Figure 4.3: Amplitude (in volts) -time Graph with a threshold level of 60% (peaks
above 0.138) -Page73

Figure 4.4: Correlation of Particle Size against Threshold Amplitude Mean For
90% Threshold (correlation factor 0.87) -Page74

Figure 4.5: Correlation of Particle Size against Threshold Amplitude Mean For
10% Threshold (correlation factor 0.97) -Page74

Figure 4.6: Plot Of Linear Correlation Co-efficient Against Threshold Level-
Page75

Figure 4.7: Acoustic Emission Plot of 425-600 microns Polyethylene Particles-
Page76

Figure 4.8: Correlation of Particle Size against Threshold Amplitude Mean For
10% Threshold (correlation factor of 0.99) —Page77

Figure 5.1: Visual lllustration of the Thresholding Method for a Two Particle
Mixture-Page81

16



Figure 5.2: Workflow Diagram For Threshold Approach Of Mixed Sample-Page82
Figure 5.3: Image of Big Glass Beads-Page84

Figure 5.4: Correlation Plot of Percentage of Big Glass Beads in Mixture, Against
Threshold AE Amplitude Mean from Upper Threshold-Page86

Figure 5.5: PSD Chart Comparing Actual Particle Percentage Of Big Particle In
Mixture To Amount Estimated by Model-Page87

Figure 5.6: Image of Polyethylene Particles-Page89

Figure 5.7: PSD Chart Comparing Actual Particle Percentage Of Big Particle to
Amount Estimated by Model-Page90

Figure 5.8: Correlation Plot of AE Amplitude Mean Against Small Particle

Percentage in Mixture-Page93

Figure 5.9: PSD Chart Comparing Actual Particle Percentage Of Small Particle
To Amount Estimated by Model-Page94

Figure 5.10: Correlation Plot of AE Amplitude Mean Against Small Particle

Percentage in Mixture-Page95

Figure 5.11: PSD Chart Comparing Actual Particle Percentage to Amount
Estimated by Model-Page96

Figure 5.12: Image illustrating different particle impact types-Page97
Figure 6.1: Sample Washing Powder AE Signal-Page102

Figure 6.2: Image of Washing Powder <500 microns-Page103
Figure 6.3: Image of Washing Powder >500 microns-Pagel104

Figure 6.4: Actilift Washing Powder Full Distribution Obtained with Sieving-
Pagel05

Figure 6.5: Correlation Plot of Oversize Particles against AE Amplitude Mean-
Pagel06

17



Figure 6.6: PSD Chart Comparing Actual Particle Percentage to Amount
Estimated By Model-Page107

Figure 7.1: Histogram of Ariel Normal Washing Powder Distribution Obtained By
Sieving By Weight-Page110

Figure 7.2: Graph Showing Optimal Threshold Region For Bins 1 and 3-Page113
Figure 7.3: Graph Showing Optimal Threshold Region For Bins 2 and 4-Page114
Figure 7.4: Graph Showing Optimal Threshold Region For Bins 5-Pagel114

Figure 7.5: Chart Comparing Actual Particle Percentage to Estimated Amount for

a Normal Distribution with a Mean of 580 Microns-Pagel15

Figure 7.6: Chart Comparing Actual Particle Percentage to Estimated Amount for
a Distribution Skewed to the Left with a Mean of 370 Microns-Pagel16

Figure 7.7: Chart Comparing Actual Particle Percentage to Estimated Amount for
a Distribution Skewed to the Right with a Mean of 670 Microns-Pagel116

Figure 7.8: Histogram of Uniform Washing Powder Distribution Obtained By
Sieving By Weight-Page118

Figure 7.9: Chart Comparing Actual Particle Percentage to Estimated Amount for

a Normal Distribution with a Mean of 580 Microns-Pagel119

Figure 7.10: Chart Comparing Actual Particle Percentage to Estimated Amount
for a Distribution Skewed to the Left with a Mean of 370 Microns-Page120

Figure 7.11: Chart Comparing Actual Particle Percentage to Estimated Amount
for a Distribution Skewed to the Right with a Mean of 670 Microns-Pagel120

Figure 8.1: Comparison of the Various Signal Analysis Methods-Pagel125

Figure 8.2: Picture showing how one signal is split into two frequency

components-Pagel26

18



Figure 8.3: Picture showing how one signal is split into two frequency components
for a multi decomposition scenario-Pagel126

Figure 8.4: Correlation Plot of AE Signal Energy In Joules against Particle Class-
Pagel29

Figure 8.5: Big Particle Percentage in Mixture against Acoustic Energy In Joules
For Glass Beads Mixture (R=0.9) -Pagel130

Figure 8.6: PSD Chart Comparing Actual Particle Percentage Of Class 3 Particles
(Big) To Amount Estimated By Model-Page131

Figure 8.7: Big Particle Percentage in Mixture against Acoustic Energy In Joules
Of Washing Powder Mixture (R=0.7) -Page132

Figure 8.8: Ren’s Fluidised Bed Experimental Setup-Pagel133

Figure 8.9: Chart Comparing The Percentage Of Big Particles In Mixture Against
Estimated Amount-Pagel134

Figure 8.10: Chart Comparing The Percentage Of Big Particles In Mixture Against
Estimated Amount-Pagel135

Figure 9.1: Schematic Views Of Work Packages Interactions-Page139
Figure 9.2: Picture Of A Single AE Burst Event-Pagel143

Figure 9.3: Graph lllustrating The Enveloping Phenomena-Pagel144

19



LIST OF TABLES

Table 2.1: Table Showing the Various Process Variables in the Mix Drum and
Their Respective Reduction Equivalent-Page40

Table 2.2: Various Particle Size Measurement Sensing Methods-Page45
Table 3.1: Glass Beads Details- Page58

Table 3.2: Powder Mix Ratio Table-Page58

Table 4.1: Particle Class Information-Page68

Table 5.1: Glass Beads Physical Properties-Page83

Table 5.2: Particle Mix Ratio Table-Page85

Table 5.3: Mix Ratio Details of Experiments Used to Test Accuracy of the PSD
Estimation Model-Page86

Table 5.4: Physical Properties of Experimental Particles-Page88
Table 5.5: Physical Properties of Experimental Particles-Page92
Table 5.6: Physical Properties of Experimental Particles -Page95
Table 5.7: Particle Comparison Table-Page97

Table 5.8: Experiment feature summary and results table-Page99
Table 6.1 : Physical properties of particles-Page105

Table 7.1: Particle Separation Method-Pagel110

Table 7.2: Table Showing Various Distributions Considered And The
Associated Average Absolute Errors When PSD Estimation Model Was Trained
With A Normal Distribution-Page117

Table 7.3: Table Showing Various Distributions Considered and Associated
Average Absolute Errors when PSD Estimation Model was trained with a
Uniform Distribution-Page121

20



Table 7.4: Table Comparing Results From Both Training Distributions-Page122
Table 8.1: Particle Class Information-Page128

Table 8.2: Frequency ranges of the various scales-Pagel129

21



LIST OF EQUATIONS

C =fA (2.1) —Page46

Cl=JE(1—-V)/p(1+V)(1-2V) (2.2) —Page46

C2=,E/2p(1+V) (2.3) —Page47

V(t) = S(t) * G(t) * R(¢) (3.1) —Page63

3/2
S(t) = (Fmax (sin (Tt‘—ct)) , 0for 0 < ¢ < tc (3.2) -Page63

2
t,=4.53 <4p11T ((5;5))> vy /° (3.2.1)-Page63

3

Fnax = 191703 (8, + 8,)sr,v8/®  (3.2.2)-Page64
8, = (1 —pf)/(mEy)
V() =U(t) = 1(t) (3.3) —Page64

M=2%"|x| (3.4) —Page66

n

YT x| (3.5)-Page66

n

M,

B1+B2+B3+B4+Bs+Be=100% (7.1) —Pagel111
B1= can be estimated using PSD model 1 (7.2) -Pagelll
B2= Baase-B1 (7.3) —Pagel1l
B3= Bsse-B12 (7.4) —Pagelll
B4= Bsg-B123 (7.5) —Pagelll

Bs= Be-B1234 (7.6) —Pagel1l

22



B6=100%-B12345 (7.7) —Pagelll
F(t) = X{-1 2mvid(t-ta) (8.1) —Pagel26
F(t) = 2mvfp (8.2) —Pagel127
Pae=n"  (8.3)-Page127
C={/D? (8.4) —Page127
fp=C 222=CV (8.5) —Page127
J= PaeAAv=2nmv?fp=2{nfp= 2{nmv3/D?> (8.6) —Pagel27
E=/, Jdt = [, Znpsv3Ddt, (8.7) —Page127
Po=Y(_, x% =E2(Dj) (8.8) —Page128
Y AiPE(Dy)xj = Pk, k =K (8.9) —Pagel33

V(H)=SE*G()*R() (9.1)-Page140

23



LIST OF ABBREVIATIONS

AE-Acoustic

Emissions

PSD-Patrticle
Size

Distribution

DOE-Design
Of Experiment

P&G-Proctor

and Gamble

CPI-Centre
For Process

Innovation

FBRM-Focus
Beam
Reflectance

Measurement

NIR-Near
Infrared

Spectroscopy

PAT-Process
Analytical
Technology

FPGA-Field
Programmable
Gate Array

24



Chapter 1

1.1 Introduction

The Particle Size Distribution(PSD) is an important quality attribute of various
kinds of particle processing settings that range from granulators, batch
agglomeration mixers, coal milling plants, fluidised beds and pneumatically
conveyed systems.[1] With the reason for this being that the PSD is a quality
attribute that influence the bulk and flow properties of the powders, gives as
indication of the level of mixing, can serve as an indication of process efficiency,
and can also have an influence on pipe erosion in the case of pneumatically

conveyed systems.[2-4]

Procter and Gamble (P&G) require an online PSD monitoring platform in their
powder agglomeration process, as it is believed that this will provide a way of
monitoring the quality of the powder in-process and provide the future
opportunity for process optimisation to take place within the production loop.
[5,6] This thesis details the steps taken to design a PSD estimation model which
can be used for different types of powders and can be implemented online. The
problem will be investigated with using the design space approach supported by
the Design Of Experiments (DOE), and it will involve the design of a series of
goal driven experiment whose results will be used to comprehend the behaviour
of the material in-process and help investigate how the proposed Process
Analytical Technology (PAT) can be used to monitor the desired process quality
attribute.[7]

1.2 Project Background

1.2.1 Chariot Project

This work was conducted as part of the Chariot project, a partnership focused
on creating high value compact products to extend the UK’s supply chain reach.
The three year project commenced in 2014. It aimed to develop innovations in
the manufacturing chain for specialist powders that can be used for a wide

range of consumer goods.[1,2] The project was made up of eight partners:
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P&G, Centre For Process Innovation (CPI), International Innovative
Technologies, Ajax Equipment Limited and the Universities of Leeds,
Birmingham, Durham and Cranfield University. The partnership brought
together world class research capability to focus on particulate formation, online
measurement and analysis. The main motivation for the project stemmed from
the fact that the traditional means of washing powder production was not
efficient in terms of resources or cost. The Chariot project not only aimed at the
formulation of new innovative ways of producing powder but also the
subsequent reduction in environmental impact and cost of manufacturing
associated with the production. [1, 2] The overall project analysed the milling of
powder and patrticles, and also researched into the effects of new and different
finding equipment designs on material properties and performance. The
flowchart in Figure 1.1 shows the research themes in the Work Packages and
how they feed into each other. The work reported in this thesis results from
WP6s, which was focused on the monitoring of the particle changes using

acoustic emission.
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Figure 1.1: Schematic Views Of Work Packages Interactions

1.2.2 Washing Powder Manufacturing Process

The washing powder compound comprises of solids and liquids, the solid
materials in the compound include; builders, enzymes, fillers and bleaches.

While the liquid materials include; surfactants, perfumes and binding liquid.

During the production process, all the solids are dispensed into a “crutcher”,
which is a large reaction vessel and mixer, with an internal temperature of 80°
Celsius. Using a spiral screw inside the crutcher, the raw materials are mixed
into slurry, which is then discharged from the Crutcher into the drop tank in
batches. Aided by a series of pumps, this slurry is supplied continuously to the
spray drying tower. Hot air flows into the spray drying tower at a temperature of
400° Celsius, and this in combination with some nozzles converts the slurry into
dried “blown powder”. With the means of a conveyor and air lift, the blown
powder is transported into the mixing drum - which is the final production phase
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before packing. Figure 1.2 shows a schematic representation of the various
stages involved in the production of the washing powder.

Process Stages
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Figure 1.2: Schematic Representation of the Washing Powder Production

Process

The mixing stage is where all component materials from all the prior processes
illustrated in Figure 1.2 are finally integrated before packaging commences, this
stage determines the final physical characteristics of the finished product prior
to packing and also presents the final opportunity to perform a product quality
check and thus is regarded as the critical phase of production. This area has
been of particular focus of this research for this reason. Figure 1.3 shows a

picture of a batch mix drum at a P&G plant.
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Figure 1.3: Picture of a batch mix drum at a P&G plant

The blown powder, solids (builders, fillers, enzymes and bleach) and liquids
(surfactants and perfumes) are simultaneously dispensed into the mixing drum
where mixing takes place for 12 minutes. In the 10" minute a non-ionic binder
and perfume are added to the mix, after which it is mixed for the final 2 minutes

before packaging commences.

1.2.3 Post Production And Proposed Method

The washing powder compound needs to fulfil certain quality standards before
they can be sold, in the P&G production setting the necessary quality checks
are carried out offline. These offline quality checks consist of a wet chemistry
test which involves the analysis of the compound in the liquid phase in order to
identify and quantify the presence of various chemicals in the composition
which would be typically unmeasurable by physical means, while the physical
inspection is done by way of sieving to measure the ratio of
“fines”(<500microns) to “oversize”(>500microns) particles from a sample taken
out of a finished batch. Both of these offline checks have been described as
slow and in the case of the wet chemistry test has been described as

expensive. This research is focused on the implementation of real time process
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monitoring sensors to measure a physical attribute of the powders that can be
used to interpret overall product quality and help provide future opportunity for a

closed loop approach to real time process control.
1.3 Aims and Objectives

1.3.1 Aim

For the theme which this research is based around, the PSD was chosen as the
quality attribute to be monitored as it is hypothesised that this will give an
indication of the flow properties of the powders, extent of agglomeration and
also provide a way of assessing the overall efficiency of the powder production
chain.[8] Acoustic Emissions (AE) was selected as the sensing tool to use in
this research, details of the selection process and justification are explained in

chapter 2.

Thus the aim of the research is the design of a method capable of estimating

the PSD of various powder mixtures using AE.

