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ABSTRACT

Surface roughness has a great influence on the functional properties of the product. Finding the rules that how
process factors and environment factors affect the values of surface roughness will help to set the process
parameters of the future and then improve production quality and efficiency. Snce surface roughnessisimpacted
by different machining parameters and the inherent uncertainties in the machining process, how to predict the
surface roughness becomes a challengeable problemfor the researchersand engineers. In this paper an attempt
ismade to review the literature on optimizing machining parametersin turning processes. Various conventional
techniques employed for machining optimization include geometric programming, geometric plus linear
programming, goal programming, sequential unconstrained minimization technique, dynamic programming
etc. The latest techniques for optimization include fuzzy logic, scatter search technique, genetic algorithm,
Taguchi technique and response surface methodology.

Keywords. Machining optimization; Goal programming; Fuzzy logic; Genetic algorithms; Taguchi technique;

response surface methodology

1. INTRODUCTION

S.urface roughness hasrecelved serious attention
for many years. It hasformulated animportant design
feature in many situations such as parts subject to
fatigue loads, precision fits, fastener holes, and
aesthetic requirements. In addition to tolerances,
surface roughnessimposes one of the most critical
constraintsfor the selection of machinesand cutting
parametersin processplanning. Surfacefinishisthe
method of measuring the quality of aproduct andis
animportant parameter in machining process. Itisone
of the primerequirementsof customersfor machined
parts. Productivity is also necessary to fulfill the

customers demand. For this purpose quality of a
product and productivity should behigh. Eveninthe
occurrence of chatter or vibrations of the machine
tool, defectsin the structure of the work material,
wear of tool, or irregularities of chip formation
contributeto the surface damagein practice during
meachining.

Turningisameaterial removal process asubtractive
form of machining whichisused to create parts of
circular or rotationa form of desired geometry/shape
by removing unwanted material. The essential
elementsof theturning processare machineor lathe,
workpiecemateria whichisapieceof apre-shaped
part, thefixtureto which themateria isattached. The
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fixtureis secured to theturning machineand isthen
allowed to rotate for awide range of speeds. The
other end of theworkpieceishooked up with thetail
stock to alow perfect rotation and avoid eccentric
rotations.

Turningisusualy opted asasecondary process; it
is chosen in order to improve and refine the
characteristicsand features on parts made by using
other processes. Turningisused to producerotationd,
typicaly axi-symmetric, partsthat have many festures,
such as holes, grooves, threads, tapers, various
diameter steps, and even contoured surfaces. Parts
completely madeonly on aturning machineare used
as prototypes or parts with limited quantity, e.g.
designed shaftsand fasteners. Theturning process
offersvery hightoleranceand good surfaceroughness,
hence, usngitforimprovementsinthedready existing
part isrecommended.

The accuracy of any process depends on
involvement of operationa variables. Theoperating
parametersthat contributeto theturning processare
cutting feed (linear distance covered by thetool during
one revolution of the workpiece), cutting speed
(Speed of theworkpiece surfacerelativeto theedge
of the cutting tool during acut), spindle speed (the
workpiece' srevol ution speed per minute), feed rate
(linear vel ocity of the cutting tool with respect tothe
workpiece), depth of cut (depth of thetool tip with
respect to the surface of theworkpiece). Vibrations,
tool wear, tool life, surfacefinish, and cutting forces,
etc. areasoindirect relation with val ues selected for
processparameters. Hence, toimprovetheefficiency
of the process and the quality of the product, it is
necessary to control the process parameters.

Sofarintheindustry thetrend was such that the
selection of the cutting parameterswas carried out
using previousrecords or experience. Thismay not
bethe most convenient way for the processto work
efficiently asit may resultinsystemfailure, i.e. lossof

toal life or insufficient surface roughness, which will
add to the cost of production. Most researchershave
shownalimitedleve of accuracy usngather andyticd
or semi-empirica approaches. Even after considering
the complicated nature of the process, researchers
have been using anew technique, Artificial Neural
Network (ANN) for simulation. Inashort timethis
techniquebecamethefavoritesnceit offerssmplicity,
accuracy, and robustness.

