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LAY ABSTRACT
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characteristics of the goohket exeanandedih.e
optimadhi pamagmeteos ,asmanufacturmag ncompan
unexpectass;soco at @erdapypietdn ,@asmpwenlelntass ti me an
requfiorendrcehni ni ng the component. This oresear
indirectly prediR&i nsuCN@Gceodmpiumgdhneeses ofer a
gui dancethegapdi malr amat eir sih Bngarcghaisue d ace i s
within spemuHlait @Rrgp mab d imodwedmsr oduoedl | ow f or
undreul tmapdrrindmdyi Thionnswas enhancaedkcebyiddmp a
optimization algbhbeiut hmadbittho ttyghvea |l puraegddi @t i on
providing reddmmermpddtmadn marc hi ni ng par amet e

for tool wear as an input factor.



ABSTRACT

Compuntuemmer i c al cont r oils (&N Ce Ingmaaprhatirhien g
manufacturing industry for production of ¢
outcome conditions.Rahef sar fwonaoc&kpreuoghnes so
i mportant outcomes in finish machitnheng pr
functiaonndalliivfiye scppamponents in theiSevenaéendad
contribute tRa mhmachiemaith@tni mdtd uldi mgt ed t o,
parameptepeserti es otfo otlh eg ewonmmekd\prityeecaemat weart o t
selection of machining par amexgkrsbdwlse dngge , e
current studies in |iterature hapeedxaimi oa:
and optiomi za2natciho mi ntgonipnairRiazeel b € s e praent hnmoadnsy s
approaches including theoretical model |l i n
statistical and mBedpheel ehenabgndaenbedsf
chall enges remai n regarding the generaliz
condidanldemgthy trainmeghodguobemadht seofearn
met hodrsurt her mor e, many maarhianteatliearmu tntgi mge
rat hecrointdbeamt i on of properties of the tool

as to.ol wear

Thmmain comtfritthitwwadssesdawvehop a predictio
model framewadrdkort of imninsg mitzer ni ng t hat combi

l earni nganoenpba@ctuitciallilzyed by CNC machine op
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ut il ianecdfds ali watoilorf or idett dremipmie m\acst iwa n ha onc

an acceptable range.
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conditions. SA demonstrated superior perfo
opti mal andRawhpeenr ianemgtarlai ned to the expe
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CHAPTER 1

1l ntroducti on

1. Research Motivati on

Il n the manufacturing industry, the succe
ability of the pgquwaleistsy t ®o npproondeunctes hwhgihl e
product[ilo]jnTchainen®ei eved by selecting process
t hed@alt come for specific objectives, such a
higlalit[y2]plahret sabi |l ity to predsuthaasd epti
roughaona@mssi ndnceebsy a manddacesmighdse pgeodi
producti @amedewgpct educti on cost s, customer gqua

requi r[e3mjent s

Hi storically, the parameters for metal c
based on thexpebbawkagdghbndr eferencing exi st
given the process requirements; hdooveesv enro,t t
necessarily ensuf dDeé¢ ¢t @ dreleessadd teedn ghlami sscb me ® b | e
usistgr atreagqigesnng from trmaet dli oonat t omeg bmade Ll s

influenced .by I ndustry 4.0

This rieswagtcihgates thisthepirel ahi omnglihi @

machining outcomses wahdo mmarsibseordadfa,sensor



M. A. Sc.TKTBesineMc Mast erifMdonhaBhgiahgering

prediction and ophefmsettt maohifnintg i pasamet e
material, and tool condition in a turning
wor kpareeceal sal enhgdiwed h tumedelrismiamhati ngns i n

machining prediction and optimization mode

1. 2Z2iterature Review

1. 2l.nlit roducti on

Several researchers have investigated a
di scussed. ilimc$adteisgno fl t hreaocrhe tniecraldd daardisn g o
predict the outcome(tsgdetodr miemda ati me po ptciema le
those specific outcome(s).fariimhsandostsr e xd
the specific machining conditions these mo

transferring these models to other conditi

one material, and use magliime xtaemsinyge atl g
not allow for extrapolation to other condi
Il n order to identifylirteé¢rcatamte riecseiae wh

mec hani s ms stuhrafta cgee nrecouagphert eesrs niumm@EN Gt wa ni aognt r
exi smaichhg ni ng predictiaeonf&ropwuirmiazat iromnginae
out camdhal | engesmaicrhiaappdlnyaglamghierog etti cat hit ® ct

prohl em
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1. 2CNC Turning

CNC turning describes a machine tool th
materi al from a[ SloTaei mpcwWomkmpige cpear amet er
determines how the tool i nteracts with thi

spindle speed determines how fast the work
fast the tool 1 kpaeteateddi hhe dédpt wWoof cut
to be removed from the workpiece. As the

surface is |l efehdebcndr  wvhedhasanhbequal ity
to the nmacamentienrgs,p t he wor kpiece material a

the surface roughness. These topics are ex

1. 2SWr face Roughness

Surface roughness is defined as the val
nomi nal Céhtlear Iciamne be compromi sed of di ffe
flatness, waviness, grooves etc.) that bec

final [pt &Sfuirf@ace roughness of a workpiece i
component as it affects ,sbahaatsethetfircikcbf ¢
fatigue strengt h, wear[ 8 aGeeneamd | yor rf o snii srh
have strict reqguirements for surface rou

oper dt9jJons

Surface roughness can be measured and

arithmetical Rapeanr ntheghwvwessage | ine bet ween

3
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surface along a c[elrOt]alihre greampRyjumg upderatrkigt(he s
di stance between the peaks dnd]itabteys whe
point mearmRdr dwsghrhessu(m of the average of t

of the 5 smhO] est valleys

Ther eseardeaxlt or s t hat wi || athetcudit hg 6l
machining parameters, workpiece material b
i Ri glkrxeveral of these factors are uncontro

predicting s[u6]Jface roughness

TOOL
Run out errors Tool material
Nose radius Tool shape

MACHINING PARAMETERS

Cutting speed Depth of cut
Feed rate Tool angle
Cooling fluid Stepover
SURFACE
ROUGHNESS
WORKPIECE PROPERTIES
Diameter Hardness
Length

CUTTING PHENOMENA

Chip formation Friction
Cutting force variation  Vibration

Figlblre Factors affecting sufface roughness ada
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1. 2M&ac hi ning Parameters

Machining parameters including cutting
n I mpatrodmsoaelfiece roughness. 't is well
xXperiment al model |l ing that feed r dtbd ,has

1.1]Cutting speed is generally found to fol
epth of cut, depp6fiTppgpionlthe happherecat f @ w(

o dewirtelaskei gher,wbuthi abgsepaktews for highe

owever, | arger ffeedfthaatvestaerdogepshseof mrg
ougHnrnegns t andem, the | evel of parameters v
utting force, tool | i f el,heproeweorr,e b a nadn weofrfkipci
f machining parameters i sberienqpuhneed itdate mgl

hper o c e s s iesf faiccd eepptcayb | e

| n sur face roughateasnsa cmodé hlgi npga,r ame ¢ e r ¢

commonly considered as the key input fact ol
var isemsworrsk minetdloel chajr@ajcTree isftfiest of the w
and tool characteristics are discussed fur
1. 2Wo5r k pi ece Mat eri al

The workpiece wil/ infl uenoea talcetoenrte rod |
various mechanical prople8lt Masyost utheeswsohbp
wor kpi ece hardness has a significant infl u
stufdieésAzi zi et al . performed a regression
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which found theawonkp we ¢héa di & ehden ensosset si gni f

on surface roughness based on the&3]alnhae y s

wor kpi ece hardness had an indirect correla
wi t h hi gher hardness wvalues resulted in
experiment al results usin@]Thive ids fd ec emmo
bet ween several experimental studies | inki:
as outlined in the surface roughné¢gg predi

I n addition to hardness, ot her materi al
surface roughness, incl L4J nldh egsrea ipmr ospiezret,i eist

as difficult or uncertain factors which ar.
on modelling methods for authep®rteudghtmads

t here has bemandiesomeo defl f omtg these factors

processes), there shaoaoddrbgi mgr mechaai 5§mesu:
factors, such as the evolution of grain bc
[ 1.4]

1. 2T. o6o | Characteristics

Cutting tools wused in CNC turnedge can
parameters (such as tool nose radius, cutt
angles of the tool (rake, clearancel,esuttir
[ 1.5] Each of these parameters will have di
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roughness of t he iwdrl kiphimeyeeeh advuee otno ntahteer i al

deformation inl%he cutting zone

Many researchers have | ooked at model | i
relation to surface roughness. Singh et a
roughness in hard turning using response
det ertrhiene mpact of tool nose radius and ef"

among othef8padaheamauéeéhsrs determined that f
along with tool nose radius and cutting sp
i mpph8t This effect of tool neo s<ei fmiiadddiirumsgn o n s
the study completed by Patel [ éBpbammat gr of i

the I mmpacoct aofh parametersisonpsedeadledr oughne
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TabllleToo |l parameters and their effect on surfa
Tool Par Ef fect
Shape T Round insert can i mprov

sqguare due to[ll®dfger <cor
Nose Rac T Large nose radi us dcsaur f
roughness (indifrledt | \ 17
T A small er nose radius ¢
resulting in a hLlLh surf

T Hi gher nose radi us al |l ¢
reduced tool wear ; howe:
wi || il ncrease due to [pl.c¢
This means | arge nose r &

feed[ 281 es

Edge Rac 1T Larger edge honing radi
roughne[s&] ,valhaGever, Bro
i nfl ectione enpowher eat a b0o.v:
roughness decreased as
surface generation beco
[ 2.0]
T I'n finish machining, t he
closer to the side of tF

the tool to greatly[i2@pc¢

The tool materi al wi | | al so have an ef
primarily dependbpet weheen tthoeo li nwietrha ctth eo nvso r k
exampl e, when machining titanium alloys,
mechani cal properties to accommodate the
experienced in the cutdaetnegr izoornaet i tofnl.80if o itdh e

8
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Preferable characteristics of the cutting t
at high temperatures, high fracture toughn:
adhesi on, good ther mal condulcdrimdlt ys ho elss ;s

chemicaJlanalkf dattpn & cdrlr9g€oomonesost amae e

notes about their TaAb2perti es are outlined
Tabll2zeCommon tool materials wused in CNC turni
Tool Ma Notes

Hi gh s T An titbrasgtael | oy consisting of
steel tungsten, mol ybdenum, chrc
ot hlel.5]
T Although this materi al has
property makes HSS not de
mat erials which hagg a hi

n

(@]

Cement T Consists of hard met al car
Carbic using powddgrl.5met al l uragy
f Good for machining hard me
strength, hardness and tol
resi gtildigce
Coat e T Adhesi ve, abrasive, di ffus
Carbic generatiswaskhe wvoat[oihx]s

T Friction amcaéant dbeapeedt wr £h
increased ease of chi®p] fl c

1 Variations include vapour
chemical), and | ay-ehsn([slh5
Cer ami 1T Desirable for machining st

properties at high tempere

resistance, and | ow c[hleomi c

9
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T All ows for higher cutting
car hild
T There are some restrictior
chemi cal afdciemiatmy cb € towd k p&i
mat ef 1.8] s
Di amon T One of the toplBWoOo hardest
There are some restrictior
cannot imaocrhianeed | mgeydue to
caused by c hbeentiweael n rtehaec tw oc
and difamm®»]nd)
Cubi c 1 One of the toplBHWOo hardest
nitride ¢ Less restrictions on worKkpg
di amond; however, cost of
ot her t[oloBl] types
T Preferred use in hard turr

hi gher than ceramic tool s
tur Aii8Bhg

1. 2PRr7edi ction Modelling Techniqgues

Il n order to optimize a process for a sp
t hat objective muwustotrddiedset ebmi me eamygtadj ust
parameters to mee€et2.lt]Pe edptcit mak modebdbméng o
benefici al to ensure the quality specifica
process i s being compl eptreodc,e svhetmpe rantyh amo 1

conformamwegsi re automatic rework of the pat

10



M. A. Sc.TKTBesineMc Mast erifMdonhaBhgiahgering

Prediction modelling for surface roughn
researchers have taken different-oftalgrnoac he
review on surface roughness predictiedn mod
by Benardos and Vosniakos in 2003, which cl
machi ni n-gasteldeorynvestigati on t hrough expe
approaches, and artiffi] ciTahle iaruttehlolrisg ehnicgeh | ne
and drawbacks of each type of approach, an
hybrid methods to comphememt hehhee |prtoesr aa nudr e
[ 7] I n 2008, Lu published a similar revi e\
Vosnijlakwestvleey t ook an alternative approach
model s as either pure modéelalsierdg /fedijublbdastsi o n
study did not provide as much osfi masygoai f i
the studies discussed werhe ffoorr mehe podijled rcia
recently in 2018, He et al . published an
modelwhingh i dentified existing megtldogdsheas
aut hors provided a more significant update
2008 revidewcpaspedanad oovregani zed the differe

facttooasbliems for easy comparison for the re:¢

Regardless of the classification of the
concluded similar perspectives on each typ:e
machine tool ki nemati cs and dynami cs have

expl ainable results when predictions are ¢

11
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they are stildl Il imited by the complexity
roughness which must be i ncofrppbr aft.k4lNhtes[eq 2]
factors i nclude cutting par ameters, vi br a

wor kpi ece material & mechanical p[rlodpler t i es

1. 2. 7T.hileoreti cal Prediction Met hods

There are several pblalsieshesdréxaamplr®es ghin
models in |iterature for turning and mil/l/
using kinematics to create a 3D surface toc
surfaces-l aoft 228edh@essaut hors developed the m
ul pr&ci si on d[i &3njchnodwetvuerrnitnhge val i dity of ex
turning applications was not di scussed. A
mat hemati cal / geometrical model wusing Br amme

undeformed chipethndkbhess$, nbeedr ddlilyfoas i

a relatively simple model, the results we
compared to an alternative 1ideal mat hemat |
support this claim with data. Anot her .ge o me
who presented a model t hat predicts mul tirg

compl ex method of reproducing t he2.4t]ddle ge
mo d e | uses feed rate, tool nose radius, as
spati al pl[ah4e] Thfe taludadeoodslt@mridwiddeler i vati on
i ncdarddki st orti on pawoarnled ecrutttoi mge fdoencdi triean s

from the purely [tZhdeloreti cal cal cul ati on

12
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| many of these studies, t ool wear was
complexity of the phenomena; h o wecM eurd,e | s 0o me

wear such as Fel ho andaivdedadwbogmut { CADEUd :

i ntegrating t ool wear into d 25uDuacegrohn
experi ment, i mages of worn tools were <col
incorporated into a CAD model using tool g
profile [RebnNd@hat maam hors included experi ment
worn tool which helped communicate the val

only tested with fixed valereadro§!os fose eedhsand

attributed to the ploughi[Rd]effect occurri

Sung et al . dbeavsed do pssidmual atthieoconr ymo d e | i nt
di screpancies and chatter to provide an a
where a perfectly roupd6tTohod sniomswel gptriodn |teak
as iL,wipate geometri cal features are extract
extract todl2.edmTbhpl aoemegetomet r yweatndde rd i fsepd a
t hrough a Gaussidansf mut e[t 2@ ]hTphteo parubt ehuocres wer
produce r esulstusr ftalceet wptubgthmetsesd peci fi ed r a
however, the experiments camfhet diloautsed a

demonstheatval i dity of thesmedati over a wide

1. 2. 7Empirical Prediction Methods

An alternative approach to delmdsé&w t h |

geomemodebhl ing is to use an empirical met h

13
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dat

w h

w h

P a

Fo

u

a with classicmaelgreesi earobhcmtprt g cee busnare
hani sms of the process,whhmaygmodatbae ga
tured-based hmpopgllhsese ki nds of approach:
| ement due to the elimination of the ne
ut paramet er s amadn yt hoef otuhtepsuete ; melht gwoedise ©,a r

ui r e meantt ismingbriecdh cct|i D©In s pace

An example of this type of method is gi
ch uskd@durai sneit@a empi ri cal algorithm titl
surface ro@NCndax dp2meé]ldihetnigers ul t s showe
di cti elnd % rwaosr aocfhi8eved when comba@hed to
uracy of the model i s reasonabl e; howev.

