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Abstract

Recent developments mind energy extraction methods from voriexluced vibration (VIV) have
fueled the research into vortex shedding be&havThe vortex shedding map is vit@r the consistent
use ofnormalizedamplitude and wavelength tealidate the predicting power of forced vibration
experimentsHowever, there is a lack of demonstrated methods of generating this rRayrailds
numberdeasiblefor energy generatiodue tothe high computational cost and complex dynamics.

Leveraging datalriven methods addresses tlmitations of thetraditional experimentalvortex
shedding map generatiowhich requireslarge amounts of data and intensive supervision ithat
unsuitable formanyapplications and ReynoldaimbersThis thesis presents a datdven approach for
generating vortex shedding maps afydinder undergoing forced vibration that requires less data and
supervisionwhile accurately extracting the underlying vortex structure patterns.

Thequantitativeanalysis in this dissertation requires the univariate time series signatures fhfiidcal
flow measurements in the wake of an oscillating cylinder experiencing forced vibrEtierdatasets
were extracted from &-dimensional computational fluid dynamic (CFD) simulation ofydinder
oscillating at various normalized amplitude and wavelemgametersconductedat two discrete
Reynolds numberof 4000 and 10,00@irst, thevalidity of clustering local flow measurements was
demonstrated by proposingvartex sheddingnode classification strategy using supervised machine
learningmodels ofrandom forest an@nearest neighbour modeishich achieved9.3% and 99.8%
classification accuracysing thevelocity sensors orientated transverse to thedprainant flow ¢ ),
respectively Next, he dataset of local flow measurementtbé cxcomponent of velocity was used to
developthe procedure of generating vortex shedding miapwgyunsupervised clusterirtgchniques. The
clustering task was conducted subsequenceasf repeated patterrisom the whole timeseriesextracted
using tle novel matrix profile method. The vortex shedding map was validated by reproducing a
benchmark map produced at a low Reynolds number. The method was extended to a higher Reynolds
number case of vortex shedding and demonstrated the insight gained intoddrying dynamical
regimes of the physical systeithe proposed multstep clustering methodtenoted Hybrid Method B,
combining DensityBased Clustering Based on Connected Regions with High Density (DBSCAN) and
Agglomerative algorithms, and Hybrid Meth®, combiningQMeans and Agglomerative algorithms
demonstrated the ability to extract meaningful clusters frmre complex vortex structures that become
increasinglyindistinguishable The datadriven method yield exceptionalperformance andersatility,
which significantly improves the map generation metidudle reducinghe data input and supervision
required.
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Chapter 1
Introduction

Vortex shedding is an aerodynamic phenomenon when fluid flows around a bluff body, such as a cylinder.
Vortex shedding produces unbalanced forces acting on the structure, which causefmdwoctk
vibrations (VIV). The majority of research regarding éffects of vortex shedding has beerreducing

the unbalanced forces for applications suffering ftloephenomenorVIV arises in many domainsuch

asthe design of skyscraperpipelines[1], offshore structure§?], bridges[3], andtube bankheat
exchanger§4]. A prominentexampleof VIV mitigation is the helical strakes added to the exterior of tall
smokestacks or chimneyas shown irFigurel.1 [5].

Figurel.1. Helical strakes on smoke towers for the mitigation of Y8Y/

Bladeless wind turbines are a new concept of wiavdsting machines that utilize VIV to oscillate a
vertical cylinder. Instead of reducing the oscillations, the main principle of bladeless wind turbines is to
take advantage of bluff bodiggatural phenomenon to extract renewable energy from the motion.

The generation and shedding of large coherent vortex structures occur in distinct modes. The most
common modes are 2S, described by two single opposingly spinning vortices shed per oscillating period,
and 2P, described by a pair of opposing spinning \ewtéhed per oscillating period. The hydrodynamic
signatures of the unsteady wake behind the bluff blibelyend on the body's intrinsic properties and
movement

Forced vibration experiments are often used to study vortex sheddiagidehand rey on
consitentuse of the nomlimensonal parameters of the preibed motion Morse and Williamsoifi7]



produced a vortex shedding map for the normalized ampiialelength planeéby conducting
numerous forced vibration experiments at a Reynolds number of Z8@0authors conducted 5860
experimental runs in a water channel to obtain higéolution vortex shedding regimes shown in
Figurel.2.
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Figurel.2. Forced vibration vortex shedding map in normalized amplitwdeelength spadg].
1.1 Objectives

The main objective of the thesis wiasdevelopa datadriven approactio generating vortex shedding
maps for a cylinder undegsrescribed motionThis largerobjectivewas discretized intéhreesmaller
goals: namely

1. Validatethe use of local flow measurements for vortex shedding identification.

2. Developdatadriven method and validatetheir performance ithe vortex shedding map
using a refererecaseatalow ReynoldsNumber.

3. Extendthe method from Objective & generate a vortex shedding map at a higher Reynolds
number case

A guantitativecomparison of various machine learning misdrained using differingimulated vortex
shedding local flow measurements aadresponding feature noise analysievided an effective wake
classification strategy to satisfy the first objectiidext, Objective 2 was satisfied by developing an
unsugervised clustering method to extract a low number of-definedclustersthat are rooted in the
flow physics of the low Reynolds number case to reproduce the benchmark vortex sheddkigatigp.
the final objective was met lyeneratig vortex sheddig maps using the metheftom Objective 2for
higher Reynolds numbgand discussing the insights gair@dthe underlyinglynamical regimes of the
physical system.



1.2 Contributions

The effort of this dissertationdeviates from previous work concerning vortex shedding mode
classification by demonstrating the gains of representing local fluid measurements in the frequency
domain for the application of oscillating cylinders. Also, ffeguency domain feature vectargethod

was expanded for higher complexity vortex modes. The results highlight the ability of the proposed
schema to accurately identify vortex structures in the wake of an oscillating cylinder with reduced input
data and computational resource requiredchkviprovides validation for the unsupervised clustering of
local flow measurements.

Previousunsupervised clustering approaches/e shownpromising results for identifying and
dissection of vortex shedding modemwever, the methods require extensivauindata to compute the
entire flow field This dissertation effortaddresses the opportunity to develop a-daitzeen method
using unsupervised clusterinfjvortex shedding modes from local flow signatures sampled in the wake.
Furthermore, the primargontribution of this method is its use in generating vortex shedding foaps
high Reynolds numbsy which have been limited in literatulee to theincreaseccomputational cost
and complex dynamicdhe unsupervised clustering approaded in this effdrvaries from previous
studies byclusteringlocal flow measurementndleveraging thdenefits of other flow fieldensors.

1.3 ThesisOrganization

The structure of thidissertatiorincludes an introductiora backgroundjterature review, mettaology
and theremainingchapters are divided intthree sections:1) Mode Classification using Machine
Learning (Chapter 52) Vortex Shedding Map Generation at Low Reynolds Nuni@aapter 6), and)
Vortex shedding map Generati at High Reynolds Number (Chapter 7)

The contents of these chaptere summarized as follows:

1 Chapter5 presentsn effective wake classification strategy, applying machine learning models
trained using fluid sensor data. The demonstrated atuilitiassify vortex shedding modes using
the local flow measurement dataset structisea pivotalproof-of-concept for applyinghe
following clustering analysis.
1 Chapter Gletails the method f@enerating/ortex shedding maps using unsupervised clustering.
The results of the vortex shedding map generation method are comparedéxiatprg map to
validate themethod's reproducibility or it s6 application to unknow
1 Chapter 7 extends the vortex shedding map generation methaduttknown map domaemd
guantifies the performana# the clustering method for mocemplex flow regims.



Chapter 2
Background

2.1 Introduction

This chapter presents an overview of the fundamental cormfepastexinduced vibratior{VVIV) due to

vortex sheddingand time series clustering. Vortéxduced vibration is first introduced thugh the
theoreticalanalysis and theubsequent free and forcerperimental vibratiosetupsused to study the

vortex shedding modeslext, time series clustering iiscussedemphasizing subsequence clustering,
which is the focus of this thesis. The aspects of the clogtanalysis are presentgdcluding explaining

the roles of time series representation, similarity measures, clustering algorithms, and evaluation metrics
on the analysis.

2.2 Vortex-Induced Vibration

The phenomenof vortexinduced vibrations due to vortskedding of bluff bodies istroduced first
with a theoretical analysis of a fixed cylinddlext, the twoprimary methodologiesised to study VIV
areintroduced focusing on forced vibration ants implications ininvestigating vortex shedding modes
atvarying Reynold numbers.

2.2.1 Theory
The theoretical analysis for a simplified tslonensional fixed cylinder in uniform flowllows for a

preliminary understanding afortexinduced vibrationsThe vortexinduced vibration for a cylinder of
uniform diameter(, in crossflow.Y, with transvers@scillation motioris illustrated inFigure2.1.
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Figure2.1. lllustration ofacylinder in free stream arginusoidal vertical motion.



The parameters of interest for vortexiuced vibration include the Reynolds numfiRe), oscillation
amplitude §), oscillation wavelength_(), andoscillation frequency™Q. The Reynolds number fdine
case of a cylinder in crossflow is defined in Equati).

" YO
Vo (2.1)

The Reynolds numbés a function of the fluidlensity,” , andfluid viscosity,' . Theoscillationamplitude
is normalized using the diameter of the cylinder to obtain adimensional amplitude of thenusoidal
motion, 0°, described irEquation(2.2).

5
The oscillation wavelengtis converted to the netimensional parameter of the normalized wavelength,
_", using the cylindés diameter and the frequency representatiefined in Equatiori2.3).

. Y (2.3
= 0 QO
Under sinusoidal forcinghe motion of the cylinder in the verticatia is approximated by a sinusoidal
function represated by

w0 O0O0BT O % (2.4)

wherg ¢" "Qis the circular vortex shedding frequency as a function addng@nantvortex shedding
frequency,Q and the phase shift of the oscillatiés, The dominantvortex shedding frequencif is
definedbased on its relationship to the free streabocity and diameter as
Y
0 Y% (2.5)

where"Yads the Strouhal numbg8]. The Strouhal number represents the ratio of a characteristic flow
time to a characteristic oseition time.The force acting on the cylindétom the vortex shedding is
quantified by a lift forcehat acts traverse to the flow directidelift force per unit lengths represented
by the sinusoidal function in Equati¢6).
a~ n Py e A= s
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The lift force can be redefined in dimensionless form using time-varying coefficient of lift by
rearranging=quation(2.6).

(2.6)

O o (2.7
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Thedrag force acting on the cylinder is another useful pararnmetieevortex shedding effecprimarily
for two-dimensional vibration analysi$hedrag coefficient iglefined byEquation(2.8)

00 (2.8)
pIc” Y O
2.2.1.1 Effect of Reynolds Number

The Reynolds numbelirectly affects the vortex sheddibghaviar of a fixedcylinder.Vortexshedding
can be analyzed from the perspective of the Strouhal numbétsaredationship withthe Reynolds



Number. The Strouhal number for a statiortsrg-dimensionatylinderwith varying Reynolds numbgr
is shown inFigure2.2.
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Figure2.2. Strouhal Number and Reynolds Number relationfdjip

The following regimes are outlined by analyzing the changes of Strouhal number and the corresponding
vortex shedding behaviour:

1. No vortex shedding is present for minimal Reynolds numberd/ R@ and the flow patterns
vary from creeping flowo recirculation in the wake. At this low Reynoldgmberthe Strouhal
number isequal to zero.

2. The regimebetweenReynolds number 48 Re M 300, vortex sheddingccurs with Laminar
Vortex Streetand increasing Strouhalmberand lift coefficient.

3. For the range of Reynolds number 3@Re M250,000vortex shedding persists and contains
several dynamic changesile the Strouhal number stays relatively const#iot & .

4. The regime between Reywsl numbe250,000M ReM500,000 vortex shedding disappears for
smooth cylinders with low turbulence stream.

5. The final domain is associated withigh Reynolds numbeiRem 1076, where fully turbulent
vortex shedding occuet a higheStrouhal numbelYo 1& @

The regimesglistinguished have the approximate flow fiedlsnmarized imMable2.1.



