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Abstract

Minimum quantity lubrication (MQL} refers to the use of culting Muids of only a
minute amount typically of a flow rate of 50 to 300 mlthour which 15 about three to four
orders of magnitude lower than the amount commonly used in flood cooling condition,
The concept of minimwm quantity lubrication (MQL) has been sugpested since a decade
apo as a means of addressing the issues of environmental intrusiveness and occupational
hazards associated with the airbome culting liuid particles on factory shop figors. This
research work deals with cxperimental investigation on the role of MQIL by VG-68 cutting
¢il on chup thickness ratio, cutting tcmperature, cutting forces, too] wear and surface
roughness in turning meditm carbon steel at industrial speed-teed combinations by
uncoated carbide insert and also to develop an Astificial Neural Network (ANN) model w
predict tool wear and surface roughness in a MQL environment. The encouraging results

from cxperimental investigalions include sipnificant reduction in iool wear rate,
dimensional inaccuracy and surface rmoughness by MQL over dry machining mainly

through reduction in the cutting zone temperature and favorable change in the chip-tool

and work-tool] interaction.

Tool wear and tool life influence the productivily, quality, surface integrity, cosl
and profit in any machining process. So, predictien of tool wear and surface roughness
plays a significant role in industry lor higher productivity and surface integrity and [lor
manufacturing process planning. Armificial Neural Network (ANN) is a very promising
tool in the field of modeling and monitoring of machining operations and for process

optimization. [t ¢an recognize pattern in the past data and base on that patiern it can act as

XX



a pattern matching cngine to forecast the fulure dala. The advantage of ANNs over

mathematical model is that they do not require a precise formulation of physical
relutionship; they only need experimental results. In this study, an Artificial Neural
Network (ANN) mode! has been developed for prediction of tool wear and surface
roughness. The input parameters of the ANN model arc the four machining parameters-
cutting specd, feed rate, depth of cut, machining time and the oulput parameters are four
process parameters which arc principal flank wear, maximum principal flank wear,

auxiliary Mank wear and surface roughness.

The proposed model can predict too! wear and surface roughness which is very
|4

close 1o cxperimental values. The results of the ANN model show that the mode! can be

used for the optimization of the culting process ie. culling paramelers can be sct in
advance prior to perform machining operations for efficient and cconomic production and
for the purpose of manufacturing process planning in a properly designed MQL

environment.
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Chapter 1

Introduction

1.1 Introduction

Melal cutting is one of the most significant manufacturing processes in material
removal, Metal cutting can be defined as the removal of melal from a workpicce 1 the
forn1 of chips in order io oblain & [inished product with desired size, shape, and surface
roughness. There arc different methods of metal cutling and uming is one of the

commonest among these methods. Turning is the process of machining external ¢ylindrical

and conical surfaces. It is usually performed on a lathe [1]. -

The quality of machined components is evaluated in respect of how closely they
adherc to set product specifications for length, width, diameter, surface [inish, and
reflective propertics. Dimensional accuracy, tool wear and quality of surface finish are
three [actors that manufacturers must be able to control al the machining operations 1o
ensure better performance and scrvice fife of engineering component.  In the leading edge

of manufacturing, manufacturers are facing the challenges of higher productivity, quality
and overall economy in the (ield of manufacturing by machining. To meet the above

challenges in a global environment, there is an increasing demand for high material
removal rate (MRR) and also longer life and stability of the cutting tool. But high

production machining with high cutting speed, fecd and depth of cut generates large



amount of heat and temperature at the chip-too) interface which ultimately reduces

dimensional accuracy, too! life and surface integrity of the machined component.