ined by the trai[mRi7qdg data for the algor

Anot her example of this type of method
ated a radial basis function neur,al net
otuhegxyptect ed s ur[f2a8&]el hreo wgehsrudstss f ound tF
di ¢ dviaony dd rom the experi ment al resul ts,
rations of the machi neheconapcokn eonfttso @ahnsd dwe
m thdg 2BdAeobt her empirical study was com
devel oped regression models for surf a
ameters, t ool vi bration dat a, ak2.%Wel | a

r di fferent regression model s iweaempatdev

14
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parame2z.®Mhil e the results were re’patued to
of the models ranged f{r®h @Operaki matbkbgels
t he pemsi roifcapr oneit dhiong r e g3 otdhedoine od ¢ cpuroava yd

|l imited search ranges, as communicated thr

Many studies have concluded surface 71 0l
mul tiple types of sensor dat a, i ncluding c

sound, acoustic emission,[ al]d, o[p3ljc,al [ Ja]r . f

These types of methods incorporate process
data, selection of the features with the hi
features as inputs to predicgaiomstalcgeorrtiaihmm:
[ 3.5]

Cutting force lies totiensmioder e dnptootlaemtowal u
machining process due the wide range of ph
wor kpiece deflection i f38fdCuibobinng of suacdac
measured wusing a dynamomevherchf imead ut es t h e
processihmggielere ated by def or mateisamstafimca pgih
froml assic §8B0O&VYinbrgatuigeen sensors are anot he
process data ofothcamreret ponbagmamees uvirf acet &d tnii
creaatntdbceondi t i on of [ 8.8 Vinbarcahtiinoen tdoaotla 1 s of
accel erwdimetherasr e rost aandelepyowwwwern ncttlaed ; me

are possible such[ &aB8] di spl acement sensors

15
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I n order to effecextvragygt uisef srematoiro nd ad ra
behind theucfteati ooughfiness, the signals mus
feature extraction and sel-eptimnzametbondsr &
[ 6] A comprehensive review from 2010 on met &
t hat machining process modelling is most e
applied to the signal s, compared deononry e

[ 21 ]The raw data is typically processed to

frequdeoangyi mndf rteigme ncy 6 d Amdaiin i onal | vy, ma ny
recommend normalizing data sets to allow
predtoopttiiaom zati on model s, as Awelelxaanp | feo1nn sma

byotoh Huang et wehla.s eadndanaXnienoe maal z amhiiccrh pr o
all ows the silgpmalemrgnenh telecsad oV adaneésl as i

predicti[o3n ,mqd3e7l]s

Foll owing feature extractympingabal yfreat utrc
determine which features are thesmonuggpudsef
in order to | imit the number of inputs to
modegB5]There are numerous feature selectio
algorithms over a wide range of applicati
ANOVA can be usedrtel avabomabet wbaemwhienput ar
pvalluesbB®8n @o5nsiders the relationship betwe
signif[ff3ijJcarPtear son Correl ati on Cofetfudsinedi etnot

determine the strength of the | inefB5¢torre

16
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Principal Component Analysis (PCA) is anot
whi ch perfor ms di mensional ity redeuct hen C
representation of the daB8&8]without | osing

Salgado et al . presented an empirical S
novel technique for processing tool vi brat

( SSIA39]The SSA tRCA®I odwenwanie egi brati on dat a
Subsets to provide the prediction model wi:
informati ohotheasdderesmase t hdg 3WgMThdi out pblit a
SSA vibration data were f(eAINM)oongn wairtth fad wt
parameters and tool geometry, WwWIBj9dhowewdugc
the claim that the i mprovement of wusing the

to other published work rather than proof

Arti hear al a@armrepowourlkasur f@ace r ougharsestshepyr e
often produce results with highle&rx] Mewmalac
networks are comprised of neurons which s
designed to mimic prodedsOsidbewet Are mhaeayhdm
of neur al net works that are distinguished
applifca@liAoon ANN can al so be described as a
consists of neurons in an input | ayer, one
computes information in the[ #.0tWaayl dd rheacwe
have di sadvantagesnasmithgytoageherat mefor

their complexity creates difficu4dll]lies for

17
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A machi ne blaesaerdni mmgedi cti on mo d el develo
consisted of a comparison of two groupings
flank wear fof 4.2]The niimmputpy otceslsot h ANNs wg
the second set of ANNs also indoreéeéw2édnseg
The second set of ANNs outputnopepbwywhdéd aak twl
first ANN ouft $.2}Thbeo tahu tvhaolruse sf ound a better
ANNs that incorporated cutting forces with
flank wear, which provides supporting evi

indicator fhorsdsa]rf ace roug

A convolutional neur al net work ( CNN) W
predicts surface roughness in milling usin
within thel dmA]JCMNiINn@artcdalt ecture consis,ts of
for feature mapping and di mensionality red:/
respe¢dddyARd yt he surface roughness of the w
by the accelerometer, which is c¢classified
sevdrdidt]yhi s met hod all ows for some cust omi

a process and therefore has the potenti al

Shen et al. ai med to address the chall e
models to have the ability of predicting a
utilizing an ensemble met hod [03F5 ]mihlet iaplteh on
us®dL et hod on force, vibration, and acoust

of feature subsets that were fed into five

18
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as otuhtep ulthe e@®clhldcombi nati on of feature subs

ave

opt

proi

ma g

raged to produce [85i Mbeeppopdsedi onmde

uracy as ¢ b-me asoqtuearrieR&&B®)Eboyd Adj-Sigu a&rde dR
ues; however, the computation time was 1
h sever al regressors and features, it c

ni ficant. Although the applJitheipniotip
ng an ensemble method and noat mahstiengabl
dianpgpf t atoi @an wyghaes sr preddatt can bieoddgkener

ferent cutting conditions.

A Generic Evolutiona&aEgL)EnsemmeworLkeafor
ghness prediction in a vaeetetgl of wheeore
ferent machine | earning regression mode
orithm (GA) performing optimization of |

i mal 3.mdTOeée aut hors developed the model

nted components; however, they provided
mewor k for milling, turning, and pol i sh
ne,situimani um, and aluminum al [ 8Y¥5§kl msalwel

es, f haméwitiker f or mtehla ttchrweadtd#gIimp ar i son i
ms of accuracy, and resull 3.2dThiins eernrsoermt
mewor k operates to compare the outputs
best response, rat hees weéhsasnae matveedh a g imo g e

sented [b38iIShewns £dd agr.evi ousl y.

19
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Majority of the published Iiterature 1in
on a single material when developing predi
crteiamg surface roughness ©prediction model
al umi nu[nB]6D6el aut hors created an ANN for ecz¢
materials combined, and-mfad emd at henoa@ded¢ uwasy
of the thre&d Tahte Qabu.t7hdo s attri bute the dif-
number of input factor smaanrd i Hd3 Jarolsdiehp u gls
mu kntait er i al mod el performed well, the stud
t herwéd ® deeanto n stta aldlept abl e t o changing envir

worn tools, as well as additional m8feri al

Ot her researchers have attempted to <co
prediction model ana sa,mottcdoempal keemeunpt ftoor t he
each on their owacceéepted kRl nemaepbeamadibl f &
roughR”iesaking the tool Rc€ekmetwnyaanthteedrt
and combined it with a radial basis funct
relationship between the depth of scub, tapi
Ruyvyal ue (known as [tdh5e] Thhrec enotdail n wfaascttoras )ned
series of cutting experiments, whi-dh % he me

providing relatively good predicti ¢Ad.5ds t h.

Anot her hybrid theoretical/ empirical pr
which combined an analytical model[ 4d6apsed o1

predict cutting forces]| 4.7¥ pTnpee rrad shieletds awmdlroec

20
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three neutalat netawhdhr s edl ctwedr pne wncfhaicpe r o
breakgBir]Sitmi |l ar to the previous exampl e, t
model relationships that are challenging t
mod el overall when combinetdoWwyngtlomper ianad

experi mentd4a’/l] testing

Wang et al . devel oped a surface roughn:
di amond turning application, focused on in
cutting forc-kbaseéedt gea@mgahdylisichemoaduetlhor s pr op
Characterisitnde X eafk tRme i outting force dat a
analysis which is wused as an indicator of

vi bration with good cofdd&llation with surfa

Lin and Chang devel oped a surface profi
combination dfort onmidleg @ 0 mgt c g | t ool di spl ac
data from an accelerometer plld4a9c]d8dheorsi moué at
was found to agree with experimental resul!l

was completed to break down the wvibration

radial direction had theowmghhess ganomparad I
tangdgmn9ilhdlowever, the study did not provi d
vi bration data is integrated as an input i

Overall, this srevfieoewndfmulhtei plid es@audmuac e:
sensor dat a, such as force and vibration,

21
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roughness prediction. The survey also foun
t heoretical oowhempi biot &l hmeeeltheir pros an
used combination models that use both the
roughness prediction, widn d a& th etsheemmpsiheomet n tc oena ¢
one another. There have been a few receni

genermachiede blas@&rdnisrug f ace roughnessppredic

exi st in these models including the consi di
of workpiece characteristics (i.e., mater.
1. 20t i mi zati on Modelling Techniqgue:

When a process is to be optimized, the
number of objectives. Common optimization
cost, time, tool,awmelamaxsumrm fzaaoneg mpPowdhnessand
among others. There are several opftomi zat
application to machining problems, each wi

Experi ment al design met hods, suchk as R
met hods, are commonly wused for experiment
objective, in addition to predi¢tZijidmgafcht h
robust design was used by Abbas et al . t o
the appropriate cutting speed, feed rate,
[ 1.dh&@ut hors integrated fAnoise variabl eso t
accident alilffyh es htuoto |lo fnfo,seorr adi us i s not <corr

22
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presumed t o[ b.&)Teh esseel eccanmklied @ rhaet imordse | wel |
readrl d difficulties and experiences i n ma
Neur al net works have been researched fo

in combination with other optimization met
forpti mzation in a turning operation to ch
rate and cutting spedad dwidelpmbdp ANNE e r 8o lc
using cutting insers fTdaet wmrpe rmaprmramdtee rf e eds
as the output for one ANN, 99 nGIA tihse acnu totpitnigr
met hod based on natwural selection, which er
which is iteratively updated through succe
[ 2] The pr opodsGeAd tmo dseell ecste t he best tool us
specific conditions on the wdr9K pT heec eb emaetfeirt
this integrated model is the potential for
in the fitness function can be adjusted b
exampl e, in a roughing pbeotesgthyhet pepondftio

desirable to optimize for machi9ding ti me r

Anot her ANN uhsyibmmgp cthomgpdebkarch (HS) optim

a milling operation was investigatled] Ay Ra
feed forward neur al net work was developed
given cutting parameters, followed by the

machimamgmeters with the objectifyeée] HS min

algorithm is a heuristic optimization met

23
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searchingsdomdi mg She]Ithorsy i s achieved t hr out
of i mprovising new harmonies and updating t
opti mal sol u[t5.®] hies aaid hioewsed eported the <co
optimization can generate better resul t s

howevguant@evatemee i s provided in this stu

A separate study compared the perfor man
with GA and particle swarm optimization (PS¢
prode&assg§RSM is a statistical met hod that cr
which relates input variables to their cor
wor kpi ece sufbare P S@pbmeastses a random pop
Aparticlesd in a space with velocity vecto
of the solution re[ &aB8]TVke tmwmarat igclloeb av e | soocli ut
updated after evaluati on, and the new gl o
compare each parstuibcslegtuegEd] |l chpruitsg ttohd he AN

modeélnsl uded cutting speedt hdewetegutr awees atnhde d

roughness of the workpiece. Surface roughn
neur al net work modell ed as the -P$S®Onessthael
superior combination i n detpeurtmitnhien gs maalcl heisnt

roughness value, compar-64 aodGMAMNHRADbT hdugb
PSO was depreadnhme Hotvest surface roughness,

ANN prediction was not tested to compare r
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A comparison of neur @lr opatgwdnn lonn, t rGai, n ed
devel oped by5AhAlllant leteealal gorithms were d
process using cutting speed, feed rate, dej
surface roughness and powed]Thomsuwrhptviadn dag
cutting experiments, the | ANWe sttr girneedd chtye dP S
therefore determined t[0o5d]ePISEOB e bsepe pira@i s e
relatively simple to i mplement and does no
can converge on a solution with few iter
al gor[ist5hhm¥he di fference between these hybri
previously discussed, i's the optimization
mi ni mize the error of prediction, ratsher t
after a prediction is made by the ANN. Th

optimizamaomi oé¢ behdadnipmg@di cti on met hods th

Many of these studies alrr compaoeitlsane na
adaptive optimization model was devel oped
continuously determine the optimal [ p6pcess
The digital twin system facilitates contin
data withP&moidrepmby eaedd with a generalised
for predicting tool|] wWkElae mndiecd ewinEima ¢ loagde
i's requipredceiss tplhe ameters i f the predictec

speci fi e[d5.6 hfrhees dolgd t al twin aspect of this
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i ndustrjaanld stehtetd mogd ethir @t edccur acy; however,

relies on | arge amounts o&ntdrasnpngcdasasp

A recent review on machining pammramatdar
Asmgde&l7]which evaluated devel opmentsi& appl
machiinn ngddi ti on to those previously discu:
colony algorithm, simul at ed a[n,7e]allhien ga,u t ehrotr
pres@nt horough report of appl i ceatiinmintsatfiooan :

specific to each method related to machini

it has been found there is an opportunity
to further 1 mprove the efthodenpyewofotubéyge
are done in the Aofflined state when the p

1. Research Gaps

The field o f machining prediction and
roughness i s a wwidteH ya rciswearrseé eldangpeb aocst ap F

of predictive models and opti mi zdues tcoo ntthien

compl ex interaction between the wofkperces
sur face [r508Ugghahpebsast ek hetstremyed | iterature
as foll ows:

1. Proppsediction and optimizati onabmoldietlys
to be general maedicioomdi mvu lbthisphliegh accur
conti nuousManomriittoyr iacnfg t he devel oped modc¢
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1.

wor kpi ece material, or mul tiple workpie
application asf demmadsdi ogo deoiod dustry when

machiningacenp[id]s,ems7], [ 35]

.The adoofpttihoens e metiho dcsh dillpyled mo@d e dalpt @af

sedand | engthy trapmmaghireqgumiee¢ @B g of

.Ther e i s a | ack of consideration of W (

roughnessarmpd edptcmhmbembt wop hi tiboecguns st at i c

cutting [p@&]rameters

.Existing research is mainly focused on

domahionwea®rt o wlvee rwidtarme, desi rabl e to have
sur f ace croonusg hdneersi sn g ddeytneacniecd fbayc tcoornst i n u o\

such as[t6dol [Mddr [ 35]

Research Objectives

Thevemgalalf this research is to present

predi ctdapotni maredati on model framewor kbyf or S |

combibnatnhg t heoreti cal and. mhltdhi medéleafrma mgyv

desi gneda twi dwei trhasngaen do f machining condi

accuracy to allow manuf act urheer § nttenut iolfi zeh

i s

wh i

to be used i m g rfeede dchta &®kh oll osoopmawdhge rbeo c u t t

cthemnssed as the fitness function for an

deciding the opti mal par ameters.
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The specificrelsjeactcihv ¢ 0 aarfdedtrdess sf otlhlioswsg o a l

Analyze the relationship between the ma
roughnesshbeeé¢ wahdhéerahs.