Table2.1: Flow Regimes for Stationary Smooth Cylindar<rossflow

Flow lllustration Description Reynﬁﬁj;ﬁg? uhal
N Unseparated Flow.
_—
;/\Q—’ Recirculation in the wake Y ‘M 40
—/\9_3- Braid vortices are roughly
E— E—— parallel to the incoming
v flow [10].
s D ) _ 40 M ReM 300
O Laminar vortex shedding. .
YP YQ

Turbulence on vortex

shedding. 300M Re M250,000

w o
//\"_f Turbulent boundary layer 250 000M Re
- Ej transition no shedding Méoo 000
v behaviarr. ' ’
—_— Re-established turbulent Rem 10”6
O O O vortex shedding. YO & @




Two regionshave been proposed studyvortex shedding divided by a critical Reynolds Numi€y.
The first region, regarded as subcritidgaltypically belowY Q p 1 fwhich includes théirst regime

of vortex shedding onset by instabilities at Reynolds nurvb@r 1 1§10]. Thesubsequeninstability
occurs aroundy Q o 1 which introduces turbulence in the wakehe next regionregarded as the
critical regime, begins at approximatély’Q ¢ vl rtiiwhere the boundary layer transitions from
laminar to turbulentaffectingthe flow separation points and the process of vdidexation [10]. A
significant drop in dragoefficientmarks the onset of the critical reginteferenced as the drag crisis,
which increases as the Reynolds number increases over the fd§imébove this regimeis the
supercritical regimewhich begins at approximately Q p mtwhich includes the restablishment of
the turbulent vortex shedding.

These outlined regimes are approximations of thedin@ensional flondynamicsin the wake ofl
stationarycylinder, and the onset of each regirigsensitive to a variety dhctors such asurface
roughnessand turbulence intensity of the free stredrhe Reynolds number has similar effects on a
cylinder free tooscillate in the transverse direction. Specifically, the Reynolds nuaffexts the
boundary layés developmenand the separation points for the moving cylinder.

2.2.2 FreeandForced Vibration

There are two primary methodologies to study ventekiced vibration for a mounted cylinder of circular
diameter in uniform crossflow: namely, free and forced vibration. & ¥ibration experiment of VIV
allows the cylinder to oscillatgue to the external and unbalanced forces produced by th§lfdjid he
structure will vibrate corresponding to the vortex sheddiugle oscillating amplitude, and fregncy
when under synchronization conditionghe oscillating cylinder for free vibration is modelling by
mounting the cylinder on linear springs with consténa linear damper with constagt and cylinder
massd , as shown irfrigure2.3.
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Figure2.3. Modelled cylinder for transverse oscillations in crossflow.

The equation of motion for the vibrations of an elastically mounted cylinder is defined by E¢R&jon

§ 2 oo 62mo ame 06 (29)
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The fluid force is denoted byD0O is comprised of two parts: namely, the component in phase with
velocity and the component in phase with the accelerft@n

Forcedvibrations modelsyhich are considered in this stugyre used to approximate the free
vibration model describealy prescriling the oscillatorymotion of the cylinderForced vibration models
are used in experiments to better control the oscillationsighrcesonance ardhmpening. Thsetudies
using forced vibration are often conducted in the parameter space -dimensional frequency and
amplitude to standardize the motionfiefquency;Q amplituded, and incoming flow velocity,Y[11].

2.2.2.1 Wake Excitation Regions and Loak

Free vibration®ccur inthe wake excitatiofpositive energyregime where thevibration energys only
transferred from théluid energymarked bypositivelift coefficients in phase with theelocity [10]. In
forced vibrationthewake capture regnis present where the vortices match the frequency of the cylinder
vibration as opposed to the Strouhal frequeilitye positive energy and wake capture regions are shown
in Figure2.4.
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Figure2.4. Free vibration and forced vibratidam fluid-structure energy transfer regiongl0].

The overlap of the wake capture and wake excitation redgoredledthe lockin region.The lock-in
region isa state of resonance

2.2.2.2 Forced Vibration for the Study of Free Vibration

The forced vibration experiments provide insights into free vibration vortex shedding modes by exploring
the parameter space to match flowluced vibration patternBrevious studiediscoveredimitations of

forced vibrationexperiments thabbservedhegative fluid excitation where free vibration was expected

to occur[12]. Morse and Williamsoifil 3] addresedthe debate of the validity dfie predicting power of
forced vibrationby finding that thorough matching of amplitude, frequency, and Reynolds number
resulted inconsistent flid forces.The forced vibration model used in this dissertation eagrolled

with respect to matching the naiimensional amplitude and frequenejth special consideration of
Reynolds number to justify the us&thismodel.

2.2.3 Vortex Shedding Modes

The gneration and shedding of large coherent vortex structures occur in distinct floelegsrtex
shedding patterns produtby two-dimensional investigations will be the focus of the followiagiew.



Williamson and Roshkf4] built upon the fundamental studyBishop and Hassdt5] to explore
the vortex shedding patterns from a forced oscillation of a cyliddiamson and Roshk{il4] studied
the parameter space by varying the Reynolds number from 300 to 1000 to generate a map of the
synchronized patterns observéithe vortex sheddg modes identifiechear the lockn regions are
denoted a<£s(2S),2S, 2P, and P+%sshown inFigure 2.6. The mode 2S iglescribed by two single
opposingly spinning vortices shed per oscillating period, ancl&acteried by a pair of opposing
spinning vortices shed per oscillating peridthe mode C(2S) is similar to the 2S vortex structure as
smaller vortices coalesce in the near field to produce the larger structures irfigle far P+S mode is
an asymmetric form of the 2P modescribed by a paaf vorticesand a single vortex shed pescillating
period. An additional vortex shedding modknoted as 2P+28omprisestwo pairs of opposingly
spinning vortices separated by two single ieeit being shedr'he boundary between P+S and 2P was
well establishedor Reynolds number 300100Q but the sensitivity to Reynoldsimber of these modes
produced the P+S mode in the 2P region for Reynolds nuktei300.

Morse and Williamsoii7] expanded the work/illiamson and Roshkfi4] to Re = 400@0 produce
an extensive map of the vortex shedding modias. authors£onducted 5680 experimental runs in the
parameter spade investigate areas of intere$he existence of th€(2S),2S, 2P, and P+S modessv
confirmed in theregions expected. The &ors identified a newnode at the transition boundary of the
2S and 2P modeasamed2P Overlap or reduced2PO. The 2PO mode idescribed bytwo pairs of
vortices being shed per cycle with one voitegachoscillation much weaker and intermittently swies
between the 2S and 2P moddéie weakersecondary vortex decayapidly as thevortices travel
downstreamresembling 2SThe fluid excitatiorrepresented by force in phase with velodétermines
which modes should be expected for fvdgration. Thefluid excitation of the P+S mode waseasured
to be strongly negativeconcludingthat this mode would not appear for free vibration cases.
boundaries of the vortex shedding modese outlined in the normalized amplitudavelength plag
as shown irFigure2.5.
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Figure2.5. Vortex shedding map ithenormalized amplitudavavelengthplane fa forced vibration

[7].
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2.2.4 Vortex Shedding Modes at High ReynsMumber

Forced vibration analysis has been implemented for high Reynolds cases. Wa@tstlidied vortex
shedding patterns between Reynolds number 35;0080,000 using computational fluid dynamic
simulations. The authors observed the first transition at approximat@ly 1 1 twiiere the 2S and 2P

mode was identified. A transitional mode between 2S and 2P was identified and named by the authors
guasi2P which aligns with the 2PO identified Borse and Williamsor{7]. At higher Reynolds
numbers, 2S patterns were observe @ o bt mand 2Pat’'Y Q v fit mandv &t .7A 2P mode

was observed in most cycles\Q ¢ @t 1t with occasional 1P+2S patterns. A P+S mode was observed
at'Y'Q x it mbut was only shed on one side and occasional on both sides but not defined enough for
mode classificéion. A relatively stable mode identified as 2P+4S was observadat x it rt.The

mode is described by a pair of vortices and two single vortices being shed, in that order, on each side of
the oscillation. A similar 2P + 4S mode was observed & 110,000 and 120,000, but the order of
shedding differed, a single vortex followed by a pair of vortices was shed then the final single vortex was
shed. The authors identified a final highly regular mod€ & 130,000 denoted 2P+8S.

The work by Wu et al[16] was extended bi¥hang et al[17] to study the effect of turbulence
intensity on the vortex shedding modes. The authors utilized the same CFD nugliofiol the
simulation of forced vibration but experimented with three levels ofdtesmm turbulence intensity
(0.2%, 1%, 5%). The termed qu&s? vortex shedding mode, or 2PO in the terminologylofse and
Williamson [7], was observed at Re = 30®across all turbulence intensities though the strength and
cohesiveness decreased for greater intensities. The vortex shedding patterns begin to differ between
turbulence intensities at the Reynolds number 50,000. Two vortex shedding patterns wasl dtiserve
the lowest turbulence intensity case, P+QP and T+QT, where "Q" represents the sarsmigusisch
that one of the vortices is weaker than the rest. At turbulence intensity of 1%, the P+QP mode transforms
into a P+S mode due to the increased diffasiwhich causes the weaker vortex in the QP portion to
cancel with the stronger vortex to create a single S vortex. At Reynolds nihgler0,000, a vortex
structure denoted T+S+P is observed clearly at turbulence intensity 0.2%, which dissipatd2 tocale
at intensity 1%. Similarly, to th& ‘& 50,000 case, no uniform vortex shedding behaviour was observed
for the highest turbulence intensity 5%. For the last case at Reynold nittiilset 00,000, the vortex
mode T+S+S+T was observed at turbueemtensity 0.2% and a T+QT+S mode for turbulence intensity
1%. At the turbulence intensity of 5%, the vortex structures become elongated due to the high flow
velocity of the free steam and significantly mixed due to the highbulence energy. The general
conclusion taken from the study is that when the Reynolds number increases, the number of vortices shed
each oscillation increases. Furthermore, the turbulence intensity of the incoming stream has a dissipation
effect that causes the vortices to becomak®e and increasingly difficult to distinguish.

The idealized gint vortexrepresentation ofhe standard wake modeshere the strength of the
vortex is denoted, is shown inFigure2.6.

11



T P

(d) Ideal P+S wake mode.
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(e) Ideal 2P+2S wake mode.
Figure2.6. Point vortex models for the wake regimes of (a) 2S, (b) 2P, and (¢)(@PP+S, (e)
2P+2S.

2.3 Time Series Clustering

Machine learnings the process of leveragistatisticalmodelstrained on data to answer questiamnsl
provide insightfor data mining taks.Machine learning tasks are organized into three main categories
dependingon theinputs: namely, supervised, unsupervised, and reinforcement leddmiagervised
learninguses thenput data structuréo provide insightsvithout referencingabels associated with the
data.Unsupervised learning is often refertedas data miningand if the input data is assumed to have
discrete structures, the task is referred to as clustering.

Clustering analysis is a subset of unsupervisechina learning in which a dataset is decomposed
into groups, or'clusters’ based on detected shared structures in the data. The unsupervised nature of
clustering means there is limited external information ondéiga structureother than the intrinsic
properties.Clustering analysis applied to time series data has recently inciegsadancedue to the
onset of cloud computing and big data capable of storing large amounts ah dhta fields of
environmental science, medicine, finance, engineering, faolitics. Clustering and unsupervised
machine learnindhave gained prevalence due to the cost of labellifige performance ofupervised
machine learningnodels dependsignificartly on thequality of thelabels providedand he cost of
acquiring the labels and cleaning incorrectly ldaksamples conseat a high cost, makirgupervised
methods unpractical.

A time series is a sequence of data points indexed at specific points in time dedbted,
& o N "Y where the observaticat thetime, 0, is a subset of allowed timestepg,The literature's
time series clustering approach is discretized into three main categuanigg: time series, subsequence,
and time point clustering.

Time Series Clustering

Whole Time

Series Subsequence Time Point

Figure2.7. Taxonomy of time series clustering approaches.
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Wholetime series clustering Uizes the entireseries lengtlas the clustering objeciThe approach of
wholetime series clustering often relies on dimensionality redudignto the emplexity of distance
metrics[18]. Subsequence time series clusteentracts shorter sequences from the entire time series as
the objects for clusteringsequences can be extettusing a sliding windowr novel data mining
techniques such as shapelet/motif discov§]. Timepoint clustering incorporates the temporal
proximity of the time series data with the values as the clustering ofj8tts

2.3.1 Subsequence Time Series Clustering

Subsequence timseries clusteringsiclustering frequent patterns withinnaore extendedime series.
Shapelémmotif discovery is the process of identifying frequent patterns within a time series and has been
actively researched in the data mining commuritye nomenclature of motif discovery is often used in
thecomputatioal biology application of shapelet diseery[20]. The term motif originates from finding

DNA motifs that are nucleiacid sequence patterns wiilological significancg21]. The application of
pattern discovery has extestlbeyond the biological field tsevere weather predictid22], wind
generatiorj23], face image recognitiof24], motion graph$§25], and dectrocardiogram (ECG) anomaly
detection26]. An example ofamotif within a time series is shown kigure2.8.
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Figure2.8. Example of a motif discovered in original time series.

Subsequence time series clustering is suitable for the applicataassifyingvortex shedding modes
since the spéfic patterns can be identified from fttiilme series where there may be rsteadystate
behaviar of the sign. Furthermore, multiple shedding modes may be present in a timeasetiegb
sequencingsolateshe wanted behavib.