Theturning processisoneof the oldest and most
used processesin theindustry. It hasawiderange of
applications. It isamaterial removal process. Once
the processis completethereisno way that things
canbereverted. Thesurfaceroughness of manufactured
product isoutcomeof theturning processparameters,
and an important characteristicsthat define product
quality, aestheticsetc. Manufactured partsare often
rejected, because of failureto comply withthesurface
qudity requirements. Sometimes, if possible, rework
or finishing cut can manage to reduce surface
roughness and make part acceptable. Thereis not
just one, but many factorsresponsiblefor resulting
surface roughness e.g. feed, speed, depth of cut,
cutting forces, tool geometry etc. Asweknow, the
choiceof cutting parameter va uesfor turning process
ismostly made on shop floor by the machinist from
hispreviousexperience or from material handbook.
However, thereisstill possibility that the estimated
outcomewould not occur, asnot all thefactorscan
be manually controlled. Therefore, thereisaneed to
use methodol ogieswhich will predict the outcomes
for selection of corresponding cutting parameters.
Optimum values of these cutting parametersisto be
found out, so as to ensure the resultant surface
roughnesswill beminimum.

2. LITERATURE SURVEY

Therearevariousstudiesaimed a determining the
relationship between surface roughnessand cutting
conditions. Wang has studied the effect of special
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cutting conditionsfor micro cutterson theformation
of surfaceroughnessby using aminiature bench and
composi ng amathematical model of these effects.
Davim hasstudied the difference between processing
conditions of turn bench and surface roughness
formation of glass-fiber-reinforced and non-reinforced
PA66 polyamide materials. In some studies, the
processing of rough metals, such ascobat aloy, and
changeintheir cutting parameters are analyzed or
optimized by using techniques such asthe Taguchi
method on the experimental resultsof Bagci, Eetal.
& Aykut, Setad. [1, 2]. The observation of surface
roughnessvaluesby using optimization methodsand
predictionsbased on artificial mind techniquescan
be made. The Statistical Modeling of Surface
Roughness in High-Speed Flat End Milling have
designed a model based on the predictability of
surfaceroughnessvalue with statistical method [3].
Whilemost formulasare devel oped by studying the
rel ationship between the controlled cutting conditions
that are created and surface roughness, in some
conditions the shape of chip waste formed during
treatment is observed aswell as Effect of Coolant
Strategy on Tool Performance, Chip Morphology and
Surface Quality during High-Speed Machining of
A356 AluminumAlloy [4]. Generally in the metal
cutting processes, cutting conditions, cutting tool
geometry, cutting tool type, the usage or non-usage
of coolant, therigidity of work bench used, the cutting
method used and thematerid typeused dl haveeffects
on average surface roughness. Cutting parameters,
I.e. feed rate, depth of cut, cutting speed, cutting edge
and the number of cutting tool, also have effectson
cutting under varying cutting conditions|5, 6]. Severd
modeling techniques of input—output and in-process
parameter relationship using ANN sets offer a
distribution-free alternative and have attracted the
attention of manufacturing practitioners and
researchersalikewhen they runinto difficultiesin
building empirical modelsin metal cutting process

control. Thesetechniques can offer acost effective
aternativein thefield of machinetool design and
manufacturing approaches, and havethusreceived
wide attention in recent years on optimization
techniquesin metal cutting processes, computers &
industrial engineering[7].

A few applications of ANN-based i nput-output
relationship modeling for meta cutting processesare
reportedinliterature. Theliteratureisrichwith relevant
investigations on choosing the best machining
parametersfor low surfaceroughnessduring different
machining processes. M odeling and Optimization of
Drilling Processused abductive network modding for
thedrilling processto predict surfaceroughness[§].
Chien,W.T., Chou, C.Y., 2001. presented anANN
approach to predict the surface roughness of Al S|
304 stainlesssted, the cutting forcesand thetool life
[9]. Thenthegenetic agorithm wasintroduced tofind
the optimum cutting conditions for the maximum
material removal rate under the constraints of the
expected surface roughness. Risbood, K. A., et al.
utilized aneural network to predict surfaceroughness
and dimensional deviation based onthecutting forces
andvibrationsinturning of rolled stedl barscontaining
about 0.35% carbon[10,11,12]. Topal, EY et al.
discovered therole of the step-over ratioin surface
roughness prediction studies in flat-end milling
operations. Machining experimentswere performed
under various cutting conditions by using sample
specimens. The surfaceroughness of these specimens
wasmeasured [13,14].

3. OBJECTIVE AND SCOPE OF THE
PRESENT WORK

Several factorsdirectly or indirectly influence
output responses in turning. The objective of this
research wasto investigate the effects of major input
parameterson theoutput indry turning andto optimize
theinput parameters. Againfromtheliteraturereview
itisevident that though someresearchwork wasunder
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taken into study the influence of machining input
parameterson various output responsesin machining
of mild stedl, till there exits somedisparitieswhich
need to bestudied with moredetail. In multi-response
optimization, itisvery difficult to select the optimal
setting which can achieveal quality requirements
simultaneously. Otherwise optimizing one quality
feature may lead severe quality lossto other quality
characteristics which may not be accepted by the
customers. In order to tackle such amulti-response
optimization problem, the present study applied
Taguchi method through acase study.