Longer cuts at high cutting temperaturc contribute to thermal cxpansion and
distortion of the job which results in dimensional and form inaccuracy, Such high cutting
temperature influcnces the growth of taol wear and also premature tool failure by plastic
deformation and thermal fracturing. The surface quality of the products also deteriorates
with the increase in cutting temperature due o built-up-edge formation, oxidation, rapid
corrosion and induction of ensile residual stress and surface micro-cracks. Such problems
hecome more severe if the work materials arc very hard, strong and heat resistive and the

machined part is under dynamic or shock loading during functional operations. So, 10
control cutting temperaturc is of great importance in machining industries. In indusirics,
the high cutting temperature and its negative nnpacts are tried to be controlled by optimum

selection of process parameters, tool geometry and selection and application of proper
cutting fuid. Introducing heat and wear resistant cutting tool materials like carbides,

coated carbides and high performance cermmics can contribute (o achieve higher
machining efficiency to a corlain extent under normal cutting conditions. Proper selection
and application of cutting fluid is the worldwide acceptable and popular method to reduce

machining temperature. Such cutting fluid not only cools the taol and job bul also provides
lubrication and cleans the culting zone by removing chips and protects the cmerging

linished surface from contamination by the harmlul gases present in the atmosphere.

The conventional types and mcthods of application of cutting fluid have been
found to become less effective with the increase in cutting velocity and feed when the

cutting fluid cannot properly enter into the chip-tool intcrface 1o cool and lubricaie the

2



interface due to bulk plastic contact of the chip with the tool rake surface. Besides thal,
ollen in high speed machining the cutting fluid may cause premature failure of the cutting
tool by fracturing duc to close curling of the chips and thermal shocks. For which,

application of high cooling type water base cutting fluids are gemerally avoided in
machining steels by britile type cutting tools like carbides and ceramics. The more Seripus
concern by the use of cutting fluid, particularly oil-based type is the poliution of the
wortking environment, water pollution, soil contamination and possible damage ol the
machine tool slidé ways by corrosion. The major socio-economic problem [2} that arise -
due to conventional type and methed of application of cutting fluids are —iNCOnVenicnces
due to welling and dirtiness of the working zone, possible damage of the machine tool by
corrosion and mixing of the cutting fluid with the lubricants, environmental pollution due
to break down of the cutting fluid into harmful gases and biological hazards to the
aperators from bacterial growth in the cutting fluids and requirecments of the additional
systems for local storage, pumping, [iliration, recycling, re-coaling, large spacc and

disposal of the cutting {luid, which causes soil contamination and water poliution.

The modemn industries are therefore looking for possible means of dry (near dry),
clean, neat and pollution free machining and grinding, Minimun Quantty Lubrication
(MQLU) refers to the use ol cutting fluids of only a minute amount-typically ol a flow rate
of 50-500 ml/hout-which is about three to four orders of magnitude lower than the amount
commonly used in flood cooling, where for example, up to 10 litres of fluid can be

dispensed per minute. The concept of minimum quantity lubrication, sometimes referred to

as ‘near dry lubrication’ [3] or ‘micro lubrication’ [4].



Too!l wear and surface roughness prediction plays an important role in machining
industry for gaining higher productivity and product quality. Average principal (lank wear
(VD) of cutting tools is c;[len selected as the tool life crilerion as it determines the
diametric accuracy of machining, its slability and reliability. The productivity of a
machining systenl and machining cost, as well as quality, the integrity of the machined
surface and profit sirongly depend on tool wear and tool life. Sudden failure of cutting

tools leads to loss of productivity, rejection of parts and conscquential esonomic losses.
Flank wear occurs, on the relief face of the tool and is mainly attributed to the rubbing

action of the tool on the machined surfacc during luming operation.

During tuming operation the average principal flank wear (VB) prcdominantly
occurs in cutting tool, so the life of a particular toof used in the machining process depends
upon the amount of average principal fank wear. The maximum principal flank wear
(VM) and average auxiliary fank wear (VS) also take place during turning and can’t be
neglected due to their significant impact on surfacc integrity of machined companent.