1.3.2 Objectives

The associated objectives in achieving the aim of the thesis include;
1 Establish the relationship between AE and particle size
2 Understand the variables which influence the AE

3 Detect variations in the PSD of various mixtures using AE

1.3.3 Key Steps Involved
1 Selection of appropriate sensors and signal processing approach

2 Design and build an experimental bench-top approach to monitor powder
samples
3 Process the acquired signal using appropriate algorithms to extract

information about the process

1.4 Thesis Outline

The objectives of this thesis are addressed in subsequent chapters as follows;
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Chapter 2: this chapter discusses the chosen research methodology and the
application of the Design Of Experiment methodology in identifying the key
process variables present in the mix drum which were used to design the
benchtop experimental rig. A review of the state of the art in particle size
measurement was done in this chapter in addition to an explanation of the down
selection process and justification of selecting AE, in addition to a review of the
work done by previous authors in the field and identifies a knowledge gap and

potential contribution to literature which this thesis will be providing.

Chapter 3: this chapter discusses the benchtop experimental design, AE signal
source, sensor of choice, theoretical model established by previous authors
which links particle size and AE, and how this was used to design a signal
processing method which will be used to extract particle size information from

an acquired AE signal.

Chapter 4: this chapter is based around the size differentiation of sieved glass
beads and polyethylene particles, in order to be able to validate the relationship

stated in the theoretical model in the previous chapter.

Chapter 5: covers the estimation of the PSD of different combination of mixtures
comprising of the chosen experimental particles using the designed signal
processing method and an interpretation of the results of the various mixtures

using the theoretical model which describes particle-AE relationship.

Chapter 6: involves experiments which aim to replicate the offline physical
quality check procedure at P&G using washing powder and the designed signal
processing method.

Chapter 7: details the steps taken to estimate a particle size distribution of the

washing powder compound comprising of 6 size categories

Chapter 8: an algorithm comparison case study was carried out in this chapter
with a time-frequency based approach used by Ren et al, in order to be able to

benchmark the perform of the designed PSD estimation method.
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Chapter 9: discusses and concludes the advances made in the area of AE as
an online tool for monitoring PSD in powder processes, as well as future work

and recommendations in this area
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2 Literature Review

This section details the research methodology which will be used to investigate
the research problem. A review of various measurement techniques that can be
used to monitor particle sizes has been presented, along with a justification of
the selection of Acoustic Emissions (AE). This is followed by a review and
critical analysis of previous studies in this area, along with the identification of a
knowledge gap and potential contribution to literature.

2.1 Research Methodology

Predominantly used in the pharmaceutics, Process Analytical Technology (PAT)
involves the identification of Critical Process Parameters (CPP) used to make a
certain product, and the understanding of how these affect the Critical Quality
Attributes within the specific process limits.[9] The implementation of this
framework would allow for consistent product quality in addition to helping to

reduce production costs and waste.[9]

There are a number of PAT tools which aid in process understanding and when
applied in a process provides a structured pathway for the acquisition of the
relevant process information, in addition to continuous improvement and risk
mitigation approaches. [9] These tools include; Multivariate tools for design,
data acquisition and analysis, Process Analysers, Process control tools and
knowledge management tools. [9]This research will be focused on the selection
of an appropriate process analyser and effective data analysis tools for the case
study being investigated as part of this research.

Implementing a robust PAT system requires an understanding the various
physical and chemical properties influencing product quality, as well as
knowledge of how these factors vary with alterations in process parameters

(e.g. mixer rotating speed and binder addition).

A design space approach is a useful tool for comprehending the interaction

between input variables and process parameters, and how they influence final
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product quality. [11] This approach aids in understanding how a certain product
acts under a range of operating conditions, and is useful in developing a
versatile process to deal with variability in input materials and process

parameters. [11]

From Figure 2.1, it can be seen that the design space is a subset of the
knowledge space. The knowledge space embodies the available process
information including regions of possible failure; the design space makes
reference to the acceptable operating conditions where the output product is of
adequate standard. [10] Further process optimisation could occur in order to
narrow a set range of normal operations which is named as the ‘control space’,
although operation within the design space region can be treated as

acceptable.[10]

Knowledge

Space

Design
Space

Control
Space

Figure 2.1 Design Space Approach Schematic [10]

Commonly used in conjunction with the design space approach to understand
interaction between variables, is a statistical method referred to as Design of
Experiments (DOE).[10,12] The DOE works with statistical standards to create
goal-driven investigations, which are based on concurrently varying a number of

factors in a controlled environment.[10,12]
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The investigations are usually a simulation of the real process, involving a
number of desired variables. Supporting these investigations with statistics aids
in clearly distinguishing between causal and correlative relationships, thereby
making it possible to identify the root causes of variability and how they

influence the operating process. [10]

This research problem will be addressed with the design space approach and

supported by the Design of Experiments (DOE) technique.

2.1.1 Design Of Experiments
2.1.1.1 Introduction

In order to gain better understanding of a process, experiments are designed to
assess what inputs have a pivotal influence on the process output and what the
expected output of the process should be in various cases.[11]

DOE is a useful tool that can be used to achieve objectives such as machinery
inspection notification, output process variation reduction and waste reduction in

manufacturing. [11]

2.1.2 Components Of Experimental Design

Using a simple washing powder example as illustrated in Figure 2.2 and
following the DOE approach, the three components of an experimental design
and their effects are considered.

e Factors: otherwise referred to as input parameters, they can either be
controllable or uncontrollable. The controllable factors in the experiment
are the ingredients (e.g particles) used, the speed of the drum, to name a
few. [12] The uncontrollable factors may include external interferences
(e.g. temperature).

e Levels: this includes the amount of each material used, e.g. the amount
of particles dispensed into the mix drum.[12]

e Response: this is the final experimental outcome. At the end of the

experiment, pivotal outcomes are assessed to determine the factors that
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would produce the best overall quality characteristics. In the case of the
final washing powder box, a key measurable feature would be particle
size.[12]
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Figure 2.2 Levels of Components of Experimental Design Involved In Making A

Box Of Washing Powder

2.1.3 Application Of Design Of Experiments (DOE)

The DOE method has been applied in this research as a factor reduction tool in
order to eliminate some non-critical variables present in the factory mix drum,
which would make it possible to design a controlled benchtop experimental rig

that focuses on the specific factors of interest.

Below is a list of the various process factors present in the mix drum and a
supporting justification behind the elimination or reduction of each factor. Table
2.1 shows a list of each factor alongside their associated reduction/elimination
equivalent.

Machine Rotating Speed: the machine rotating speed provides the force

which sets the particles in motion and allows for mixing to occur, Figure

2.3 illustrates the results of a Discrete Element Modelling (DEM) study
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carried out by Yang et al which describes how the increase in the rotating
speed of a drum mixer gives rise to a number of flow regimes.[13] During
the slumping phase the particles are lifted and dumped in an occasional
avalanche like motion, in the slumping-rolling phase the flow begins to
show signs of change as the time between each avalanche begins to
reduce, in the rolling stage the rotating speed at this point causes an
excitation of the particles at the top of the pile as the particles begin to
move quickly while the particles at the bottom show signs of slow
movement, a further increase in the speed gives rise to the cascading
regime while an additional increase induced the cataracting flow pattern
where the particles move at a high enough velocity to be hurled off the bed
of particles and interact freely with the wall of the mixer, in the final phase
which is regarded as the centrifuging stage, the particles adhere to the
walls of the mixer to the strong centrifugal forces caused by the high mixing
speed. [13]

The experimental rig which will be designed for use in this research will be
based around the cataracting stage of the mixing, as this has been viewed
as the stage of mixing where the particles obtain maximum attainable
velocity and produce particle wall interaction in free flow before the mixer
speed increases and the particles adhere to the walls of the mixer due to
the strong centrifugal forces present in the centrifuging regime. [13] It is
also worth noting that at the cataracting flow phase, the fluid number which
can be described as the ratio of the inertia to gravity force in a flow, is less
than 1 at this point.
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Figure 2.3: Picture illustrating the Discrete Element Modelling (DEM) results

illustrating various flow patterns in a mix drum (a=slumping, b=slumping-

rolling, c=rolling. d=cascading, e=cataracting, f=centrifuging) [13]

Flow rate: in the mix drum, in addition to the PSD of the particles, the
flow rate is primarily influenced by the mixer rotating speed and the
amount of the agglomeration binder present. This suggests that flow rate
variations would be present during the mix process as the powders
combine for a fixed duration before the binder is added to the mix later
on during the mix cycle. To simplify the experiment, one flow rate will be
used for all experiments. A funnel will also be used to ensure that the
powder flow rate is constant for all experiments. During the funnel
selection procedure, various funnels were tested. The majority of funnels
gave a constant flow rate, but it was seen that certain funnels produced a
bimodal flow rate in a random sequence. The funnel which produced a

unitary flow rate and allowed for powder free flow without blockage was
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selected as the candidate funnel for the experimental rig. The candidate
funnel produced a dispensation rate of 19.3g/s.

Binder: a liquid is used during the mixing process as a binding agent to
enable the particles agglomerate. As this work is based around the PSD
estimations of powders in free fall and not agglomeration, this
experimental factor has been eliminated and will not be included in the

experimental setup.

Particle impingement body: the inside of the mix drum which the particles

impinge on during mixing is made of aluminium, therefore an aluminium
plate of uniform thickness was selected as the particle impingement
body.

Mix duration: as the benchtop experimental rig will be setup to monitor
powder flow dispensed through a funnel and not a mixing process, the
experimental factor becomes inapplicable in this case and can thus be

eliminated.

Particle Number: there are 15 different types of particles in the washing

powder compound which was used in the laboratory-based experiments
conducted, so for each experiment where washing powder was used, the
15 constituent particles were present in the mixture. In other experiments
where we wished to have a more controlled investigation, this number was
varied systematically depending on the aim of the experiment and involved
the use of glass beads and polyethylene particles. A microscope image of
the washing powder particles can be seen in Figure 2.4.

39



876.92 um

583.73 p6®.30 um

48047 pm

693.93 um

942.30 um

4

585.73 um

Figure 2.4: Microscope Image of Washing Powder Particles

¢ Machine noise: as these investigations to be carried out are based on the

free flow of powders dispensed through a funnel, there will be no rotating
components in the experimental rig and therefore machine noise would

not be present.

Table 2.1: Table Showing the Various Process Variables in the Mix Drum and

Their Respective Reduction Equivalent

Process Variable

Reduction Equivalent

Machine Rotating Speed

Free fall with gravity

Particle Number

Number varies depending on

experiment

Binder addition

Factor eliminated

Particle impingement body

Aluminium plate of uniform thickness

Mix duration

Factor eliminated
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Flow Rate One constant flow rate

Machine noise Factor eliminated

2.2 Particle Size and Particle Size Distribution

The term ‘particle size’ typically describes diameters of spherical
approximations to particles that typically range from nanometres to
millimetres.[1] The particles produced by most real life particle-processing
plants tend to vary in size - which means they are polydisperse, therefore it is
useful to not just measure the particle sizes but also to establish the Patrticle
Size Distribution (PSD) in a process.[1] The PSD of a mixture of particles is an
important quality check factor as this influences the bulk and flow properties of
the particles.[8] This has thus led to the development of various particle
monitoring technologies which are detailed in section 2.3.

2.3 Process Analytical Technology Used In Particle Size

Monitoring

An array of sensing methods exists for monitoring the particle mixing process
both intrusively and non-intrusively, with each type of sensor having its own
unique signal processing method.[10] The following are a list of widely used

sensor technologies for monitoring particle sizes in powder processes:

-Sieving and Weighing: this is the simplest and oldest form of particle size
analysis and involves the sorting of particles on the basis of their size,
irrespective of their other physical properties. [17] A typical sieving process
consists of placing a known mass of powder on a sieve with a known aperture
size and providing an impulse to the sieve in order to allow the particles pass
through the sieve apertures. [17] In certain cases, sieves containing different

aperture sizes are stacked on each other and regarded as layer sieves, which
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are quivered until the particles begin to go through the respective apertures in
the different sieve layers and stop when they reach an aperture which they
cannot pass through.[17] The amount in each sieve layer is weighed at the end
of the process and calculated as a percentage of the total mass of the particles

put in the sieve and used to form a PSD.

-Electrostatic Sensing: this sensing method is based on the principle of
particles emitting electrostatic charges as they interact with each other in-
process; with a working electrode and appropriate signal processing method,
information on particle size can be uncovered.[18] Working in a pneumatically
conveying particle setup, Zhang et al applied a time domain analysis approach
to obtain a particle size indicator of the electrostatic signal produced by the

particles with a constant mass flow.[18]

-Imaging: this technique involves the use of image processing techniques to
estimate particle sizes in-process using a camera. The images obtained are first
converted into binary before a pattern extraction technique is used to separate
any possible granule overlap prior to particle size and shape calculation.[10,19]
Watano et al used an image processing system to detect the endpoint for both a
fluidised bed and a shear granulator.[10,19] The images were acquired using a
Charge Coupled Device (CCD) camera and supported with an optical fibre for
lighting and an air purge to prevent powder adhesion.[10,19] The image
sensing unit was positioned above the fluidised bed chamber and the acquired
images were pre-processed using a circle pattern matching algorithm to reduce
granule overlap.[8] Upon calculation of the size and shape of the particles,
some correlation was observed with a sieve analysis. The disadvantage of
imaging is that the probe is large and equipment modification is required to
position the probe inside the vessel. In addition, considerable expertise is

required to develop a robust control system. [10,19]
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-Near Infrared Spectroscopy (NIR): this concept is based around the
absorbance of light with the molecular vibration of hydrogen bonds.[11] Water is
easily absorbed in the NIR region (1400-1450nm) which is where the first
overtone (molecule moving from ground state to excited state) in the OH
stretching band is located, as well as in the 1900 and 2000nm region which
consists of OH stretching and OH bending bands.[15] Particle physical features
such as size and density influence the amount of light reflected back[15]. The
primary downfall of this technique is the heavy equipment calibration associated
with the equipment prior to use as well as the complex analysis methods

involved in isolating the features of interest.[15]

-Focus Beam Reflectance Measurement (FBRM): a compact FBRM device
comprises a laser beam attached to the top of a probe with the aid of an optical
fibre.[20] It is assumed that the beam would rarely pass through the centre of
the particles; therefore measurements are referred to as chord lengths instead
of diameters.[20,21] It works on the principle that once a beam touches a
granule, by finding the product of the velocity of the beam and the duration of
the light reflected back, the length of the particle chord length can be
determined.[21] With the FBRM thousands of chord lengths can be acquired per
second. These measurements are used to form a chord length distribution from
which particle sizes can be estimated online, but the main downside of this
technique is that the measurement probe must be placed into the material of

interest and cannot measure anything more than 2mm away.[10]

-Vibration: with the aid of an invasive vibration probe comprising an
accelerometer behind a concave target plate, Stantiforth et al used vibration to
monitor particle size growth in a high shear granulator and planetary mixer. In
the case of the high shear granulator, the root mean square of acceleration was
related to the granule conditions and could be used to track granule size growth

and detect an end point.[14,16] For the planetary mixer, the peak velocity and
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peak to peak displacement readings corresponded to evolution in the particle
size distribution of the granules and increments in their densities.[14,16] The
challenge with this monitoring method lies in the establishment of a relationship

between the size of the particles to the acquired vibration displacement.[15,16]

-Acoustic Emissions (AE): both the audible and ultrasonic domains have been
applied to monitor particles in-process.[10] The sources of the emissions have
been thought to emanate from either a particle-particle contact or particle-
equipment contact.[22] AE has the ability to work online and does not require
direct contact with the product of interest or any form of equipment modification,
with the only form of contact required being the mounting of the sensor on the
particle processing equipment.[10] Due to this setup arrangement, the AE
signals are reflective of the whole process and not a specific localised area.
Another advantage of AE sensing is the fact that ultrasound waves (high
frequency sound) disperse well through solid bodies (process equipment) and
poorly through air, which may suggest that the bulk of the AE signals acquired
would emanate from the process being monitored and would be free from
audible background noise.[10,22,23]

In addition to monitoring particle size, AE has been seen to be able to monitor
process transition, particle density and flow rate.[8] The main challenge with the
technigue remains the establishment of a relationship with signal processing
algorithms capable of extracting information about particle size and process

behaviour from the acquired AE signal.[10]

A summary of the different monitoring methods taken from various case studies

can be seen in Table 2.2.
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Table 2.2: Various Particle Size Measurement Sensing Methods

Monitoring Method PSD range Sensor Reference
Placement

Electrostatic Sensing 100-1000 microns | Non-invasive [18]

Imaging 250-1000 microns | Invasive [17][24]

Near Infrared 37-1000 microns Invasive [25-27]

Spectroscopy(NIR)

Focus Beam 1-1000 microns Invasive [28-31]

Reflectance

Measurement(FBRM)

Vibration 38-150 microns Non-invasive [32]

AE 63-1200 microns Non-invasive [3,4]

Sieving and Weighing | 5-1000 microns n/a [33]

2.4 Acoustic Emissions

This research is based on the use of acoustic emissions in the extended

ultrasonic region to monitor the PSD of the washing powder during mixing.