Theobjective of the present work is
1. Tosudy theinfluenceof cutting velocity, depth
of cut, feed rateand surfaceroughnessfor a
constant duration of machining for each run.
2. ANN (atificia neura network) approachto
develop a prediction model prior to the
implementation of theactual machining.

4. BRIEFOUTLINEABOUT ANN

Artificial neural networks (ANNSs) areoneof the
most powerful computer modeling techniques,
currently being used inmany fieldsof engineering for
modeling complex relaionshipswhicharedifficult to
describe with physical models. ANN isone of the
most widely used techniqueintheforecastingfield. It
hasprovento beeffectivein modeling virtually any
nonlinear functionto an arbitrary degree of accuracy.
Themain advantage of thisapproach over traditional
methodsisthat it doesnot require the complex nature
of theunderlying processunder consideration to be
explicitly describedin mathematica form. Thismakes
ANN anéttractivetool for modding. ItisaNonlinear
predictive models that learn through training and
resemble biological neural networks in structure
[15,16,17]. ANNswerefirst developed in the 1940s
when they were originally designed to mimic the
functioning of thebrain[18,19]. However, it hasonly
beenthelast 20 or so years, sincethe devel opment
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of new calibration techniques and the increase in
computational power, that their popularity invarious
fields as predication tools has blossomed [20].
ANNSs are mathematical models composed of a
number of highly interconnected processing units
cdled“nodes’ or “neurons’, which, individualy, carry
out rather smpleand limited computations. However,
collectively asanetwork, complicated computations
can be performed dueto the connectively betweens
thenodesand theway inwhichinformation is passed
through and processed with inthe network [17].

4.1 Taguchi Technique

Genichi Taguchi isaJapanese engineer who has
been activeintheimprovement of Japan’sindustrial
products and processessincethelate 1940s. He has
devel oped both the philosophy and methodol ogy for
processor product quaity improvement that depends
heavily on statistical conceptsand tools, especialy
statistically designed experiments. Wu (1982) has
reported that thousands of engineershave performed
tens of thousands of experiments based on his
teachings. Sullivan (1987) reportsthat Taguchi has
received some of Japan’s most prestigious awards
for quality achievement, including the Deming prize.

Sing and Kumar (2006) studied on optimization
of feed force through setting of optimal value of
process parameters namely speed, feed and depth of
cutinturning of EN24 steel with TiC coated tungsten
carbideinsarts. Theauthorsused Taguchi’sparameter
design approach and concluded thet the effect of depth
of cut and feedin variation of feed forcewereaffected
more as compareto speed[21].

Thamizhmanii et al. (2007) applied Taguchi
method for finding out the optimal value of surface
roughnessunder optimum cutting conditioninturning
SCM 4404d oy stedl. Thework concluded that depth
of cut wastheonly significant factor which contributed
to the surfaceroughness 22].
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Wang and Lan (2008) used Orthogonal Array of
Taguchi method coupled with grey relational andysis
considering four parametersviz. speed, cutting depth,
feed rate, tool noserun off etc. for optimizing three
responses. surfaceroughness, tool wear and materia
removal ratein precisonturning onan ECOCA-3807
CNC Lathe[23].

Sahoo et al. (2011) studied for optimization of
meachining parameterscombinationsemphasizing on
fractal characteristicsof surface profilegeneratedin
CNCturning operation. Theauthorsused L 27 Taguchi
Orthogona Array designwith machining parameters.
speed, feed and depth of cut on three different work
piecematerialsviz. duminum, mild stedl and brass. It
was concluded that feed rate was more significant
influencing surfacefinishinal threematerial § 24].

Tsao and Hocheng (2008) highlighted the
prediction and eval uation of thrust forceand surface
roughnessindrilling of compostematerid usngcandle
stick drill. The approach was based on Taguchi
method and theartificia neurd network. A corrdation
was established between thefeed rate, spindle speed
and drill diameter with theinduced thrust forceand
surfaceroughnessin drilling compositelaminate.

Mohan et al. (2005) outlined the Taguchi
optimization methodol ogy, applied to optimizecutting
parameters in drilling of glass fiber reinforced
composite material. The drilling parameters and
specimen parameterseval uated were speed, feed rete,
and drill sizeand specimenthicknesq 25].