In the field of subsagence time series clustering, Keogh and[Rif] published a pivotal study that
claimed that clustering of timseries subsequences is meaningless. iy, thesubseqgenceclusters
extracted by any clustering algorithm are essentially random. The authors demonstrated that for
subsequences extracted using a sliding window, the global mean for the clusters is a straight line. This
fact implies that theveighted average of)clusters must sum to a straight line as wehe linear
constraint on the dataset is not trivial for all datasetslidating most subsequence clustering research
Depending on the dataset, extracting subsequences using a sliding window can yield many trivial matches
that produce a dense clustering subspace.

The importance of motif/pattern discovery in the application of subsequence clustering is apparent
to overome the constraints of sliding window extraction. Motif extraction addresses the meaningless
claim by explicitly disregarding trivial matches in the mining procedure and defining a subset of the data
instead of the entire dataset. Clji28] investigated the meaningless claim and attributed the problems to
using Euclidean distances for clustering shiapsed similaritiesSpecial consideration is required for
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using Euclidean distancem clustering analysis or the use of shdygsed distance metrics such as
Dynamic Time Warping.

The data mining field redeveloped numerous time series motif discovery algoritivhish vary
in metlodology based on the designegpéication Torkamani and Lohwef29] surveyedtime series
motif discoveryalgorithis. The algorithms for motif discovery depend on the algorithmic exactness, low
dimensional representatioand the similarity measuf&0].

2.3.2 Cluster Analysis

The cluster analysis of time series clustering containsm@in components in the process: namely, the
representation of the tinseries data, similarity/dissimilarity measuredjstering algorithms, and
evaluation metrics.

Cluster Analysis

Similarity/Dissi
milarity
Measures

Time-Series
Representation

Clustering Evaluation
Algorithms Metrics

Figure2.9. Taxonomy of cluster analysis.

2.3.3 Time Series Representation

Theeffectiveness of the cluster analysis greatly reliethemepresentation of the time series objddte
entire time series object can bidlized for the clusteringask,but dimensionality reduction can achieve
performamce gains

Dimensionality reductiotis essential in machine learning greocessing because it decreases time
andspace complexitgffering moredetailad exploration and visualizatigandproduces a simpler model.
A simpler clustering modedffers many benefitsuch as improved generalizability to unseen instances,
robustnesgo noise and outliers, and reduced training samglese series representation through
dimensionality reductiorsioften used for the time series clustering category of wiroke seriedbut is
not restricted18]. Using representation methods for time series is to characterize the data in a lower
dimension through feature extraet that preserves the global structuféme series representation
transforms a time series® OB OB @ into a lower dimension Gee

cediedB hisdB aee where’Y Y.

Reducing the dimensionality of the time series can beckfstering analysis byeducing the
memory costs and spard up clusteing by reducing computational cost for distance calculgtidj.
There ardour basic categories of time series representation: namelyadatsgive non-data adaptive
modelbased, and datdictated.Data adaptive representation selecssamdardepresentation for all the
instances in the dataset based on the minimum globalgteaction errof31]. Dataadaptivemethods
include Symbolic Aggregate Approximation (SAX32] and Piecewise Linear Approximation (PLA).
Conversely, the nedata adaptive approach cangts an approximate representation based on the local
properties of the datasdixamples of nomata adaptive methods include Discrete Fourier Transform
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(DFT), Discrete Wavelet Transform (DWT), and Discrete Cosinensform (DCT). Modelbased
methodgepresent the time series as the parameters of an underlying thatetoduced the seBata
dictatedrepresentation methodsitomaticallydetermine the compression ratio of the raw time series.
The Clipped method is an example of a diitdated methodThe nondata adaptive examptd DCT

for time seriesepresentatiomethodss presented for this application duetheir heritage in natural and
stationary signalgL8].

2.3.3.1 Discrete Fourieand Cosindransforns

The discrete Fourier transform is derived using a Fourier analysis which expresses a signal as a
summation of the frequency spectrum compone&uisxample othe decomposibn of a signaln both
the time and frequency domain is showrrigure2.10.

AV

V /
\/ /
oot
N
% Q‘Q

Figure2.10. Signal represgationand decompositioim thetime and frequency domain.

The discrete Fourier transform is calculated by using the discrete parts of the trangieFT is a
nondataadaptivemethod and uses spectral analysis. The algorithm can be quickly deteusiimgthe
fast Fourier transform that computes the matrist i | T£Ctime [33]. The discrete cosine transform is
similar to the discrete Fourier transform hretsenséhatit represents the time series in its components
but instead uses the sum of the cosine terms only.

2.3.4 Similarity Measure

Traditional clustering approachesyrain quantifyingthe similarity or dissimilarity between the time
series to combinento similar clusters. The following section will discusmilarity measures on the
application ofunivariate timeseries The objectives of the distance measures are subdivided into three
main sections.

Distance Measures

Similarity Similarity Similarity
in Time in Shape in Change

Figure2.11. Taxonomy of distance measures.
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2.3.4.1.1 Similarity in Time

Thesimilarity in timedistanceobjectivescalculates theimilarity based on the time stepdatingto time
serieghat are highly correlate@he smilarity in time measureis also known as locktep metrics since
the distance is caltated by comparinthecth point ofone time series to tfi@h point of another series.

The $milarity in time distances can be computationally expensive for tange¢ime series since the
distance is calculated for each time stpexample of similarityn time distanceoncerningime series
is the Minkowsi distance and itspecial cases d&uclideanand Manhattan distances

Minkowski Distance

The Minkowski distance is a generalizelistancemetric which, mnsideing two time series
o ho B o hand®d o fw B o his calculated byEquation(2.10).
7
Qo o (210)

The variable) can be substituted to generateying distance metrics such B&nhattan(i p) and
Euclidean(ny ).

Manhattan (City block) Distance

The Manhattan distance or city block attributes its namesake dedenlatingthe absolute distance
between points or the distance between blocks in §3Afy The Manhattan distance between the time
seriesy and® is defined by Equation(2.11) generated by substitutifg  p into Equation(2.10).

Q& O o ®© E o o (2.12)
Euclidean Distance

The most populadistance measure is the Euclidean distaoften referred to as @neto-one distance.
The meaning of onrt-one refers to the calculation of thistance of each point in sequential orddre
Euclidean distance is calculated by substitufjng ¢ into Equation(2.10), yielding Equation(2.12)[34].

Qo o »  ® »  ® E & o (212
The Euclidean and Manhattan distance share the mathematical propertiesmi@mbnrnegativeand
possessing thidentity ofindiscernible. The identitynearsthe distance to an object to itself will be zero.

Furthermore, both measures aygnmetric,implying thatthe distance will béhe sameegardless of the
order.

The advantagesof the Minkowski-based metricsaare the linear complexity and the ease of
implementation.The use of these metrics, and specifically Euclidean distaaree competitive in
clustering but have limitatiorte exposure to noise and misalignments in time.

Correlation

Correlationbased distances are another type of similarity in time¢ric and ©nsider the time series
object as a vector to compute the distance. The correlation implemeffitatioo time seriesd andv,
follows the vector notation

~ 6 6 Juv uf
Qohy o] —————
D oW R

(2.13
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whereo andufare the mean of the vectomhe s denotes the Euclidean length of the vector.
CosineSimilarity

The cosinesimilarity measures the similarityf the vectordy effectively calculatinghe angle between
thevectors.
Q of 0 (2.14)
0 — :
. . y DRI y .
Since the cosine measure quantifies the orientation of the viattsrsiseful when the magnitude and
weights are trikal such as when the time series objects are represented as frequencies.

2.3.4.1.2 Similarity in Shape

Distance measures that quantify similarity in shalefind similar patterns of change regardless of time
points. The smilarity in shape measures is also knownedestic metrics since the distance can be
calculatedby comparing a single point to many other points or to no other pdinte&xample of a
similarity in shape metric is the elastic method of Dynamic Time Wax@igV).

Dynamic Time Warping

Dynamic time warping (DTW)is an elastic measure that addresses the limitatioosedb-one metrics
of the similarity in time categoryDynamic time warpingletermines a warping pati the time axis
between the time series &xhieve the best alignmeminimizing the distanceAn ¢ @& matrix is
constructed between the time series of lengthg and &, & ®» o B hand &

® ho B o hof the distances between each pairfitenin Euclidean @stance

Qo E Qo
QQi 00 @I Qo & E é
Qo ho E Qo ho

The objective of dynamic time warping is to find therping path & 0 B , where
i A@gR Q & ¢ p, whichminimizes thedistance between the time series obj§@%. The
dynamic time warping distance definedas theassociated continuous element path that mininttzes
function in equatiorf2.15).

Q O GQ¢ 0 (2.19

The computatiorof the distance matrix and the warping path is expersing often uses dynamic
programming for itomputation18]. Dynamic time warping has the advantage dtersimilarity in
time measuresf handlng objectsof varying lengths antime series out of phase but still have similar
shapes
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Euclidean distance Dynamic Time Warping

Figure2.12. Differences in distance measurements between Euclidean and Dynamic Time Warping
[36].

The selectin of suitable distance metricsdentroversialin the data mining community and requires
attention for each applicatiofi8]. The tradeoff between speed and accurasyconsidered in the
selection process as the computational cost varies for the complexity of the time seriesAinéues.
challenge inselectingthe distance measuresthe compatibility of measures based on the time series
representation method.

2.3.5 Clustering Algorithm

Clustering algorithms handling tinseries datare separated into two main approactesiventional
and hybrid Conventional methods of time series ttugg includepartitioning, hierarchical, density
based, and moddélased algorithmd&lhis subsection will briefly introduceach of the trationd cluster
methods and an exampleahybrid method.

2.3.5.1 Partitioning

Partitioning methods of clustering decompose the data into a specified number of paitynssing

an iterative relocation technique. Most partitionlrased methods use a distance metric to group the data
elements into clusters. Partition methgplacify thenumber of groups before clusterjmghich can either

be obtained from domain knowledge or through optimization of clustardbers Partitioning methods

can be associated with high computationalwodth large datasets due to the enumeratigpastitions.

The specification of the partitions limits the ddr@en implementation of this method without domain
information. Analytical methods avoid the partition limitation Ispecifying multiple partitions and
selecting the best clustering qualigsult. The two mairpartitioning clustering algorithms ai@Means
and'QMedoids.

The Gmeans algorithm is a centreihsed methodhere the mean of thelementgepresergthe
cluster The algorithm groups elements by minimizing the distance betiheetherlements irthe set
with respect to the cluster centroithe QMedbids algorithm is a medoidased method meanirigat
the prototype element associated with the minimum dissimilarity between the other members represents
the clusterThe two m@rtitioning algorithmgliffer in that'@Means aims to minimize the cluster swuf-
squares whiléQMedoids ty to minimize the sum of distances between each point to the medoid.
Furthermore’QMedoidsselects a cluster membasthe medoid whiléQMeansselects the mean as the
centey which may not be represented in the ddtae differencedn the cluster representation of tlie
Means and-Medoids algorithnis illustrated inFigure2.13.
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Figure2.13. lllustration of the clustering representation of @Means and (b\@Medoids.

The use of a cluster member as the medoid allows any distance metric to be @k dmidsas well
asmore robustness to noise and outli&d. The methods oimeans andmedoids producéhard'
clusters, meaning that each element can only be éevenfione cluster.

2.3.5.2 Hierarchical

Hierarchical methods decomposed the data set using a hierarchical decomposition resembling tree
methods. Hierarchical methods are helpful in applications where additional visualization of the clustering
procedure is benedial through dendrograms, which illustrates the tree structure.

The formation of hierarchical decomposition can either be betiprfagglomerative) or tedown
(divisive). Divisive methods begin by grouping all elements into a single cluster and itbrative
subdividing the members into corresponding clusters. Conversely, agglomerative methods form clusters
by initializing each element as an individual cluster and iteratively merging these clusters into larger
groups. A similarity measure or distance condulce merging of clusters, and each cluster is ensured to
have at least one member due to the bottipnmature. Agglomerative methods suffer from scalability
limitations for larger datasetiuie totheir quadratic complexity and the restriction of changiugters
onae assigne(8]. Agglomerative hierarchical clustering is more widagedbecause of the increased
difficulty of finding optimal splits for divisive clustering. Agglomerative clustering only consijers
merges in the first step compared tog¢he p possible splits for top down methods.

2.3.5.3 Densitybased

Densitybased methods produce cluster based on the defsity data subspace, with clusters of dense
objects separated by low density subspabessitybased methods cluster based on a representation of
density in the datalternatively from partition and hierarchical methods, which cluster based on spherical
shaped cluster distributioDensityBased Clustering Based on Connected Regions with High Density
(DBSCAN) assigns clusters based on the density of neigimigoelemats[39]. The DBSCAN method

has several adwntages for the application to flow field dagach aghe algorithm does not require prior
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information on the number of clusters. Furthermore, the method determines clusters of arbitrary shapes
in contrasto the circular cluster shapes of other methadisch benefitdhe high dynamicsfahe wake.