Crater wear is likely to be prevalent only under cerlain cutting conditions, i.c. higher

cutting speeds and fecds lead to morc crater wear. The surface finish of the machined
compenent primarily depends upon the amount of average principal flank wear (VB). An
increase in the amouni of average principal flank wear (YB) leads to reduction in nose
radius of (be cutling insert which in turn reduces the surface quality along the job axis. The

maximum utilization of cutling tool is one of the ways for an industry to reduce its

manulaciuring cost. Henee tool wear has to be controlled and should be kepl within the

desired limits for any marching process



Tool wear mainly depends upon the machining parameters for fumning a particular
work piece material. In order to maximize productivity and overall economy from a
manufacturing process, an accurate pracess model must be constructed for turning
operation in a MQL environment with speed, feed, depth of cut and machining time as
input machining parameters and average principal flank wear, maximum principal flank
wear, average auxiliary flank wear, and surface roupghness as the responsc or output
varable. Machining under minimum quantity lubrication condition is perceived to yield
favorable machining performance. Relations between technical input variants like culling,
speed, feed, depth of cut and environment and resultant performance in terms of ool wear
and surfacc roughness in tuming of commercially available stcel using widely available

carbide inserl could contribute in industrial applications along with (heoretical

underslanding.

This research aims to develop an artificial neural network (ANN) model for the
analysis and prediction of the relationship between cutling and proccss paramcters during
turning of medium carbon steel. The input parameters of the ANN madel are the cutting
parameters: speed, feed, depth of cut, cutting time and coolant pressure. The output
parameters of the model are four process parameters measured during the machining trials,
namely principal flank wear (VB), maximum principal flank wear (VM), auxiliary flank
wear (VS) and surface roughness (R,). An experimental study would be conducted to

cstablish and validate the proposed model.



1.2 Machining Environment

In machining process, the ool removes material from the surface of a less
resistant body, through relative movement and application of force. The material removed
catled chip slides on the face of tool submitting it to high normal and shear stresses and
moreover 1o a high coefficient of friction during chip formation. Most of the mechanical
energy uscd to fc;nn the chip becomes heat, which generates high temperatures in the
cutting region. A major portion of the energy is consumed in the formation and removal of
chips. The greater the energy consumption, the grealer are the temperature and (he
frictional force at the tool-chip interface and consequently the higher is the tool wear. For

this reason, conventional coolant is aften used on Lhe cutting tool to prevent overheating.
However the main problem with conventional coolant is that it does not reach the real

cutting area [5]. The cxtensive heat generated cvaporates the coolant before it can reach

the cutting area. Hence, heat generated during machining is not removed and 15 one of the

main causes of the reduction 1n too] life [6].

Culling fluids is supposcd ta play a signilicant role in improving lubrication as
well as minimizing temperalure at the tool-chip and tool-workpiece interfaccs,
consequently minimizing seizare during machining but it can only perform these funclions
at the point of chip formation if the coolant aclually reaches the cutting zone. Cutting [luid
can additionally clean the culting zone and protect the nascent finished surface from
contamination by the harm{ul gases present in the aimosphere. Flood cooling of the cutting
zone can elfectively reduce the cutting temperature when machining at lower speed. Ilood

cooling is not effective in terms of lowering cutting temperature when machining exotic



materials or machining at high speed. The coolant does not readily access the tool-

workpicee and tool-chip interfaces that are under seizure condition as it vaporized by the

high temperature generated close to the tool edge.

The majority of the cooling and lubricating aspects of a flood coolant stream are
lost as coolants tend to be wvaponized prior to entering the culiing zone by the high
temperature generated close to the tool edpe, forming a high temperature blanket that
renders their cooling elfect incffective. The {ilm boiling termperatures of conventional

cutting {luids is about 350°C [7]. When ecolant fails to reach the target, it does not perform
its two necessary functions-coolipg and lubricating. Besides that, olten in high production
machining, the cutting fluid may cause premature failure of the culling tool by fracturing
due to close curling of the chips and thermal shocks. For which application  of hLigh
cooling type water basc cutting fluids are generally avoided in machming stects by brittle
type cubing tools like carbides and ceramics. But what is more scrious concern is (he

pollution of the working environment caused by use of cutting fluid, particulaily oil-based

type.