Apart from being a non-invasive monitoring method, due to the small size (53-

1500 microns) of the particulates being monitored and noisy production area,
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acoustic sensing in the ultrasonic region will be investigated because of its
insensitivity to audible background noise and has also been seen to possess

primary sensitivity to frequencies at which particulate events occur.[22]

‘Acoustics’ is a compound term used to define how vibrational waves are
generated, transmitted and received. In particles, vibration waves can either be
parallel or perpendicular to the wave direction.[36] Both can be characterised

with the wave equation as can be seen in equation 2.1.;

C=f1(21)

Where C = speed, f = frequency, and A=wavelength

The speed depends on the elastic properties and the density of the propagation
medium, while the frequency is a direct reciprocal for the duration for one
sinusoidal cycle tone.[36] For mixing processes, AE are understood to originate
from particle-particle, particle-wall contact, in addition to the friction generated
by contact and flow.[22]

2.5 Impact Dynamics and Elastic Waves

As structural borne AE signals are going to be acquired in this research, it is
important to understand the phenomena of impact dynamics and the resulting
elastic waves dissipated. During any impact, contact bodies generate elastic
waves that radiate away from the contact region, and these elastic waves are
either propagated in a longitudinal or transverse direction as shown in Figures
2.5 and 2.6.[34] Their velocities are independent and can be expressed as seen
in equations 2.3 and 2.4.

Cl=EQ-V)/p(1+V)(1-2V) (2.2
C2=.JE/2p(1+V) (2.3)
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Where C1 = longitudinal waves, C2 = shear waves, p= density, V=Poisson’s

Ratio, E = Young’'s Modulus

A third type of wave also exists, called a Rayleigh wave, in semi-infinite media.

Figure 2.7 shows an image of a typical Rayleigh wave.
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Propagation of Surface Wave
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Figure 2.7: Rayleigh Wave [34]

For infinite mediums bounded by two surfaces (aluminium plates, for example),
more sophisticated propagation modes are produced and are called Lamb
waves. The two common Lamb wave mode types are called symmetric and

asymmetric wave modes, both of which can be seen in figures 2.8 and 2.9.

Propagation

Figure 2.8: Symmetric Wave Mode [34]

Propagation

Figure 2.9: Asymmetric Wave Mode [34]

The impingement particles move in an elliptical manner in Lamb waves and the

amplitudes of the motions both parallel and perpendicular to the impingement
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medium (plate) depend on mode and frequency in a rather complicated

manner.[34]

Hunter solved the force-time equation for the scenario of an elastic deformation
around an indentation, in the investigation of the energy absorbed by elastic
waves upon impact, under the assumption that the elastic impact occurred at
right angles to the surface and by means of the Fourier components of a normal
transient force.[34] It was seen that upon impact of a steel sphere on a steel
target plate, the energy converted into elastic waves is less than 1% of the total

incident kinetic energy.[34]

2.6 Analysis Of Previous Work

The literature shows that Leach and Ruben were the pioneers in using acoustic
emissions in the sizing of particles. Using an ultrasonic condenser microphone

and a rotating drum as can be seen in Figure 2.10, the relationship between the
particle size and the resulting acoustic emissions for glass and metallic spheres

ranging from 50 microns to 3cm was investigated.[37-39]

Supporting
electronics for

data acquisition

Ultrasonic
Condenser

Microphone

Rotating drum
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Figure 2.10: Experimental setup showing white drum and condenser
microphone [37]

Buttle and Scrubye et al proposed a quantitative particle sizing approach with
AE Sensors to monitor spherical bronze and glass particles dispensed on an
aluminium target plate.[38] Using a de-convolution technique, particle size
information was extracted from the resulting AE signal. With an understanding
of the origin, propagation and acquisition of the signal, this method, known as
guantitative acoustic emission analysis, can be used to uncover patrticle
information, although this method is unlikely to work in a practical setting as
aside from the de-convolution required, it would struggle to work where signals

are susceptible to noise and the particle impacts overlap.[40,41]

Papp et al used multivariate data analysis to investigate the relationship
between various physical properties (size, moisture content) of the particles and
the steady evolution of the AE taking place during their formation for two
different granulators offline.[8,42-45] Acoustic Emission sensors were mounted
on the outer wall of each granulator, which comprised a bottom driven impeller
and a side driven chopper.[8] For the duration of each granulation process, the
impeller and chopper were operated at 250 and 1000rpm respectively. It was
observed that any frequency peaks that are present at the beginning of the
granulation process remain present till the end of the process.[8] Papp’s results
suggest that the AE frequency has an inverse relationship to the particle size
being impacted.[8] Thus, the assumption then becomes that the decrease in the
average frequency can be correlated with the granule growth during the
process.[9] Bastari et al and Chen et al used a data driven approach based
around trained neural networks to estimate particle sizes, but as the system is
based on a neural network, the decision making process is not completely
understood.[3,46]

Hybrid signal processing methods were adopted by Hu et al and Ren et al. Hu
et al utilised a time domain based amplitude threshold approach to help classify

particles of different sizes but the method was seen to be inaccurate in
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classifying particles under 90 microns.[41,4] Ren et al used a wavelet based
algorithm to estimate the sizes of different particles but due to the nature and
calibration of the signal processing method, the designed model would not be
adaptive enough to work in settings where powder mix ratio varies
significantly.[4] In terms of audible acoustics, Hansuld et al was able to track the
various phases and end point of a granulation process using a condenser
microphone and conducting a frequency domain analysis of the audible
acoustic signal.[10] Briongos et al used audible acoustics in a fluidised bed, and
found that only a state space analysis technique was able to identify various
phases during the mixing process.[43]

2.7 Summary Of Previous Work and Knowledge Gap

Identification

From the literature uncovered, there is enough evidence to suggest that particle
sizes can be monitored using AE. The quantitative particle sizing approach
used by Buttle et al would be incapable of working in an industrial environment
due to the deconvolution steps required to estimate particle sizes.[40] Bastari et
al and Chen et al applied data driven signal processing approaches that
included the use of a trained neural network to estimate particle sizes, but as
the method used was a data driven approach, it would not be sufficient in this
research as a measurement system whose decision making process can be
understood is required.[3,46] A time domain threshold based particle sizing
approach was developed by Hu et al to estimate particle sizes but his model
was unable to detect particle sizes under 90 microns, and this was attributed to
the overall noise in the experimental setup.[41] The wavelet based algorithm
proposed by Ren to estimate particle sizes in a fluidised bed, relied heavily on
the calibration stage which requires a tuning process.[4] This suggests that the
model is unsuitable for processes in which the final particle mix ratio varies

significantly.

It would appear from the uncovered literature that there does not exist a hybrid

particle sizing approach sensitive enough to work in a process where the final
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particle mix ratio varies. This is important for the case study being investigated
in this research, because the sponsor company is interested in measuring PSD
deviation in real time. Therefore in this research, a hybrid signal processing
particle sizing method, that can be used in powder processes and is sensitive
enough to detect significant PSD variations, would be a significant advantage.
This appears to be the knowledge gap from the literature and would form the

body of knowledge being contributed to the literature by this research.

2.8 Conclusion

In this chapter, the research methodology which will be used to investigate the
research problem has been outlined. A range of sensors capable of monitoring
particle sizes has been reviewed, and AE was chosen as the particle monitoring
technique to be used due to being non-invasive, insensitive to background
noise and possessing primary sensitivity to regions which particle events
emanate. Related works in this area of applying AE for particle size monitoring
have been reviewed and critically analysed and it was seen that there does not
exist a hybrid particle sizing approach sensitive enough to work in a process
where the final particle mix ratio varies. Therefore the design of a hybrid signal
processing particle sizing method that can be used in powder processes and is
sensitive enough to detect significant PSD variations, is the key aim in this

research.
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3 Experimental Rig Design

3.1 Introduction

This chapter discusses the design of the benchtop experimental rig capable of
monitoring powder free and the data analysis procedure and signal processing
method which is based on a theoretical model which show that Acoustic
Emissions (AE) carry sufficient information required to estimate the sizes of

particles.
3.2 Experimental Setup

With the application of the Design Of Experiment(DOE) as detailed in section
2.1.3, the experimental rig has been designed around the cataracting flow regime
which is the final phase where the particles are in motion and impinge against the
mixer wall and particle velocity is at maximum shortly before they become
attached to the mixer wall due to the heavy influence of the centrifugal force in
the centrifugal flow regime phase.[13] The concept which the experimental rig
has been designed around suggest that the work done in this thesis will primarily
be applicable in processes where the cataracting flow regime or equivalent exists
and the fruid number of the flow is less than 1.

The experimental rig used in this research was based on the dispensation of a
known mass of powder at a known rate, from the funnel placed at a known height,
which fell freely under the force of gravity to a target plate to which an AE sensor
was attached. A diagram of the final experimental rig and a picture showing the

sensor placement can be seen in Figure 3.1 and 3.2.
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Figure 3.1: Experimental Setup

Figure 3.2: Placement of the sensor
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The aluminium plate sheet chosen as the target plate comprises dimensions
11x18x8cm with a density of 2.7g/cm?, Poisson’s ratio of 0.35, young’s modulus
of 69GPa and a uniform thickness of 0.7mm, with the AE sensor attached to the
back of the plate using beeswax adhesive as can be seen in Figure 3.2, was
inclined at an angle to prevent build-up of powder in and around the impact area.
The funnel was chosen as a source of powder dispensation as it was seen to be
capable of producing a repeatable source of powder dispensation and would not
produce any form of external interference to the AE signal which is being
acquired. [47] Experiments were carried out which involved the variation of the
height of the funnel in order to determine the final height from the target plate as
the impact velocity of the particles is an important parameter which influences the
resulting AE signal of the impinging particle.[47] Before the final height was set,
the funnel height was varied until a height was reached where particles were
distinguishable and the flow rate was repeatable. The final chosen height was
12cm and theoretical studies carried out by Pecorari et al with similar particles, a
model that accounted for air viscosity and a drag co-efficient of 0.5 suggested
that this height is sufficient for the particles to attain terminal velocity before
impact.[48] The funnel dispensation aperture was 2cm in width and the surface
on the plate which most of the impacts took place on can be estimated to be
36cm?. An example AE signal obtained from a washing powder sample can be
seen in Figure 3.3. From the AE signal in Figure 3.3 it can be noted that the
impact peaks are of highly varied heights, this is because the washing powder
compound is a heterogenous powder mixture and comprises of wide
distribution.(53-1500microns)
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Figure 3.3: Sample AE Signal Of Washing Powder

3.3.1 AE Signal Source

In this study, the source of the AE waves are thought to emanate from the
dispensed particles impacting the aluminium plate which serves as the wave
propagation medium for the acoustic stress waves generated by the particle
impacts.[40,48] These waves are then recorded by a structural borne AE
transducer attached to the back of the plate and the resulting signal from waves
of these kind are typically of a low amplitude and thus possess high frequency
characteristics.[49] The simultaneous impacts caused by the particles hitting the
target plate, produce an AE signal which consists of overlapping burst events
which can be characterised by their amplitudes and correlated to particles of a
certain size.[41]

3.3.2 AE Sensor

The sensor used was the PCI-2 Physical Acoustic sensors by Mistras.[50] The
sensor bandwidth spans 100K-1MHz and a sampling rate of 1Ms was used during

the acquisition. Figure 3.4 shows the block diagram of the signal processing
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chain. The acquired signal goes through a preamplifier before being sent through
a filter. This filtered signal is sent to the Analogue to Digital Converter where it is
digitised and passed to a Field Programmable Gate Array (FPGA) where

sampling and signal averaging takes place. The final digitised waveform is

continuously streamed to the hard-disk of the computer.

Preamplifier Band pass Analogue Signal
- . - N = R - Computer
. Filter e to Digital e Processor =
converter

Figure 3.4: Block Diagram Of The Sensor Signal Processing Chain [50]

3.4 Experimental Particles

By applying the DOE sequence, two sets of particles were chosen for the
experimental work in this research.[11] Glass beads were chosen to represent
the washing powder particles with a regular geometry and high density, while
polyethylene particles were chosen to represent the irregular sized particles in
the washing powder compound with low density. Microscope images of the glass

beads and polyethylene particles can be seen in Figures 3.5 and 3.6 respectively.

) p———————— 200 um

Figure 3.5: Microscope Image Of Glass Beads Particles
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Figure 3.6: Microscope Image Of PE Particles

3.5 Rig Repeatability Tests

To ensure that the experimental funnel produced a repeatable flow rate for
different powder mixtures, the dispensation rate was measured for different
powder mixtures using two sets of glass beads. The experimental funnel was
hung from a Honeywell model 31 Low Range Precision Miniature Load Cell
capable of measuring between 50g-500g which was used to measure how the
mass in the funnel varied over time.[51] Details of the glass beads and the mix
ratios used for the experiments can be seen in Tables 3.1 and 3.2.

Table 3.1: Glass Beads Details

Class 1/Small 150-212 microns

Class 2/Big 425-600 microns

Table 3.2: Powder Mix Ratio Table

Class 1 Particle | Class 2 Particle | Experiment Repetition
Percentage Percentage
100% 0% 4

58



80% 20% 4
60% 40% 4
50% 50% 4
40% 60% 4
20% 80% 4
0% 100% 4

For each experimental run, a known mass of powder was loaded into the funnel
and allowed to flow out freely while the load cell monitored how the mass of
powder in the funnel changed with time. The load cell was supported with an
acquisition programme in Labview and a sampling rate of 10KHz. This sampling
frequency was chosen in order to ensure enough data points were acquired
during each experimental run in order to be able to fit a curve that can be relied

on.