2.3.5.4 ModelBased

Modektbased clustering algorithms cluster based on recomposed models fitted to the cluster data that
represent the entire dataggaussian Mixture Models learn a probabilistic representation of thdvgata
splitting the dataset into numerous Gaussian probability distributions with varying means and covariances
[40]. SeltOrganizing Maps (SOM) is an unsupervised learning metlgidg neural networkdirst
introduced by Kohonefll]. SOM models the inherited structures in the dataset by mapping them into a
low-dimensional fature space where clustergextracted.

2.3.5.5 Hybrid Methods

A subset of the clustering analysis research is hybrid clustering which implements multiple clustering
techniques to improve results. Most methods implement the costly similarity in shape distaiase me
with a reduced dataset known as subclusters represented by a prgt2jyps].

Aghabozorgi et al44] proposed a twatage hybrid clustering algorithm that produced subclusters
based on similarity in time using a hierarchical algoritivinthe data reduction stage, the authors' first
stepproduced a dataset tife subclusters generated by the Cluster Affinity Search Technique (CAST)
clustering algorithm to group firdevel data. The clusters were generated based on the similarity jn time
measured using Euclidean distance. Each subcluster is representathéyseries prototype which is
the most typical time series from the subclustered set based on the affinity factor. The next phase, referred
to as the clustering step, grouped the subclusters into the final sets. The subclusters were clustered using
the QMedoids method by computing the distances similarity in shape. The similarity in shape was
determined using dynamic time warping on the reduced dataset of prototypes. Based on the subcluster
labels of the entire dataset, the final clusters could be wdwkeldvard from the final stage. The varying
phases and subclusters generated in the analysis are sheyare®.14.
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Figure2.14. Clustering phases implemented in the-phase methofi4].

21



2.3.6 Evaluation Metric

Evaluatingclustering techniques based on the generated clustetal for quantifiable ananeaningful
results. The quality of clusters can be evaluated using visualization and scalar accuracy measures.

Scalar accuracy indices evaluate cluster quality by gengratnumerical value that represents the
accuracy and validity of the classified clusters. Scalar measonmegriseexternal and internal indices.
An external indexmeasures the quality of the generated cluster based on the reference to external class
value labels of thactualcluster distributionExternal indices cannot be used for unsupervised clustering
tasks due to the absence of external informd#dading to the introduction of internal indicésternal
evaluation indices use the intrinsic infation of the dataset to determine clustering performance and
arereferred to as an unsupervised metric since extdatahrenotrequired

The clustering quality is typically scored using the internal index based on two parameters:
compactness and seption. Compactnesaeasurefiow close the objects within the same cluster relate
to each otheknown as intrecluster similarity [45]. Separatin measures how well separated a cluster is
from other clusterf45], known asaninter-cluster similarity. Many internal indicese proposed irthe
literature such as CalinskHarabasz, root mean square standard deviation, sl Rsquared, R
Squared, Davié®ouldin, Dunn index, Hubeitevin (C-index), Silhouette, CDbvindex[46].

2.3.6.1 Inertia

Themost common internal evaluation method is inertia or sum of squared error (A€E)ertia value
is the sum of the distances of all tbkeister elementso the duster's centroidThe intuition of the
calculation of ineita for adistinctcluster is illustrated ifrigure2.15.

- =~

Centroid

Figure2.15. lllustration ofthe inertia metricdr a cluster.

The inertia value gives insight into the compactness of the clusters, with a lower bound of zero, indicating
that all the elements of the clusters are identical. The inertia of the clustering analysis provides no
information on thelustersseparation to otheses, and thugshedevelopment of further internal measures

has been developed itheliterature.

2.3.6.2 Silhouette Index

The silhouette coefficient was first introduced by Rousseeuw in g7 The silhouettecoefficient
measures the similarity of an element to its cluster (compactness) compared to thetotbeparation).
Suppose a dataset}, of ¢ objects partitioned int@groups, § B B B BB & }. The silhouette
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coefficientisillustrated withthe cluster subsets and0 from the total subspace of clustérswith the
correspondingnembergy and® as shown irFigure2.16.

Figure2.16. lllustration of the silhouette coefficient for two clusters.

The compactness of the clustequantifiedby the parametery which is the mean distance between a
sample and all the points within the same set (compactidssyaluewis calculated for each clustér
and is membersd using Equatior{2.16).

O a'QOE QQidID (2.16)

The separation of the cluster to the other &etsiculaed using the parameten, which is the mean
distance from the sample to all the other points in the next nearest cluster (separation). Ttésvalue
calculated for the sample memhero all the members of thether setv using Equatiorf2.17).

O GQOhE Qb (217)
The silhouette coefficient is calcubgtusing the parametecsand®using Equatior2.18).

YOO QHE VRO (218

The value of the silhouette index is bounded betw&emd 1A lower value ofirepresents a compact

cluster with a lower averagalistance between the points to a single elenerthe set. Amore
considerablevalue ofrepresents clustersith a moresignificantaverage distance between a sample
element. Therefore, as the silhouette approaches 1, the cluster containing the sample element will be far
from thefollowing cluster but compact within the elements of the same cluster. Negative values of the
silhouette coefficient represent the sample element being closer to the elements in another cluster than to
theassigned elements

The quality of the clustering analysis can be quantified using the average silhouette coefficient value
for all the objectsn the cluster, then computing the average silhouette coefficient for the entire cluster
dataset.
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2.3.6.3 Dunn Index

TheDunn index was first introduced by Dunn in 1948]. TheDunnindex is the ratio of the minimum
distance between clusters (inter) and the maximum distance within a cluster (intra). To quabDtifyrthe
index, consider the same cluster subsetandd with the corresponding membeisand® as shown
in Figure2.17.
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Figure2.17. lllustration of the Dunn index for two clusters.

The Dunn index is calculated using the distances in Equéib®).
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The Dunn indexshould be maximized such that the minimum intercluster distamaeris considerable
(seprated clusters) and the maximum intracluster distansedl (compact clusters).
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Chapter 3
Literature Review

Since its discoveryortex shedding of blufiodies has been an extensive area of reselnelresearch

area has recently gained interest with novel wind energy extraction methods from VIV, such as bladeless
wind turbineg49] and theVortex-Induced Vibration Aquatic Clean Energy (VIVACE) generdtsf].

This literature review aims to position the contributions of this steplgcifically in the generation of

vortex shedding maps, and to apply novel dfitgen methods for higher Reynolds number cases of
vortex shedding.

3.1 Vortex Shedding Map Generation

Vortex shedding experiments conducted using forced vibration rely on consistent use of-the non
dimensional parameters of the prescribed amplitude and frequency of the oscill@liengortex
shedding map is vital for understanding the cylinder kinematidsits application to energy extraction

for VIV generators. The map provides information on energy excitation, which yields the positive energy
transfer from the fluid to the body. Thesitive fluid excitation in the map is critical to ensure the Jglidi

of forced vibration experiments application to free vibration cases.

Williamson and Roshk{il4] developed the first amplitude and frequency map that studied vortex
shedding modes beyond thumdamental synchronizatiomhe authors conducted numerous experiments
in a towing tank and identified vortex structures in the cylinder wake vsrtisigaluminum particles
for flow visualization. The experiments sampled the parameter space for the range of Reynolds numbers
from 300 t04000.

Morse and Williamsor{7] expanded the investigation by Williamson and Rosfl4] in the
parameter space by performing a total of 5680 experimental runs in a water channel that produged rough
500 hours' worth of data. Digital particle image velocimetry (DPIV) was used to visualize the wake
regimes with high resolution (1600 x 1200 pixels) images taken at 10 and 20 milliseconds intervals. The
determination of various regimes required a cali@nalysis of the flow images and the fluid force
measurements by the experimental apparatus. The authors used the abrupt jumps in the flwtitdrces
indicated transitions into different regimés define the boundaries of the shedding map. For the more
complex transition states between vortex shedding modes, the total fluid forces could not identify the
modes, which required the investigation of the vortex phase. The methodology of generatortethe
shedding map biMorse and Williamsofi7] required large amounts of data in the form of the fluid forces
and its decomposition into vortex force and potential force alongside the referencing to the fluid flow
images of the wakelhe visual inspetion relied on an expert to manually identify the spatiotemporal
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patterns, which may be possible for l&®ynolds numbers but has limitations for more complex flow
regimes associated with higher Reynolds numbers.

The previous studies are the extent oeagsh in generating vortex shedding maps and are limited
to low Reynolds numbelr'Q 4000. The lack of investigations in generalizing the vortex shedding
behaviour in the parameter space at a higher Reynolds number may be attributed to the more complex
dynamics. Wu et al[16] studied vortex shedding patterns between Reynolds number 351800000
and identified several relatively stable modes, including 2S, 2P, 2PO, P+S, and 2P+4S. Due to instability
and variatbns between cycles, the authors noted the inability to generalize some vortex shedding patterns,
including Reynolds number 60,0005,000. Zhang et aJ17] echoed this limitation at the highest free
stream turbulence intensity (5%); the vortex structure was indistinguishable in the flow field due to the
large amounts of mixing from the increased dissipation energy. Theraudbund that the turbulence
intensity of the incoming stream has a dissipation effect that causes the vortices to become weaker and
increasingly difficult to distinguish.

VIV energy harvesting machines are expected to operaigher Reynolds humbér'Q 4000
to achieve feasible energy generation. The benefits of hawiogex shedding map at higher Reynolds
numbers are reiterated, but there is a lack of demonstrated methods of generating this map because of the
high computational cost and comgldynamics.

3.2 DataDriven Methods for Vortex Shedding

The traditional method of generating vortex shedding mequsires large amounts of data in the form of
fluid forces, resolved flow images, and visual inspection from an eXperf51]i [54]. Datadriven
methaods for identifying and clusterimtistinct flow regimes from higlimensional, timeesolved flow
fields provide a versatile and automated approaampodve confidence intervals while reducing input
information.

3.2.1 Vortex SheddingViode Classification

Machine learning models have been applied to vortex mode classification problems using two main
methods: iéntifying global flow structures and classifying local flow signatures. This literature review
will focus on the latter due to global methods' limited insight into classifying different vortex Bbfies

[57].

3.2.1.1 Machine Learning using Local Flow Measurements.

The use of local flow signatures for classification is divided into two main applications: naneetyydi

using sensor timseries data and feature extraction from sensor time series into a new feature space.
Colvert et al[58] used local vorticity measurements to train a neural network to classify global vortex
structures generated by an oscillating airfoil. The authors performed alabelticlassification task
between three vortex modes (2S, 2P+4S, 2P+2S) and achieved minimal error with a network of 34 hidden
layers and corresponding classification accuracy of 99%. The work of Colvert et al. was expanded by
Alsalman et al[59], who used the exact local sensor measurements and trained neural network but
investigated the effect of different data sensors and sensorcantigurations in the flow field.

Wang and Hemaf{60] extracted relevant features in the frequency domain obtained from vorticity
time seriegdata of a fisHike airfoil shag. The authorsomputed the frequency spectra from the time
series signals using a fast Fourier transform (FFT). The frequency spectrum was then fitted with a
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Gaussian bell curve to produce the features used for their wake classification: namely, the mean
frequency, , amplitudep, and standard deviation, Wang and Hemati used a relatively simple machine
learning model ofQnearest neighbours and achieved a classification accuracy of over 90% for all the
experimentsThe authorslemonstrated that bgonverting the time series data into a different feature
space, the classification problem could be simplified by significantly reducing the computational
resources at the cost of a slight accuracy reduction. Using the frequency domain signaturestediows be
implementation for redime applications since the entitiene seriesdata is not requiredlhe model

showed promising results but was tested on a simple classification task involving only the 2S and 2P
vortex modes. The addition of more complex nwd®y reduce the separation in the frequency feature
space and require more complex machine learning models to achieve a comparable classification
accuracyAdditionally, this study was biologically themed conducted on an airfoil to mimic dikish
bodywake generation and not a cylinder as in the bladeless wind turbine.

3.2.1.2 Local Measurement Data Selection.

The standard fluid measurement used for wake classification is the magnitude of J&8|cit§0]. The

traditional thinking is that vorticity, a measurement of the local fluid rotation, will provide a clear
signature of the rotating wakes. Alsalman et{%®] compared the results of several neural networks
trained ontime seriedata using the vorticityw andw-components of flowelocity, and flow speed

sensors. The authors found that theomponent of the velocity gave a higher classification accuracy

than that of vorticity, even for shallow networks. Alsalman et al. demonstrated that measuring the velocity
component transvegsto thestreamwise flowdirection provides the best classification signatures. The
authors used the entire time series for classification, and the same gains have not been demonstrated using
feature extraction methods on an oscillating cylinder.