Machining of stecl by pre-cooling with liquid nitrogen may be a solution. This
technique is not the same as cryogenic machining, where the material 1o be cut is cooled o
a very low temperature prior to the machining operation. Rathcr, the method currently
under developnient uses liquid nitrogen to perform the cooling and lubricating job of the

cutting fluid. Much of the part remains at ambient temperature while the flow of nitrogen
is carefully delivered to the point where it is needed, Reportedly wol lifc and finish quality
are also improved by this technique due to the low temiperaturcs at the tool/part interface.

Liquid nitrogen is an incxpensive chemical that Is environmentally inert. Nitrogen is the



most abundant gas earth’s atmosphere and when liguid nitrogen warms, it simply mixes
with and diffuses harmlessly into the air. Chips generated from this technique have no
residual oil on them and can be recycled as scrap metal. However, liquid nitrogen is
hazardous to workers duc to its extremely low lemperaturc. Exposure can result in mild to
exlreme {rostbite, Nitropen that is stored in a scaled vessel wilt increasc in pressure ]

dramatically as it warms, potentially resulting in a non-combustion cxplosion. Large spills

can displace alt of the oxygen In a room in a short time.

Recognizing that large amount of cutting fuid can be a serious threat to health
and environment, leads o adoption of minimum quantity lubrication (MQL), micro
Jubrication, near dry machining er *spatict’ lubrication method. MQL is & method of
delivering metalworking fluids to the point of cut, or just (he logical continuation of the
age old technique of ‘brushing on® a lubricant where it is nceded. In any case, the
technology recognizes that sometimes just a little fluid, when properly selected and applied
can make a substaniial difference in how effectively a tool performs. MQL is perceived to
provide benefits of both dry machining and floed cooling as MQL results cleancr pa;s like
dry machining and serves the basic cutting functions of metal working fiuids which

includes increased tool life, improved surface integrity of the workpiece, and protection of

in-process corrosion (Trim Technical Builetin: Fluid Solutiens for metalworking). In

addition, ML
. Reduces mist and spray, therefore offering an altractive aiternative on
unenclosed machines like a typical tool room or lathe.
. Reduces or eliminate problems associated with thermal shocking of the

cutting tool



* Produces a cleaner, dricr workpiece than a flood or high pressure coolant,

According to Klocke and Eisenblacuer [3] cutting {luids olfer several important
mechanical benefits in machining processes such as cooling, lubricating and chip fushing,
From a recent survey it is indicated that the cost of cutting Muids and the auxiliary
equipments comprisc nearly 7-17% of the total machining costs. Compared with the cost
of the cutting tools (2-4%), the culting fuid cost is significantly high. Therefore it is
necessary to reduce the use of the cutting fluids. Again, small lubricant droplets in the
form of mist, smoke and pases are often produced in the machining processcs that are

harmifu!l to the environment and human health.

Iloed or conventional coclant 1s apphied to remove the heat poncratcd at the
cutting zone, During machining [8, 9], especialiy of very hard materials, much heat is
generated by the fniction of the cutter against the workpicee, which is one of the major
causes of reduction in tool hardness and rapid tool wear, For this reason, conventional
coolant is often used on the cubing tool, to prevent overheating. However, the main
preblem [5] with conventional coolant is that 1t docs not reach the real cutting area. The
extensive heat generated cvaporates the coolant before it can reach the culling arcaThe
high cutling forces generated during machimng will induce intensive pressure at the
cutting edge between the tool tip and the workpicee. Conventional coolant might not be
able o overcome this pressure and [ow into the culting zone to cool the culting ool.
Hence, heat generated during machining is not removed and is one of the main causes of
the reduction in tool life. roper selection and application of cutting [luid generally

improves ool life, At [ow cutting speed almost four times longer tool life was obtained

[10] by such cutting fluid. But surface [inish did not improve significantly.