.Devel op a fcrraenaatwenugk f Aoe roughnetsksr @e edi
di f freateearti al s.

.l nvestigate darmdce irrafkadtl oonwsehairp and wor kpi
roughmesssugh a focused study on one mat e
.Provide a comparative analysi s bet ween
develop the machining parameter opti mi z
roughndgreedi cti on sf rtacomebveosr kit hé | Zetdness

modi fied to include a factor of tool we.

study

FShesngarm zati on

This dissertation ceimphersepumbhievhandvnan

compliance with the fpeandiciMahsd etr h elsniisv efrarin

Graduate Studlihe Ireesgul mimapinses and | inks

findings of the articles, as well as provic

chapters of the thesis are organized as fo

Chapt®Bhi 4d:¢cmaptdelhnvecesesearch, presents a

research topic and identification of resea

objectives of this thesis.
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Chaptdhi 8: chapter presenvesapminptaimeival k
sur face proadgihmnteis@nmbmamndellg both theoretical
met hods . A aksiende nsautrifcasc e jrooiwmgelidhe ash rmomd elmbil
boosted regoesoirontheedr amewor k, which is
experiment al ddartyai r #éengf od mACNC 4340, CGlI 4
t heoretical component of the model provi de:
macme | earning component i mproves the over
of sensor datar dldyebdomsftl uence of machi ni ng
roughness is also studied to understand th
and how they vary betwWwéademantuéeiidlhr medaeanlat s
against the three individual mat emataé r imald e
mod el either ma ticrheisv iodru ad x cneaetdesr i tahteemo d e |
addese e ffiercsonadlaeédrsh objectives described
comprises the f&LI Swi BehpeMiti OdatPiaorwa, and
AANnNnt egrated framdwarilalf srurd ancwel trioughness
turning using theoreticall nared nmacloinaé¢ Uea
Advanced Manufact,urvonbg. TAa8HIDIPWY 268379 d

10. 100 70 3130210710

Chapt dhi 8: dhoacputseers on hempmr eéwdiameg wonk fro
Chapterihdtegrate an indicatorwhifch aicde dwreean
as the fitness function to compare the wuse

determining the opti mal machining paramet ¢
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compl eted throughCMNC fhrcyusedr rsit.n8d ygyonfof At &ht
i mprovement i s f &k@énodr fAolrSIp r3eld6 cutsiionngs tooft a l
tookhnasndicatoramornpoobltwebahedapeediesui 68
RMSEs r éod/u atbebtludt Oeml @Bd ac hiperveeddi B8t7i%0 rod wi t h
set using t#26&1ASNiKoEer & df otro AJI0Sh Qhlabpt er
GA, PS®Oi, mahdt edS Aanrree acloimppmr(ed usi ng otded mod
as the fitness function and evaluated for
testing of the optimal parameters reveal ed
foundSmsiitrhg aM .é&rdr amdofR21. 7% for PSOThinst he
study provides an overal/l anal ysis and r e
algorithm with the devedimpeéedndiusamgnadskgf dr
ai dCNGrmaocpemsathi s chaptehrfeel fainldl §$ ocabj dets
Secti dmickh.ap.t er has thoe etnh es ulbnietrtneadt i on al J G
Manufacturi nogn TeWhyed#odgyconsi deration of p

currently.under review

Chapt efrhed4:fi nal chapter i ncludes a sum

conclusions of major findings from the art

1. Note to the Reader

Due to the fAsandwi dih@dséehtatsomat 8§ 0ome o0Mm:
found to overl ap between tnheentcihoanpetdee sl i t ar .

review in Section 1.2 may be found to be r
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Abstract

|l ndirect mpnetoct hgnaotl surface roughne
contr ol (CNC) machining enables manufactur
increase process productivity, and decr eac
approaches havéobesnr ffxaeni nedghness predi
however, few studies have explored the de\
These studies typically wuse a purely empir
with a high rdeatiaancTehiosn sptruodcye spsr esent s a fr
roughness in three different mat elrd sad & . T
prediction model with an ensemble boosted
This combinatitdre alclcawsatfeo prediction of t|
using the machining parameters and sensor
approach, experimental data is collected f
316. Theei mff ]l machi ning parameters on meas:
using analysis of variance (ANOVA) and Pe:
prediction r esulmast esrhicaw tnhoadte-htehasoghmaelvdeide ra o
(RMSE) 6em, Oatnd8 70% of predictions were wit
defined wusingi2t0Ohle9 AsSIMEnN dEBa4 &..1 This provi des
i ndi vidual model s for CGI 450 and Al SI 4 34
Al SI 316ul Thedembastrat e -matee rpioale nmadad | ftoa
in an optimizati omaksitmgattego! afsora apeecri asti oorns

industry.
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KeywoSdsface roughness predi-matenjalmacknsae

boosted regression tree, parameter influen

2.1 ntroduction

Companies within the manufacturing indu

able to produce parts faster and cheaper t

guality. This concept has been the driving
ability to predict then optimize various

roughness is considered one of the most in
as it directly affects product-usaap pcloisctast,i ant
and service I|ife [1]. Typically, the surfa
efficiency of the process, resulting in op
conservative in order daohieamsad.e T her edfeosrier,e

predict the surface roughness outcome whil
more efficient process parameters can be wu
and cost, as wel |l tahse raeddiicteido rsaclr ampa o haitreisn g

nomonforming parts.

Existing prediction modeling research f

physiass d, empirically based, olbr a ae ch yrhe ti do @

i ncor porcauttet i mggt atlheory and t ool geometry f
These models are beneficial as they requir
to provide explainable results [1]. An exa
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mat hemati cal model for surface roughness a

predict a number of surface roughness par a

t he Kki-meomadtirci cal projection of t hea t ool
Adi stortionod value that captures the &effe
roughness that are not already captured by
speed, depth of cut, and propenti ésedf btyhas:s
a statistical equality parameter deter mi ni
measurements [2]. The sum of the theoretic
majority of influences on surfgcefrobhghnaeng
online monitoring in industry is |imited a
the SE values [ 2]

Anot her -lpescemktmodel was devel oped by Mai
pl owing effect of t heiptlacslt ifcl arek otrhreatt i roens w
within the third tertiary shear zawmthord fe
suggest this model i s superior to the trad
wi || be completely removed as the theoret.
def ormation of the residual matetrti ahi pntaao
machined surface [ 3]. Experi ment al data fr
the proposed modified model aligns better
to the traditional modelr dWwil]de haonmye vrret, r it he
the I mprovement .
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r

Il n many cases, t ool wear i's not i ncorp

oughness. Some researchers have | ooked at

Varga who devel oped a theoreti cali dsewr fdeecse gr

(

c

CAD model for theoretical surface profile
ol l ected using an optical mi croscope [ 4]
o evaluate the scope of the modelw; feedeve

ates due to the plowing effect of the too

Ot her published works wusing empirically

oughness are able to use data mining to c:

bet ween the workpiece, tool, and maccadli ne t
approaches due to underlying assumptions of
( ANNs) are commonly wused in surface roughne
nolni near problems and have beenulrepomwhed
compared to regression models [6,7,8]. Sevi

o this problem such as support vector mac
esponse surface met hodol ogy ( RSfM)ci[al1]i.n
ncreasing accuracy in prediction modeling
bl ack boxd methods that | ack interpretati

he scope of the experiment al dat a.

Some methods incorporate sensor dat a, S
rocessed by calculating statistical featu

l gorithms [12]. Feature selectiomeprddhads
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provide the highest contribution to the p
variance (ANOVA) or Pearsonbdés correlation
PCC with time series statistical besat uc es

emi ssion sensor data to develop feature su

five different machine | earning regressors
t ool wear as the outcome, it bparsoevdi dreest hao dgool ¢
to develop a prediction model for mul tiople
mod el had a high -meawmgwarye bearsreadr o(nR kSoEo)t ar

metrics as a result of using the ensembl e

Many of the published surface roughness
single materi al or cutting condition in m

artificial ANNprreldicdtiwonr kmo(d e | for both st

alumi num 6061, which was found to have a |
ANNs developed for each indiv-mduati anat mo d
performing well ,empheagimadelbaisedpuraealdy it di

envi mdrmme condi ti ons such as worn tool s or

Some researchers have foumasesdcoedes| 5 nv

empirical or machine | earning methods for
the physedsmodel creates a portion of t he
di fIfti ctuo capture phenomena is model ed empi
foll owed this methodol ogy #pmoiomrte astuirnfgacee pro
(RY in diamond turning caoseptedgkobphemati
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surface roughness as a function of tool ge
neural network to account for the relation:¢
cutting edge waviness [14]. Aescdat daft ac U totri o

and testing of the model ,711WB ¢A4desliut ed Bf
a similar methodol ogy of us iRrmggn da moudesleecd i tc
residual value with twompareopecbormanhcenp!
compared the prediction accuracy of a regr
net work (GRNN) to predict the residual v al
cut, and tool nodel]r. acixperdameintmpdt dfagd at drog
model s were collected from dcgatedncagbiAdé&
which the authors found the coupled subsec
hi ghest accuractyhegslg . mBdyel squptlhenggener al i
i mproved by using physics governing the cu
to the range of experiment al data due to

suggested i mpreoovreenteinctasl tnoo dtehle ctohul d hel p i r
[ 1] .

Despite the significant amount of resea
noted that only few stu-thaesrhaVvembdeked a&ah:

have attempted this use materi al smpairtihc asli m

met hods. Additionally, many of the studies
model s for prediction, whi ch have difficu
condi tions. Some studies have | tbleedettcal
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model s explaining the cutting mechani sm; h
as Iinput features. There are chall enges wit
to Il engthy dataset size and tr asisnipnrge dciocntdii:
mod el requiring mini mal data while mainta
mul tiple machining conditions wil!/| have in

The primary goal of this paper is to add
and evalwuation of a model framework that u

the prediction of surface roughned#®i ol smu

compl eted by developing an experi ment al d
materials with varying hardness: CGlI 450,
sensor data are collected contaiomi ngei wi ohi
the prediction model, along with the machi

the effects of the machining parameters on
three different materi alPL Geerteh oadrsalcydzque éWs i
kinematics based model for surface roughne
to determine the residual value in which

devel oped for predictioaacfAhhed 6i nMdiaviedwoa [k m

dat aset s, as wel |l agsnatkeei &bl Mmodat asdhef pel
mu kntait er i al mo d e | i s evaluated against i n
metrics commonly wused in |iterature.

There are many different parameters for

mean surfacRa riosighnessed. This value i s ¢
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commonly used parameters to quantify surfa
of extreme peaks and valleys, unl i ke ot her

roughRie scip Otimeertasnu r +r @ o g hRiye s[sl ](.

The remainder of this paper 2us |l shesctih
experimentali @2ridteldudes tSeetresults and di :

the prediction moo@nepdr,o viiodil nogwetdhrem ye oBndica t ussti uodn

2. Experiment al Procedur e

2. 2Wolr kpi ece Materi al

The three workpiece materials selected

and CGlI 450 due to their range of hardness

has high strength and ductility aesl s$schlhise
as medical equipment, hydraulic systems, cft
and dairy equi pment, among others [ 8, 15] .
properties of Al S 4340 mak e it fvaev,or a b |
construction, and power generation industr|

of Al SI 4340 render it di fficult to machi ne

by cutting tools as well asguladii tttyl eoff rtahcet
produced [17]. Cast irons are a highly proc
for components such exhaust mani fol ds, cyl
ability of the casting r oacneds sdetsoi r@ahd &u cm

properties such as high fatigue strength [
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chemical composition to other cast irons s
( NGI ) ; however, the graphite morphol ogy i
resulting in differing mechanical phiotperti
found in gray <cast irons [18]. The detail s
out | iTnaeballei n

Tab2lle Table 1 Workpiece hardness, diameter, |leng
Mat er Hardne Wor kpi Wor Kpi ¢ Mac hi ne

_ Di amet Length Cutting

Al S 72.5 N (74.0 mml121.0 mi26 m
Al'SI 48.@. % £90.7 mml1l27.5 mi26 m

CGI 4 20.8 N (138.0 mM150.0 mi26 m

A new cutting edge waprexsiesdt ifnog teoaoclh weea
a factor. A total cutting length of 26 m w
di stance cut by the tool was constant betw
on diameter and aoastabietsudttiegcheafthhe
cutting lengith mekrl pmated avadd  whvdinsg ¢ EEce.d

rate (mmgrteof)al cut thimsg woerkgtie clem)d,i aanmed er

P I 21)
HO
2. 2Pr2o0cess Parameters
Sever al studies have investigated these
such as surface roughness, tool wear, and
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selection of machining parQa2ae2282 4, 5for Tthlei s
process parameters udseetdaiileebt26iingd -ledxvpealé | ment
factori al experiment al design was wused whe
depth of cut were tested, resulting in 27
three times to validate theteestibtscoasshngt
t herefore, 81 cutting tests were performed
rate and depth of cut parameters were used
were modi fied for | ewma sCG abdp e3a sfnogermeéAallSIt
found 300 m/ min to result in unstable cutt

steady sensor dat a.

Tab22e Table 2 Experimental process paramete

Cutti ngw: Feed fRa] Dept h apf

i Y Cool
Mztle ( m/ mi n) (mm/ revy ( mm) Condi
LeviLeviLevliLevliLevlLevdiLevlLevLey n
| I [ [ [ [ [ [ [
Al S11002003000.120.10.10.20.50.17
316 5
Al S11001502000.120.10.10.20.50.17 Dry
4340 5
CGl 1001502000.10.120.10.20.50.7
450 5

The wor kpi edcies pd eaFyiegdpl.ien®©n c e oaf steersitess we
completed that wused up the available cutt:i
removed for surface roughness measur ement
entire machined | ength was t heat aslkliendmeidn o

machine before the next set of tests comme
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Chuck

Cutting lengths for each parameter
combination repeated three times

Tailstock

!
1
[
T
1
1
1

" f— ——

T

_____]'.______

Available Machining Length

Figre Fig. 1 Weprkpiagcamset

2. 2Ha 83r dwarsefdmwadr e

The equipment used t de¢xaeltadb®Plei nhe cut ti

Tab23e Table 3 Experimental equipment detail

Equi pmen Det ail s

CNC Lat hNak anTuwrme-4S0

Tool Hol KennametLaNlIL 164 CKC3

Tool |l ns Uncoated carbide K313 (0.
radi us)
ProfilomMitutoyo -2l ftest SJ
DynamometKi st | erl 2T9yMAle

Accel erorPCB Piezotronics 352A21
Current SYHDC SCOPA@A 3current transfo
Ampl i fieKistler Type 5010 Dual Mo «
DAQ Car d NI 9(20lysn a mo ket &2A3c4c el er o me i
DAQ Chas Natilomsatlr ¢ ME PAB®L 7 2

The experi ment aHi g22xte Tulpe itsaislhotwonc k nwas U

materi al s to el i minate addi ti onal vi br at
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accel erometer was mounted to the back of t1}
edge to measure vibration in the cutting d
have found this | ocation to prwivbhrdaet iaom ed yr
machining to predict various outcomes [ 13
accel erometer mount for a secondary accel e
Additional
accelerometer mount
Accelerometer
(mounted behind
— toolholder)
/8
PCB Piezotronics
/i ‘ Accelerometer
FigXe Cutti-ng tesNakmari3@ including workpiece and s

The dynamometer i s i-moleddermdat ad-dpvit aimide t t
measured force in all three axes. A current
mot or to collect spindle current Bhe hree ma
specified DAQ cards and chassis, the dual

force and accel erometer

2014 where all signals
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The

sur face

roeghnwas

measarcdad

i n the

ut oyo -SQr fagresfti ISaJmeFti gra3. eals@arsth otwers ti,n t he

ghness was
rage of the
applied to
sured

ue of 0.25

' udin

over 0.13 mm
applied

vall eys

eri ment were O.
ulted in the mi
ater than 4 mm.

measur ed

three

t hree

ti mes

around

T

v2a0l 1u9e sS uwafsa ctea kTeenx.t uA SM

deftferwma Ineent headh | meas  cmue men

spRSIMN §odi at perceo@di cal

g O0.-dp8fmmal apdoé OuB REmeiasuremeat s

pr

odfi il e.