3.2.2 Vortex SheddingMode Clustering

Recently in literature, the benefits of the ddtaven method of clustering on high dimensional time
resolved flow fields have been gaining attentigrecifically for identifying and grouping distinct flow
dynamics of vortex shekihg from VIV.

HueraHuarte and Vernd61] applied fuzzy clustering on digital particle image velocimetry (DPIV)
data for the vortex shedding of a flexible cylinder. Proper orthogonal decomposition (POD) was used to
reduce the dimensionality of the image data to identify patterns. The method adequately identified the 2S
and 2P modes at two elevations along the lbegble cylinder exposed to crossflow of Reynolds
numbers 1,20012,000. The work by Huetiduarte and Vernd61] provides a pertinent application of
clustering on vortex shedding structures for an oscillating cylinder. However, the clustering analysis was
only utilized to identify the 2S and 2P modes for the free vibration experiment. The parameter space of
amplitwde and frequency was not explored since the experiment considered the free vibration of the
cylinder. Furthermore, the entire vorticity flow field was required for clustering, despite the use of POD
to reduce the data dimensions.

Menon and Mitta[62] studied pitching airfoil wake dynamics using clustering methods to identify
and track vortices. The main objective of this study was to analyze the force production on theafoil fro
local vortical regions using the force and moment partitioning method (FMPM). The proper application
of this method requires the vortex regions near the airfoil to be accurately isolated. The authors used the
clustering analysis to isolate and track toeticesprimarily in the leadingedge and trailing edge due to
their overall effects on pitching airfoils. The authors used the DBSCAN clustering algorithm for the
analysis based on its advantages for flow field clustering. The dataset is comprisecbdidite fields
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from forced vibration CFD simulations of an oscillating airfoil. Thtehging frequency and amplitude
parameter spacwere sampled extensively for the varying vortex dynamics. The authors demonstrated
the utility of this methodology fohe investigation of the dynamic influence of the voiiteduced forces.

Another effort directed for clustering vortex shedding modes was conducted by Calvi3jttal.
cluster the vortex wakes of binspired propulsors. The authors generated the flow fields behind an
oscillating foilusing CFD at a ReynasdNumber ofp 1t The vorticity flow field in the wake was reded
using an autoencodandthen clustered using tfl@means++ algorithm. The autoencoder consisted of a
deepconvolutionalautoencoder to extract features from the images of the vorticity fields. The authors
selected th&dmeans++ algorithm after comparing the result®Medoids, hierarchical clustering, and
DBSCAN, which all showed no improvement ov@means++. The conitmtion of feature extraction
using the autoencoder and clustering based on the latent space produced an exception method for
identifying wake kinematics. The autoencoder was first trained on a simple one-oefyeswiom
labelled dataset of known vortekiedding modes to quantify the accuracy of the classification. The vortex
wake patterns corresponding to the airfoil application included 2P+4S, 2P+2S, and 2S. Even with a low
number of latent space parameters, the clustering achieved 100% accuracynotiéise The trained
autoencoder was then applied to an unlabeled dataset ofdegmeeof-freedom oscillating airfoil with
more complex modes. In this case, the wake classifications and the number of clusters are unknown. The
quality of the clusters wasvaluated both on the silhouette index and visual inspection. The optimal
number of clusters for this case was determined to be six through the elbow method, silhouette index, and
visual classification of the modes. The auttalrginednsights on the voeix dynamics from the clusters
successfully. The cluster strategy used by the authors is similar to the one implemented in this study in
that the clustering technique was determined for a more straightforward problem of vortex shedding and
extrapolated to wre complex problems. The success of the authors provides a basis for the methodology
used in this study. However, the authors highlight the limitations of the investigation, which greatly
depend on the input data used to train the autoencoder and osikgorithm. The authors draw
attention that the results may be corrupted for vortex modes associated with larger amplitudes due to the
low density of these cases in the training set. The width of the wakes casti@shginfluence in the
clustering algrithm, so there is a need to train the algorithm to cluster based on parameters of the overall
vortex pattern. Furthermore, the autoencoder was tuned for the performance of the simply onaf-degree
freedom case, and despite the promising results, thapekition of the autoencoders for more complex
vortex wakes is an area of concern.

3.3 Summary

In reviewing the literature, it was observed that the traditional method ugpgehienating vortex shedding
mode maps requisdarge amounts of data and intensive supervision. An opportunity was identified to
implement aversatile and automatethtadriven approach that addresses these limitatiemghermore,
there is a lack of proposed methods of generating the vortex sheddae map at higher Reynolds
numbers due to the increassmmputational cost and complex dynamics

Previous studies implementing machine learning techniques have demonstrated improvement over
the classical method of identifying wake structures from thelwed flow field. The literature shows
promising results using local measurements transformed into the frequency domain as feature vectors in
vortex mode classification. However, a lack of studies was identified in applying this method to higher
complexityvortex modes generated by an oscillating cylinder. Furthermore, the performance gain using
thew velocity component has not been demonstrated using the frequency feature space for an oscillating
cylinder.
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The literature review of studies using unsujsas clustering approaches shows promising results
for identifying and dissection of vortex shedding modes. However, the methods require extensive input
data to compute the entire flow field, which was then reduced using varying feature extraction methods.
The literature identified an opportunity to reduce the input data required by using a local measurement
approach to cluster the vortex shedding mo&tsdiesusing clustering all shared the similarity of
resolving the vorticity field, but there was akaaf studies investigating the benefits of other flow field
measurements. The application of clustering techniques to discover varying vortex shedding modes in an
extensively sampled amplitude and frequency parameter space has not been demonstratetbréurthe
the clustering research for VIV simainly been regarding pitching airfoils, and the same results have not
been investigated for the vortex shedding dynamics of an oscillating cylinder.

This study aims to address the deficiency outlined in thalitezby comparingmachine learning
methods for theclassificationof complex vortex shedding modes using frequethoyain feature
extraction and investigating the effects of data corruption for an oscillating cylinder. Additionally, the
absence of a mettology of using clustering techniques for the generation of vortex shedding maps will
be addressed in this study.
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Chapter 4
Methodology

Themainobjective of this studis discretized into thregoals which are addressed in the following three
chaptersChapter 5providesan effective wake classification stratelgy comparingvarious machine
learning models trained using differing simulated vortex shedding local flow measurements and
corresponding feature noise analy§ikapter Gaddresse developing a datdriven method by presenting
various unsupervised clustering techniques and demonstrating the ime#rdokrmancéhrough cluster
analysis evaluation metrics and repradilut of the benchmarkortex shedding mapThe methods
presentedn Chapter Gare then extended @hapter 7o provide insights on the underlying dynamical
regimes of a higher Reynolds number case by generating corresponding vortex shedding maps.

4.1 Datsses

The analysis in this dissertation requires tinivariate time series signatures of local flow measurements
in the wake of an oscillating cylinder experiencing forced vibrafiero main datasets were used in the
following sections:

1 Chapter 5internal datasdbr publication[64].
1 Chapter 6 and Chapter Vortex shedding in a turbulent wake obtained fi¢aggle[65].

The datasets resolved the turbulent walehind an oscillating cylinder using numeri@atimensional
computational fluid dynamic (CFD) simulations@penFOAMv2006

The geometry of a cylinder of constant diamg®&rsubject to an incident flow with a meaelocity, Y,

in the streamwise (o6) directionwas considered in this studd.slice along thesandwplanewasused

to generate the-8mensional CFD simulations based on the reduced computational demands and
demonstratethe ability to capture thenain features of the response. Though the turbulent wake-is a 3
dimensional and mukscale phenomenon;dmensional simulations can capture the vortex shedding
patterns, amplitude, phase, and frequency of VIV. Tdariznsional domain and boundary cdiutis

used for the numerical study are showifrigure4.1.
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Figure4.1. Domain and boundargonditions used for the 2D simulation (Not to scale).

The sensors' signal measurements were recorded along six sampling lines located downstream in the
wake of the oscillating cylindeas shown irfFigure4.1. The sampling lines were orthogonal to the

axis at streamwise distances @,240, 60, 80, 100, 120. Each sampling line recorded flow field
measurements at 1000 locations along the iilestrated inFigure4.2.
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Figure4.2. CFD sampling lines ithecylinder wake.

From thesimulations, the data from four types of sensagsanecorded: namely, flow speegs thewr
component of velocityo , the xcomponent of velocityd , and the vorticity, . The components of
velocity in thew andwdirections are derived froie 2dimensional velocity vectad 6 Hio HI
The flow speed®s is defined as the magnitude of the flow velocity vecioif he quantity of vorticity
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is defined as the rotation of a fluid element determined by the curl of the velocity vectof, 6. In
this study, the vorticity vector derived from thalnensional flow only has a naeero component in

the o-direction given by — — Q[66]. An example of thexvelocity component data signal
taken along the sampling line is showrFigure4.3 with the corresponding CFD vorticity color map.
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Figure4.3. Sample vorticity color maps andsvelocity component sensor signals for the three w
modes: 2S (top), 2P, (middle), and 2PO (bottom).

4.1.1 Dataset A

The dataset used in Chapter 5 used the RANStemand’Q | shear stress transport (SST) turbulence
model A structured, hexahedral, bodijted mesh was generated around the cylinder. The total number
of cells in the mesh was 147,200 match Morse and Williamsdi] original experimental sepy the
sinusoidal movement of the cylinder is prescribed, and the motion is diffused into the structured mesh.
Secondorder accuracy was achieved in both spatial and temporal schemes.

The first dataset calucted numerou€FD simulations to generate the flow of three distinct wake
modes. The three vortex shedding modes included two wakes modes (2S, 2P) and a transition mode
(2P0). The simulations were conducted at the Reynolds number, Re = 4000 (correspddinmdm
and Y m@ms') to match the experimental investigation by Morse and Wiliamson. The non
dimensional groups used to ensure the simulations were conducted for each distinct mode are summarized
in Table4.1.
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Table4.1: Vortex Mode Parameters and Ndimensional Groups

YQ o
2S 4000 0.7 4
2P 4000 0.8 8
2PO [ 4000 0.8 5.8

The sensor measurements were recorded over 500 timesteps with a time step size of 0.5 seconds, resulting
in a time series length of 250 seconds. The unit of time was converted intalam@sional parameter
derived using the free stream velocity,anddiameter of the cylindei.

4.1.2 Dataset B

The dataset used for the clustering analysis in Chapter 6 and Chapter 7 used the new schemes of the k
SST. Numerous CFBimulationswere conducted to provide a higher density sampling gbahemeter

space of foced oscillating outlined biorse and Williamsor7]. Furthermore the simulations were
conducted aReynolds numberl000,4000 and 10,000-he Reynolds number data at 4000 was used
Chapter 6 to match the experimental setulglofse and Williamsoffi7] andvalidate thevortex shedding

map generatioprocedurereferencing the benchmark maphe Reynolds number data at 10,000 was
used in Chapter o extendhe map generation nfeid to unknown vortex shedding regimes.

The sensotsneasurements varied slightly from the dataset used in Chapter 5 as the time series data
were sampled every 0.25 seconds for a total of 100 secondsextitteocations in the wake. Despite
the smalletime series length of the signal, regular patterns are still observed in the data to be used in the
cluster analysis.

4.2 Mode Classification

The classification of vortex shedding modes utilizedithne series local measurements transformed into

a reduceddature vector for the subsequent classification using supervised machine learning models. This
subsection discusses the preprocessing conducted on the raw time series dataset and the machine learning
models used in this study.

4.2.1 Preprocessing

The datasets from each sampling line were combined after a generalizability study was conducted to
ensure that little information was lost by training a model on the entire set compared to individual sets.
The QNN model used by Wang and Hemi@®] was implemented=5, based on its heritage in wake
classification. When combining the datasets, the testing accuracy only decreased by 8.19% and 0.93%
for thewr andwyr velocity canponent sensors, respectively. The more considerable lossdof/élecity

was justified due to the overall lower accuracy results removed in further analysis.

Thetime seriegdata collected from the CFD simulations wpreprocessetb prepare the dafar
feature extraction and training. Ttevelocity component sensor dataset was preprocessed by removing
the mean free stream velocity of @2 . Many of the 1000 points along the sample line hador
fluctuations due to the absence of vortex foramatT o extract the relevant information from the sampling
line, 100 sampling locations were chosen along the line that showéatrdkstvariance from peak to
trough in the time series data.
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The signals were converted into wake signatures using thecptdevelopedy Wang and Hemati
[60]. The FFT was conducted on ttime serieso decompose the signal into its frequency domain

componentsAn example of the frequency sperh of three vortex shedding made shown inFigure
4.4,
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Figure4.4. Frequency spectrum for (a) 2S, (b) 2P, and (c) 2PO vortex shedding modes.