Machining leads to environmental pollution mainly because of use of cutting

fluids [11, 12]. These fuids often conlain sulfur (S}, phosphorus (P), chlorine (C1) or other
extreme-pressure additives Lo improve the fubricating performance. These chemicals
present health hazards. Furthermore, ihe cost of treating the waste liquid is high and the
trealment itseif is 2 source of air pollution. According to Aronson [2] the major problems

that arnse due to use of culling fluids are:

o environmental pollution duc to breakdown of the culting fluids into harmul

gases at hiph cutting temperature,

o biological hazards to the operators from the bactcrial growth in the cutting

fluids

o  requirements of additional systems for pumping, local storage, fillration,
temporary recycling, cooling and large space requircment.
o disposal of the spent cutting fluids which also offer high risk of water

pollution and soil contamination.

Skin cxposwre fo eutting fluid can cause various skin discases [13]. In general,
skin contact with straight culting oils cause folliculitis, oil acne, and keratoses while skin
exposure to soluble, semi-synthelic and synthetic cutting fluid would resuft in ireitant
contact dermatitis and allergic contact dermatitis. Another source of exposure to cutting.
fluids is by inhalation of mists or aerosols. Airbome inhalation discases have been

oceurring with culting fiuid aerosols exposed workers for many ycars. Thesc discases
include lipid pneumonia, hypersensitivity pncumonilis, asthma, acute airways irritadion,
chronic bronchitis, and impaired lung function {13]. In response to these health cficets

through skin conlact or inhalation, the National Institute {or Occupational Safety and



Health (NIOSH) has recommended that the permissible exposure level (PEL) is 0.5 m g’
as the metalworking fluid concentration on the shap floor [13, 14]. Bennett and Beanett

[15] stated that during machining operations, workers could be expesed to cutting [uids by

skin conlact and iphalation. Skin contact usually occurs when:

o worker directly touches cutting fluid wilhout any protective equipment,

o worker handles wark, machine, and equipment that arc covered with cutling
fluid;
o  Worker is cxposed to cutting fluid splashes from the machine tool or

workpiece.

Enormous cfforts to reduce the use of lubricant in metal cutting are being made
from ithe viewpoint of cost, ecological and human health issues [2, 16-18]. Minimal
quantity lubrication (MQL) can be considered as onc of the solutions to reduce the amount
of lubricant. Again Concern for the environment, health and safety of the operators, as
well as the requirements to enforce the environmental protection laws and occupational
safety and health regulations are compelling the industry to consider a Minimum Quantity
Lubticant (MQL) machining process as one of the viable alternative insicad of using
conventional cutting flnids. In some applications the consumption of cutting fluids has
been reduced drastically by using mist lubrication, HMowever, mist in the industrial
environment can have a sctious respiratory effect on the operator [19]. Conscquently, high
standards are being set o minimize this effect. Use of cutting [luids will become.more

cxpensive as these standards are implemented leaving no alternative but to consider

cnvironmentally friendly manufaciunng.
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Apart from the cost aspects, Heisel et al. [20] found that cutting fuids represents
a serious problem to the preservation of thie environment and to human health. Therefore,
Minimum Volume of Oil 1gchnique may represcnt a compromise between the advantages
and disadvantagasl of completely dry cutting and cutting with abundant soluble oil. MYVO
is a technique, which consists of the application (pulverisation) of 8 very small volume of
cutling el (usually less than 100 ml/h), in a {low of compressed air, This smali amount of
oil, most of the time is enough to substantially reduce friction and to aveid the adhesion of
the chip on the tool. When abundant cutting fluid is uscd, the machined surface is [looded,
while when MVO is used the lubricant is placed just in the contact arca of the tocl-chip
and tool-workpiece. In this technique, the lubrication {function is carnied out by the o1l and
cooling is provided mainly by compressed air. Comparing the above two wel cutling,
Heiscl ct al. [21], pointed out some advantages: (a} the amount of {luid used 1s much
lower; (b) reduction of costs with oil maintenance, recyeling and rejection; (e} ihe
workpieces remain almost dry, eliminating washing operation; (d) the low content of oil

which stays on the chips malkes their drying unnecessary.