T

MMR $ me a4 ®u rbeemeanptpsl i efd dwer 0.

up t

o and

ba®RSdnoo re ntshueg emd eheunt e di e

sur f ace

(

i ncl udtorfdg O/.a4 umm

od pttihree & ufr Z &jc.e -odsf eavarleuseusl tuy s etdh
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FigR¥T eFig. 3 Surface r-opghsiesg keb®@0OdpmeSBSur seest S

2. Results and Discussi on

2. 3Colrrel ation of Machining Paramet

Roughness

As ded cirnibogex teaacrhbi nati on of parameters
ti mes. The average measured surface roughne
are plotted f oirkiad 284 Bhh rse & i maitrer isahlosws t he
values typically increase as feed rate inc
Al S 316 was generally found to have | ower

the highest variabslatyoss tshef paerametighas.
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Average Roughness vs Parameter Levels
[T T I I I I I I I I T I I I I

I I I ]

—F—AISI 316 |
AISI 4340

—&—CGl 450

N
N
—_

NN
o o N
—_—

| |

-
o~

—

Average Roughness, Ra (um)
& S

o
o)

o
IS

0.2: | | | | | | 1 | | | | | | | | 1 | | | | | | | | | | | ]
NGO N OO N DO N DO N DO N OO N OO N 0O N O
\\r\\ ,\\'\\ \\\\ \\q) \\q) \{]) ,\\fb\ \\fb\ \\")\ q)\\ qg\\ qg\\ q}rb q)rb q}rﬁ q>’b\ erb\ (D")\ o}'\\ ’b\'\\ rg'\\ rgq) O)\q) %@ rb\’b\ rb\fb\ O)\“)\
Parameter Levels [Cutting Speed (v ) / Feed Rate (f) / Depth of Cut (ap)]

FigRB4deFig. 4 Measured surface roughness averages of

The relationships between each of the m:
for each of the three dmreattekirlglbine Theoéeédi spbay
t hat for al | three materials and each p a
roughness increases with the feed rate. Adc
surface roughness and depthpobetweenlLastty
and measured surface roughness varies depe
depth of cut relative to the cutting speed
of cut of O0.75 mm s how tawecelne acrutitn vnegr ssep ereedl

surface roughness; however, this relations
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AlSI 316, a= 0.25 mm

AlSI 316, ap =0.5mm

AISI 316, ap =0.75 mm

o f=0.1 mm/rev
¥ f=0.125 mmirev
+ f=0.15 mm/rev

parameters

he

removed.

uding

wrapping

sensor

25 25 25
2 2 3 2 g 2
[ [ [
c c c
S SE 15 + ST 1s
3 ELS 4 N N g E . + 3 g . + +
'f, g 1 nu:.a g1 % 21 *
S » ¥ g * N4 &
) a O @ | 0 a @ - &
e 05 g 05 ¢ 05 o
< < <
100 200 300 100 200 300 100 200 300
Cutting Speed, v, (m/min) Cutting Speed, Ve (m/min) Cutting Speed, Ve (m/min)
CGI450,a_=0.25mm CGl450,a_=0.5mm CGI 450, a_=0.75 mm
25 P 25 P 25 R
g 2 g 2 g
Q [ (o]
£ _ £ _ £ _
Q€15 + ry + 2E15 QE15 +
o = # o= ] + o = X
%& 1 o fg 1 . ¥ %D“g 1 o 3
g 05 g 05 S 05
< < <
0 0 0
50 100 150 200 250 50 100 150 200 250 50 100 150 200 250
Cutting Speed, v, (m/min) Cutting Speed, v, (m/min) Cutting Speed, Ve (m/min)
AISI 4340, a_= 0.25 mm AIS1 4340, a_=0.5 mm AISI 4340, a_=0.75 mm
[ P [
25 2.5 25
g 2 vwi 2 + %‘ 2 +
(0] (0] (0]
- + £ £
[<:hr=3 [< 0=y o=
égms 5 . égms N égms o
" +
o 1 @ 1 . o 1 o
o & o D o
2 05 o ¢ 05 @ 05 -
< < <
0 0 0
50 100 150 200 250 50 100 150 200 250 50 100 150 200 250
Cutting Speed, v, (m/min) Cutting Speed, v, (m/min) Cutting Speed, Ve (m/min)
FigRk e Fig. 5 Comparison of machining
materials
Prior to further analysi s,
with faulty sensor data were
during the cutting process incl
temperatur es, and | ong chips
affected the quality of the raw
variance of the accelerometer
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root mean square (RMS) values between the
identified tests were removed as they wer
conditions when compared with the other t
described factors. The cutting tests remov
ast erTiavB4eisa result, there are 79 sets of ¢

Al S| 4340, and 80 each for Al SI 316 and CG

Tab2de Table 4 Cutting tests removed due to faulty sensor
removed from the data set)

Cuttin Depth MeasuredRa( € m)
Material Spee d?/ Feed Rate | of Cut,
Peeq Ve f (mm/rev) ap Test 1 Test2 | Test3
(m/min) (mm)
AISI 4340 200 0.15 0.75 1.19 1.12 0.99*
AISI 4340 200 0.15 0.5 1.29* 0.78 1.03
AISI 316 300 0.15 0.75 0.87 0.95* 0.90
CGI 450 200 0.15 0.75 0.98* 1.03 1.07
ANOVA was applied t o interpret t he re

parameters and the experi mentialal@be rTalge su
perceoemtt ri bution (PC) is the ratio of the s
sum of squares, which helps quantify the ¢
out put [ 2pYal o eins tlheess t han or equal O0.05,
a significant effect on the output [13]. B
feed rate is significant relative to the s
with the cutting speed ff dlolldwiwnggsdadhonmd, w
small er contributions; however, there is a

of feed rate and very I|ittle contribution
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316 compared to the other two materials. A
of cut to be sipgwalfue,anwherasaes ioth weahee not
4340. These results indicate surface rough
for AI'SI 316, whereas there is a more even
for AI SI  434Wi tamdd &Gtlh 4b6f0,cut having the |

three materi al s.

Tab25e Table 5 ANOVA results for machining paral

CGl 450 AlSI 316 AlSI 4340
Parameter Sum of 0 pc | Sumof p Sumof  p pC
Sql;are value | (%) Sql;are vaelu (%) Sqt;are vaelu (%)
Cutting Speed 3.93| 22.25 7. ] ‘ . 1.1 24.
0 111 Zoe % 0.1 962 1.4 4.0 060 %
3. ( 1.7
2.29 30.85 i 6 4. : 32.
FeedRate (f) 154 1o % 5. 7 xl?g % 5. ¢ xlgl %
Depth of Cut 038 %09 75506 0.0 0.¢0.0 0.:0.C1.4
(ap) 2
Error 1.90 3. ( 6. °¢
Total 4.98 8. ¢ 17.

PCCs another method for determining the

i nputs an output variables in machining [ 1
l inear relationship, and O indicanesahobyl i
the relationship is considered weak i1 f val
coefficient I's above | 0. 8| [ 29] . Note that
therefor e, i f a value doest hreotouhagwe , a iltir
necessarily mean there is no relationship
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The results of sthroevhP @ @6faarl yshsear mat er |
results of these correlation matrices alig
moderate positive relationship is found wi
just below | 0.5]|] foratsé¢wintsihng svpdded deprnd af
similar results to CGI 450, with a weaker
roughness data for AI SI 316 was found to he

and very weak rteliantgi osnpseheidp sa nwdi tdhe pccuh of cut

CGl 450 ; AISI 316 ; AISI 4340
0.8 0.8 0.8
Feed Rate, f (mm/rev) Feed Rate, f (mm/rev) Feed Rate, f (mm/rev)
0.6 0.6 0.6
04 04 0.4
0.2 02 0.2
Depth of Cut, ap (mm) 0 Depth of Cut, ap (mm) | 0.02132 | {0 Depth of Cut, ap (mm) 0
0.2 -0.2 -0.2
-0.4 1-0.4 -0.4
-0.6 1-0.6 -0.6
Cutting Speed, v, (m/min) Cutting Speed, v, (m/min) | -0.1371 Cutting Speed, Ve (m/min)
-0.8 -0.8 -0.8
1 -1 R
Ra
FighGe Fig. 6 Pearson's correlation coefficient matr
Surface roughness is generally found to

parameter affecting surface roughness due
the tool geometry projected ont d ptRadg?~cuft s
[ 6, 30, 31] . Both the PCC and ANOVA resul't

is more dominantly influenced by feed rate
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' i near correlation with <cutting speed

and

presented in |Iiterature [20, 31]. For CGI

is found between the surface rougheesspaad:

surface roughness wil/l i mprove in these

t v

have found that at higher speeds, the tempe

strength of the adhesi vet ovelags sonc htihpepicnugt ta

surface roughness; however, often an i

t he

cutting zone temperature reaches a

nfl e

eV ¢

resulting in chi paliintgy a[nd6 ,po02dY¥] .suTHearcef oqrue

cutting speed correlation with surface rou
significantly high, as was found in these
2. 3WwWr face Roughness Prediction Met
A hybrid model i's to be devel oped for s
benefits of both theoretical and empirical

kinematics of surface roughness gteonoelr aetdi goen

radi us, while the empirical model uses
influences that are difficult to model,
[ 3, 32].

The theoretical surface roughness val

dat

S uc

ue

determined by subtracting the theoretical

concept builds off the studies ¢ odnpsluertfeadc eb
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o

ughness prediction models consisting of

efined as the difference between the theo

The breakdown of the model devne [ Hp.ed i n

o

apftreodm [ 1, Rl 4ls, twkerteheor et Racirasl tchoemproeneind

omponent .

Y o Yi Y (2.2)

The theoretical component -bhasedal cswid fada

o

ughness predi exipdor @dodr@ InB..$eekshi edhu ails c omp on
he quantity remaining once the theoretica
otal surface roughness value. This compone
earning modseslkt ausshgcahrieasures calcul ate

he model. The residualo28.odmponent i s deriv
2. 3ThBSeoretical Surface Roughness Pr .

The theoreticarloyphndssn iosf cR8lrdwalicatwe d Tinsg
ar i Balleemt es t heoreti em,fi ss urefeadc e agt osu g ey
ose radi usmiihn tmme minmdi mum undef ormed chip
ndef ormed chip thickne34s [c3aZn, b3a3 |u ptokdeexri ema

utting edge radius i n mm.
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v » Q0 0 (2.3)
s vEp — —— -
h G m C p Q
Q TEpI (24)
This model i s based on the moRleds ederan e
the ideal surface roughness model that was

undef or med cshhiopvnt BinclkBhge,s S3 3] Ra=.Thh.e2[5FBJRtiison

used t o Rdbeyt eergnianfd n[g3 £BJgsa B8] .

M Q 1Q (2.5)
Y — —p S

W q Q
. Q
Y —

P Yo (2.6)
, Q (2.7)
Y T (b
The ideal sur face r ou®ohnceosnsis dnelaedreslmadenp ind

conditions ar e psruersfeancte rgeesnuel rtaitnegd idne ptehned i n ¢
and the tool geometry FBdgRE e This meddéepicit
efficient i mplementation in compariisoonn t o
21 trheagtui re compl ex modeling or simulation

these methods may produce results with hiocg
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rou

i mp

i sh

ghness model with a machine | earni

n

g mo

roved predictions without significantly

Workpiece \

7

Machined
surface

Feed rate, f

7

Workpiece
surface

Tool nose
radius, r

FigRteFig. 7 Surface roughness ideal

The resulting composition of the

owhRi gh& e The valsuduadmpri ses on

mo d e |

di agr

de al

average

Raval ue between all three matRaoml saciAhmate

i s

t he

v al

as

23 .

bet

pre

32.02% for Al SI 316, 30.41% for

Al

S

I 4 3

residual value is shown as a negative

ue i s | arger than theétmaas unreeds i edeugaal it i vivee |

peR. EqGhe residual values from t hiiosn expe

4 to undessnsod tHhawatban be wused

ween t he tht de fmatéeuir &l ss,el acdi

diction of the resi dual val ue.
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AlSI 316
TTTTTT

N

L1 LT LT TT TTT T T T T T T T T T T T T T T T T T T T T T I T T T T T T T T ITTITIT
I Theoretical Model
I Residual

Average Roughness,
Ra (um)
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CGI 450
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FigR& e Fig. 8 Experimental surface roughness compos

2. 3Reds i dual Surface Roughness Predi

2.3.4Malchining Parameters and Residual Su

The relationship between t Rewansa cahn anliynzge c
using ANOVA and RPBCO®cediumieXd rnl tScetcdt hev al uat e
relationship has changed once the theoret

experiment al measured valueTab2te ANOVA r es
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Tab26e Table 6 ANOVA results for machining par ame
CGl 450 AISI 316 AISI 4340
Parameter
Sum of p PC Sum of p PC Sum of p PC
Squares | value | (%) Squares | value | (%) Squares | value (%)
gggie”d%w) 1158 %Yy 0.1°% % 3. 6; 4.7 1 535,09
(Fge"Rate 0.1, 5 4.4 0.2, % 15, 0.t ti ¥ a7
gﬁft(';pg’f 0.: %2 1O 0.D 0.¢0.0; 0.2 0.C 2. 1!
Error 1. ¢ 2. 4 6. &
Total 3. ¢ 3. ¢ 11.

By obsepwdlnged het he significance of the
has not changed for each of the three mate
resi dual surface roughness for CGlI 450, a
signt ffoanAl SI 316 amnouAldSiorg Sk eftorsi mhé ame :
Ravalues. The percent contribution of the ¢
with the residual value; however, tamrdi ncr e
more substanti al above 31% for both CGI 45
feed rate decreases for alll three materi al
the overall surface roughnessompbnonent s dbel
a difference between the three material s i
wel | CGl 450 and Al SI 4340 decrease to be
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15. 86 %. Overalll, there appears to be a tr
roughness Rahded heRdteBnduphr ameters bet wee
CGlI 450, which is expected due to the mach
a stronger relationship is seen between t h:
cutting speed.upldteei § BKEY wrni sb unolrte pr omi ner
stainless steels compared to casmpacactont mend
machined surface. An exampt @olFs gigafeern ablyl c
three materials wsdeQO tirh/edicd,nmimag= @n,s2 Sorfdm.
BUE is very unstable and when broken off,

t he workpiece [35].
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AISI 316
CGl 450
AISI 4340

FigRBXeFig. 9 Toolc=wé@80 mmamges ,Fo®. @51 mmm/ rev, a

The results of PCCR@aadmpacreeshtdodridheer e s
210 Similar results are found when compare
Cutting speed remains to have a moderate n
roughness for AI SI 4340 and CGI 450, but w
of cut still has Ilittle correlation with Al
found for CGI 450. The correlation of feed
316 has decreased to appr oxiimgateal y oOnpda,r evdh

values of Al S| 4340 and CGI 450.

70



M. A. Sc.TKTBesiineMc Mast erfrfMdnhaBhgiahgering

CGl 450

Feed Rate, f (mm/rev)

Depth of Cut, ap (mm) 0

Cutting Speed, vy (m/min) | -0.5502

N
@eé‘é\)a
\

@@

Figar@® Fi g.