For each experimental repetition, data was acquired for 5 seconds - the graph in

Figure 3.7 shows a sample Load-Time plot for a 60/40 mix ratio experiment.
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Sample Load V Time Plot For 90grams With A 60/40 Particle Mix Ratio
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Figure 3.7: Load against Time Plot For 90 grams of Powder With A 60/40 Mix

Ratio

From Figure 3.7, it can be seen that once the funnel is unblocked, it begins to
dispense powder at a constant rate until all the powder has been dispensed. This
is evident by the straight line observed between 1.2 and 4 seconds. It is worth
noting that even though the full mass of the powder has been dispensed, the load
measured by the load cell will not drop to zero due to the weight of the funnel

suspended on the load cell.

To calculate the flow rate, a constant segment of the acquired load vs time graph
was isolated and the slope of the line was estimated. This calculation was done

for all experimental runs and the results can be seen in the graph in Figure 3.8.
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Figure 3.8: Graph Showing Average Slope of Line against Class 2 Particle
Percentage In Mixture

From Figure 3.8, it can be seen that the average slope of the line, i.e.flow rate,
only deviates by a small amount (maximum of 0.04) from the average value; this
result suggests that the flow rate can be said to be repeatable for each powder
mix ratio. It can also be noted from Figure 3.8 that the average slope value
appears to increase until the class 2 particle percentage exceeds 60%, and this
is thought to be because the glass beads are spherical in nature, the packaging
is maximised between the spheres as the mix ratio increases which also
increases the flow rate until the optimum packaging point is reached, once the
optimum packaging is exceeded it can be noted that the flow rate begins to

experience a reduction.
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3.6 Signal Processing Method

3.6.1. Particle Sizing With AE - Theoretical Background

When a particle hits a plate, elastic stress waves are generated which are linked
to the forces which the particle produces on the plate.[41] The particle size is a
key factor which influences the magnitude of the resulting force of a particle
impinging a plate.[40] The associated surface displacements caused by stress
waves can be recorded with a transducer, and by applying physical modelling
steps in addition to deconvolution methods, Buttle et al were successful in

guantitatively obtaining the particle size from individual impact events.[40]

The acoustic emission signal which is recorded by the transducer is not
solely dependent on the nature of the particle and the dynamics of impact,
but also on the physics of the stress wave propagation through the plate and
the instrument’s response to surface displacements.[41] This process is

shaped by a flow chain of the various processes and can be seen in Figure

3.9.
L |—

Figure 3.9: Signal Shaping Chain [41]

The signal shaping chain depicts the three preceding functions which are
convolved through a convolution process to give the output AE voltage signal
which is the source for the data analysis and signal processing which particle
information will be extracted from, with the convolution representing a

mathematical integral operation on two functions where a third function is
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produced which is usually a product of the pointwise multiplication with respect

to the two original functions.[52]

Under the assumption that both the wave propagation material and sensing
instrument can be modelled as Linear Time Invariant (LTI) systems, the AE
voltage signal consists of a convolution of the preceding three blocks and its
mathematical representation can be seen in equation 3.1.[40]

S(t) *xG(t) » R(t) =V (¢t) (3.1)
Where:
S(t)=source function/ source of the acoustic signal
G(t)=wave propagation function
R(t)=Instrument response function
“*“’represents a convolution
The source function S(t) represents the force-time history and can be estimated
using Hertz's theory of contact for solid bodies and is based on the assumption

that the impact is normal, fully elastic and the particle is spherical. The force which

the particle imposes on the plate can estimated with equation 3.2.[41,53]
3/2
S(t) = (fmax <sin (T;—t)> , 0for0 <t <tc (3.2

Where:

2

Particle contact time = t.=4.53 <4p11T ((513;52))5> rlvo‘l/s (3.2.1)
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3 2
Peak Compression Force =fpq, = 1.917p3(8; + 82)"Er12v06/5 (3.2.2)

8 =(01- Hiz)/(“Ei)

Symbols E and p represent Young’s modulus and Poisson’s ratio, while the
subscripts 1 and 2 stand for the particle and plate respectively. p; refers to the
mass density, r; stands for the equivalent radius and v, refers to the approach
velocity of the particle. With the knowledge of the particle’s approach velocity,
properties of the plate and particle, the particle size can be theoretically estimated

from the source function.[41,53]

In a homogenous elastic medium, the propagation of stress waves can be
modelled by the elastodynamic wave equations of motion.[53] A solution to the
elastodynamic wave equation can be formed using Green’s function which
describes the response of the wave propagation medium to a single force applied
in a fixed direction. Green’s function Gin(X,t,lo,T) describes the displacement in
direction i’ at a point ‘X’ at time ‘t’ due to a unit impulse force at a location ‘I’ in the

direction ‘n’ at a time ‘T".[53]

The transducers used to record the AE events of particles hitting a plate are
normally assumed to have a flat response between two frequencies. For
structural borne sensors the actual response of the sensor is a function of the
impedance matching between the sensor and the wave propagation medium.[8]
The instrument response function mathematically establishes the relationship
between the surface displacement and the sensor’s waveform. The sensor output
waveform can be expressed as a linear convolution between the surface
displacement and the sensor’s response function as can be seen in equation 3.3.
[41,53]

V) =U@® 1) (3.3)
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Where [(t) is the sensor’s instrument response function and U(t) is the
displacement to the wave propagation medium which could still be present
independent of the sensor. Calibration of the sensor can be performed through a
transfer function approach and can be found from inversion of the Fourier
transform.[54] Once the Green’s function of the wave propagation medium and
the instrument response function have been determined, their effects can then
be de- convolved from the acquired AE signals.[40,41,53] With a knowledge of
the AE source, wave propagation medium and sensor response function, a
method known as quantitative particle sizing can be used to estimate particle
sizes with the aid of deconvolution methods.[40]

Working with the principles of the signal shaping chain and assuming the patrticle
impingement medium and sensor are both linear time invariant systems, Hu et al
developed a model that was based on the relationship between the maximum AE
voltage which corresponds to the maximum compression and is proportional to
the peak compression force.[41] Hu et al supported this model with a signal
processing algorithm which was based on a threshold method that links the
maximum AE amplitude within a set threshold to particles of a certain size.[41]
The experimental results showed that this signal processing method was unable
to detect particles below 90 microns diameter. Looking closely at the method
used by Hu et al, it would appear as though the maximum amplitude feature is
not robust enough to be used when dealing with smaller particles and may also
be difficult to work with in a practical environment which has a lot of process
noise.[49]

Under the same assumptions proposed by Hu et al, if the maximum AE voltage
corresponds to the maximum compression and is linked to the peak compression
force, then it can be hypothesised that the mean of these resulting forces above

a predefined threshold can be correlated to a particle of a certain size.

Mathematically this can be expressed as;
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Where;

x/x,=AE voltage amplitudes

n=number of values in the set being considered
M/M; =AE signal mean

i=indicates that the mathematical operation should start with the first number in
the set being considered

Case of unmixed particles

M=3I¥"|x| (3.4)

n =1

Where | x |>Threshold

Case of particle mixtures

1
My ==Y, |x] (3.5)

n

Threshold1<| x,|>Threshold2

3.7 Conclusion

In this chapter, details of the design of the experimental rig which was used in
this study was discussed. Using a DOE sequence, the rig was designed to have
reduced factors when compared to the industrial scale mixer while retaining the
key factors and attributes, the experimental particles which was used in this thesis
was also presented here.[11] Validation experiments carried out, helped to
confirm that the rig possessed good repeatability for the different particle mixtures
considered. Also, the experimental particles which was used for later chapters
were identified and presented here.

The theoretical model established by Buttle et al for quantitative particle sizing
was presented in this chapter and it helped show from a theoretical perspective
that AE signals produced by a certain particle hitting a target plate contains

information about the size of the impacting particle itself.[41,53] From the
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principles proposed in this model, a general model for an output, given a certain
input was proposed for cases of unmixed and unmixed particles in equations 3.4
and 3.5 and formed the core of the signal processing method which was used to

analyse acquired AE signals in this thesis.
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4 Particle Size Differentiation

This chapter details the results of the first experimental study carried out in the
project, which was aimed at differentiating sieved particles of different sizes.
While observing the capability of the signal processing method detailed in chapter
3, sieved unmixed particles of different sizes were used to reduce variability
during the experiment. Polyethylene and glass beads were used to represent the
irregular and regular sized particles present in the washing powder compound,
and the successful differentiation of these particle sizes provides evidence to
suggest that the designed signal processing approach can classify particles of
different sizes and geometry, and can also be extended to estimate the PSD of

powder mixtures.
4.1 Experiment Details

4.1.1 Experiment Procedure

All experiment repetitions were carried out using the rig shown in Figure 3.3. For
each run, the exit of the funnel was blocked while a measured mass of powder
was poured into it. After that, the funnel was unblocked, the full mass of powder
was allowed to flow freely on the target plate, and the particle impacts were

recorded using the attached AE sensor.

4.1.2 Experiment Particles

The powders were filtered into narrow bands with a dry sieving method as shown
in Table 4.1, using an Endecotts layer sieve.[33]

Table 4.1: Particle Class Information

Particle Type Size Distribution Bulk Density In g/cm3
Polyethylene 53-63 microns 0.21
64-125 microns 0.22
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126-150 microns 0.25
151-250 microns 0.34
Glass Beads 150-212 microns 1.49
213-300 microns 1.53
425-600 microns 1.59

4.1.3 Particle Sizing Approach

An amplitude threshold was used to support the signal processing method
proposed for particle size differentiation. The threshold helped identify the optimal
point in the signal at which the best particle size classification could be made.

4.1.3.1 Related Literature Threshold Rules

Hu et al’s threshold is based on 3 principal rules, and the first is to detect all
possible peak candidates in the signal.[41] Next, for every three peak candidates,
the middle one (which is also higher than the other two peaks) is taken to be the
primary peak. Finally, any other peaks below a further user defined threshold are
regarded as pseudo peaks due to the presence of noise, and are eliminated. This
threshold method would not be effective when there is a wide distribution of
particles involved, due to the first rule that involves the selection of one primary
peak from a group of three.[41] Another author, Ivantsiv et al used a simpler
threshold rule to detect peaks at set intervals; however using this rule means that

particles which fall between the defined detection interval will be missed.[55]
4.1.3.2 Designed Threshold Rules

A varying threshold was designed and the steps to tune the threshold are detailed

below:
e Step 1: Take |x| of AE signal

e Step 2: Identify |xmax| from each particle distribution by inspecting the
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maximum amplitude from all experiment repetitions of each particle

distribution and set as default threshold amplitude (T)

e Step 3.1: Reduce the threshold amplitude level by 10%. Before the 10%
value was chosen various other values were considered ( 2%,3%,5%) the
10% value chosen as suitable value based on the type of signals that are
to be considered to ensure that the signal is divided into a reasonable
amount of portions, as values below 10% made for too many signal
divisions and more than this caused for the data portions to be too large.

e Step 3.2 Calculate the mean of the peaks above the threshold each time
the threshold is reduced and correlate to particle sizes

e Step 4: Select threshold which provides best correlation fit for data as

optimal threshold

A workflow diagram of the threshold approach can be seen in Figure 4.1
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Figure 4.1. Workflow Diagram For Threshold Approach Of Unmixed Sample
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Dispensing the particles through a funnel caused a variation in the amplitude
of the acquired AE signal, as can be in Figure 4.2. Hence, for the data analysis
procedure, 50,000 data points were extracted from a section of the data where
the flow rate was maximum and fairly constant as illustrated with arrow in

Figure 4.2.

Region where flowrate

appeared to be maximum

1] 01 0.2 0.3 04 0.5 0.6

Figure 4.2: Acoustic Emission Plot Of 126-150 Microns Polyethylene Particles

The plot in Figure 4.3 shows a simple example of an isolated constant segment

of 20,000 data points along with an example of how a 60% threshold would work.
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Figure 4.3: Amplitude (in volts) -time Graph with a threshold level of 60%
(peaks above 0.138)

4.2 Results

4.2.1 Polyethylene Results

Once the data sections were isolated, the threshold method was applied and the
linear correlation coefficient was calculated for each threshold level. The
thresholding exercise began with a 90% threshold which reduced by steps of 10%
and stopped at the 10% mark, as below this the correlation became worse due
to the noise produced by the sensor. For all particle distributions, a measured
mass of the particles was dispensed 4 times at each turn, after which the
amplitude mean from the set threshold was extracted and correlated to the

respective particle size.

Figures 4.4 and 4.5 show correlation figures of particle sizes against the mean of
threshold peaks for 90% and 10% threshold levels, with 0.87 and 0.97 as their
respective correlation coefficients. It can be noted from Figure 4.3, that certain

experiment repetitions gave a threshold amplitude mean of Ov, this is due to the
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method used to set the default threshold as described in step 2 in section 4.1.3.2
which meant that for the higher thresholds (i.e 90%), due to the overall variability
of the particles, no peaks were present in some cases and therefore produced an

amplitude mean of Ov.
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Figure 4.4: Correlation of Particle Size against Threshold Amplitude Mean For
90% Threshold (correlation factor 0.87)
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Figure 4.5: Correlation of Particle Size against Threshold Amplitude Mean For
10% Threshold (correlation factor 0.97)

It can be observed that the threshold amplitude mean showed greater variability
as the particle sizes got bigger, as can be seen in Figure 4.5. This is thought to
be due to the size of the particle distribution, as the smallest polyethylene
particles ranged from 54-63 microns with a size variation of 9 microns, whereas
the biggest particles ranged from 151-250 microns, which amounts to a variation
of 99 microns and hence more variability in the acquired AE signal. The plot in
Figure 5 was obtained using the 16 collected data points and it illustrates how the
correlation coefficient between the particle size and the threshold amplitude

mean increases with the lowering of the threshold level.

Plot Of Linear Correlation Co-efficient Against Threshold Level
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Figure 4.6: Plot Of Linear Correlation Co-efficient Against Threshold Level

4.2.2 Glass Beads Results

The threshold approach was implemented on a set of regular sized glass beads,
with the aim of observing if the designed approach could also differentiate
particles of a different geometry and physical nature. This capability is regarded

as an important factor due to the nature of the washing powder compound - which
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consists of a variety of different particles. Figure 4.7 shows a sample AE plot for
the glass beads in the size range of 425-600 microns, and it can be observed that
in contrast to the polyethylene particles, the glass beads produced a more

consistent amplitude when the flow was constant.

Amplitude In Volts

0.05 0.4 0.15 0.2 0.25 0.3 0.35
Time In Seconds

Figure 4.7: Acoustic Emission Plot of 425-600 microns Polyethylene Particles

The different glass beads in table 4.1 were classified using the same
experimental approach and signal processing method used for the polyethylene
particles along with a 10% amplitude threshold. A correlation plot of the different

glass beads sizes and the threshold amplitude mean can be seen in Figure 4.8.
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Figure 4.8: Correlation of Particle Size against Threshold Amplitude Mean For
10% Threshold (correlation factor of 0.99)

From the plot in Figure 4.8, it can be seen that a linear correlation exists between
the glass beads of different sizes and their respective threshold amplitude means.
This suggests that the signal processing technique can be used to effectively
differentiate between particles of various sizes irrespective of the particle type

and geometry, under the same conditions used in this experimental setup.