When tuming AISI 1040 steel the influence of near dry Iubricatiﬂ_n on cutling
temperature, chip formation and dunensional accuracy was investigated by Dhar et al.
[22]. The lubricant was supplied at 60 ml/br through an external nozzle in a fow of
compressed air {7 bar). Based on the machining tests, the authors found that near dry
lubrication resulted jn lower culling emperatures compared with dry and [loed cooling
The dimensional accuracy under near dry lubrication presenicd a notable benefit of

controlling the incrcasc of the workpiece dimneter when the machining tine elapsed where



tool wear was observed, Dimensional accuracy was improved with the use of near dry

lubrication due to the diminution of teo] wear and damage.

The effects of cutting Muid on tool wear in high speed milling were studied by

Lopez et al. [23]. Both near dry lubrication and flood cooling were applicd when cutlling
aluminum alloys. In addition to expenments, they also performed compuiational fluid

dynamcs (CFD) simulations for cstimating the penetration of the cutting fluid to the

cutting zone, The oil flow rates of 0.04 and 0.06 ml/min were studied. The pressurized air
was applicd at 10 bars, The results showed that (i) with the help of compressed air, the oil
mist could penetrated the cutting zone and provide cooling and lubricating while the CFD
simulation showed that Lhe [lood coolani was not able 1o reach the tool teeth; (il) the
nozzle position relative to feed direction was very imperant for oil low penetration
optimization. Sasahara ct al. [24] reporied that in the case of helical feed milling for boring
aluminum alloy, culting forces, culting temperature and dimension accuracy under near
dry lubrication were close to those under [lood cooling condition. Rahman et al. [23]
performed cxperiments in end milling with the use of lubricant at 8.5 ml/hr it flow rate.
The oil was supplied by the compressed air at 0.52 MPa. The workpiece maicrial was
ASSAB 718HH steei. The experimental resulls showed that: (1) tool wear under near dry
lubrication was comparable 1o that under flood cooling when cutting at low feed rates, low
speeds and low depth of cuts; (2) the surface finish generated by ncar dry machining was
comparabie to that under flood cooling; (3} cutting forces were close-in both ncar dry
machining and Mood cooling; (4) fewer burrs formed during near dry machining compared
lo dry cutting and flood cooling application; (3) the tool-clup inlﬂrfa;;c temperature under

near dry lubrication was lower than in dry cutting but higher than that in Tood cooling.



The eflect of minimuim quantity lubricant on tool life when drilling carbon stecls

with high speed steel twist drills was investigated by Heinemaun ct al. |26]. The cutting
{luid Now rate was 18 ml/hr, It was found that a continuous supply of minimum quantity
lubricant conveyed a longer tool life whilc a discontinuous supply of lubricant resulted in a
reduction of tool life. A low-viscous and high cooling-capable lubricant provided a longer
ool hiie when different lubricants were used for an cxternal MQL-supply in the iests.
Brinksmeicr ¢t al. [27] applied minimum quantity lubrication in grinding. Two different
work materials were used: hardencd steel {(16MnCr5) and tempered steel (42CrModV),
The minimum quantity fubrication was implemented under 0.5 ml/min oil flow ratc and 6
bar pressurized air. With refercnce to the prinding tests, the following resulis were
obscrved: (i} both dry and near dry grinding would cause theymal damage on the hardened
material with the creep feed grinding operation; (ii) acceptable surface finish was obtained
under minimum quantity lubrication it the material removal rate was Jow; (i) the iyp-u:: of
lubricant used in minimum lubrication had a significant influence on the surface finish.
The analysis of the cooling effect of cutting lnid for both minimum quantity lubnication
and flood cooling was also presented. JMowever, there was not a comparison belween

predicted and measured culting temperatures.