The feature vector was determined using the Gaussian fit function parameters, which included the mean

frequency, , standard deviation,, and the amplitude of the curve, The parameters are shown in a
sample case iRigure4.5.
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Figure4.5. Frequency domain feature vector given by the Gaussian fit parameters.

This frequencydomain feature vector combined with vortex sheddmode labels as used as the
machine learning models' input.

4.2.2 Machine Learning Models

Machine learning algorithms are founded on using optimization techniques to build a representative
model to fit a set of data and, in this case, make label classifisatSupervised machine learning
algorithms suppl the machine learning algorithms with labelled data from a supervisor/expert. Six
supervised machine learning models were investigated for classification: logistic regression, support
vector machines, dedi tree, random forest, multilayer perceptron (MLP), ukarest neighbours
("GNN). Traditional machine learning methods were selected based on the objective to provide a robust
solution with reduced input data and computational complexity. The gikimelearning models offer

more straightforward implementations and can achsslations with smaller training dataseEach
machine learning model's learning parameters (hgpeametersyvere tuned to determine the best
bias/variance tradeff model Crossvalidation was conducted for the hyperparameter tuning stage and
repeated on the training set to give insight into the model's generalizability and the predictive performance
on the application to new datasélbe investigation was conducted by #plg eachdataseinto 70/30

training and testing splitsThe crossvalidation method implemented in this study wafld cross
validation.

4.3 Clustering Analysis

The methodology of unsupervised clustering can be subjective, and the quality of the results depends
significantly on the specificity of humerous options. The choices selected for the cluster analysis will
follow the aspects listed beld88]:

Objects to be clustered.
Measurements/variables to be used.
Standardization of variables.
Similarity/dissimilarity measure.
Clustering Method.

Number of Clusters.

Clustering evaluation.

NoohkwdE
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8. Interpretation of clusters.

This subsection presexthe methodology used to address all of the aspects of cluster anajysiduoe
meaningful results.

4.3.1 Prepocessing

Standardizindhe input space istgpical preprocessing step in machine learning applications to enhance
performance by transforming the features to the same unit and scale. In time series clustering,
standardization can improve the abildtfyclustering algorithms to produce clusters by removing offsets
and amplitude scalingl'he standardization implementation depends on the clustering techniques and
similarity measures utilized; for exampl§aussian mixture models and the dissimilarity metric
Mahalanobis distance are invariant to affine transformaf@8is

The implementation of preprocessitgghniques should be evaluated for the specific use case and
input data since it may introduce biases. For signal data with small variance, standardization and
normalization methods may intensify noise with the scaling of the amplitutiés study, theawtime
seriessignal data is closely centred at zesposition distance, small relative variance, and amplitude
scale are similar between classes. The implementation of preprocessing was determined based on the
suitability of the different methods amdetrics utilized in this study. Time series data is standardized
usinga-score @-normdization) which removes offset translations and amplitude scaling. For the time
seriesd @B M ho , ¢-normdization is definedn Equation(4.1).

N (4.

4.3.2 Streamwise Analysis

The signals' variance was investigatedétermine the effect of Reynolds number, streamwise location,
and vortex shedding modes on the signal informat@n.2S modes, the variance along the sampling
lines remains relatively constant between varying Reynolds numbers. The sensor varianckealong t
sampling lines in the wake of the oscillating cylinder is showkiguare4.6.
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Figure4.6. Sensowvariance of streamwise sampling lines for 2S madés H*) = (4, 0.1) for Re =
4000, 10,000.
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The sampling line at 2D shows the most significant spike of variance at the midpoint, where most of the
vortex shedding behaviour is present. The sequesatmapling of lines further downstream of the cylinder
shows a constant dissipation effdaissipationresults in lower variance, specifically in the 10D and 12D
cases \ere little signal is recorded by the sensors. The relative strength of the sigriadsvastéx
structures travel downstream is seen in the supplementary video provided for the Kaggl¢adataset

Considering signals that resemble the 2P mode, a more considerable change is observed in the
variance behaviour irhe sampling lines. The main difference is the more significant dissipation effect
of the Reynolds Number of downstream sampling lines for the 2P modes. The variance of the sensors
along the sampling lines for the low Reynolds number case, RR0G; is shwn in Figure4.7.
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Figure4.7. Sensor variance of streamwise sampling lines for 2P maidedn”) = (6, 0.3) for Re =
4000.

Strong signals are observed for the low Reynolds number case up aodBBveak signals for the
subsequence downstream sampling ligversely, the sensoanance of the 2P mode for the higher
Reynolds number case, Re = 10,000, is shovigare4.8
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Figure4.8. Sensor variance of streamwise sampling lines for 2P modés®) = (6, 0.3)for Re =
10,000.
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The sampling lines at 2D, 4D, and 6D show relatively strong signals as the vortex structures travel
downstream. The subsequent downstream sampling lines show little signal variance starting at 8D from
the cylinder.

In summary, for the low Reynolds numlzese, the data recorded along the sampling line 6D was
used for the clustering analysis due to the balance of being far enough downstream to have developed
wake mode signals and not too far downstream that the dissipation effect corrupts the signads. For t
high Reynolds number case, the data recorded along the sampling line 4D was used for the clustering
analysis due to the strong signals of developed wake modes with minimal dissiffatibn

4.3.3 Subsequence Data Mining

This study's selected time series rhekitraction methods conducted usintpematrix profile. The matrix
profile, first presented byeh et al [68], is a novel algorithm fothetime seriesubsequence aflairs
similarity-search. The algorithm uses a fast similarity search algorithm graemalized Euclidean
distanceThe method is simple, paramefeze, and exact, meaning no false positive or false dismissals
are provided. The matrix profile has been implementedddousapplications since its inception due to
its versatility, simplicity, and scalability. Thesepdipations include temporary rules of retail product
saleg69], ECG anomaly detectidi@0], andtheinternet of things for industrial maching&l].

The matrix profile records the distances of a subsequence with sliding window éentitall other
subsequences of the same lengjtie matrix profile contains two components: namely, a distance profile
and a profile indexThe distance profile is theector of minimum Euclidean distance, and the profile
index is the first nearest neighbour's index. An example of the matrix profile is illustrated with the original
time series irFigure4.9.
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Figure4.9. Matrix profile example.

The matrix profile can be obtained naively using the computed distance matrix for all pairs of
subsequences of lengihof the timeseries of lengtls, as shown irFigure4.10.
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Figure4.10. Distance matrix to obtain matrix profile, modified fr¢ng].

The minimum distance of each column, not including null diagonal values, produces the matrix profile
vectorrepresenting the distance between each subsequends aedrest neighbour. The entire distance
matrix would be computationally expensive to compute, and therefore the majority of the work has been
developing algorithms for this searf@8].

Reading the matrix profile gives an insight into the patterns and anomalies of the time series.
Relatvely low values indicate that there must be a relatively similar subsequence within the time series.
Therefore, low values of the matrix profile correspond to motifs discovered in the sequence. Relatively
high values mean that the subsequence has no suibeequence similar in distance and thus is an
anomaly. Analyzing the matrix profile for the exampleFigure 4.9, the relatively high values at the
beginning of the sequence indicate unique subsequences that are not shown in the time series again. The
anomaly logically confirms the nesteadystate nature at the beginning of vortex shedding when the
shedding mode Isanot yet been reached. The lowest values in the profile show the prominent
subsequence shown in the raw time series and can be extracted as the time series motif for this case. The
specified length of the sliding window affects the value of the extrantad and should be selected
carefully for the intendedpplication

4.3.4 Proposed Clustering Methods

The selection of clustering agthms isanintegralstepin the clustering analysgrocedure, and special
consideration is required for the application @atasetClustering algorithms handlingne serieslata

are separated into two main approacleesiventional and hybridConventional methods of time series
clustering include partitioning, hierarchical, dendigsed, and modélased algorithmsThe al@rithms

that performed the best fapplyingclusteringtime seriesubsequence of vortex shedding were selected
for analysis in this study. The algorithms selected included three traditionatsieglend three proposed
hybrid methods.
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4.3.4.1 Traditional Clusering Methods

Traditional singlestep clustering methods were selectealsed on thedemonstratedclustering
performance. The traditional clustering methods include the partitioning meth&Mefans, the
hierarchical method of agglomerative, and finakMeans applied to the discrete cosine transformed
time series data.

The GMeans method was selected based on its demonstrated ability to extract highly separated
clusters The "QMeans algorithm was implemented usinscikit-learn [73] with the ‘Qmeans++
initialization method to select initial cluster centers that are distant, resulting in better results than random
initialization by avoiding local minimumg74]. The hierarchical method of agglomerative was
implemented usingcikit-learn[73]. The hyperparamete associated with tHeest balance of evaluation
metrics for theagglomerativealgorithm wereusing complete linkage and cosine affinity distaridee
final method of DCT representation usif@Veans algorithm was implemented using the same
hyperparameters of the raw time series.

4.3.4.2 Hybrid Clustering Methods

The clustering performance of ordinary methods can be improved usingsteplitlustering methods,
regarded as hybrid methof#2]i [44], [75]. The objective of hybrid methods is fiest conduct a pre
clustering phase that produce$aege number of separate clusters that are then merged using a final
clustering method tgrovide the number of desiredusters.The hybrid methods perform the best
clustering when the silhouette index is maximized in thecprstering phase indicating that the high
resolution of clusters captures discretely separated clusters. The silhouette index is expected to reduce in
the final clustering stage as the clusters are merged to produce more general clusters that provide insight
into the overarching patterns, increasing the Dunn index value.

Most hybrid methods @es/arying distance metrics for each step, usually a simjlaritime distance
for the preclustering and a shagmased similarity distance for the final clustering. The block diagram of
the proposed twstep hybrid clustering method is showrFigure4.11.

Pre Reduced
processed S Similarity in Time S Pre S Prototype
Motif Distance Clustering Motif
Dataset Dataset
Similarity in Shape > Final -
Distance Clustering Clusters

Figure4.11. Block diagram for the proposed hybrid algorithms.
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The advantage of mulitep clustering is the ability to calculate the computationally expensnady

time warping similarity matrix on the reduced dataset of prototypes from the first clustering step. The
clustering results obtained using the DTW distance provide an advantage fotbakageclustering
analysis.An example of the varying clusterirgiages withthe corresponding similarity distances
illustrated inFigure4.12.

A

Pre-Clustering Final Clustering

Figure4.12. Example othehybrid clustering procedure.

Three hybrid methodareproposed in this studyThe first hybrid method, denoted Hytbiethod A, is

derived from a similar method proposedAxyhabozorgi et af44]. The clustering method implemented

by the authos usedthe Cluster Affinity Search Technique (CAST) clustering algorittumcreate
subclustes. The subaigters were thegrouped further using ti@Medoids clustering algorithm on the
reduced dataset. The CAST algorithm is considered a portioning method based on its sequential clustering
approach76]. The clustering method implemented in this study use©Medoids clustering algorithm

to generate subclusters in the first step based on its advantageous clustering performance.

The following hybrid method, denoted HybriB, usesa combinatioc of DBSCAN and
agglomerative clustering algorithms. The DBSCAN method provides an advantageous initial clustering
step since the clusters are automatically determined based on the input data structures. The DBSCAN
method was used to group the entire datedo subclusters that were then clustered into the final number
of groups using the agglomerative algorithm. The hierarchical method of the agglomerative algorithm
was selected based on its clustering performance as a single implementation. Othes peethoded
similally to agglomerative as single step but the hierarchical method had the advantage of less
sensitivity to input datalhe algorithm was implemented from the clustering moduseiit-learn[73].

The DBSCAN algorithm only requires two parameters: nantelynumber of minimum samples and
radii. These parameters represent the core samples whikuisset of the data which includes a
minimum number of samples)in_samplesthat are within a distance radii, The samples that are not
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a core sample anare further than- distance from any core sampee considered an outlier by the
algorithm. The parameters found usireggrid search yielded the best performaigorithm wasthree
radii, -, andfive minimum number of samples.

The final hybrid method proposed in this study, denoted Hybrid C, was conceptualized by combining
the bestperforming singlestep clustering analysis into a medtep method. The hybrid method ufies
"QMeans algorithm for the prelustering phase arttleaggbmerative method for the final clustering.
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Chapter 5
Mode Classification using Machine Learning

This study directly targets the overlapping machine learning and fluid dynamics application of efficiently
and accurately classifyg wakes identified by Brunton et 4l7]. This section'®bjective was achieved

by quantitatively comparing the various machine learning models trained using differing simulation data
and, second, quantifying the effects of data corruption on the models' performance in the feature noise
analysis.