4.3 Conclusion

This chapter discussed an experiment aimed differentiating a sieved set of
polyethylene and glass beads particles using their acoustic emission amplitude.
By using a design threshold approach, it was observed from the results that a
linear relationship exists between the sizes of the particles and the resulting AE
amplitudes. These results helped to validate the hypothesis that a linear
relationship exists between particles and their resulting amplitude; the results
also provide evidence that the experimental setup can be considered as Linear
Time Invariant (LTI).[40] The next chapter involves experiments with powder

combinations of polyethylene and glass beads in order to observe the behaviour
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of particles in a mixture, as well as to investigate the possibility of estimating
particle sizes of mixtures of this kind.
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5 Particle Size Distribution Estimation Of 2-Particle

Mixtures

5.1 Introduction

This chapter details the steps taken to extend the designed particle sizing
approach to deal with mixtures. As a first step in this direction, the experiments
that were carried out involved the use of different combinations of a 2-particle
mixture not just to observe the behaviours of particles in a mixture, but also to
quantify the limitations, capabilities and performance of the designed method.
The combinations experimented with in this chapter were influenced by the nature
of particles present in the washing powder mixture; and these combinations do
not appear to have been investigated in the literature reviewed for this thesis. The
results showed the particle sizing approach is capable of estimating the PSD of
different mixture types but has certain limitations in dealing with mixtures whose

particles have certain physical properties.

5.2 Particle Mixture Threshold Method

The threshold approach that will be used for particle sizing of mixtures is still
based on the theoretical model and signal shaping chain seen in Equation 3.1
and Figure 3.10. It involves separating the signal into a high amplitude region
corresponding to the impact events of big particles in the mixture, and the low
amplitude region which would correspond to the smaller particles in the mixture.
In each amplitude region, the threshold is further varied until an optimal threshold
region is found. The idea of this approach is to search the signal iteratively for the
region that contains the rich content and can be correlated to particle size

distribution.

Below is a list of steps required to tune the threshold for PSD estimation of a 2-

particle mixture:

1. Expression of the signal in its absolute format |x| to rectify negative values.
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Separation of the signal into high and low amplitude component parts
corresponding to the impacts of big and small particle distributions in the
mixture, respectively.

e For this to be achieved, a default threshold first needs to be implemented
whose signal amplitude level is equal to the maximum produced from the
resulting impact of the distribution of the small particles in the mixture.

e In order to gain an accurate calibration of the default threshold, it is
advisable to carry out a good number of experimental runs of unmixed
material containing only the small particles. Figure 5.1 shows an example
of a signal and a number of thresholds with the described default
threshold represented by the black line.

Within each signal, a varying threshold should be implemented to scan

across the length of each signal component part for a region which contains

signal information that can be linked to particle size.

e The amplitude of the varying threshold should be varied in an ascending
order in the high amplitude signal part and a descending order in the low
amplitude signal part as can be seen in Figure 5.1. Due to the nature of
the AE signals processed in this study, the threshold was adjusted by
0.5v each time it was varied.

For every time the amplitude of the varying threshold is changed, the mean

amplitude of the signal within the corresponding thresholds should be

extracted as shown in equation 3.5.

Different mixture ratios containing a measured mass of both particles of

interests should be formed, after which steps 3 and 4 should be repeated for

each powder mix ratio. In this chapter, the mix ratios shown in Table 5.2 was
used. The acquired threshold amplitude mean should then be correlated to
the respective powder mix ratio.

Each correlation plot produced from each threshold level should be validated

using a new set of particle mixtures, with the correlation plot which produces

the highest estimation accuracy selected as the PSD estimation model. The
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amplitude parameters used to obtain the best correlation plot should be

regarded as the optimal threshold level parameters.
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Figure 5.1: Visual lllustration of the Thresholding Method for a Two Particle

Mixture

A workflow diagram of the threshold approach can be seen in Figure 5.2
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Figure 5.2: Workflow Diagram For Threshold Approach Of Mixed Sample

In this section, the designed threshold approach along with the signal processing
method detailed in section 3 will be used to estimate the PSD of various mixtures
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comprising of glass beads of regular geometry and polyethylene of irregular

geometry.

5.3 Mixture of two sets of glass beads with regular geometry

The first set of experiments in this chapter involved the use of two glass beads of

distinctively different sizes, which ultimately meant a different bulk density but

their respective Young’'s Modulus and Poisson’s Ratio are identical due to the

properties of the two particles being the same, details of which can be seen in

Table 5.1.
Table 5.1: Glass Beads Physical Properties
Particle Size Bulk Percentage Young’s Poisson’s
Type Distribution | Density in | Bulk Density | Modulus In | Ratio PSI
g/cm3 Difference PSI
Glass 150-212 1.49 6.3% 106 0.21
Beads microns
425-600 1.59 106 0.21
microns

This experiment was designed to represent what was viewed as a controlled

experiment by means of a 2-particle mixture with a set of glass beads with high

repeatability to investigate the performance and capability of the designed PSD

estimation approach. Image of glass bead can be seen in Figure 5.3.
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514.14 pm

Figure 5.3: Image of Big Glass Beads

5.3.1. Experimental Method

Using the 2 sets of glass bead sizes detailed in Table 5.1, various particle mix
ratios were formed as shown in Table 5.2 with a set mass of each powder mix
ratio dispensed through the experimental rig 5 times to produces 5 experimental
repetitions per mix ratio. This sequence was followed for all experiments

described in this thesis.

The Acoustic Emissions (AE) acquired for each mix ratio was analysed using the
designed signal processing method and a threshold amplitude mean was
obtained for each experimental repetition. The acquired amplitude mean values
were averaged to get a representative amplitude value for each mix ratio, and

used to produce a correlation plot for each threshold.
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Table 5.2: Particle Mix Ratio Table

Mix Ratio
Big Small
0 100
10 90
20 80
40 60
50 50
60 40
70 30
80 20
90 10
100 0

5.3.2 Results and Validation

The best correlation plot showed a sigmoidal relationship between the amplitude
means and the particle percentages, and the threshold parameters used in
obtaining the correlation plot helped determine the location of the optimal
threshold region in the signal. For this particle mixture, the optimal threshold was
located in the high amplitude section of the signal and the associated correlation

plot can be seen in Figure 5.4.
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Figure 5.4: Correlation Plot of Percentage of Big Glass Beads in Mixture,

Against Threshold AE Amplitude Mean from Upper Threshold

To quantify the accuracy of the designed PSD estimation model, a set of
validation mixture exercises were carried out in the lab with different mix ratios

as can be seen in Table 5.3.

Table 5.3: Mix Ratio Details of Experiments Used to Test Accuracy of the PSD
Estimation Model

Experiment Number Mix Ratio (Small:Big) Repetitions
1 30:70 3
2 50:50 3
3 80:20 3
4 10:90 3

Results from the validation exercise showed that the model was capable of

estimating PSD with an average absolute error of 10%. Figure 5.5 shows a chart
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comparing the actual particle percentage with the respective amount estimated
by the model for each experimental repetition.
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Figure 5.5: PSD Chart Comparing Actual Particle Percentage Of Big Particle In
Mixture To Amount Estimated by Model

The results show that the designed signal processing method is capable of
estimating the PSD of a mixture of two differently sized glass beads, with a
marginal bulk density between them. This suggests that the theoretical model
detailed in chapter 3 - which this signal processing approach is based on - can
be extended to the sizing of a mixture of particles. A possible reason for the 10%
error margin could be the small difference in bulk density between the pair of
particles used to form the mixture, even though the particles are distinctively
different in size. Density has been identified as a pivotal factor that influences the
AE amplitude of a particle impact, hence for a set of particles with a density
difference of only 6% the resulting AE amplitudes although differentiable, are
similar to each other and this is - hypothetically speaking, - the cause of the
associated estimation error. This hypothesis will be investigated in this chapter,

and to further observe the capabilities and limitations of the designed signal
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processing approach, the next set of experiments will involve a mixture of two

particles with different geometries and distinctively different densities.

5.4 Mixture of a set of regular and irregular sized particles

This experiment involved a combination of regular sized glass beads and a set of
irregular sized polyethylene particles, both of which are contained in the washing
powder compound. The aim of this experiment is to examine whether the
designed PSD estimation approach is capable of estimating particle sizes in

mixtures of this nature.

Glass beads in the size range of 150-212 microns and polyethylene particles in
the range of 150-250 microns were used for the experiments in this section and
this made it possible to observe the PSD estimation approach when dealing
with mixtures of similarly sized particles. Details of the physical properties can
be seen in Table 5.4, and it can be seen that in addition to the large bulk density
difference there are also difference in the Young’s Modulus and Poisson’s Ratio
of the particles due to the different physical nature of the pair. An image of the
polyethylene particles can be seen in Figure 5.6 and in contrast to the glass

beads in Figure 5.3, a highly irregular geometry can be observed.

Table 5.4: Physical Properties of Experimental Particles

Particle Type | Size Bulk Percentage | Geometry | Young’s | Poisson’s
Distribution Density in | Bulk Modulus | Ratio PSI
g/lcm?® Density In PSI
Difference
Glass Beads | 150-212 microns | 1.49 76.9% Regular 1x108 0.21
Polyethylene | 150-250 microns | 0.34 Irregular 0.6x108 0.40
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Figure 5.6: Image of Polyethylene Patrticles

The same experimental procedure was followed as detailed in section 5.3.1 and
all acquired data was analysed using the designed signal processing approach.
The optimal threshold region was found to be in the lower amplitude section for
this particle mixture and a sigmoidal relationship was also observed between the
different particle mixture ratios and AE threshold amplitude means. Validating the
obtained PSD estimation model yielded an average absolute error of 3%, which
is notably less than the mixture of two differently sized glass beads. A chart

showing the results can be seen in Figure 5.7.
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Amount Estimated by Model

The low average absolute error margin can be attributed to two possible reasons;
the first is the large bulk density difference of 76.9% between the two particle
types which would ensure that their AE signals are distinctively different from
each other and therefore easily separable with the designed signal processing
approach despite being in a mixture.[32,53] The second factor is the physical
nature of each particle group in the mixture - the glass beads are harder and more
crystalline, whereas the PE particles are less crystalline and not as hard as the
glass beads; this factor is also believed to have contributed to the distinct AE
amplitude of the particles which has made them easy to separate and made the
resulting PSD easier to estimate than the previous mixture, even though both

sets of particles are the same size. [32,53]

The obtained results go in hand with hypothesis stated in the theoretical model in
chapter 3, which the designed signal processing method is based on. In the signal
shaping chain shown in Figure 3.9 and equation 3.1, the resulting AE voltage is

dependent on three preceding blocks which are merged together in a convolution
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process to yield a resulting AE signal. The first is the source function block which
consists of a set of equations that govern the impact dynamics of a particle on a
surface.[32] Particle dependent features which include density, Young’s modulus
and Poisson’s ratio are all variables within the source function equations, which
would go in line with the obtained results and explain why two similar sized
particles of different physical properties yield distinctly different AE amplitudes
and when mixed together can be separated using the designed signal processing

method, with a low average absolute error.[32,48,53]

To observe the limitations of this designed PSD estimation approach, the next
set of experiments involved a mixture of two particle sets of the same type with
the same physical properties. As it is assumed from the theoretical model which
the particle sizing model is based on, a set of particles with near-identical physical
properties when mixed together would be challenging to separate and hence
should yield a considerable error margin in the estimation process. The next set
of experiments investigated this assumption further and help define the limitations
of this designed patrticle sizing approach.

5.5 Mixture of a set of similarly sized particles

In this section, a set of experiments involving similarly sized polyethylene
particles and glass bead particles was conducted. This investigation is based on
the theory stated in the source function of the signal shaping chain in Figure 3.10,
which the designed signal processing method is based upon. Based on those
assumptions (see chapter 3) it is expected that similarly-sized particles would
possess the same physical properties which would mean their respective AEs
are alike; with this hypothesis in mind it is also assumed that the designed signal
processing method would be limited in estimating the PSD of mixtures of this
kind. [53] The purpose of these experiments was to investigate this assumption
further and observe the limitations of the designed particle sizing approach, using
mixtures that comprise a pair of similarly sized irregular polyethylene particles

and regularly sized glass bead particles.
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5.5.1 Mixture of a set of similar sized particles with irregular

geometry

Table 5.5 shows a summary table of the set of polyethylene particles used to form

the various mixtures. Following the same experimental and data analysis

procedure as detailed in the previous sections, the resulting correlation plot from

the optimal threshold region can be seen in Figure 5.8.

Table 5.5: Physical Properties of Experimental Particles

Particle Type | Size Bulk Percentage | Geometry | Young’s | Poisson’s
Distribution Density in | Bulk Modulus | Ratio PSI
g/cm3 Density In PSI
Difference
Polyethylene | 150-250 microns | 0.34 9.5% Irregular 0.6x10% | 0.40
250-500 microns | 0.38 Irregular 0.6x10° 0.40

It can be seen that the resulting correlation plot has a linear fit for this mixture

when compared with previous results. The reason for this is assumed to be the

similarity of particles in the mixture whose change in particle mix ratio and

resulting AE amplitude is not sudden or sharp enough to result in a sigmoid, and

instead yields a linear curve.
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Figure 5.8: Correlation Plot of AE Amplitude Mean Against Small Particle

Percentage in Mixture

Validation exercises conducted show that the linear model in Figure 5.7 is
capable of estimating the PSD of this mixture despite the particle size similarity,
with an average relative error of 13%. The error margin is due to similarity of
particles in the mixture which ultimately appears to slightly limit the estimation
accuracy of the particle sizing approach. The chart in Figure 5.9 shows the results

of the validation exercise.
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Figure 5.9: PSD Chart Comparing Actual Particle Percentage Of Small Particle

To Amount Estimated by Model

5.5.2. Mixture of two sets of similar sized particles with regular

geometry

Two sets of glass beads with similar sizes, physical properties and hence similar

resulting AE amplitudes were used for the experiments in this section

of their physical properties can be seen in Table 5.6.
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Table 5.6: Physical Properties of Experimental Particles

Particle Type | Size Bulk Percentage | Geometry | Young’s | Poisson’s

Distribution Density in | Bulk Modulus | Ratio PSI
g/cm3 Density In PSI
Difference

Glass Beads | 151-212 1.49 2.6% Regular 1x108 | 0.21
microns
212-300 1.53 Regular 1x108 | 0.21
microns

Similar to the polyethylene results in section 5.5.1, the optimal threshold showed
a linear trend between powder mix ratio variation and the resulting threshold AE

amplitude mean, and this can be seen in Figure 5.10.