AISI 316

Feed Rate, f (mm/rev)

Depth of Cut, ap (mm)

-0.01621

Cutting Speed, v, (m/min)

!
@eé\é\)a
N\

@?

10 Pearson's

0.8

0.6

0.4

0.2

-0.2

-0.4

-0.6

-0.8

AISI 4340

Feed Rate, f (mm/rev)

Depth of Cut, ap (mm)

Cutting Speed, v, (m/min)

N
a@é“d\ﬂ
&
?\'a

correlation coefficient ma
2.3.45e2nsor Data Processing and Feature E:

As desicnr iiSe@reg2 s edmstaar was col |l ected duri n
including: force in the x, vy, and z direct
current The data collected from these sen:
evaluate i f anyelf tait aomelsi mawiet h the residu
prediction of the residual wvalue.

The raw sensofproicersasled wer enprue e t he da
for feature extraction. The data was first
occurring, the lead in and exit wowotiinggwat:«
captured which contains the appropriate in
wor kpi ece. An exampl e skkdhwiwkg giahlies idnagiammi n
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from fordereoatitbe. xOutliers were identifie
standard deviations from the mean of the
l'inearly interpolfatlddfuvmdé wiesn uism n MAT lhABE .
component was removed from the signals by

the AC component to remain which describes

This all ows for furtherdyamariycs i o mpoonceonrttpsa r
surface quality between the three materi al
of fset between the three material s. Lastly

data to convert the time seri eag idati a& atl o atnha

di scussed bel ow.

Raw Time Domain Signal Example: Fx

250 T T T T T
‘ —F,
Removed | : il L B Removed
200 il o B : ‘ : g
150 - 1
z
g 100 - g
o
T
50 \ el
0 e
_50 1 1 1 1 1
0 5 10 15 20 25 30

Time (s)

Fi gl Fi g. 11 Raw time domain signal tri mmin:¢

Once the data was tri mmed and cl eaned,

used for extracting statistical features.
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and frequesbypwilamhrewesrceal cul ated for each

resulting in 70 total statistical features

Tab27e Table 7 Time and frequency domain statis

Domai Feature Equation
Ti me Maix muAmp | i t ud a [ A@dQ
Pedlpeak a a [ EloQ
Me a n P
. P s
« 5 ®
Standard De\
, B wQ a
q ?’Qp
Roaneasnquar @ (
: p
= Q
a 0 @
Square of mean
amplitude (¢ A 5 ok
‘ Q
Skewrmeeds fici ., B woQ a
o} = ,
‘ Q pa
Kurtosis coeEe€ ., B ®Q &
o} = ,
‘ Q pa
Crest (E&Qto 5 A& Qs
Margin(MEBRELtO & I A&o0s
Wavefor mWAFact & a
P B
| mpul sd | Fgct 5 A& Qs
P B
Frequ Ma ix mupe a k a [ AgQQ
Roaneasnquar @ (
P .
— Q
¢ Q
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These features wer e sel ected based on

predicting machining outcomes in CNC turni
nor mal i zedouseimgrmal i zation to ensure all f
i sequired for use as inputs to machine | ea

i shown 2i8n HExXiesr @ he or zigd ntaHe freartmaka,zikd f ea

are the mean and standard deviation of t he

« — (2.8)

This normalization process results in a
features close to the mean are normalized
become positive or negative, r espédcetaitweley,
wi || adjust the distance of the normalized
all ows the features in the dataset to be

conditions tested.

2. 3. 4Re3si dual Feature Selection Using ANO

When features are input into machine | e
relevant features are applied to -esebavaneff
features can unnecessarily increasedddcdree ava
accuracy. An i nappropriate number of i npu
overfitting of machine | earning algorithms
process for each individuamatmati arli @lr emda cdli
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Feature selection methods can fall into
which complete the feature selection indep
embedded methods which incorporate etlhe f e
training, and wrapper methods which consid
[ 40] I n t htiyspe tmatyhod ifds lagplied by using
features to determine the signimeicd@&nce mot a
feature selection procedure used in this s
was used to sel ectpvsad useasr Od &t. & 5f d alt3dr.es wi

The starting features included in each ¢
all sensor data statistical features and w
for within the theoretical port itchre aofe stildeas a
component . Cutting speed and depth of cut
residual component of all the models. This
prediction model as a fiteéssofdeteromnneot
machining parameters to minimize surface r (
out of t he ANOVA study as they wil!/ be se
component of thehpwad29a thiEdndwmoalteilng st he i np
to the function.

Yi Q0 héd ROhd 2.9)
whebD*elenotes diameter if selectedziwictlhuidne st h
the sensor data features selected for each
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ANOVA was applied to each mattheea itad-t alatnaus
materi al mod @b al B e aar@er 6dsedebmetch si gni ficant |
features for each model . CGI TAD28er amaseaBadoy
data features were s&hb2Otell8 ffoeatAurSés 3riéma il

4340 shalidi mnd 5 featur es -nartee rsiealle cntoedoe |f aar

i mab2ld
Tab2l8Be Table 8 CGI 450 selected sensor data feat
Feature Sum of Squares p value
FrSMRA 0.0 0.0
Accel eration Me 0.0 0.0
FFKurtosi s 0.0 0.0
Tab29e Table 9 Al SI 316 selected sensor data fea
Feature Sum of Squares p value

No sensor data features wjitva | ue O 0. 05
Tab2l® Table 10 Al SI 4340 selected sensor data f

Feature Sum of Squares p value
IsrMax Peak (Frequency Domain) 0.185 5. 9231
Fz RMS 0.156 1. 031
Acceleration Max 0.153 1. 0891
Fz Standard Deviation 0.145 1. 291
Fz Mean 0.103 3.X¥01
Acceleration Skewness 0.102 3.801
Acceleration IF 0.096 4. %04
Acceleration Mean 0.092 5. 821
Fy SMRA 0.089 5. 861
Acceleration MF 0.088 6. R34
Fv IF 0.066 1. 411
Fx Standard Deviation 0.065 1. 431
F WF 0.064 1. 521
Fvy CF 0.063 1. 801
Fx RMS 0.062 1. 881
Acceleration CF 0.059 1. 861
Fz RMS (Frequency Domain) 0.059 1. 9231
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Fvy RMS (Frequency Domain) 0.055 2. 281
Fx SMRA 0.054 2. 881
Fx Peakto-Peak 0.054 2. 401
Acceleration WF 0.053 2. 811
Isp Max 0.050 2. 921
Isp Skewness 0.047 3. 831
F MF 0.041 5. ¢£01
Fy Max 0.040 5. 211
Iss SMRA 0.039 5. 564
Acceleration Kurtosis 0.039 5. 811
Fx RMS (Frequency Domain) 0.035 7.871
Fv Peakto-Peak 0.033 8. X911
Acceleration RMS (Frequency Domai 0.030 1.%211
Fv Kurtosis 0.029 1.4%713
AccelerationPeakto-Peak 0.027 1.861
Acceleration SMRA 0.027 1. 8913
Acceleration Max Peak 0.025 1. 861
Fx Mean 0.021 2. 461
Fx Max 0.020 2. %521
Isp MF 0.019 3.001
IsPRMS (Frequency Domain) 0.016 3.981
Tab2lld Tabl emdtle Mudal i model selected sensor data fea
Feature Sum of Squares p value
Di ameter 0.7 1.95%
IsMax Peak (Freq 0. 2 0.0
Is'S MR A 0. 2 0.0
FrRMS 0. 2 0.0
FxSt andard Devi a 0. 2 0.0

Similar to the results found by Huang e
bet ween the indivi dwmaatlermoade Insodaendd .t HTeh emu let:
selection process indicate Al SI 4340 has
relative to the other three cases. This in
in | ess variability than machining of the

number of features into a modeldedoeasc cruatacn
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There I s-ovemeianrada$isee of the f-matesiedlecmed
and compared to Al SI 4340 as spixsdlasmdaudr e
deviation are selected for both model s. Be
over of features between input predictors
par ameters. The features selected for eact

Seica2B8. 4 .dde.vetloop the prRediction model for

2.3.4EnMsembl e Gradient Boosted Regression

The algorithm used for the residual pr e
boosted regression tree (GBRT) ainnd fwiansc tiinopn
for ensembl e r eagarlegsosriionh mMmondaesl ss.e | Tehcitsed as |
used i n many applications where relationsh
including by Zhou et al. for prediction of
turning 304[81iainlThss steely applied GBRT
surface roughness prediction and parameter
as the inputs and found the model outperfor
model s [ 31ltffhi SThepreviodes a basis for select.i
and expands on the previous study by incor

well as wusing the algorithm to predict the

Ensemble models are defined as a group
with outcomes combined to strengthen the r
Random Forest model s, GBRT continually fi

ut ebi boosting where the data fed to the s
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incorrectly predicted is weighted higher i
of models are considered very versatile an
prediction for multiple differthis mptecess

showhi galr2e

Fori = 1:N samples

15t tree + 2 tree + ...+ mt tree =| Final Prediction, y;
F1(X) ——Fy(X) L rnxy

| J [ | J | | |
hq(X;) h, (X;) hn(X;)

FigRr2 Fig. 12 GBRT process diagram

GBRT can béyerRABe §XAd4S2]21a2nd 31, 42] whe
i= Nlsampl es, a set o f Known { plag dié gntagonp eda rtio
responseitwarciremlte F1 hay fau nrgash@dniX) ©he functi
F( Xy theMtsoutnalofi terations of regression tre
the error of the previous tree such that t
amal gamating the outputs of weak | earners
Thi i s completed by incorpor®tdh@ll]t . hewlwiealk
this case i s gradient boosting described a
functi @b3i pihkep .l eardninred urdetde wi t hin the mode
size during gradient descent , which the s

prediction and prevents overfitting, altho
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Ve T o (2.10)
"0 0 &
(2.11)
VO 0 B -2 O (2.12)
' g ® 0 &
@ O & (2.13)

The -upeci fied hyperparameters for GBRT
number of | earners, the | earning rate, and
withspeerfied hyperparameters are often cri
selecting the parameters. I n order to aut
optimization strategy is applied to deter
mi ni mums gnearne err or ( MSE) ddat atshed s md d elm wad
ma taelrsi. Bayesian optimization was 1| mpl emen
Learner App for 300 iteratian@lédsahgng hwi
the resulting optKmokze dahygatp ama matse rasp.p | i
value of 5 in order to prevent overfitting
The results of ealkihgalt3e rwaitinodinc aatrees sthhoew nmii mi

has plateaued after over 50 iterations, de
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Tab2le Table 12 Ensemble boosted trees opti mi ze

Hyperparameter SearchRange Optimal Value
Minimum Leaf Size 1-119 3
Number of Learners 10-500 355
Learning Rate 0.0011 0.0293
Number of Predictors to Sample | 1-7 1

GBRT - Hyperparameter Optimization

0.044 - Estimated minimum MSE
®  Observed minimum MSE
B Bestpoint hyperparameters
0.042 - poinhyperp
© Minimum error hyperparameters
‘\
0.04

Minimum MSE
o
o
w
o

0.036

0.034

0.032

50 100 150 200 250 300
Iteration

FigRr3® Fi g. 13 Ens ewylplea phaocaasnted de rt roepetsi mi zati on mini

2. 3Mo5d e | Eval uati on

Four prediction models were evaluated:

one -malkteirial mo d e | combining all three dat
for splitting the datasets into tmaaiemilng/ t
model , this split was compl eted before in

representation of data for each materi al i
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set was used for establishing the ensembl e
the testing set was applied to evaluate t ol
component s. The time requireididmdle3t MThieni n
traiamidng esting time is higher for AI SI 434

is attributed to the increased number of [

Tab2l8 Table 13 Training and testing time for

Multi -Material Model = CGI 450 AISI 316 | AISI 4340
Training Time (S) 6.461 6.548 6.592 10.196
Testing Time (s) 0.081 0.042 0.073 0.105

The testing r &saunld smefRadfrwonmperdeaé¢ tt@efd t he f
are s hroiwgnRTrieen Theegend i ndicates the | ine for
goal is for the observations to fall as cl
varying spread of observations relative to
by tdeorRe value within esaccor e ivgaulruee iTshet oc | 1

the relationship between the measured and
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Testing: Predicted Ra vs. Actual Ra (Multi-Material) Testing: Predicted Ra vs. Actual Ra (CGI 450)

25 25
® Observations ® Observations
Perfect Prediction Perfect Prediction
- R = 0.856 = R =0.707
= ° ° =
& 1.5 L) & 1.5
= ° ® o o L ° ]
2 e t® 2 AT
g 1 . ® . £ 1
8 . g 0
o o .‘o o
OB i o
0.5 «® 0.5
0 s : 0 |
0 0.5 1 1.5 2 25 0 0.5 1 15 2 25
Measured Ra (zm) Measured Ra (um)
ot Testing: Predicted Ra vs. Actual Ra (AISI 4340) 25 Testing: Predicted Ra vs. Actual Ra (AISI 316)
® Observations ® Observations
Perfect Prediction Perfect Prediction
2 2
R =0.934 n R=0.783
E 15 = E: 15
3 . 3 e
% 1 o % 1 +°
@ s L[] o © [J
o . o o ® L]
0.5 0.5
0 * 0 L -
0 0.5 i 1.5 2 2.5 0 0.5 1 15 2 25
Measured Ra (um) Measured Ra (um)

Figar%« Fig. 14 Results for predicted Ra vs. measured

ASME B261% standard for surface texture
testing dataset predictions were within an
standard specifies the mean value ofd surf a
112% of the nominal wvalue [28]. This was afj
' imit values of 83% andaldl2we ofTHhée eplnotmi nsaH
the prRRadactes from testing reside relative
t he nfoadwerlFs gRllne The testing dataset is arran

of the nominal measured surface roughness
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Predicted Ra and Limits Based
on ASME B46.1-2019 (Multi-Material)

2 2
® Predicted Ra / ® Predicted Ra
1.8 LLJpper txm; 18 thper tlml: 7
16 —_ v O //
= % =16 =
E1'4 - // 7-". o.® g e
£12 /—/777 * o o o c 14 — T e
g Ny E ) <
2 7 ,,:—*. %% of ® D 1.2 / . ° = .
2038 e o 2 3 P
O y . «® [T .
0.6 .(./. . 1] 5 ./// L4 e
0at/" 08 =
0.2 : : : 0.6 L : g
10 20 30 40 50 0 2 4 6 8 10 12 14 16
Test No. Test No.
Predicted Ra and Limits Based Predicted Ra and Limits Based
2 on ASME B46.1-2019 (AISI 4340) 18 on ASME B46.1-2019 (AISI 316)
® Predicted Ra oG s - ® Predicted Ra P
18 Upper Limit e ® 16 Upper Limit e
Lower Limit V. > Lower Limit /
18 / o 4 14 i
E 7 E
i g Z1.2 Ve
& S . & __
o012} o . o 1 ° e
L 4 % L] i °
o 1 | o Bo08r ., " e e " E
Q‘: ° /// . n‘: /// =
0.8 — 0.6
4
S W
0.6 = 0.4
0.4 : 0.2
0 5 10 15 0 2 4 6 8 10 12 14 16
Test No. Test No.
Fighr® Fi g. 15 Predicted Ra rel2adtli9ve to | imits b
The calcul ated percentage of t easdhtowmr edi
i Tabdled al ong with additional metrics used
including RMSE, MSE, R2, and mean absolute
metrics are cal c@l 41 &211 6a s2asAihdo wre slpye cEq sv.e |l vy.

Predicted Ra and Limits Based
on ASME B46.1-2019 (CGI450)

B w
3
p . .
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€
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whemies

measur

descri

whi ch

good f

compar

found

provid

di ffer

mat er i

this r

whi ch

0.