5.1 Machine Learnig Model Performance

The frequencydomain feature space for each of the local measurement sensors is skayuneb.1
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Figure5.1 shows thaxcomponent of velocity produces feature vectors that separate the vortex shedding
modes the best in the feature space compared to other sensor measurements. The separaésn in class
aids the models to better identify the signatures of each class which will result in increased testing
accuracy.

Several machine learning models were evaluated using the classification accuracy during-the cross
validation and testing phases. The crealdation scores give insight into the models' behaviour with
new datasets and reveal the bias/variance behaviours. The mean and standard deviation of the cross
validation scores were plotted for each machine learning model trained using the four local
measurements, as shownkigures.2.
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Figure5.2. Crossvalidation scores for each of the local measurement sensor data used to train a variety
of machine learning models.

The models that generally performed the best in terms of meanvadaiation scores were the decision

tree, random forest, MLP, arf@NN. Despite the acceptable accuracy scores, the decision tree and MLP
models showed th@ost considerableariation in scores. The larger variation in crgalidation scores
demonstrates that these models tend to be more sensitive to input datan Ramedt andQnearest
neighbours performed better concerning the mean accuracy and robustness. Next, the testing accuracy of
each of the combinations of machine learning models and input data was evaluated on the testing dataset
held out during trainingThe testing accuracy results are summarizehine5. 1.

Table5.1: Testing Accuracy of Machine Learning els

Machine Learning Models
LR SVM DT RF MLP "GNN
5s 46.3 483 683 702 56.1 724
520 69.1 644 783 76.3 78.0
80.6 91.3 96.7 99.3 983 9938
544 537 822 861 752 844

— o o0gQ
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Thewcomponent of velocity local measurement sensor dataset demonstrated the higheatidediem

scores and testing accuracies across all the machine learning models, which confirms the results of
Alsalman et al[59]. The improved performance of velocity sensors oriented transverse to the incident
flow direction compared to the classically used vorticity measurement may be atttinttedadded

noise of th&xcomponent of velocity in the vorticity measurement. In vortex shedding behind a cylinder,
the source of the vortices is the generation ofthemponent of velocity since the incident (fseeam)

velocity was directed algnthe streamwise (@b-) direction.

Overall, the relatively high testing accuracies confirm the viability of using the frequency domain
signatures in the application of classifying vortex shedding modes proposed by Wang and&03mati
The input frequencgomain feature vectors resulted in the maximum testing accuracy of 99.3% and
99.8% using random forest affhearest neighbour models. The testing accuracy reported bynAtsa
et al.[59] using the entire time series dataset to train a neural network was 100% at a depth of 10 layers.
The reduction of % in testing accuracy obtained in this study was considered acceptable due to the
considerable reduction of computational resosiecel input data required to build the classifier. The
nearest neighbours model provided the overall highest testingaagcof 99.8%, which was an
improvement from the 98% accuracy achieved with a similar model by Wang and Hemati. The improved
accuracy was attributed to more explicit input data that created a more distinct library of the wake types.
The classification algithms selected to continue analysis were decision tree, random forestayeiiti
perceptron, an@@nearest neighbours.

5.2 Feature Noise Analysis

Machine learning algorithms are built to model the input data used to develop the classifier. The
resolution ® experimental fluid sensor data will never match that of numerical studies, and increased
noise will impact the classification performance for +@alld applications. The feature noise analysis
evaluates the impact of increasing feature corruption osdleeted machine learning models' accuracy.
Small transformations were applied to the existing training and testing sets to simulate the data from noisy
sensors. The noise was added in varying combinations to the training and testing sets. A control group
used for comparison was generated by not introducing noise. Three additional experiments were
generated based on varying which sets received noise: namely, Train Clean/Test Clean (CvC), Train
Clean/Test Dirty (CvD), Train Dirty/Test Clean (DvC), and TrRinty/Test Dirty (DvD). A portion of

the instances in each dataset was sampled to be transformed. The varying portions were 5%, 10%, 15%,
and 209 78]. Each experiment was conductieek times to demonstrate the variability of the models.

The selected models' robustness to data corruption for flow classification is shemyuarab.3.
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Figure5.3. Feature noise testing accuracy results for classifiers (a) Decision trean@dm Forest,
(c) MLP, and (dJGNN

The specific method timclude data corruption was achieved by adding a corresponding noise value to
each element in the sampled feature vectors. The noise value was randomly selected from a Gaussian
distribution fitted to each of the features. Gaussian noise distribution esitiiatnoisy data from sensors

by assuming the error associated with the sensor results in a probabilistic distribution ofeateds

at the true readinfp9].

The testing accuracy resultskigure5.3 show that an increased level of feature noise corresponds
to an accuracy decrease for all the noise cases. The first two cases of CvC and DvC show a relatively
constant accuracy for each model over the range of noise levels, withcibierdéree classifier most
susceptible. The decision tree model showed variance in testing accuracy even with ,nehidises
attributed to the algorithis low bias, high variance nature which tends to overfit input data. The
remaining two cases (CvIDvD) show a constant decrease in testing accuracy with an increased noise
level. The importance of testing the models with clean data is apparent with the reduced performance of
all the models. The most considerable reduction in accuracy is attributed®)N model (21.2%) for
the CvD case at 20% noise. The reduction of accuracy foRM model indicates that th@value
selected during clean hyperparameter tuning is too small, making the algorithm sensitive to nde. The
-NN model after hypergrameter tuning hat p and used the standardized Euclidean distance metric.
The random forest testing accuracy reduced the least amount with a maximum reduction of 11.7% for the
CvD case at 20% noise. The random forest performs better under attrildgedneito the ensemble
algorithm it implements. The algorithm produces an improved model with a low variance while retaining
the low bias by aggregating the results of many weaker classifiers withid@#igh variance. After
hyperparameter tuning, thegarithm consisted of 107 estimators using the Gini splitting criterion and a
maximum depth of 52 for the weak learning trees.
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Summarizing the results of the machine model performance and the noise athalyarsdom forest
classification algorithm wasatiermined to have the best balance of high testing accuracy and robustness
to data corruption. Furthermore, the model built using @@®mponent velocity provided the best
performance in testing accuracy and noise accuracy reduction.

5.3 Summary

This sectiompresents an effective wake classification strategy, applying machine learning models trained
using fluid sensor data. The results demonstrate the proposed strategy's performance to identify vortex
structures from a reduced input feature space accuratelg>component of the velocity() achieved

the most improved testing accuracy (>15%) compared to the next best quantity, vorticity, which
demonstrates the improved feature space separation from the sensor. The highest testing accuracy
reported usinghe cxcomponent of velocity was 99.3% and 99.8% using the random fore Qraearest
neighbour models, respectively. The noise analysis on the foupd&dstming trained models revealed

that the random forest algorithm was the most robust to dataption with a maximum reduction of

11.7% for the CvD case at the maximum noise level. The importance of higher resolution experimental
data for testing the models is apparent from all the models' reduced performance. Combining the results,
the random forgt classification algorithm (consisting of 107 estimators) was determined as the most
advantageous machine learning model due to the balance of testing accuracy and reduced effect from
noise.

The method of identifing the wake modes through only the stuwet of the dataset of local flow
measurementis validatedhrough theresentation of this wake classification stratéigye classification
task acts as a proof of concept of traidity of the application othe following clustering analysis.
Furthermore, the use of thecomponent of the velocityd() datasetwill provide the best feature
separation that is imperative for clustering of time series data.
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Chapter 6
Vortex Shedding Map Generationladw
Reynolds Nimber

In this chapter, several unsupervised clustering methods are applied to a low Reynolds number case of
vortex shedding from an oscillating cylinder to reproduce the benchmark regim@mgach of the
clustering methods is compareased owrlusteringperformance and quality of the vortex shedding maps.

The main contribution of this chapter is to validate the clustering methods to reproduce the mode regimes
and provide valuable insights on the vortex shedding behaviour at each node.

6.1 Methodology

The clustering methods considered include shstge traditional methods and multistep (hybrid)
clustering approaciBeselected based on theemonstratedlustering performancef time series data

The dataset of extracted subsequeneasthen clustered using each method and compasat)
various parameters. First, the generated clusters were validated using visual inspection for the quality and
generalizability of the clusters. The clustering parfance was quantified using the internal indices of
silhouette and Dunn index.

The distribution of clusters agvisually displayed using a {oiimensional embedding of the time
series usingo-distributed Stochastic Neighbor EmbeddimgSNE). The nonlinear dimensionality
reductionmethod of6-SNE developed by Maaten and Hintpf9] providesan improved map for
visualizationof high-dimensionaldatathat reveals the data structures at many scéites.datasetare
mapped into two components be displayed in a scatterplot of theiwas clusters. The two vector
components generated by the embedding &inpseserve the structure of the higimensional data in
the lowdimensionalmap specifically preserving the local structures achieved using thdimear

mapping.

Finally, the vortex shedding maps were generated using the proportion of clhatelecomposed
each node into the primary and secondary time series signaturesedenyifthe clustering methods.
This method of generating the vortex shedding maps predidietailed description of each mode and
the expectetime seriegpattern at each nodee thenormalizedamplitude andvavelength plane

48



6.1.1 Data Exploration

The datasetbtained from the Kaggle data$eb] sampled the nedimensional parameter space along a
grid of 5 sampling lines. The falwing locationson the reference vortex shedding map produced by
Morseand Williamson7] were usedo generatéhe clustering dataset due to observed vortex shedding
behaviar in the signals.
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Figure6.1. Dataset amplednodesoverlaid on referencenormalized amplitudevavelength plang/].

The sampling nodes were selected for stable vortex shedding h#hawi included three vortex
shedding modeS, 2P, an@PO.Nodes on thérequency sampling line of =4 was excludediue to

the proximity of the pointgo theC(2S)to 2Stransition, whereno cohesive patterreze observed in the
data.The lack of distinctransitionbetweerthe C(2S) and pure 2S modas reported as the least distinct
boundarycompared to any modey Morse and Williamsofv]. Thedatapoints in the C(2S)egion were

carefully selected due to the small vortices that coalesce in the near wake detected by the sampling line
at 6D.

The expected labelgere assigned based on timee seriesignal's positiofirom the vortex shedding
mapto produce the expected clustehown inFigure6.2. The shaded regions show the maximum and
minimum values of the signatser the time steps.
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Figure6.2. Clusters associated with vortex shedding map labels.

Repeated patterns are observed in the time serieshiatan inFigure6.2 once the signal reaches a steady
state.The subsequence extraction mettraihs to isolatethese repeated patterns for the clustering
analysis.

6.1.2 Subsequence Extraction

The subsequences in the data were mined usingdtrix profilemotif extraction methodlhe specified
window size for the algorithm was set to the equivalent of 64 time teteg@gresent a total of at ledsto
cycles of oscillationSelecting the sliding window to capture multiple datittns will improve clustering
results by producing merconstant and reprededive patterns An example of the subsequences
extracted usinghe matrix profile procedure is shownkigure6.3.
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Figure6.3. Example of motifextraction for signals that reseralfh) 2S and (b) 2PO.

Thesubsequence extraction is performed on all of the raw time series to extract the single representative
pattern for the clustering analysis.

6.1.3 Number of Clusters

The number of clusters specified in the cluster algorithms was selected to five, considering the domain
knowledge that three distinct vortex shedding modes should be present in the data, as Fliguva in

6.1. The two additional clusters were designated for separating transitional modes such as 2PO and any
noise or outlier points identified in the clustering procedure.

6.2 Proposedraditional Clustering Methods

The following section presents the clustering performance of the selected traditional clustering methods
through the internal elwation metrics, cluster plotdatent space cluster distribution, and generated
vortex sheddig map.

6.2.1 "QMeans

The first clustering methodtonsideredwas the partitioning algorithm "QMeans The clustering

performance asquantified using thenternalmetricsof silhouette and Dunn inde&nd the results are
summarized ifmable6.1.
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Table6.1: Clustering Performanddetrics of ‘QMeans Methodit Re =4000

Clustering e Evaluation Metric
Algorithm Initialization Method Si Bunn
k-Means k-Means++ 0.6559  0.15295

The relatively high evaluation metrics indicabat the clusters generated are sufficiently separate and
compact.The quality of the clusters can be visually analyfzeth thetime seriesubsequence clusters
shown inFigure6.4.

Cluster 1, N=15/189

Cluster 2, N=31/189

Cluster 3, N=39/189

0 10 20 30 40 50 60 70
Time step

Uy
N=—OOO——NN N=—OO0O0——MNN N—=—O0O0——MM

Scuobhhououou cuhiohhouhouow cuhouhouhothoun

Figure6.4. Generated clustelyy QMeans methodt Re= 4000

The generated cluster distribution was viseli using the bidimensional embedidy method ofo-
distributed stochastic neightmoembedding&SNE). Thetwo-dimensionalatent space of the generated
clusters usind@Meansis shown inFigure6.5.
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Figure6.5. Clusterd-SNE distributionat Re =4000using@Means

The similarities of cluster 1 and cluster 5 are shown in the distribirtithe - SNE space ifrigure6.5.