P

[d [l (=] [ d
v o b | L. ]

SBE Amplitude Mean In Volts

[l
e

3

1
2-) 1 b k] 40 L] & T & L] 1]
Smiall Particke Pecentage inMixture

95




Figure 5.10: Correlation Plot of AE Amplitude Mean Against Small Particle

Percentage in Mixture

The results in Figure 5.11 show that the validation exercise carried out suggests
the linear model was able to estimate PSD with an average relative error of 12%,
which is slightly less than the error margin obtained for the mixture of similarly
sized polyethylene particles which possessed an even bigger density difference

than the glass beads mixture in this section.
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Figure 5.11: PSD Chart Comparing Actual Particle Percentage to Amount
Estimated by Model

With respect to the sizing of irregularly shaped particles, Leach et al pioneered
work in the sizing of particles using AE and saw that irrespective of their
geometries, the sizes of particles can be determined with AE and this hypothesis

was reproduced and validated with the experiments carried out in chapter 4. [39]

The theoretical studies carried out by Buttle et al in order to quantitatively size
particles showed that a combination of oblique and normal impacts occur when

particles fall on a target plate as can be seen in Figure 5.12, with each impact
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type influencing the resulting AE magnitude. For spherical particles with a regular
geometry, it is assumed that the effect of the impact type to the acquired AE is
small and can be considered negligible, whereas in the case of irregularly sized
particles the impact type can be said to cause notable variations in the resulting
AE amplitude due to the geometry of the particle. [39,40,53] This theory can also
be viewed in the sample AE acquired for the irregularly sized polyethylene
particles and regularly sized glass beads in Figures 4.2 and 4.7 respectively in
Chapter 4.
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Figure 5.12: Image illustrating different particle impact types [40]

Comparing the two sets of results obtained from the mixture of similar sized
particles, despite the polyethlene mixture possessing a much larger density
difference, the obtained error margin appears to be larger than the glass beads
mixture. This is thought to be due to variability induced by the irregular geometry
and in addition, the brittle physical nature of the particles relative to the glass
beads as well as cohesion between the particles due to electrostatic
forces.[40,56] A summary table comparing the two particle mixtures can be seen
in Table 5.7.

Table 5.7: Particle Comparison Table

Particle Density Particle Cohesion Particle Average
Type Difference | Geometry Between Nature absolute
Particles Error
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Glass Beads | 2.6% Regular Not present | Hard 12%

Polyethylene | 9.5% Irregular Present Brittle 13%

5.7. Conclusion

In this chapter, the designed signal processing method detailed in chapter 3 has
been expanded upon with the inclusion of an additional threshold to estimate the
PSD of mixtures comprising 2 particles mixed in different combinations. Four
different combinations of mixtures were investigated in this section in order to
observe the interaction of mixtures containing particles of a given set of physical
properties. The first experiment involved a mixture of a pair of particles of regular
geometry and different sizes. Using the designed signal processing method the
PSD of different mixtures containing this set of particles was able to be estimated,
with an average absolute error of 10%. Following the results obtained, the next
set of experiments involved a mixture of particles with similar sizes and a
combination of regular and irregular geometry; this time an average absolute
error of 3% was obtained. The reason for this can be attributed to the distinct
physical nature of the particles as can be seen in Table 5.8, which ultimately led
to distinct resulting AE amplitudes as predicted in the source function equations

in the signal shaping chain in chapter 3.[40,53]

Working with the assumptions set in the source function and the observed results
from the experiments, it is thought that a set of particles in a mixture with the
same physical properties and similar sizes would, when mixed together, produce
amplitudes which would be difficult to separate. Hence, to investigate this
phenomenon two more experiments were conducted; the first comprised a
mixture of regularly sized particles with a density difference of 2.6%, while the
second experiment involved a mixture of particles of irregular geometry and a
density difference of 9.5%. A summary of experiments carried out can be seen in
Table 5.8.
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*In order to identify the mean size of each particle distribution, the particles were

sieved and the results were plotted as a distribution with a weighted mean value

extracted from the results of this.

Table 5.8: Experiment feature summary and results table

Difference in mean | Density Geometry of | Average
size of both | difference particles in mixture | absolute error
particles
347 microns 6.3% Both regular 10%
19 microns 76.9% Regular and | 3%
irregular
75 microns 2.6% Both regular 12%
175 microns 9.5% Both irregular 13%

Results from the mixture containing a set of irregularly sized particles produced
a higher average absolute error than the mixture containing regularly sized
particles despite the pair of particles in the mixture possessing a notably higher
density difference. This is thought to be due to electrostatic forces between the
particles which cause cohesion between them, the brittle nature of the particles
which influence amplitude dependent features such as Young’s modulus, and the
irregular geometry of the particles which is thought to produce variations in the
resulting amplitudes of the particles.[40,53,56]

For PSD estimation of more complex mixtures with more particle groups,
additional thresholds would be included in the signal processing stage as
required. This is covered in greater depth in chapter 6 to estimate the full PSD of
the washing powder compound. Having observed the behaviour of certain
particle types in mixtures and performance of the designed signal processing
method, subsequent steps would involve experiments with the actual washing
powder compound. This represents an increase in complexity of the experimental

work as the washing powder involves 12 different particle types - each with
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different physical properties and a mix of geometries interacting with each other
simultaneously, and with all the different impacts represented by an AE signal. A
successful PSD estimation of the washing powder compound would provide
evidence that the designed threshold based signal processing method is capable
of dealing with complex particulate mixtures which result in highly variable AE

signals.
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6 Estimation Of The Ratio Of Fines To Oversize Particles

In a Washing Powder Compound

6.1 Introduction

This chapter details the first set of experiments conducted to characterise the
distribution of the washing powder compound. The experiments are structured
similarly to how the offline check with the reference sieve is carried out at the
P&G industrial site. The washing powder compound comprises a mixture of 12
different particles, each with unique physical properties combined to form a single
compound. Authors who have designed online particle size monitoring platforms
despite dealing with mixtures, have not investigated characterisation of the size
distribution of a compound consisting of different particle types.[41] Ren et al
considered a 7-particle mixture comprising differently sized polyethylene particles
with different densities, but as the physical properties of the particles are the
same, other AE amplitude dependent features such as Young’s Modulus and
Poisson’s ratio would be the same.[4] Bastari et al - who dealt with the sizing of
a mixture online - used coal particles of different sizes for their experiments, while
Hu et al dealt with a mixture of glass bead particles.[3,41] Thus, it can be inferred
that the experiments in this chapter represent the first investigation into estimating
the size distribution of a compound comprising different particles with various
physical properties, all of which interact with each other in a mixture and produce
a signal from the simultaneous impact of particles hitting a target medium. A
graph showing a sample AE plot of the washing powder compound can be seen
in Figure 6.1, and the variability caused by the mixture of different particle types
is reflected by the somewhat random nature of the signal. As described in
Chapter 3, the variable impact peaks in the signal in Figure 6.1 are indicative of
the fact that the mixture is of a heterogeneous type, in contrast the signal shown
in Figures 4.1 and 4.6 which are from homogenous compounds appear to have

a lot more uniform signal.
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From the AE signal in Figure 6.1 it can be noted that the impact peaks are of
highly varied heights, this is because the washing powder compound is a
heterogeneous powder mixture and comprises of wide distribution.(53-

1500microns)

Impact peaks of bigger

particles in the sample

mixture

Amplitude In Volts

| I L |
1] 0.1 0.2 0.3 0.4 0.5 0.6
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Figure 6.1: Sample Washing Powder AE Signal

6.2 Experiment Structure and Results

As reported by P&G, the traditional way of inspecting the washing powder
compound involves the extraction of a set mass of powder from the mixing drum,
and a sieving and weighing process where the ratio of oversized powders to fine
powders is estimated. In this case, oversized particles refer to powders >500
microns while the fines refer to powders <500 microns. The aim of the first

experiment performed on the washing powder in this section was to determine
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the possibility of replicating the traditional inspection procedure, using AE. Ariel
Actilift was used for all experiments in this chapter and was sieved using a layer
sieve to create two different particle classes corresponding to <500 microns
(fines) and >500 microns (oversize). An image of the two particle classes can be
seen in Figures 6.2 and 6.3 respectively and it can be seen that the mixture of
particles in each group consists of regular and irregular size particles.
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Figure 6.2: Image of Washing Powder <500 microns
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Figure 6.3: Image of Washing Powder >500 microns

A chart showing the full distribution of particles obtained by sieving can be seen
in Figure 6.4, it can be noted that the distribution is skewed to the left with 67%

of the powders in the oversize category and the median of the distribution being
in the 500-700micron range.
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Figure 6.4: Actilift Washing Powder Full Distribution Obtained with Sieving

The physical properties of the particles can be seen in Table 6.1 and it can be

noted that the two particle categories have a bulk difference of 8%, with the bulk

density was noted in chapter 5 as a pivotal factor which influences the resulting

AE produced by a particle, this provided evidence from a physical point of view

that the particles could be distinguishable when in a mixture.

Table 6.1 : Physical properties of particles

Size
Range(microns)

Bulk
Density(g/cm?)

Percentage Bulk
density Difference

Fines

53-500

0.58

8%

Oversize

501-1500

0.63

The experimental procedure was the same as previous chapters where 5

experimental repetitions were carried out per mix ratio with their resulting

threshold amplitude mean averaged out to give a representative point per mix

ratio, which meant that the final correlation plot comprised of a total of 50

experimental repetitions. The optimal threshold was seen to be in the low
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amplitude region and a graph of the optimal correlation plot can be seen in Figure
6.5.
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Figure 6.5: Correlation Plot of Oversize Particles against AE Amplitude Mean

Using a new set of experimental mixtures, the PSD estimation model in Figure
6.5 was validated and an average absolute error of 6% was obtained. A chart
showing the results of the validation exercise can be seen in Figure 6.6, and it
can be seen that the highest error margins were recorded for mixtures which were
dominated by fine particles, but the error margin began to decrease as the

percentage of oversize particles in the mixture began to increase.
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Results suggest that the designed threshold-based approach to PSD estimation
is capable of dealing with mixtures as complex as the one in the experiment, and

their resulting signals.

6.3 Conclusion

In this chapter the performance of the designed threshold based signal
processing method was observed using an Ariel Actilift compound. The
experiments were structured in a similar fashion to the P&G offline analysis which
is done by sieving and weighing a localised sample extracted from a washing
powder batch. Even though the powder was classified into fine and oversized
categories, each category comprised particles with various physical properties
and geometry which when mixed together produced a distribution range of 1450
microns. This produced a rather complex signal with very high variability, as can

be seen in Figure 6.1.

The procedure was the same as detailed in previous chapters and the optimal

threshold showed a modified sigmoidal trend in the particle ratio change, and the
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validation exercises showed that the correlation plot was able to estimate the
PSD of the mixture with an average absolute error of 6%.

Although the two particle groups have distinctly different sizes, from Table 6.1 it
can be seen that there is only a percentage bulk density difference of 8% between
the two particle groups, which can be explained by the bulk of the particles in the
fines region being in the 355-500 micron range (63%), while in the oversize
particle region 70% of particles are in the 500-700 micron range. Despite the
apparent similarity in the bulk densities of the two particle groups, the different
physical nature of the particles in each group help provide respective AE
amplitudes for the pair which proved to be separable with the designed signal

processing method.

The results obtained from this set of experiments suggest that despite the
variability of the acquired AE signal induced by the wide distribution of particles
in the mixture as well as their different physical properties, the designed
threshold-based signal processing approach is capable of dealing with signals of
this nature and ultimately estimating the related PSD. With the encouraging
results obtained from the experiments in this chapter, subsequent work will
involve the characterisation of the full washing powder PSD using AE.
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7 Particle Size Distribution Estimation Of Washing Powder

7.1 Introduction

This chapter details the steps taken to expand the designed signal processing
method in order to characterise the full washing powder distribution. This work
builds on the results of the work done in a previous chapter which was based on
the separation of the washing powder compound into a big and small category,
the next step involves experimentation to observe if the designed signal
processing method is capable of estimating multiple particle size bins within a
distribution. The performance of the signal processing model was investigated for
when the signal processing approach was modelled with a distribution which

matched the real sample and a uniform distribution of particles.

7.2 Signal Processing Extension And Data Driven Modelling

Technique

During the course of the research, the partners discontinued the sale of Ariel
“Actilift’(domestically), which was used for the experiments in Chapter 6. As a
result, Ariel original was used for all further experiments, a histogram obtained by
sieving and showing the distribution of the powders can be seen in Figure 7.1.
The histogram is seen to have a slight left skew with the bin divisions being a
function of the standard sieve sizes once again. It is worth noting that the six
specific categories which the powders were sieved into came about after interest
was shown by the sponsors regarding the possibility of investigating the feasibility

of using AE to measure these patrticle size categories within the washing powder.
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Figure 7.1: Histogram of Ariel Normal Washing Powder Distribution Obtained By

Sieving By Weight

Table 7.1: Particle Separation Method

Bin Bin no./Particle Size | Sieve Separation(microns)
Distribution(microns) | Distribution estimation

model no.

Small Big

53-250 1 53-250 250-1500

2 53-355 355-1500
250-355
355-500 3 53-500 500-1500
500-700 4 53-700 700-1500
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700-1000

5 53-1000

1000-1500

In addition to this, the correlation plots were validated with more experimental

mixture sets comprising 4 different particle mixtures and 12 repetitions in total in

order to determine the best correlation plot and optimal threshold. In total, 57

experimental repetitions (45 training, 12 validation) were required to produce a

PSD estimation model for one bin in the washing powder histogram in Figure 7.1

and 285 experimental repetitions were used to from the 5 models needed to

estimate the full washing powder distribution with the designed Particle Size

Distribution (PSD) estimation signal processing approach. After the AE

amplitudes were correlated to their respective particle sizes, the following

mathematical operations were used to calculate the particle percentage for each

bin in the histogram:

B1+B2+B3+B4+Bs5+Bs=100% (7.1)

B1= can be estimated using PSD model 1
B2= B34s6-B1 (7.3)
Bs= B4s6-B12 (7.4)
Ba= Bse-B123 (7.5)
Bs= B6-B1234 (7.6)
B6=100%-B12345 (7.7)

Where:

Bi-e=Particle bins 1-6
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7.2 Results and Discussions

Two types of PSDs were used to train the PSD estimation model in order to
investigate what the optimal distribution would be to use to train the model and

would provide the best estimation accuracy.

7.3.1 Normal Distribution
In the first instance, the size estimation approach was modelled with a distribution

which matched the real sample and was also a normal distribution. A histogram
of this can be seen in Figure 7.1. The obtained PSD estimation models were
tested with normal, left skew and right skew type distributions. Due to batch to
batch variation was reported as a common issue in the washing powder
production plant, it was important to observe the performance of the PSD
estimation approach for different distributions.

The graphs in Figures 7.2-7.4 show a visual illustration of the threshold detection
method for an AE signal of the normal distribution. The regions highlighted in the
respective figures show the optimal threshold region which the threshold
amplitude mean was extracted from and correlated to particle size for each bin in
the distribution. In figures 7.2 and 7.4, it can be noted that the optimal threshold
region was observed to be the same for certain bins, although despite the optimal
threshold region being similar, their resulting correlation plots which served as
the PSD estimation model was unique for each bin, therefore the threshold
amplitude means correlated to different particle sizes.