001

wi t hin

roughn

0.

0614

Y B & o (2.16)
P B & o '
- AR
DE‘)L’)'OE gm’ SZpnn (217)
€ W

the numbeérn soft heamelasrug edhe aduer age
eddoivwaltuhees ,pr edpicd etdh e ah wmbh e ra?wahfl ufee at u
bes the amount of variation of the r¢
a value of 1 indicates a perfect fit
it [13]. The model s réRplaves dbdfy tLhue el
ed in their study ranging from 0.506
in this study. RMSE i s protvhareaf arne -
es error relative to the measured Vv:
ent model s explored, anh i [chl ]r.anTgheed mu
al model RMSfEalvlad uwi tolii M .tlipiés reaardg e,f
ange. MSE is often a reported metric
ranges found in |iteraturda0fd385suB8tlhg
to 2.114 [8], and O0O.HABEved ©9n28BHiI $ 33
the | ower range of these comparison
ess prediction |iterature to range f

to 0.196 [31], Bvhofc ht-imeaitseouiladllii gmosd ewi.
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Tab2lled Table 14 Model

evaluation metrics

Metric Multi -Material CGil AlSI AlSI

Model 450 316 4340

% Predictions within Limits 70.2% 75.0% 50.0% 66.7%
R? 0.733 0.500 0.613 0.873

RMSE ( € m) 0.166 0.159  0.217 0.148
MSE 0.027 0.025  0.047 0.022

MAPE 0.129 0.091  0.217 0.139

Overall, the permatwmanaé owmbdeélher enud ¢ s
framewonuknaitoerr i al prediction for surface r
the individual model s, it is evident the p
with only half of the predictions fakling
hi ghest RMSE and MAPE of the three model s
selection analysis revealing no sensor dat
resulting in the predictor variabl eBowensr
use of -mahteermudlt imodel provides the ability
surface outcome when machining Al SI 316,
individual model I tsel f.

The individual model s for CGl 450 and
rel ati ve -ntad etrh e | munotdie | CGlI 450 had the h
within |imits whivlaé ulrawiheag tclhhenplacwegt aR |l f
has the?vhalguheesandR | owest RMSE; however, it
materi al model when evaluating the percent
Therefore, the results of the three indivi
achi evne du swhnegnaa emulatli model compared to indi

8 6
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manufacturers by expanding the capability
with higher generalizability.

Overall, the contribution of this- study
material surface roughness prediction mode

data features for prediction of -etmpaftresid
predicti oRRmTmed&kyfadvantages of this model
partially basbhead ean rteHaeatplysihda s i n the ma:«
reasonably explainable resul teri alss weiltl hadi
properties i n compnaartiesronalt omopdred vsi, o ussu cnmu |atsi

by Huang et al. for stainless steel SUS 30

The majority of the predictions are ba
bet ween tool geometry and the feed rate, w

accuracy and accommodation to multiple mat

compent. This el ement of the model framewor
materi al prediction models as only a port.i
within the residual value, comparsdad rtecs utlhes

Additionall vy, t he mod el devel oped con

characteristics among the three material s

of cutting conditions and parameters. It t
each materi al through the sensor data col |l
deliver precise predictions of surface rou
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provides a detailed comprehension of the cl

of cutting parameters for various materi al

The | imitation of this framework is the
for use; however, ability to use these feat
mul tiple machining conditions I n terms of
experiment al data within the framework sho
usi ng -matneurlitail prediction model compared t

evaluating metrics sucR a%heRMSEH mpMSE,n gMA PhEe

within the | imits i201t9,0urto ubgyh|AS MWEO 9B 406f. 1t h e
mu kntait er i al model fall within these | imits.
to this gap in accuracy are thatoothewéamme

mechani sms on surface roughness and how t

Additionall vy, t he model has not been teste
experiment al parameters. These e npw niemprso v
t he accuracy and applicability of the mode

2. £2o0oncl usi ons

Monitoring of surface quality in machin
companies to ensure product specifications
rewor k. The ability to monitor forabksrfac:
i mproves and expands the process monitori n.

one material. This objective is achieved I

8 8
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constructmantgera arhulstuir f ace roughness predict
machining parameters, t ool geometry, wor k

spindle current sensor -bdaasteal asn di Mmmwtdse hteo | e

A ki nebmasdd smodel i ncorporating minimun
feed rate, and tool nose radius was applie
was calcul at ed. Sensor data was analyzed t
prde cti ve performance of the residual comp
features for the residual encampearn eant noofd etl Is
resulting metrics to evalwuate the predict.i
to | iteratur ematwehriicahl tnmoed emtulwais found to pr
when compared to the individual materi al m
predictions for the materials iy, wshuoch ashet

Al S| 316 model

The theoretical component of the model
and minimum undeformed chip thickness i s a
of the experimental surface roughneses valu
best in predicting approximately 86% of th
450 dataset. This finding is critical for

explains the produced surface roamgihnesaf ritek
predicted roughness; however, this result
component for the residual value which was

regression tree.
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A variety of force, vibration, and spin
predicting the residual surface roughness \
the most features at a total of 3Wi,tHomnd ow

sensor data feaanteesal amddehewmuoht b featur
the differences in the relationships betwe
val ues between the three martyeirnigal csharTahcitse rii
the three materials and highlights the val

materials with distinct di fferences from o

ASME B2619% standard was applied to dete
rel ative to the nomimadler val uenodwehi awlast lad |

accuracy of 70%. The use of this standard

ma& hi ne operator in industry to use to ensu
the process. A number of factors have been
which are addressed in the future scope of

The plans to extend this research are
work. A study wil/l be completed to furthe
resiswrafface roughness value by focusing or

di scussed in this study forl iAne&dr 3fléati nrde c!

met hod may be required due to the I imited
met hodTool wear effect on overal/l and resi
the ensemble model wi || be modi fied to inc

with an optimization algorithm using the
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determine the opti mal machining condition
extrapolation capabilities of the predicti
consideration of incorporati nmantaat emmoidaell ptro
capture the complex differences in the cutt
the goal of the identified future work is t

in this study for use ien tahne immoddueslt rwiatl h sen

function -makandetbsi ohor operators in CNC
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Abstract

Utilization of prediction and opti miza"

assists with the decision making required

i mpacting process outcomes including the s
mehntods exclude the consideration of tool W €
sensor data coll ected during the cutting p

hybrid-bpsydi and machine | earPhatmhgaopmpadiadcteisv

t ool wear i nformati on cvoimg ua efro mwsmEd Cicrav e st
turning Al SI 316, foll owed by a comparat:i
determine the optimal machining parameters
on the influence of the machi ni ngcepaorfa nehtee
t ool on the surface roughness. The propose

from a previous study conduededmbdbyomnt heu arud
error (RMS$S®m)amd t0edt0i8Bng results indicated 8
set by t he -2A39ME sBat.dhar d. Genetic al gorit
optimizati omni M{ulXAAQ)e,d aanndneal i ng ( SA) are coc
prediction model as the objective fRaction
for constrained and unconstrained testing
validation testing, achi eevdi nsgc eanma udi roro onrd $oefo f
this study strengthen the hybrid predict.i
reinforces the value the optimization pro

manufacturing industry.
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Keywo8dsface roughness optimization, tool

algorithm, particle swarm optimization, si

3.1 ntroduction

Process monitoring of computer numer i
increasingly important in the manufacturin
guality, cost reducti on and Rpr odfucmacechi ne
components is one of the most <critical ma C

parts often have stringent tolerances on t
certain functional-useeapplilicami pDonfsa oVt hpe ai
aret nsoati sfied, scrap anacackwoekt cesparareQ
machined surface can be enhanced when the ¢
surface roughness are i mplemented. aGoenvent
selected through I engthy experi ment s, fron
standards set by the tool -dma rnvuefna cnheutrheard s[ 1

|l everaged for parameter selectiony [ hlcrela3d]

Prediction and optimization of paramet e
complicated preceissemdamrt ttoo td&aecount for se
wor kpi ece quality. Specifically monitoring
steel presents its own unique challenges.
when machinstngelstduel eeesits ductile nature

buiulpt edge (BUE) which i mpacts surface 1 0ouUo(
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thods and gaps within surface roughness
eel and investigates potential applicatic«
all enge.

Austenitic stainless steels in the AI SI
ainless steels in many industries [4], dc¢
chining [3], [ 5] . Specifically, i A&I 8h 31
gineering, i ncluding i ndustri al applica
ocessing, aerospace, and nucl ear [ 3], [ ¢
rdening of stainless steels geintey af{&$, c
sulting in many researchers exploring op
is family of material s. Bagaber et al . p
sponse surface met hodol ogy i(nRgS M)a rtaomedteetres
e outcomes of power consumpti on, t ool W €
veal ed surface roughness was minimized wt

cut of 0.066 mm/rev andal0.. 6conmp Iretsead cd X p

ro dry turning Al &8I0 3l6éni at tloowespeadse dadfat
mul tiple | inear regression model and an
ughness prediction [6nhg MThw autthiong d$pe
creased generation of BUE resulting in hi
creased tool wear at | ow cutting speeds
Ciftci compared the i mpact of parameter

Htaiyer coated carbide tools for machini ng
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inflection point was discovered where surf
which the authors explained was due to decr
increasing the cutting zone tempertahuse al

inflection point the high speeds resulted

edge [8]. This result is similarly found b
tools across different tootlurnnoisneg rAaldSili 3a2nld
steel, where the main wear mechanisms wer e
[ 10] . A higher presence of abrasive wear a
speeds, whereas highgrreaudtetri nqnss maeds rods u
edge breakage [10]. The authors explained

rates of wear due to the BUE replacing the
BUE formati on negguaatliivteyl yofa ftfheec tssurtfhaece and

forces and temperatures causing shorter to

A study comparing the effect of tungste
mechani sms for wet turning of Al SI 316L at
Saketi et al. [5]. Both crater wear and f| ¢
although the rate of wear was more signif
increasing grain size [5]. The authors wuti

the worn tools to determine crater ewesar w a

flank wear was influenced by a combinati on
decreased with smaller WC grain sizes due
of the tool materi al [ 5]
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Fernandez et al. compared the effect of
t ool wear and surface finish for dry turni

compl eted the tests wunder dry condiywions

manufacturing options, as well as to ensur
altered [11]. Overall, a critical speed of
experienced, resulting in decreasethepowet.
tool , and a finished surface similar to t|
significant wvariability over the testing c

Zhang et al. focused on the impact of dr
machining of austenitic stainless steel on

cutting speeds and higher feed rates are
conditions for improved energy consumpti on

was found with opposite conditions of high

The opti mal cutting speed for turning A
who found an increase in speed up to 180 m
and surface roughness [ 13]. The authors e
wog sened at | ower cutting speeds due to a c
wor kpi ece and tool affecting chip evacuat.
the inability to dissipate high ttyemge rsdatau rni
steel [13]. BUE was also found to be more |
when machining ductile materials and known
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It is evident in the Iliterature that to
roughness in machining not only of stainle
i mportance of tool condition monitaorgi.ng ir
Korkmaz et al . conducted a review of met h
focusing on studies incorporating sensor d
process [14]. Within this review,e inmoswas
significant roles in worsening the surfac
emphasi zed that tool condition monitoring

ot her outcomes of the cutting protessiihec
worsen the workpiece surface finish [14].
forces and power consumption measured by Vv

t ool [ 14] .

The use of vi bration and acoustic emi:
monitoring in -@a0%9 medhumgcA8ESEAB steel was
al ., who found the high amplitude frequenci
i met surface roughness of the workpiece and
in the cutting phenomena [ 15]. Speci ficall
raw AE signal and advancing tool welay wher

correlated with surface roughness [ 15].

I n existing |iterature, t ool wear 1S nc
model |l ing due to its high variability. An e
included is given by Fel ho and Var ge@aawho i
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into their surface roughnaeiske prdeasicgn o(nC Ad)c
[ 16] . |l mages of worn tools collected throu
CAD model that uses the worn tooll6deoniehtery
experi ment al results were validated only w

a | arge range 6B%awasrachi evenh (0156].

Predictive tools in machining are often
help determine the optimal paramet-Rasddor
et al. who combined an ANN with genetic al

rate and <cutting speed to minimize power

mai ntaining satisfactory surface roughnes:

algorithm that mimics natural selection by
pamet ers which is then repeatedly wupdated
opti mal result is achieved [18]. The key b

it can be tuned to suit specific mr ableems
fitness function, such as focusing on mini

versus minimizing surface roughness in a f

Data from abrasive wat-E6 wa&s uwmaedti hong
multilinear stepwise regression model whic
GA and simul ated annealing (SA) optimizat:i
par armetteo RgMi9rhi.z& A i s a heuristic search s
heat treatment process where the materi al

properties and remove defects [19]. Altholt
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model was not reported, the resultskRaf ound
value, yet GA required |l ess itefMTahei anms hbo s
evaluated the model s Rmeyo ctomp aexpgr it hentmalni
values [19]; however, experiment al val i dat
the accuracy of the regressRawasmoddli dt @ snt es

machining scenari o.

Anot her optimization comparison study
compared the combRSNIt ednst iodn AMBIt Aods as f
GA and particle swarm optimization (PSO)
milling [20]. PSO operates by randomizing
having a velocity tvheoctuogrh wvshuibcshe qgiuse nt pdadtee ca
relative to a global solution to determine
realeed the combination of RSM with PSO pr
roughness val ue, compar-&€d Bo0dGABNZOMbi has p
PSO providing the best result, the authors

ANN fmparioson.

Liu et al. compared the effect of fl ood
304 stainless steel, and used an optimizat
the opti mal cutting conditions for mi ni mi
atitborut ed the high i mpact of feed rate on su

increased plastic deformation of the work

resi stance on the tool [22] . Theressulted al
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a better surface compared to flood cooling
was attributed to improved penetration of
l ubrication especially at hi gher cuan i ng s
model s for Ra, axial and radial vibration,

30% and 30% respecbbyety)jveofcteass &adumaolt

using a method blending SA and POGOsé¢a@8e¢th ¢

process to avoid the model from becoming s
A feed forward neur al net wor k was com
optimization algorithm in a study by Razf:

parameters to minimize surface roughness i
mod el si mwuhleatneusi cal practice of seeking t
repeatedly updating t he har mony me mor y a
converging on the opti mal solution [24]. T
using HS owvreirz aottihoenr aolpgtor it hms [ 23], althou

this statement .

FIl ower pollination algorithm (FPA) is a
that incorporates |l ocal and global search

the reproduction process of fl owernimmgapli @amt

mo d e | usi ng forward and reverse mapping
Umamaheswara Raju et al. for surface rough
[ 1] . I n this case, the optimizer walse used
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predicted and measured surface roughness t

average error of 8% was achieved [ 1]

Soor i and Asmael conducted a review of
optimization methods, evaluating many of tt
including fuzzy | ogic, ant colony, &trtific
The review provided insight into opportuni
online monitoring for machining outcomes,
applying these methods within offline stat

No-hi near regression analysis was -used w
objective optimization to reduce surface r

turning of ®HBiAdYn[ B6M] alTbg &Aut hors iomdcelluded

i nput in addition to the machining par am:
temperatures were experienced when a | arge
friction from the | arger contact .o eRBameat of
charts were utilized to evaluate a comprom
the three objectives, and error between pr
10% [ 26] .