The clusters have a similar double peak behawynonymous witl?P and 2PQbut the clustering
algorithm isolated the slight ramping of the peak denoted in cluster 1 etigieeof the clusr bunch.
The sinusoidal signal denoted in cluster 3 shares litdemélance to the other clusters shown by the
spare subspacthe clusters occypin theo-SNE space.

Thevortex shedding maps were generated based on the proportion of identified clusters candidates
at each modeA primary and secondary vortex shedding mode was identified for each node in the
nondimensional amplitude andavelengthspace This method of genating the map allows the
identification of strongly clustered nodasd intermittennodesn the parameter spackhe primary and
secondarylustersidentified at each node and the corresponding percentage of eathmamarizedn
Table6.2.

Table6.2: Vortex Shedding Map Cluster Candidates @vleansat Re = 4000

g Cluster Candidate | Candidate Proportion [%0]
Primary Secondary| Primary Secondary

2 01 3 4 85.7 9.5

2 03 2 5 95.2 4.8

2 05 5 2 52.4 47.6

4 0.1 3 - 100 -

4 0.7 4 - 100 -

4 0.9 4 - 100 -

6 0.3 5 - 100 -

6 05 5 1 90.5 9.5

6 0.7 1 5 61.9 38.1

The vortex shedding map was thalpttedwith the primary cluster candidates identified shown in
Figure6.6.
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Figure6.6. Vortexsheddingmapusing'@Means methoadt Re= 4000.

The vortex shedding map produdddntified severategionsof similar vortexshedding behaviws. First,
the generated cluster 1 is designaiethe node at_*M* = (6,0.7)resembihg a 2RO mode witha
reduced first peak in the pattern. Cluster 2 is primarily for thewawelengthcase_® ¢ with it
occurring mainly ab® 1@ and as the secondary modéat 1@®. The low amplituded® 1§, space
exhibitsthe regular sinusoidal pattern indicative of 2S behavimder the identification afluster 3. A
similar sinusoidal pattern is obserwgith cluster 4 differing by a lower observed amplitude in the signal.
Finally, cluster 5is primaily located at* @at 0° T®h®  with an additional split located at
_®* = (2,0.5).The additional node shows a rather weak identification dueetewtitching between
cluster 5 and cluster 2.

6.2.2 Agglomerative

The following traditional clustering algorithm implemented was the hierarchical algorithm of
agglomerativeTheinternalindicesused to quantify the clustering performance are summariZeabie
6.3.

Table6.3: Clustering Performanddetricsof AgglomerativeMethodat Re =4000

Evaluation Metric
Sil Dunn
Agglomerative Complete Cosine 0.6794 0.61721

Clustering Algorithm  Linkage  Affinity Distance
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The agglomerative method produces clusters avitiuch larger Dunn index indicating the quality of the

groups.The clusters associated with the evaluation mesieshown irFigure6.7.
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Figure6.7. Generated clustetsy Agglomerative (completesosing methodat Re= 4000.

The hierarchical method of the agglomeratigorithmprovides agreat visualization of the time series
clustering procedur@s shown irFigure6.8.
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Figure6.8. Agglomerative dendrograat level p= 3.
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The algorithm's clustering approach can be seen further in the distributionstérelin thetwo-
dimensional latent space showrFigure6.9.
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Figure6.9. Clustero-SNE distribution usinghe agglomerativanethod at Re= 4000.

The latent space clearly shows thistinction of the geneted clustersspecificallyfor clusters2, 3 and

4. The sample selected for clusteerthabits thesubspacef cluster 1 which may be due to the higher
amplitude and longer wavelength of this sample. Although the sample point denoted as clestas 5

to better fit within the cluster 1 subspace, the effect of this dasde observed e vortex shedding

map. The primary and secondary clusters identified at each node and the corresponding percentage of
each are summarized Trable6.4.

Table6.4: Vortex Shedding Map Cluster Candidates for Agglomerative Bg08.

yoAr Cluster Candidate | Candidate Proportion [%0]
Primary Secondary| Primary Secondary
2 01 3 1 85.7 9.5
2 03 4 2 95.2 4.8
2 05 2 4 52.4 47.6
4 0.1 3 100
4 0.7 1 100
4 0.9 1 100
6 0.3 2 100
6 05 2 100
6 0.7 2 100

The vortex shedding map was then plotted with the primary cluster candidates ideasifsdabwn in
Figure6.14.
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Figure6.10. Vortexsheddingmap usingthe agglomerative methoat Re= 4000.

The vortex shedding map isolates several similar regiosishsequence pattetrzs seen in th@Means
method. The patterns similar to the signature expected for the 2S reoslgbserve for clusters 1 and
3, only varying by amplitudeA group of nodes identified as clustero® the sampling line® 6
demongtated the double peak of the pair of vortices being shed from the 2P mode.

6.2.3 Discrete Cosine TransforRepresentation witfRMeans

The final clustering method repeated the use oXdMeans algorithm but was trained on time series
dataset represented using tiiscrete cosine transforfDCT). The clustering performance for the
reduced dataseising the discrete cosine transfornsisnmarisedn Table6.5.

Table6.5: Clustering Performanddetricsof DCT dataset usin@Means Methodt Re =4000

Representation . . Evaluation Metric
Clustering Algorithm

Method 9Alg Sil Dunn

DCT "QMeans 0.6559  0.15295

The clusters identified using ti@Meansalgorithm trained on the transformed dataset shown in
Figure6.11.
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Figure6.11. Generatedlasters byQMeans method on DCdataset at Re 4000

Thesamples of each cluster resemble the results @Meansmethod on the raw subsequence dataset.
Both methods adeatdy identified the periodic sinusoidal signals of the 2S mode and even the double
peaked signals of 2P and 2PThe cluster distributiopproduced in the twalimensional latent space
generated usmo-SNE is shown irFigure6.12.
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Figure6.12. Clusterd>-SNE distribution at Re 4000 usingQMeans orDCT dataset

The primary and secondary clusters identified at each node and the corresponding percentage of each are
summarized imable6.6.
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Table6.6: Vortex Shedding Map Cluster Candidates @¥liears on DCT dataset Re = 4000

, i} Cluster Candidate | Candidate Proportion [%]
roA Primary Secondary| Primary Secondary
2 01 3 4 85.7 9.5
2 03 1 2 95.2 4.8
2 05 2 1 52.4 47.6
4 01 3 100
4 07 4 100
4 09 4 100
6 0.3 2 100
6 05 2 5 90.5 9.5
6 0.7 5 2 61.9 38.1

The primary cluster candidates with the corresponding proportion were plotted on the normalized
amplitude wavelength plot shown kigure6.13.
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Figure6.13. Vortex sheddingmap using@Meansmethodon DCT datasedt Re= 4000,
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The vortex shedding map with the DCT representation of the datas@Nedns algorithm share many
similarities, including the identification of the isolated 2PO mode located @t j = (6,0.7).

6.3 Proposedybrid Clustering Methods

Three hybrid methds are proposed in this study for the cluster analysis, and each is compared based on
internal evaluation metrics, cluster plots, latent space cluster distribution, and generated vortex shedding
map

6.3.1 Hybrid Method A

The results of the hybrid method A goeesented in sequential order of the-giestering and final
clustering phasesinlike the implementation dMedoidsin singlestep clustering analysis, the number
of clusters generated in the first step is unbouyaied the optimum number of clustenust be selected.
The evaluationmetrics of silhouette and Dunn index famincreasing number of clusters are shown in
Figure6.14.
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Figure6.14. Evaluation metrics fathe number of clusters generated usi@lyledoids.

The optimum number aflusterswas determined to be 30 sinte multistep approach maximizéise
separation of the clusters for the first stage.

The final clustering step combines the redudathset using the dynamic time warping (DTW)
distance andhe ‘QMedoids algorithm The number of clusters for the final sisplefined as the same
for the singlestep clustering methods at five. The clustering performance results of both phases are
summarized imable6.7.

Table6.7: Clustering Performance Metrics of Hybrid A Method at R&80

Evaluation Metric

Ph Clustering Algorith Number of Clust
ase ustering Algorithm umber of Clusters Si bunn
1: PreClustering k-Medoids 30 0.6565 0.05469
2: Final Clustering k-Medoids 5 0.4971 0.01430
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The preclustering phasesolatesdiscretely separated clusters identified by the relatively high silhouette
index. However, the performance of the evaluation metric decreases for the merged clusters in the final
clustering phase. The explanationtw reduced clustering performance bardetermined by the plotted
cluster samples dlybrid A, shown inFigure6.15.
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Figure6.15. Generated clusters usitige Hybrid A method at Re 4000.

The procedure of clustering based on similarity in shape using dynam@owtarping is seen in the
samples of cluster 3 iRigure6.15. The samples in cluster 3 all share relatively similar shapes but are
out-of-phase with ezh other, a product of simplysingthe splices of the subsequences extracted from
themore extendedawtime serieglata.The poor performance tfie Dunn index is attributed to the eut
of-phase samples in cluster & he calculation of the Dunmdex uses the pairwise distances of the
samplesThe underlying clustering approach was visualized byttt dimensional latent space of the
generated clusters using Hybrid ghown inFigure6.16.
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Figure6.16. Cluster tSNE distribution usingdybrid A method at Re 4000.

The primary and secondary clusters identified at each node and the correspondinggeoferach are
summarized imable6.8.

Table6.8: Vortex Shedding Map Cluster Candidates for Hybrid A at R8GO

2 Cluster Candidate Candidate Proportion
¥ A* %]
Primary  Secondary| Primary  Secondary

2 0.1 4 3 85.7 143
2 0.3 3 5 95.2 4.8

2 0.5 5 3 52.4 47.6
4 0.1 4 100

4 0.7 3 1 85.7 143
4 0.9 1 100

6 0.3 5 100

6 0.5 5 2 90.5 9.5

6 0.7 5 2 66.7 33.3

Using the primary cluster candidates and the associated weights of the clusters identified at each node,
the normalizeamplitude and wavelength plane were populatdelgure6.17.
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Figure6.17. Vortex sheddingmap usingHybrid A methodat Re= 4000.

The vortex shedding map produced identifies several varying regfionstex shedding behawvin First,

the generated cluster 1 is designated to the nodéhif = (6,0.7)whichresembles a 2P mode but with

a reduced first peak in the pattern. Cluster 2 is primarily for thefleguency case” ¢ with it
occurring mainly ab® 1@ and as theexondary mode &  1®. The low amplituded” T, space
exhibits cluster 3the regular sinusoidal pattern indicative of 2S behavi@d similar sinusoidal pattern

is observed with cluster 4, differing by a lower observed amplitude in the signaly Fahaster 5 is
primaily located at*° @at6® T@®H® with an additional split located at’f* = (2,0.5). The
additional node shows a rather weak identification due to the switching between the modes of cluster 5
and cluster 2.

6.3.2 Hybrid MethodB

The clustering analysiesults are presented for the corresponding phases using DBSCAN as-the pre
clusteing phase and agglomerative for the final merging of clustées DBSCAN algorithm identified

six clusters withthree samplesconsidered outlis. A prototype represents each of the six clusters
identified in the preclustering phas. The prototypeof ead cluster represents the time series that
minimizesthe pairwise distances between itself with the other cluster members. The reduced dataset of
prototypesds then used for the final clustering géa

The final clustering is conducted on thtotype daisetto mergesimilar samples to the desired
number of clusters. Dynamic time warping is used for the distance matith is less computationally
expensive on the reduced data3éie distance matrix ihen usedn the agglomerative algorithmuith
the tuned complete initialization methodThe clustering performance results of both phases are
summarized imable6.9.
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Table6.9: Clustering Performance Metrics of Hybrid B Method at R®80

Evaluation Metric

Phase Clustering Algorithm  Number of Clusters .
Sil Dunn
1: PreClustering DBSCAN 6 (3 Noise Points) 0.7185 0.36049
2: Final Clustering Agglomerative 5 0.7031 0.39836

The DBSCAN algorithm in the prelugering phase producetell-se@rated clusters resulting ahigh
silhouette index. The final merging step improved the Dunn index marginally at the cost of a slight
reduction of silhouette indeXhe generated clusters merged for the entire daaasshown inFigure

6.18.

Figure6.18. Generated clusters by Hybrid B method at=R®00.

The dataset reduction using tieeSNE methodliffers from other cases since the DBSCAN algorithm
identifies noise points removed from the dataset in the analysis. The latent space for thednoéesk
datasets shown inFigure6.19.
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