Figures 7.5-7.7 show graphs comparing the actual particle percentage to the
amount estimated by the model for the different distributions considered, and
Table 7.2 shows the average absolute error obtained in each case. It is also worth
noting that 3 validation experiment repetitions were carried out. The PSD value
in each case was averaged, and the resulting value was plotted as the final model

estimated amount.

From Table 7.2 it was noted that the estimation model recorded the lowest error
margin when it encountered a distribution which matched the real sample as can

be seen in Figure 7.5. As distributions different from the sample which the signal
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processing approach was modelled with were considered, an increase in the error
was observed. In the first case the estimation model was able to estimate the
PSD of a distribution with a left skew with an average absolute error of 8%, which
is slightly up from the from the error value recorded for a distribution which the
model was designed with. The highest estimation error was observed for the
distribution which was skewed to the right, which recorded an average absolute
error of 16%, this is thought to be due to the mixture being dominated by particles
over 500 microns which left only 35% of the particles in the mixture in the less
than 500 microns, therefore it can be said that the high error margin is caused by
the signal being dominated by the bigger particles(>500 microns) which in turn
would make it difficult for the PSD estimation model to detect the peaks of the
smaller particles(<500 microns). This is believed to be the reason why the highest
error margin was recorded and also the anomalous results as can be seen in

Figure 7.7 with the high peaks in Bins 3 and 6.
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Figure 7.2: Graph Showing Optimal Threshold Region For Bins 1 and 3
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Where;
ual Particle Percentage
Estimated Particle Percentag

-Error bars represents the variations obtained using the designed PSD estimation

model to estimate the respective particle percentage
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Figure 7.5: Chart Comparing Actual Particle Percentage to Estimated Amount

for a Normal Distribution with a Mean of 580 Microns
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for a Distribution Skewed to the Right with a Mean of 670 Microns
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*In order to identify the mean size of each particle distribution, the particles were
sieved and the results were plotted as a distribution with a weighted mean value

extracted from the results of this.

Table 7.2: Table Showing Various Distributions Considered And The Associated
Average Absolute Errors When PSD Estimation Approach Was Modelled With A
Normal Distribution

Distribution Type Average Absolute Error

Normal Distribution With A Mean Of 580 Microns 5%

Distribution Skewed To Left With A Mean Of 370 | 8%

Microns

Distribution Skewed To Right With A Mean Of 670 | 16%
Microns

7.3.2 Uniform Distribution

The second distribution with which the signal processing approach was modelled
was a uniform distribution, as it was observed from previous results that the
normal distribution produced a higher error margin when it encountered skewed
PSDs. Hence, the motivation for investigating the performance of the PSD
estimation approach when modelled with a uniform distribution was that, unlike
with the normal distribution, a uniform distribution comprises an equal share for
all PSD bins and is therefore expected to provide a smoothing effect which leads
to a consistent estimation error for all considered distributions. To form the
uniform distribution, the Ariel original washing powder was preliminarily sieved to
separate all powder sizes into their various sieve categories, before they were
mixed using the format detailed in Table 7.1 to form samples which were used
for the experiments. A histogram of the uniform distribution can be seen in Figure
7.8.
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The performance of the uniform distribution modelled PSD estimation system was
investigated with a set of validation mixtures and Figures 7.9-7.11 show results
of the validation experiments. A comparison of their associated estimation errors
can be seen inin Table 7.3.
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Where;
ual Particle Percentage
Estimated Particle Percentag

-Error bars represents the variations obtained using the designed PSD estimation

model to estimate the respective particle percentage
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for a Normal Distribution with a Mean of 580 Microns
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Table 7.3: Table Showing Various Distributions Considered and Associated
Average Absolute Errors when PSD Estimation Approach Was Modelled with a

Uniform Distribution

Distribution Type Average Absolute Error

Normal Distribution With A Mean Of 580 Microns 8%

Distribution Skewed To Left With A Mean Of 370 | 6%
Microns

Distribution Skewed To Right With A Mean Of 670 | 10%
Microns

From the results in Table 7.3, it can be noted that the model whose data came
from a uniform distribution appears to have undergone an increase in error when
it encountered a normal distribution, with the graph in Figure 7.9 showing the
model estimating the respective PSD with a mild right skew. The PSD estimation
model showed an improvement when it estimated the PSD for a distribution
skewed to the left; this is thought to be due to the smoothing effect induced by
training the estimation model with a uniform distribution. While consistent with the
results when the data used to design the model came from a normal distribution,
the highest error margin is observed when the model encountered a distribution
dominated by big particles and skewed to the right, although the result in this
case is influenced by the smoothing effect of the uniform distribution, hence a
lower error margin is obtained when compared with the result from section 7.3.1.

A comparison of results of both model training cases can be seen in Table 7.4.
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Table 7.4: Table Comparing Results From Both Training Distributions

Distribution Type Average Absolute | Average Absolute
Error - normal | Error —= uniform
distribution distribution

Normal Distribution With A Mean Of | 5% 8%

580 Microns

Distribution Skewed To Left With A | 8% 6%

Mean Of 370 Microns

Distribution Skewed To Right With A | 16% 10%

Mean Of 670 Microns

7.4 Discussion and Conclusion

In this chapter, the designed signal processing method was extended to estimate
the PSD of a distribution comprising 6 bins. To find the optimal distribution to train
the PSD estimation model with, two case studies were conducted where the
signal processing approach was modelled with a normal distribution as found in
a washing powder box and a uniform distribution, the performance of the PSD
estimation model was observed for cases where skewed and normal distributions

were encountered.

In the first case, the PSD estimation model was designed with a normal washing
powder distribution which can be seen in Figure 7.1, and results showed that the
model had the lowest estimation error(5%) when it encountered the same type of
distribution as it was modelled with, but recorded a higher error margin(8%) when
it estimated distributions skewed to the left - and was seen to record an even
bigger margin(16%) for distributions skewed to the right as can be seen in Table

7.3. 1t is thought that for the distribution with a left skew, as the mixture is
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dominated by fine particles (<500 microns), particles greater than that size would
be distinguishable and thus enable the model estimate the PSD of the mixture.
The increase in estimation error margin is thought to be due to a difference in
skewed distribution from what the signal processing approach was modelled with.
The case for the distribution skewed to the right had the highest estimation error,
and in contrast to the mixture with a left skew which was dominated by finer
particles, this mixture comprises mainly particles greater than 500 microns and
only 35% of particles less than that. Thus, the high error margin is caused by the
impact of the bigger particles which are expected to dominate the AE signal and
hence appear to make detection of the finer particles more challenging.

In the second case, the PSD estimation model was sieved and mixed in a way
that produced a uniform distribution as can be seen in Figure 7.8, and this was
based on an assumption that the uniform distribution would produce a smoothing
effect to help reduce the model's estimation error when dealing with skewed

distributions.

When the model encountered a normal distribution it produced a higher
estimation error in contrast to the previous case, because the normal distribution
differed from what it was modelled with. But a better performance was achieved
when the model encountered a distribution skewed to the left, thereby validating
the hypothesis that training the estimation model with a uniform distribution does
help in reducing estimation error for skewed distributions. For the distribution
skewed to the right, as was the situation in the previous case, the error margin
was highest in this case but in contrast the estimation error was lower. This
suggests that in spite of the smoothing effect induced by the uniform distribution,
the finer particles are still difficult to detect because the signal is dominated by

the impact of bigger particles.
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8 Algorithm Comparison Case Study

8.1 Introduction

To thoroughly benchmark the performance and capability of the designed Particle
Size Distribution(PSD) estimation method, its performance was compared to a
time-frequency method proposed by Ren et al.[4] Ren used the relationship
between the energy of the signal and the particle size in the time-frequency
domain, by way of the wavelet transform, to estimate the PSD, using the particle
energies at various decomposition levels.[1] Ren et al's method was chosen for
comparison as it is a hybrid signal processing method and his data analysis was
done in the time-frequency domain as opposed to the time domain which the
designed PSD estimation method is based on. This allowed not only for algorithm
comparison, but also for observation of the behaviour of the AE signal in different

analysis domains.

8.2 Wavelet Transform

Historically, the Fourier transform ( and the fast Fourier transform algorithm)
represents the most common method used to analyse the frequency content of a
signal, but when signals undergo Fourier Transformation they lose details
associated with their time signatures.[4,57] Although this is not a problem for time
invariant stationary signals, the Fourier Transform has been noted as unsuitable
for signals that depict a trend and thus vary with time or have abrupt changes, or
non-stationary short events such as impacts and bursts.[57] In 1946, Dennis
Gabor proposed a solution to this problem in form of the Short Time Fourier
Transform (STFT) which was capable of providing a Frequency-Time
representation of the signal - albeit with limited accuracy, and was dependent on
the window selection size.[57,58] The downside of this approach was in the
window selection, as once a window of a certain size was chosen, it was constant
and could not be varied for all the different frequencies in the signal and most
signals require a more adaptable approach. The solution to this came in form of

the wavelet transform which allowed for a more flexible windowing approach -
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long windowing for low frequency components of the signal when more
information is required, and shorter time windows where high frequency details
are required.[57,59] Figure 8.1 shows a comparison of the various signal analysis

domains.

Amplitude
Fraquency

o

Time Amplitude
Time Domain (Shannon) Frequency Domain (Fourier)

[

Frequency
Scale

Time Time
STFT (Gabor) Wavelst Analysis

Figure 8.1: Comparison of the Various Signal Analysis Methods [57]

The wavelet transform is proficient in uncovering underlying features of a signal
which would normally be difficult to uncover with other techniques; examples of

these features include small breakdown points and signal trends.[57,59,60]

8.2.1 Wavelet Approximations And Details

Typically, signals consist of a low and a high frequency part; the low frequency
part sometimes makes the signal unique while the high frequency part is usually
made up of noise and other signal content. Hence the wavelet decomposition
usually consists of the approximate and detail signal values. The wavelet
approximations comprise the low frequency and high scale components, while
the details represent the high frequency and low scale components of the signal
[4,57]. Figure 8.2 shows an illustration of the filtering process and Figure 8.3
shows an example of how the wavelet decomposition approach would work for a

multi-level decomposition scenario.
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Figure 8.3: Picture showing how one signal is split into two frequency

components for a multi decomposition scenario [57]

8.3 Theoretical Model

The theoretical model proposed by Ren et al - which established the relationship

between AE and particle energy - can be described as follows [4]:

For a set of homogeneous particles with size D and mass m, impacting on a

particular area of a surface AA, the resulting force can be written as:
F(t) = X1, 2mvid(t-t1) (8.1)
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Where 3(t) is related to time t, tiis the particle arrival time and viis the velocity of
the particle colliding with the surface. Therefore, it can be said that there are fp- T
impacts within the time interval T, where fp represents the mean arrival rate of
the particles on the area AA.[4] The mean force imposed by particles can then be

written as:
F(t) = 2mvfp (8.2)

The acoustic pressure exerted on the surface as a result of the impact can be

written as:
Pae=n-32  (8.3)

n represents the efficiency of the impact pressure which transforms to acoustic
pressure. Assuming that the particle concentration impacting on the surface is C,
which can be expressed as the inverse ratio to the projection area of the particles

to the impacting surface:
C=YD? (8.4)
Where ( is the coefficient.

The mean arrival rate of the particles on the surface can then be expressed as:

_~ AAV_
fr=C —-=CV (8.5)

The average acoustic energy flux per unit time can thus be expressed as:
J= PaeAAv=2nmv?fp=2Cnfp= 2{nmv3/D? (8.6)
Thus, the acoustic energy E can be given as:

E=f, Jdt = [, Z2npsv3Ddt, (8.7)

Where E is the acoustic energy which is a function of the particle diameter D,
density ps, and time interval T. Thus if psand T are constant and do not vary, the

acoustic energy E is related to the particle diameter D.
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Hence, the relationship between the signal energy in the kth scale and the patrticle

distribution can be expressed as:
Po=Yr_, x% =E%(Dj) (8.8)
Where:
Pop=Particle Distribution
xk=AE signal in kth level
k=decomposition level
E2«(Dj) = Approximate energy of the particle j at the kth level

T=time signal takestogo from1to T

8.4 Particle Size Differentiation

To validate the relationship described in section 8.3, an investigation was run to
determine if the signal energy could be used to differentiate the particle sizes of
a sieved set of glass beads, whose physical properties can be seen in Table 8.1.
As determined by Ren et al in his study, the Daubechies 2(dB2) wavelet was
used to analyse the data and the optimal decomposition was observed to be at
the 2" level. The frequency range analysed in the second decomposition level

can be seen in Table 8.2.

Table 8.1: Particle Class Information

Size Distribution Bulk  Density In | Particle Class
g/cm?

150-212 microns 1.49 1

213-300 microns 1.53 2

425-600 microns 1.59 3
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Table 8.2: Frequency ranges of the various scales

Energy Scale Frequency(kHz)
di 500-1000
d2 250-500
a2 0-250

5 experimental repetitions were taken for each particle class and used to form the

correlation plot which can be seen in Figure 8.4.
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Figure 8.4: Correlation Plot of AE Signal Energy In Joules against Particle Class

From the plot in Figure 8.4, it can be seen that a linear correlation exists between
the different glass bead sizes and the resulting signal energy from the optimal
decomposition level, thus validating the hypothesis proposed in the theoretical
model. The wavelet decomposition function works similarly to threshold tuning,
where various regions in the signal are considered until the region which holds
rich content from which a feature could be extracted and correlated to the particle

size of interest. In wavelet analysis, this region is seen as the optimal
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decomposition level, whereas in the threshold approach this is referred to as the
optimal threshold level.

8.5 Glass Bead Mixture PSD Estimation

Following validation of the theoretical model, the approach to particle sizing was
observed for a mixture of classl and class3 glass beads. Using the same
experimental method as detailed in Chapter 5 which meant that for each data
point in the correlation plot comprised of 5 experimental runs with the average
value of the results from all repetitions used as the representative point on the
graph, which meant that 45 experimental repetitions were used to form the final
correlation plot. The plot in Figure 8.5 was formed for the class3 particle
percentage in mixture and the resulting Acoustic Energy in Joules. This plot can

be seen in Figure 8.5.
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Figure 8.5: Big Particle Percentage in Mixture against Acoustic Energy In Joules
For Glass Beads Mixture (R=0.9)

Validating the linear model in Figure 8.5 for a set of validation experiments
provided an average absolute error of 7%, which is better than the 10% error
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value recorded by the threshold method. A chart showing the results can be seen

in Figure 8.6.
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Figure 8.6: PSD Chart Comparing Actual Particle Percentage Of Class 3
Particles (Big) To Amount Estimated By Model

This result suggests that for mixtures of this kind, the energy feature in the time-
frequency domain is more sensitive and provides a more accurate estimation

accuracy in contrast to the time domain based threshold method.

The next step will involve observation of the wavelet performance for the washing

powder compound, which would provide a much more complex signal.