Zhang et al . | ooked to address inclusi
stability and cutting force | oad, in a rolt
materi al removal rate as an indicator for
included offline optimization using random
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machining parameters, milling force, spind
foll owedi mg meal toring for chatter using

coefficient estimation using spi7ndl eCudurirne

tests were conducted for dry milling of ti
poeptimization machining efficiency increa
selected through conventional met hods [ 27]

Asi de from metaheuristic algorithms, ex|

used to optimize specific objectives durin

these types of met hods is Taguchi robust (
opti mal parameters for mintiurim@imdgl Suriashe |
The authors focused enabli-wgrltdeampldied &t ia

including noise variables to mimic scenar

ocecumg, such as coolant shutting off, or h
[ 28] . Another example explored the use of
for turning EN1A all oy steel to ifdlndr drhev alj

rate and surface roughness using both dry
parameters were determined with the highe
resulting in 17.61% and 12. 37 % reendoucatli ornast el

respectively [29].
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Research Gaps & Contribution

While there are pl enty o f exampl es i n

optimization of machining parameters for

remain to improve performance of 1hdee mc
machiningsscé&harfoll owing gaps have been i
addressed in this study. Although it is con
as the cutting tool wears [30], maj ority o
factors of the cutting process including t.
regarding the underlying relationships 1in

is often more of a focus on sentiescphpBi] nge
as an absence of wunderstanding the dynamic
the time domain [30], [ 33] . Optimizati on

include static cutting parfamédteersd algz0]o,f Il a
or sensor data collected during the cuttir
mi ni mizing surface roughness. Finally, ma n

respective optimizahion dkbgohi tbmpar hewave

selection of an optimization model to mini
CNC turning stainless steel has not been p
Tactics are developed in this study to
this paper is to deveptoipmianat evmal maRdien af @nr
CNC turning Al SI 316 stainless steel, by i
process including tool wear. Il n order to ac
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gaps, this study is divided into three dis
insight into how the stage of tool i fe iIm
dynamic indicators of the toobkbhiwpRavi Tdg t he
achieve this, experimental data for multip
Al S 316 stainless steel, i ncluding <coll €
accelerometer, and a spindle current senso

The second objective is to incorporate
first objective as an input factor into the
modelRafeocrent |l y devel oped by the authors 1in
Al S 316 model . I n a previous study by th

machining parameters and -metneroirald ad war faasc ei |

predion model, w h i-kcnho wano nkbiibhresndadcdes wred lhg h ne s ¢
mod el with an ensemble gradient booRsat ed r €
[ 34] . -mMatneurlital model was compared against i
materials tested, i ncluding Al SI 316 which

( RMSE) ogfm @oMMpaAr eckmt bor0. ttnbaét emu latli me d e | [

experimental set up for the previous model
t ool wear was not integrated @$ aobactwen.r
prediction framework is one of the key eni
aut horsé previous wor k, and to allow this

for the optimization aanhl p6i shte atbidgve t
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The final objective of this study is to
di fferent metaheuristic optimization al gol
optimization model t hat can be wutilized b
optailmmachi ni ng parRameltheer sk etyo cnoeinntirmibzuet i on
incorporation of an indicator for the stage
when determining the opti mal ma ¢ h ihnoidrsg pa

compared are GA, PSO, and SA based on the

computational compl exity and accuracy, as
applications due to their ability to oper:
objective functions. These models are test

to assess extrapmbdel ohocapamphrtgonfof hee

The remainder o f this pape3d2 iosutdtimest u
experiment al pBoc®odmirae hsSe& htei erxperi ment al

the prediction and optimization mod3l.l i ng,

3. Experi ment al Met hodol ogy

Theroposed methodol ogy to achieve the o
into three p&i g8l ed”=a fdouctulsiensedoni t he first o
through the execution of tool ' i fe cutting
the I mpact of tool flank wear as wel/l as t
roughness afk,t aé owgr kvpit @ t he machining par

[ 34] . Part B addresses thRapgedarcd i olmj d ataim
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devel oped

by the authors in [34] to the nev

in this study to include an indicator for 1
316. Part C encompasses the dammdr atbijwe td s
of three different metaheuristic optimizat
mo d e | as the fitness function to deter mine
required Rao nlihne nihzreee mode bt uatedcagpansd
utilizing multiple metrics as well as thr
outlining the components of rtelmas noetr hod o IS®
32
Part A Part B Part C
—————————— I e el Bl F---s o= ====n1
|
Impact analysis of tool : ! Enhacr;catament oc: l-;\’a : : Machining parameter
wear on Ra for turning HI ramp:»vcln(iklofgrrgTSIeMG QI optimization
AISI 316 from [34] comparative analysis

0]

Tool life cutting tests

Evaluation using
ANOVA & PCC

3.

of

t

he

| , |

|

|
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|

|

|

|

|
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2Wolr k pi ece Mat eri al

The workpiece material wused in this stuc

304. 8

exter

mm and a di ameter of 150. 4 mm. On

or surface, the starting nnmamet e|
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down to 132. 75 mm. The <chemipcalpecoimes® s iotf

wor kpi ece HBaSlleridawd2eiespecti vel y.

Tab3lleTabl e 1 Chemical composition (%) of Al SI

C Si Mn P S Cr Ni Mo
0.023 0.25 1.63 0.039 0.022 16.9 10.03 2.02

Tab32erabl e 2 Mechani cal properties of AISI 3

Yield Strength Ultimate Elongation Reduction in Hardness
(MPa) Tensile (%) Area (%) (BHN)
Strength
(MPa)
318.72 614.44 49.24 68.00 16500

3. 2Pr20cess Parameter s

Tool |l ife tests were executed using a n
equal emoof30DI ank wear was achieved as per
di stance for each pass was set to eanswmeast ar
there was a -ofefa sboentawnbeleen ttrhaed enu mber of t ool
to guarantee the cutting | ength per pass w
required for surface trhoeu gohrmoe sed omreea seunrge Midemtg
pad)s i(n mm was cad3lc,ulwvieerdd asdpedti &qit memmbt

cutting distance peéerwapadsshe( evpuklpitecc e3 dim)me

p T TQMD
13 ’O

(3.1)

The process paramet er sdiusspelda ddd@BeT tne o | [

model framework used in this study focuses
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of the primary outcomes, and is defined by
|l ess than O0.15 mm/rev |[36]. For the initd.i
t heoretical preldavatsi dmuanadmpaon eret tdife s mal | €
| owest tested feed rate of 0.1 mm/rev,; ther
with intent to increase the predictive accl

Depth off nedt coeamd ant foroudhisesulutdy ibradiedat

|l east i mpact on surface roughness in this
and therefore is not a focus of this study
selected due to theBWBowh Hewelopmenmnti ng s|
desired to be enhanced in this study to ¢
accurate results given difficult process <cc
speed in order inholelvthdisnod tawdg wear.
Tab33eTabl e 3 Experimental process parameter s
Cutting Parameter Level 1 Level 2 Level 3
Cutting Speegvc (m/min) 125 150 175
Feed Ratgf (mm/rev) 0.075 0.1 -
Depth of Cuta, (mm) 0.5 - -
Once enough passes were completed wher e
l ength of the workpiece was reached, t he s
round of cutting tests. A full factori al e

pamet er s was repeated twieet s etsattdli. ngThe 1t w

exp

eriments were randomi zed armd3ddeompl et ed
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Tab3ldeTabl e 4 Experi ment al run order
Test Cutting Speed V¢ Feed Ratef Depth of Cut, ap
No. (m/min) (mm/rev) (mm)
1 150 0.075 0.5
2 150 0.1 0.5
3 175 0.1 0.5
4 125 0.1 0.5
5 150 0.075 0.5
6 175 0.075 0.5
7 175 0.1 0.5
8 125 0.075 0.5
9 150 0.1 0.5
10 125 0.075 0.5
11 125 0.1 0.5
12 175 0.075 0.5

3. 2Ex3peri ment al Equi pment

The experi ment al set up $bowHaygBZ edhkect
details for all equi pmenfTabXHedThea ehpearismae
appawaswgetas per the previous study [34] a
to this current data set. The additional ci

is discussed further bel ow.
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! AISI 316 workpiece |

oW

Fi gBxkig. 2 Experimental set up

A dynamometer 1 s mounted within the mac
assembly and wused to measure cutting forc
mounted behind the tool hol der and as <cl o
accay aof the vibration signal is enhanced \
cutting edge [14]. I n this set up, Vvibrati
A current sensor is install ed aacrko upnadn etlh eo fs
CNC machine. The remainder of the data acgqg
amplifiers for force and acceleration signeé

DAQ <cards along with the cuirtryentwi tslken8&lat i

nstruments ( NI') LabVI EW 2014 software fo

sampling rate used for all sensor signals
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Tab35elTabl e 5 Experimental setup equi pment

Equi pment

Il nf ormati on

CNC | at he
Profil ome
Tool i nse

Tool hol d
Mi croétop
I magi ng)

Mi crosc-op
experi men

ter
rts

er
E w

Na k a aATuornee -4 S O

Mi tutoyo -2Sulr ftest SJ
Uncoated carbide K3l €6
radi us)

Kennamet al DCLNL 164CKC3
KEYENCE -9\6HOX¥ di gi t al mi cC |

e (Alicona Infinite Focus G

t

Accel eromet e
Current sensYHDC SCO®d@ 3current trans

Dy namomet
DAQ chass
DAQ cards
Ampl i fier

Uncoat ed

i mages of
and wer e

seefRi g3 e

er
i s

S

t he

used

PCB Piezotronics 352A21

Kistler Type 9129AA

Nati onal | nst rulnve2nt s ( NI
N | 9215, NI 92314

Kistler type 5010 dual n

carbide tool s wer e used

f or

i nf

a

worn tool s wer5d Fo bdii agirrbesdc oupsei, r

to measure flank wear.
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Fi gB¥Rkig. 3 Example of flank wear measur emet

Ravas measured using a g06dtpbbéi Mbimet ey p
i Fi gB84e Threemesur ements were obtained aroun
wor kpi ece and the aver age WRariewnes uwaesmecnal cf wlr:
pass. The measurB8mswasi mgasiuseanceaei (i al l
approperifdt € iduter forRamaclipeme &4 QWEOBEBt7]o.f Ci
of f values of 0.25 mm and 0.8 mm wRInm uUsSe:-c

val ues of the surfaces.
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Profilometer F’/ —

- ——  ——

_;'” °| AISI 316 workpiece

P, = T |
R R L SRR B

Fi g84&kig. 4 Profilomeaper measurement set

3. Results and Discussion

3. 3Ralrtt mpiact of Tool Wear & Machini

Surface Roughness

Foll owing the framewor k fRragomedi3dit]i drmrmad
the first componeamvvalodatdet e aill mpact wafs fttloe
and tool wear on the surface roughness. The
parameter sFaga&b(eahaoawmsi di scussed ifnorSeecatcihon
combination of parameters were repeated tw
flank wear values at each stage in the to
representing standardner 2or Fbet woeme ®Dliet he

combinations, an unequal number of cutting
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fl ank wear gnv.alTuhee roeff 03 CeQ some of the data |
that required additional passes i n one cas
point for those specific |l ocatimmsetlimnot hlea
simce 1. As dhgdbfead, imhhe data point at 99:

testing conditions of 125 m/ min and 0. 07E

decreasing. This is because the previous d:
test s, where thegheerabad vheuseingul ar val
single cutting test. Therefore, Fhegdteol w
(b). Thsihso wfsi gguhree curve for test 1 stops at
300 d imit, the curve for test 2 emnltiimiute,s

and the averaged curve shows the average f

96 m, where afterwards only the data for t
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Based on the tool wear curves, it can Db
rate and cutting speed increase. Besi des t
follows a relatively consistent itn creeadd ien ¢
di screpancy in majority of the tests from

| t can also be observed that the standard

| owes't cutting speed and dweedtocaaekndwnsil

presence of BUE formation at |l ow cutting
fluctuating nature of BUE resulting in vari
when | ower temperatur else i ml adtei cc uftitaw go fz o
become ductile and weld onto the surface
out war ds, resulting in inconsistent dept h:
surface [36]. This ptoogsd$docortienxceedant ihl
cantilevered wel ded material, causing the
behind materi al bet ween both the chip and

beginning again [36f.cAstihg ZzZemperatueaste
the size of BUE decreases due-tobol | oweerer t i

compared to the main body of the chip [ 36]

The i sometric isthage ngoft heaph ogoelssi on ¢
from each combinati on ©Ddb3pesrpalneeytienrgs talrree ep rs
tool wear: after the first pass compl etion
final pass. As mentioned, BUE i s highly val

up on the cutting gdgbeaodtbregkpngcess. dul
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are only a snapshot of the full progressior
however, they do provide reasonabl e qualite
described above, as relati veloywelrartgeesrt efdo rsnp

compared to the highest tested speed.

Tab36erabl e 6 Tool isometric microscope i mages s
Cutt
Spee
(o) a First Peé50% Passes Fi nPaals s
Feeo
Ratfe
125
m/ mi
0.07
mm/ r
125 ‘ §
m/ mi g 5 . : ,ff
0.1 e W s ii™
mm/ r
150
m/ mi
0. 07
mm/ r 20000 | 20000 | 20000 |
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150
m/ mi
0.1

mm/ r

175
m/ mi
0. 07

mm/ r

175
m/ mi
0.1

mm/ r

| magesplaying the progression of fl ank
table for BURDbANe FveaWwnisnproduced by the
which develops through the frictional cont
and workpiece materials [38]. These i mage
beginning to formpaosmmeandd yi rmereena ad, 1imds tm
Groove wear appears due to high temperatur
along the cutting edge [36], therefore it

temperaturegewi gftocveaweat ar
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Tab37eTabl e 7

FIl ank wear

mi croscope

Cutt
Spee

(Vo)
Feeo
Ratfe

Fi

125
m/ mi
0. 07

mm/ r

125
m/ mi
0.1

mm/ r

150
m/ mi
0. 07

mm/ r

150
m/ mi
0.1

mm/ r

175
m/ mi
0. 07

mm/ r

rst

. 200.00 ym

200.00 ym

P

[al}

50 %

Passes

A (oo s o
3. ZUO‘(E'Uium‘ .

Fi nal P

200.00 pm

20000 pm

200.00 um
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175
m/ mi
0.1

mm/ r

. &
. 200.00 ym

Il n order to evaluateubbwesbhechapgageasu!
di stance of Raest pdlotitredr @ad veny, chitglttneg di s
This plot shows Rtehte each aggtea gne asluareg t he cu
bars representing standand 2. r3irmibled wleye nt d t

pl ot for FRilpdthkeaejveasoma data points do not |

number of passes required for the tool to |
For the majority of tests, iRaappeamrsimnhermhe
cutting distance, f oRar emadndyr al atiagel wheo
cases |like 125 m/ min and 0.075 mm/rev; or
0.1 mm/rev. Additionally, the results show

tests appears sitdrei fhiicgahretrl yf egerde art eetre altev el
noticeably at 125 m/ min. Thi Rdiandtilceatgrse a&the
| ower cutting spesdslandshbagber khewd t ae d
wi || have an i mpact on the surface roughne:
set of <cutting tests. Further anal yResa s of

with tool wear i s ad3alzy.s3eed in Part B in Se
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Average Surface Roughness vs. Cutting Distance
: : ‘ : : : | : ‘
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FigBagRkRig. 6 Average Ra vs cutting distance

It can also be discerned that along the

t he surface roughness at higher cutting sp:

of both parameters. This i s expeeacsteedd paasr atnhee
l evel s; however, t h iR@a pfpienadrisn gt o sb ec ormpred | |i ir
relatively consistent at | ower cutting spe

As per the framework setRamd[ 34d]le, malcehim

parameters are evaluated. In this current
t ool are included for analysi BCCFirstusedasas
review the | ineRemndortrhel avtaira ra bd eeflswgst#rnee ct e d
PCC evaluates the strength of the Jlinear

indi cates amd clo¥|r eil radiimaat es a strong correl
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there is not a strong linear relationship

relationship at al/|l [ 39].