JulieZ.Zhang et al. (2006) determined optimum
cutting parametersfor facemilling through the Taguchi
parameter desgn method. Fromtheexperiment results
showed that the effects of spindle speed and feed
rate on surface roughnesswere larger than depth of
cut for milling operations. In addition, oneof thenoise
factors, tool wear was found to be statistically
sgnificant[26].

4.2 Response surface methodology (RSM)

Experimentation and making inferencesarethe
twin features of general scientific methodology.
Satisticsasascientific disciplineismainly designed
to achievethese objectives. Planning of experiments
isparticularly very useful inderiving clear and accurate
conclusionsfrom the experimental observations, on
thebasisof whichinferencescan bemadein thebest
possible manner. The methodology for making
inferenceshasthree main aspects. Firs, it establishes
methodsfor drawing inferencesfrom observations
when these are not exact but subject to variation,
becauseinferencesare not exact but probabilisticin
nature. Second, it specifiesmethodsfor collection of
data appropriately, so that assumptions for the
application of gppropriate statistical methodsto them
are satisfied. Lastly, techniques for proper
interpretation of resultsare devised.

Suresh et al. (2002) focused on machining mild
stedl by Tin-coated tungsten carbide (CNMG) cutting
toolsfor developing asurface roughnessprediction
model by using Response Surface Methodology
(RSM) [27].

Doniavi et a. (2009) used response surface
methodology (RSM) in order to develop empirical
model for the prediction of surface roughness by
deciding theoptimum cutting conditioninturning. The
analysisof variancewas applied which showed that
theinfluence of feed and speed weremorein surface
roughnessthan depth of cut [28].

Al-Ahmari (2007) devel oped empiricd modelsfor
tool life, surfaceroughnessand cutting forcefor turning
operation. The process parametersused in the study
were speed, feed, depth of cut and nose radius to
devel op the machinability mode. The methods used
for developing aforesaid models were Response
Surface Methodology (RSM) and neura networks
(NN) [29].
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Mata et al. (2010) applied response surface
methodol ogy to predict the cutting forcesinturning
operationsusing TiN-coated cutting toolsunder dry
conditions where the machining parameters were
cutting speed ranges, feed rate, and depth of cut [30].

W. Wang et a. (2005) studied on the surface
roughness of brass machined by micro-end-milling
miniaturized machinetool. The cutting parameters
considered were spindle speed, feed rate, depth of
cut and tool diameter. They applied statistical
methods, such asANOVA and RSM to analyzethe
experiment data[31].

Babur Ozcelik and Mahmut Bayramoglu (2005)
devel oped a statistical model by response surface
methodol ogy for predicting surfaceroughnessin high-
speed flat end milling process under wet cutting
conditionsby usng machining variablessuchasspindle
speed, feed rate, depth of cut and step over. They
observed that, the order of significance of themain
variablesisastotal machining time, of cut, step over,
spindle speed and feed rate, respectively [32].

Hussain et al. (2010) developed a surface
roughness prediction model for the machining of
GFRP pipes using response surface methodol ogy
(RSM). The cutting parameters considered were
cutting speed, feed, depth of cut, and work piece (fiber
orientation). A second order mathematical model in
terms of cutting parameters was devel oped using
RSM [33].

5.CONCLUSIONS

A review of literature showsthat varioustraditiond
machining optimization techniqueslike Lagrange's
method, geometric programming, dynamic
programming etc. have been successfully appliedin
the past for optimizing the variousturning process
variables. Fuzzy logic, genetic algorithm, Taguchi
technique and response surface methodol ogy arethe
latest opti mization techniquesthat are being applied
successfully inindustrial applicationsfor optimal
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selection of processvariablesintheareaof machining.
A review of literature on optimization techniqueshas
revealed that there are, in particular, successful
industria applicationsof design of experiment-based
approachesfor optimal settingsof processvariables.
Taguchi methods and response surface methodol ogy
arerobust design techniqueswiddy usedinindustries
for making the product/process insensitive to any
uncontrollablefactorssuch asenvironmentd variables.

Based ontheliteraturereview, themost parameters
that widely cons dered when investigating the optimal
surface roughness are feed rate, spindle speed and
depth of cut. Most of theresearchesdidn’t consider
the uncontrolled parameters, such astool geometry,
tool wear, chip loads, and chip formations, or the
material properties of both tool and work-piece.
However in the present work apart from the above
parameters, axia depth of cut, radia depth of cut and
inclination angle have a so been considered.
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