8.6 Washing Powder PSD Estimation

Using the experimental methodology described in chapter 6, this section looked
at the estimation of the ratio of fine(53-500micorns) and big(500-1500microns)
particles using wavelet analysis to determine if this procedure was capable of
dealing with a complex signal such as the washing powder, as well as estimate
the PSD. Figure 8.7 shows the correlation plot of the big particles in the mixture

against the respective acoustic energy.
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Figure 8.7: Big Particle Percentage in Mixture against Acoustic Energy In Joules
Of Washing Powder Mixture (R=0.7)

It can be noted from Figure 8.7 that there does not appear to be a substantial
difference in the resulting acoustic energy for mixtures in the range of 0-60%
mark, after this a trend begins to form at the points at 80, 90 and 100. This
ultimately led to the poor correlation as can be observed from Figure 8.7, the
results suggests that in contrast to the designed threshold method, wavelet
decomposition is not sufficient for analysing complex signals such as the washing
powder, but produces better results than the threshold method for less complex

signals as was seen in section 8.5.

8.7 Ren’s PSD Estimation Algorithm For PSD Estimation In A
Fluidised Bed

Working with a fluidised bed as can be seen in Figure 8.8, Ren et al further
developed the principles set in equation 8.8 which relates particle size to resulting
acoustic energy, and designed a model which suited his application and was

based around the estimation of the particle mass fraction from the acoustic
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energy and the mathematical representation for this can be seen in equation
8.9.[1]

1: Fan; 2: Dryer and heater; 3. Flow meter; 4: Mixing room; 5:
Distributor; 6: Fluidized bed; 7. Expanding section; 8: Acoustic
sensor, 9: Data acquisition system; 10: Computer

Figure 8.8: Ren’s Fluidised Bed Experimental Setup [1]
YA PE(Dy)x; = Py, k=K (8.9)
Where:
x;=component particle mass fraction

Ea
") = )

k=decomposition level
E} = Approximate particle energy at kth level
E (D)= total particle energy
j= component particle number
A = E(Dj)/Emix

Using the same wavelet parameters and dataset as used in section 8.6, the PSD

estimation method shown in equation 8.9 was used and the results produced an
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average absolute error of 0.38%. A results comparison chart can be seen in
Figure 8.9.
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Figure 8.9: Chart Comparing The Percentage Of Big Particles In Mixture Against

Estimated Amount

Commenting on the performance on the PSD estimation model designed by Ren
for the fluidised bed, it can be noted that from a first observation that the
capabilities appear to surpass that of the designed threshold based PSD
estimation model. Despite of the impressive accuracy of Ren’s PSD model, its
limitation comes from the tuning process in the calibration stage where the
expected PSD range needs to be input in order to assist the algorithm in making

the estimation. [4]

Further validation experiments were carried out with mixtures of different PSD’s
but this time with the estimation model tuned to just one PSD range. The results
of these experiments can be seen in Figure 8.10.
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It can be seen from the results in Figure 8.10, that the tuning involved in the
calibration stage appears to influence the estimation PSD estimation range
possible by the model. This has led to the results shown in Figure 8.10 to be
confined to the PSD range which the model was tuned to. For processes such as
the fluidised bed considered by Ren et al where PSD variation is not significant,
this approach would be suitable, but for other types of powder processes where
powder segregation occurs and there is high PSD variance from batch to batch,
this PSD model would be unsuitable in that case. In contrast, the threshold based
approach would be versatile enough to detect this change as the algorithm is
based around the estimation of the PSD of the powders based on the output

amplitude which has been seen to vary with different powder mix ratios.[4]

8.8 Conclusion

In this chapter, an algorithm comparison case study was carried out, based on
comparison of the designed time-domain based PSD estimation with a time-

frequency based technique from the literature designed by Ren et al.[4] Ren et
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al’s theoretical model was based on the relationship between the particle impact

with a surface and its resulting AE signal energy [4].

Ren’s approach to PSD estimation was chosen for the algorithm comparison
study because in addition to being a hybrid signal processing method, it also
provided the opportunity for a performance comparison to be made between time-

domain and time-frequency based approaches.

The first work done in this case study involved the differentiation of a set of sieved
glass beads using their respective acoustic energies. The analysis was
conducted with the Daubechies 2 wavelet family as was determined by Ren et al
in his study, and the decomposition level which provided the best correlation was
at the 2"9 level and thus was referred to as the optimal decomposition level.[4] A
linear correlation was observed between the particle sizes and the acoustic
energy of each particle as can be seen from Figure 8.4, which helped to validate
the relationship proposed by Ren et al’s theoretical model. The next scenario
involved a mixture of 2 sets of glass beads and an average absolute error of 7%
was obtained for this mixture which is more accurate than the 10% error obtained
with the designed threshold based approach. The results suggests that the
wavelet appears to outperform the threshold method in this case, authors in the
literature whom have implemented wavelet based algorithms online have stated
the approach to be computationally intensive and thus it is expected to produce

a slower online computation rime in contrast to time domain based algorithms.[60]

The wavelet based approach was used to estimate the ratio of fine to oversized
particles in a washing powder compound, there appeared to be very little changes
in the acoustic energy of mixtures dominated by fine particles which ultimately
led to a poor correlation between the particle percentage and resulting acoustic
signal energy as can be seen in Figure 8.7, suggesting that this wavelet based
approach is incapable of dealing with complex signals such as the type produced

by the washing powder compound.

Ren et al further developed an algorithm which was applied to a fluidised bed

experimental setup and was based around the estimation of the respective mass
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fraction of a mixture using the various particle energies as seen in equation 8.9.[4]
It was observed that Ren’s algorithm recorded an average absolute error of
0.38% which is lower than the amount recorded for the threshold method(6%) but
it was noted that the successful application of Ren’s method to PSD estimation
was reliant on a tuning process in the calibration stage where the expected PSD
range is input into the estimation model. Failure to do this, results in a high
average relative error as can be seen in figure 8.9. In the fluidised bed which Ren
was working with, it would appear as though the mix ratio does not vary
significantly as it is assumed that particle segregation does not occur during
mixing. This assumption was made due to the operating nature and tuning reliant
nature of his PSD model and also because Ren only validated his PSD model
both in the laboratory and in the operating plant for just one mix ratio.[4] If this
assumption is true, this could provide an explanation for why Ren’s PSD model
can only be calibrated/tuned for a given mix ratio and detect what appears to be
only slight deviations from the mix ratio which it was calibrated with. Therefore, in
processes where mixing is not done efficiently enough and the PSD range post
mixing varies significantly, this method of PSD estimation would be unsuitable in
that instance.[4] In contrast, the threshold based signal processing method
designed in this research would perform better in this case as it is based on the
correlation of various AE amplitude mean from the relevant threshold with the

associated particle mixture ratio which has been seen to vary with varying PSD’s.
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9 Conclusion And Further Work

9.1 General conclusions and novelty

The literature review suggested that a hybrid method did not exist for estimating
particle sizes with Acoustic Emissions (AE) for powder processes where the final
mix ratio varies does not exist. This was identified as a knowledge gap and
formed this thesis. The contribution came in form of the design of a time domain
based signal processing method which is based on the analysis of the impact
peaks of the particles using an amplitude threshold approach. In addition to being
able to detect powder mix ratio variation, other notable features of this approach
include a simpler algorithm, which would allow for a simpler hardware setup and
a quicker online computation time when compared with other particle sizing

approach.

This research was Work Package 6s(WP6s) as can be seen in Figure 9.1, and
this work package has provided evidence that with the use of an AE sensor and
appropriate signal processing algorithms, particle information can be extracted

from the powder mixer online.

The proof of concept rig which was designed to retain specific characteristics of
the drum mixer was used for all experiments and helped to provide statistical
evidence that online PSD monitoring is possible and the approach can also be
extended to the detection of a suitable process end point.

This results presented in this thesis has helped to inspire Procter and
Gamble(P&G) the quality check procedure can not only be improved but has also
provided a possible sensing option which could be utilised in a Process Analytical

Technology(PAT) system which will see the mixing process in closed loop.

At the time of writing this thesis, the proposed next steps for P&G based on the
output of this work package is to have this sensing approach and designed signal

processing approach validated on an industrial scale equipment.
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9.1.1 Specific Conclusions

The aim of the research was to develop signal processing method capable of
estimating the Particle Size Distribution(PSD) of powder mixtures using AE, and

objectives associated with this aim included the following;

e Establish the relationship between AE and particle size: the theoretical

model established by Buttle et al helped show that AE signals carry the
necessary information which can be used to estimate particle sizes. This
theoretical model which showed the AE-particle size relationship formed
the basis of the signal processing used in this thesis. The relationship was
validated using a set of sieved high density glass beads with a regular
geometry and low density polyethylene with an irregular geometry, and the
experiments were carried out using a benchtop powder free flow

experimental rig which by application of the Design OF Experiments(DOE)
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methodology helped to design a controlled powder free flow setting. The
results from the exercise helped show that a linear relationship exists
between the various particle sizes considered and their resulting AE
amplitudes. Thereby validating the theory proposed in the theoretical
model, providing evidence that the experimental rig can be considered as
Linear Time Invariant (LTI) and also showing that the signal processing
method is applicable to more than just one patrticle type.

Understand the variables that influence AE: Buttle et al established a

relationship which accounts for the impact of a source particle(S(t)) of a
given size on a on wave propagation medium(G(t)) and acquired by a
sensor which possesses a unique response function (R(t)) and records the
resulting AE magnitude. The mathematical equation for this can be seen
in equation 1.

V([)=S(t)*G()*R(t) 9.1

For an LTI system, once the the wave propagation medium and sensor
has been chosen and established, the mentioned functions can be
deemed as constant for all acquisitions, thus in this case the acquired AE
signal becomes directly dependent of the variables of the source of the
impact. From the theoretical model of the source function, it was concluded
that in addition to particle size and geometry, particle dependent physical
parameters such as density, Poisson’s ratio and the Young's Modulus
would influence the resulting AE signal produced by a particle impacting a
surface. In addition, controlled variations of some of the mentioned factors

where possible helped to validate the conclusions made.

Detect variations in the PSD of various mixtures using AE: the work done

in chapter 5 was based around different combinations of a 2-particle
mixture were considered to determine if the designed signal processing
approach is capable of estimating the PSD of a mixture. The particles used
for these experiments included polyethylene which was chosen to
represent particles with irregular geometry and low density, and glass

beads which was used to represent regular sized particles with a high
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density in the washing powder compound. From the results, it was
concluded that under the experimental conditions investigated, the
designed patrticle sizing method was capable of estimating the PSD of
mixtures but recorded a higher error margin (13%) when it encountered a
particle mixture of similarly sized particles due to the similarity of their AE
amplitudes.

Chapter 6 involved experiments with the washing powder compound and
the experiments done in this chapter were based structured in similar
fashion to the offline quality check procedure as reported by P&G, which
involves the estimation of the ratio of fine (<500 microns) to oversized
(>500 microns) particles in the mixture. From the results, it was concluded
that despite the wide distribution of the powders and variability of the
acquired AE signal, the designed PSD estimation method was able to
estimate the desired ratio of the particles with an offline average absolute
error of 6%, suggesting that irrespective of the variable nature of the
powders and their respective AE signals, the designed single processing
method is capable of dealing with mixtures of this nature and estimating
the PSD.

The work done in chapter 7, saw the characterisation of the full washing
powder PSD with up to 6 distribution bins in the histogram and detailed
the steps taken to extend the signal processing method to adapt to
performing the necessary PSD characterisation. Two case studies were
conducted in this chapter as the designed signal processing approach was
modelled with two distributions in each case in order to determine the
optimal training PSD for the size estimation method. The final model in
both cases was capable of detecting PSD variations of different mixtures,
however it was observed that the model was more capable of detecting
minor variations from the normal distribution when modelled with a normal
distribution but was less sensitive in detecting the PSD of skewed
distributions, whereas when the system was modelled with a uniform

distribution, it was more sensitive in estimating the PSD of skewed
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9.1.2

9.1.3

distributions. The results helped to conclude that that for processes where
only minor deviations from normal distribution occur, the PSD estimation
approach can be modelled with a normal distribution. On the other hand,
in cases where significant deviations occur per process batch, the system
should be modelled with a uniform distribution as this has been found to
be more sensitive in estimating the PSD of skewed distributions.

Limitations observed

One of the possible ways to reduce the error margin produced by the
designed PSD estimation model is to use more data in the training phase.
In the field. This would be preferably from different production batches and
even as far from various seasons to ensure further robustness of the
estimation method. This will mean that a large training dataset from a wide
time frame will be required to effectively carryout the training phase of the
PSD estimation model.

For all experiments carried out, the PSD estimation model was seen to
produce a high error margin for mixtures that comprised of similar sizes
and the same physical properties. The similarities in the physical
properties of the particles created similar AE signals which made it difficult
for the PSD estimation model to effectively distinguish between the
different particles and therefore yielded a high error margin. For the
washing powder case study, this was not a problem as the mixture
comprised of different particles each with their own unique properties. But
for powder mixtures consisting of particles similar properties in a mixture,

it is believed that high estimation error margin will be obtained in that case.

Proposals for further work

The results obtained from this study suggests that the designed PSD
estimation model which is based on a hybrid signal processing
architecture can be implemented online and used in powder processes.

The online setup could involve a computational device which will play the
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role of a system which the estimation algorithm will be embedded in, and
can also include other hardware components that carry out signal
functions which are required in the signal processing phase. Typically
when an AE burst event occurs, a maximum peak is produced which
represents the maximum amplitude producible by the event and this is
accompanied by a decay of the signal which is accompanied by a series
of damped sequential amplitude peaks as shown in Figure 9.2, as the
designed PSD estimation algorithm is based around the detection of the
maximum peak, all other accompanying peaks associated with the same
AE burst event can be regarded as false peaks and can be eliminated with

a signal enveloper.

0.5

Amplitude (V)
i

0.5
0 20 40 a0 &0
Time (ms)

Figure 9.2: Picture Of A Single AE Burst Event [61]
An example illustrating the applicability of a digital signal enveloper for a
sample AE signal can be seen in Figure 9.3, it is worth noting that the
enveloped signal, has also been downsized from the original 1MHz which
it was originally sampled at to 50KHz due to the enveloping phenomenon.
The enveloping function carried out on the signal in Figure 9.3 presents
two methods of enveloping a signal, which can be done either by the

Hilbert’s transform or moving average.
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Figure 9.3: Graph lllustrating The Enveloping Phenomena

The signal enveloping step can also be implemented using an enveloper
circuit which would aid in the reduction of overall hardware complexity and

thus overall online computation time.

Previous researches have managed to track process change and
transition of particulate processes using AE, but despite this none of the
authors were able to form a model around an appropriate endpoint for their
respective processes. With an appropriate endpoint defined as the point
where the measured AE signal indicates the achievement of the desired
particle properties. Previous work suggests that it is indeed possible to
track process transition, with the PSD estimation model developed in this
thesis capable of identifying variations in different mixtures. The model
could be extended to monitoring process change over time and detecting
an optimal end point which would be defined by a set of PSD

characteristics.
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