Correlation Coefficient

Flank Wear (xm)

Starting Flank Wear (p:m)

Total Cutting Distance (m)

Starting Total Cutting Distance (m)

Feed Rate, f (mm/rev)

Cutting Speed, v, (m/min)

Ra (pzm)

Fig8kkig. 7 Pearson's correlation coefficient matrix f

The results of this study show Rtehred e i s
flank wear. This is expected as it i's knc
increasingly worn tool s. AStarting FIl ank
measured at the end of the previous sptaasrst,s
out with before the next pass is completed

wear measured at the end of thededtwi hhg ph

objective of determining if thereRawdadg ha si
the tool wear at the starting and the end
relationship is nearly the same.
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Tot al cut tLi)n gwadsi sithacnicued e(d t o bgeutawieteinf y t |
and the total cutting distance t heFitgouorle ha:
36 Tot al cutting distance can be callcul at e
from3lEg tmwer number of passes completed. Bot
and ATotal Cutting Distanceo are included s
above, indicating the total cutting distan
the end. The PCC resulttmodematinestpagdiet it\ne rs¢
about 0.4 for both variables. This value i
as there was variabiliitRhRavr egacdt hgnghdi staa
the cutting parameters.

Lastly, cutting speed was obsemRaedntdo h:
feed rate had a slightly stronger positiyv
correlation coefficient of about O0.24. The
similar to what was observedAiI Sl tBae6pf&8vi o
positive correlation coefficient of 0.24 w
compared to 0.8 for Al S 316t hien d[i34]Jer emhb
experimental cutting conditions, as in the
whereas in this current study tool wear i ¢
roughness as the feed rate remains constan

These relationships were additionally
( ANOVA), whi cmm htohw&dah3dBul hsAdp@EAue of 0. 05
indicates significant influence ofdvatlshueet pa
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for al/l evaluated input parameters are | es

rel atRiave t o

The percent contribution (PC) represent
parameter to the total sum of squares [9],
starting total cutting di Rtaamrece elcavad |a sciogr
the smaller impact of cutting speed and f e
include cutting speed and feed rate as fac

but rather enforcestoble wmpionpaRakeaedtf cit niom

model | i ng.

Tab38eTabl e 8 ANOVAmaehliunitrsg fpar Rmet er s and cutting

Parameter Sum of p value PC (%)
Squares
Cutting Speed Vc 0.52 8.37x10* 2.23%
Feed Ratef 0.23| 1.08x 102 1.01%
Flank Wear, VB 6.71 1.52x 103! 28.88%
Starting Total Cutting Distance, Lt 1.41 1.4%10° 6.09%
Error 7.82 33.68%
Total 23.22 100.00%

3. 3Rart B: Surface Roughness Predic

3.3.2Prlediction Methodol ogy

Asdi scussed in Section 3.1, the predictd.i
data set to create aebfitedewsthumationstbat
in Part C within Section 3.333, Whesetbdi ci

theoretical compombBatthbhé tbasi diodel compdnen
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Y  Yin Y (3.2)

The benefit of this model i's that it ca
the surface roughness and incorporates a n
component that is difficult to caprne,et luiss
framework provides moderately explicable r
t he physical mod el on it 6s own . The <calc
components are discussed in Sections 3.3.2

3.3.2T.h2zeoretical Surface Roughness Predic

The theoretical componepnetr.30E¢ whheglhamol eil s |
a function fofi nf emard/ rreavt)e, rftiono | mmm)o,s ea nrda dmiu s
undef or med chbhni,p itnhinctnk naepspsr o(x i mat ed as 1/ 10t

r, 1 n mm) [ 34].

, M N i (3.3)
Yh Gudp e c p 0

For each dat a pcooimpto, Retnhties(t b@loceBaBad us
foll owed by the R)escadlall ato3mp2o nwinttm gt ke n
experi mentRal Tvhael uceo nipoors i t iR@na loufe st hber orkeeans ud ce
the theoretical and residual components ar ¢
teskEi g ki g8, e &andgyBr®or the cutting speeds
m/ min, and elspPecm/imied y. I n some cases, the

to the calculated theoretical component e
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hi g
t he
app
t he

At

por
col
r ad
and
The
Wh e

app

bet

At 125 m/Imé ns eFéing B8t@®mat at the | ower f
her negative residual value in the fi
same speed, the residual value is much

ears Fag®@8®feorn nthe tests wusing cutting

oretical model performing near perfect

175 mf gdInke itnhere is a similar ratio of

ple of passes at both | evels of feed a
For all |l evel s of cutting speed, it [

ue becomes higher, meaning the theoreti
dicting the roughness value. Thitsi ons e x|
only feed rate and the nominal tool nos
I deviate from the nominal val ues, |l ead
tion of the model. The Iinmistei alindamrd gfei m al
|l ected on an Alicona Infinite Focus G5

ius of the tools used for testing was m
the average initid@05 mmms(@nedci nabevahde
final average measured edge and nose 3
n comparing the initial and final t ool

roxi mately 32% on aweragegdabyg Bheamesa

ween all testing conditions.
For the theoretical model <calcul ations
el i mi nat ec utthtei nnge etdo oflo rmeparseur ement s due
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model . Model Ranaelrceu lcaotmpolnest efdorf or t he | ast p
both the nominal t ool radi.i and the final
compos iRtd etnwiedden t heor et i cal and residual V 8
The percentage of the theoretical compone

scenari os are shiogwlrld ofrthesach etsaud tt si show t h
prediction of the theoretical component be
measurements are used for prediction. As t
thickness as a faarcdaoves odnaediglee rrmaas a1 sr adi
both of these eff Bachtass erde 8our® i Enghhut Ihte evrmad huaes ioz
need to supplement the t keadrvetni craels i pruead i cct

which is discussed in Section 3.3.2. 4.
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Ratio of Theoretical Values of Experimental Ra for Final Pass per Test No.
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Test No. (as per experimental run order in Table 4)
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Fig8ri#ig. 11 Ratio of theoretical values of experimenta
final measured tool radii

3.3.2Re3si dual Surface Roughness Predictio

The r &Kksiadlumds f or eachustiens@. Bwe rkey csad leturl a
the theoretical component from the nomi na
prediction of the residual foll owing the f

anal ysis of the relationships between the

paameters, sensor data processing and feat
and prediction model training using an ens
[ 34] .

The machining parameter s, tot al cutting

rel ativeRaus i mgsiPlllCaland ANOVA,i msifPhardtarA t®ec

3.3. l1RawbtIper [ 34] . The RG@Cs mah Fwmg GIf2o r res
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Compared to thkRa FCG8H e dwhletre facre some not al

most sigmadgeans the decrease in cdRarel at]
val ues. This is expected as the&acalnueas biug i
contained within the theoretical portion o
to be little correlatiRa whi thei §eedl rdatenr
in [34]. The r el atRiamonnds hfil pasn kb entevaere n( irnecsliuddui anl
total cutting distance (i nscpleveddi nag It hree nsati anr
similar Raoalthest owiat h only a slight increas
flank wear and total cutting distance vari

Correlation Coefficient

Flank Wear (um)

Starting Flank Wear (zm)

Total Cutting Distance (m)

Starting Total Cutting Distance (m)

Feed Rate, f (mm/rev)

Cutting Speed, v (m/min)

Ra (Residual) (zm)

Figr2Zrig. 12 Pearson's correlation coefficient for resi

These relationships are also analyzed
resul ts RarseroewshiadBel Sitmo ltahre PCC resul t s, t

change with these rRalattilbersthppdl wat hor Esa @
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rate in RABOWAsidsalts is greater than 0.0
no | onger signifi cRantsirneillaatri vieo twoh atth ew arse soibc
in correlation coefficient. The percent <co
nearly 0% The metrics for t Reh aovteh enro tp acrhaanme
rel ative to theRapraesvieoxupse CAINNOIVAb do0ed on t he

to the negligible change in PCC results.

Tab3oeTabl e 9 ANOVA results for Residual Ra, machinin

Parameter Sum of p value PC (%)
Squares
Cutting Speed Vvc 0.52 8.37x 10% 2.23%
Feed Ratef 0.05 0.24 0.21%
Flank Wear, VB 6.71 1.52x 10°! 28.88%
Starting Total Cutting Distance, Lt 1.41 1.43x 10° 6.09%
Error 7.82 - 33.68%
Total 22.01 - 13.43%
The next step as per the framework 1is

MATLABE R2023a was used for the remaining

prediction nmdcedal liinng.ecAs on 3. 2, a dynamome
X, y, and z directions, an accelerometer coc
a current sensor collected spindle cwurrent
use in prediction modelling, tdee ntaoawcaenIo
relevant cutting data. The process in [34]
tri mming of the | ead in and exit cutting s

and computing the fast Fourier transform (
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As pe3d. 4d&Eq the goals afo tfhoirsmud eadReilagrhea pr e
function ofwv)cutdtiiBnhgetsefreesck |l @ct ed i n the feec
selected sensoqgr adcat & hfee asttwarrds n(g ttdot alNod et t
t hat depth of cut is removed as an indepen
as it remained constant within this curren
added into the prediycttioon nnd duedle vaint hinrditchaits
of the tool wear, in order to achieve the
does not include a tool condition monitori
in industry,owtheye maoywylmotexlkarct | evel of fl a
additional time for manual tool wear measu
the tool is used as an approximator for th
next icnuigt cboemp | et esdi. mpllhe sf ovralaure dper at or t o
total cuttingd) dosemntclee prumlparssofl passes coc
of |l engthh, peeff pasad¢ wor k P)i ecse.Jdaka nEeidari t (i on

the PCC and ANOVA resul ts demonstrated t he

starting total cutting Rastance of the too
Yy QO R hO'ha (34)

The feature extraction process entail s
domain statistical features from the cl ean
gualities of the signalscofel hotweadlebpndthieo m
features to be on a similar scale for wuse
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statistical features wutilized as per the
extraction step, which were selected by th
examples of success in |literatoutecomesag|[ B&
The feature selection process i s requir
out put are used as the inputs to the machi

i nhi bit the performance of the predigcti on
computing time. TRitezmM aeePe4 i &1 usseddeecattaua re
process in this framework utidiypes meNOYA val
does not wuse the final predi&]t. oAnynofdedt pree
a r espwvlatliureg O 0. 05 are deemed Raamniaf, i casrdt ar

therefore selected for prediction modellin

The ANOVA results foshowm@abdlele Tshees @lct $ or
indicate 21 featur esRigr evhrieclhevanta fsdargnprifec
from the AI'SI 316 feature selection result
deemed rel evant for selection. Thi s i ndi
understanding of the ®wabolsulriffaeei mpaghnesns

strength of the rel aRaaommnshihgps skeentswe e il att lae f
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Tab3ldTabl e 10 fSeatswregslasal ected using ANOVA
Feature Sum of Squares p value
Fx standard deviation 10.637 2.55x 10°*
Fx SMRA 2.389 2.55x 1022
Fy standard deviation 1.679 2.32x 10%7
Fx RMS 0.566 1.15x 107
IspSkewness 0.356 1.92x 10°
Fx max 0.344 2.58x 10°
Diameter 0.337 3.13x10°
Fy RMS 0.310 6.19x 10°
Fy mean 0.235  4.48x 10*
Fz SMRA 0.190 1.54x 103
AccelerationMF 0.170 2.68x 10°
Fx CF 0.128 8.94x 10°
Fz peakto-peak 0.120 1.13x 107
Fx MF 0.119 1.17x 107
Ispmax peak (frequency domain) 0.114  1.35x 10?
Fz mean 0.099 2.16x 102
Fz MF 0.095 2.40x 107
Ispkurtosis 0.094 2.47x 102
Fx peakto-peak 0.091  2.70x 107
AccelerationlF 0.081 3.67x 102
Ispstandard deviation 0.073  4.78x 102
Comparing the selected features to the

featur es

di ameter.

whi ch

wi |

di ameter

The

|l ear ni

whi ch

cmpl ex

fi

ng

wa s

vV a

sel anmatt eed i fad r

moldes | mwletr ie

selected

a

This validates the i mpacdtitdmat d
| be practical for an operator to
of their workpiece within the mod
nal step for the residual predi ci
mo d e | As discussed, the model u s
selected in the previous study b
riable relationships [34], [41].
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be found in [34]. There are hyperparamet er
accuracy and computational cost. I n order t
the hyperparameters were optimizeidn usheaeg

MATLABE Regression LearnersqAipar et cer miomi niiMS

predicti dmd.,d wirtolssk vali dation incorporate
overfitting |[34]. The bptismiealkeliehh yapmedr ptalr ea
mi ni mum MSE pl ot can be seen in Fig. 13.

Tab3lldTabl e 11 Ensemble gradient boosted regression t

Hyperparameter Search Range Optimal Value
Minimum leafsize 1-113 24
Number of learners 10-500 254
Learning rate 0.00:1 0. 2
Number of predictors to 1-23 23
sample

The hyperparameter optimization process
the MSE converging after 200 iterations. C
previous study, a higher |l earning rate is
pevi ous model [ 34]. A higher |l earning rate
descent function [41], therefore this upda

computational ti me.
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0.028

®
0.026 |-

0.024 -

Minimum MSE
o
o
(N8
(3%

GBRT Hyperparameter Optimization

—O— Estimated minimum MSE
—&— Observed minimum MSE

B Bestpoint hyperparameters

©  Minimum error hyperparameters

0.018 - —m
0.016
1 1 1 1 1 1
50 100 150 200 250 300
Iteration

FigBr3ig. 13 Ensemble gradient boosted regression tree

3.3.2Prdediction Results

For

randoml

eval uat Ramr eodfi ctthe nf unoldel ,

an

y split the experiment al dat a

8 0 %/ 2

nt o

di stributionRafal argpeild inmdarmtealt r ai ns mawna nidn t

Fi g8lrde
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Training & Testing Distribution - Average Ra

-Training
[Testing

60

02 04 06 08 1 1.2 14 16 18 2
Average Ra (;um)

Fig8r#ig. 14 Distribution of average Ra for tral

The testing result sRal sehomvda g @l =dWivtshi mpr

this plot, the closer the observations f al
mod el has performed. This plot shows that
the perfect prediction |liwellind@heatl!l ogteh

is attributed to the nor maHRi @g8irsld ri buti on o
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Testing: Predicted Ra vs. Measured Ra

® Observations
Perfect Prediction

-
[$)]

T
°o®

Predicted Ra (um)
[ ]
)

0.5

0 0.5 1 15 2
Measured Ra (;:m)

Fig8rsig. 15 Testing results for predicted Ra

The testiRayapuedi ceéedti ve to th2019 mits
arsehnowRi g®8lrée Noheaet the data Ii's soRd&¥e®d Rwsrel

of viewing. This pl et01®p psltiaensd atride f A3 ME uB 4 ¢

upper and | ower constraints at 83% and 1172
This allows the wuser t o Raaweadl uae sr acnoguel dw hbeer ¢
acceptabl e, as used in [34]. During testir
were | ocated within the upper and | ower |

the 70% and 50 %-maetseurlitasl Sdafn 8tltbeh srowdlétl is r esp

[ 34]. These results demonstrate that the p
considering the full |l ife of the tool, and
tot al cutting distance of the tool
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FigBreFig. 16 Testing results for predicted Ra048I ative

Addi ti onal metrics to evaliufaatbéd.lemoAd e | p €
epected, based on the | earning rate, the t1
the models in the previous study [34]. As
compared to the previousRRMASIBMIE,3 1lme amo daeld s oil
percentage error (MAPE) all fall within cor
[41]. The R valwue quantifies the |linear r e
values, where a value %vh!l Leiconvegbsthey el
response c¢cl aimed by the predictors, whi ch

possible [6]. Both of these metrics are ap
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