Mimimum quaniily lubrication refers 1o the use of cutting {luids of only a minuie
amount — typically of a llow rate of 50 to 500 ml/hour — which is about three to four orders
of magnitude {ower than the amount commonly uscd in flood cooling condition. The
concept of minimum quantity lubrication sometimes relerred o as *near dry lubrication™
[3} or “micro-iubrication™ [4] has been suppested sinee a decade ago as o means of

addressing the issucs of covironmental intrusiveness and occupational hazards associated



with the airborne culting (uid particles on factory shop floors. The minimization of cutting
fluid also leads to cconomical benefits by way of saving lubricant cosls and

workpiece/tool/machine cleaning cycle time. A rceent survey conducted on the production
of the Europcan automotive industry rcvealed that the expense of cooling lubricant

comprises nearly 20% of the total manufactaring cost [28].

In comparison to cutting tools {7.5%), the cooling lubricant cost is significantly

higher. As a result, the need fo reduce cutling fuids consumption is strong. Furthermore,
the permissible exposure level (PEL} for metalworking [uid acrosol concentration i3 5.0 m
g/m®, per the U.S. Occupational Safety and Health Administration (OSHA) (2], and is 0.5

me/m® according to the U.S. National Instiute for Occupational Safety and Health
(NIOSH) [13]. The oil mist level in U.S. auiometive parts manufacturing i‘ac:ifilifs has
been cstimated to be generally on the order of 20-90 mg/m’ with the use of Pmdiliﬂnal
Nood cooling and lubrication [29]. This suggests an opportunity {or improvement of

severil orders of magnitude.

Itoigawa ct al. [30] investigated the cffects and mechanisms in minimal quaniity
lubrication by use of an intermittent turning process of aluminum silicon alloy. Especially

a difference between minimal quanlity lubrication (MQL) and MQL with water is
inspected in detail to elucidate boundary film behavior on the rake face. He concluded that
MOL with water droplets gives good lubrication performance if the appropriate lubricunt,

wuch as synthetic cster, is used. MQL with synthetic cster, without water, shows a

lubrication cffect. However, tool damage and material pick-up onto the tool surface cannot

be suppressed.
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1.3 Artificial Neural Network (ANN)

An artificial neural netwotrk (ANN), often just called a "ncural network" (NN}, is
o mathematical mode] or computational model based on biological neural networks. [t
consists of an intcreonnected group of artificial neurons and processcs information using a
conneetionist approach to compulation. Neural networks can be defined as “A neural

network is a sysiem composed of many simple processing elements operating in paralle!

whose [luiction is determined by network structure, connection strengths, and the

processing performed at computing element or podes

Apical
dendrites

MNucle
Celi

Basal dendrites

Synaptic terminals

Fig.1.1  Schematic diagram ol a biological neuron

Neural network architecturc is inspired by the archilccture of biological nervous

systems, which use many simple processing elements operating in parallel to oblain high

computation rates” [31].

In most cases an ANN is an adaptive systermn that changes iis structure bascd on

externai or internal information that flows through the network during the learning phase.
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In more practical terms neural networlss are non-linear statistical data modeling tools, They
can be nsed to mode! complex relationships between inputs and outputs or to Lind patterns
in dala. In other words neural network can be defined as a serjes of algorithms that attempt
1o identify underlying rclationships in a sct of data by using a process that minlics the way
the human brain operates. Neural networks have the ability to adapt to changing input so

that the network produces the best possible result without the need to redesigh the output

prileria.

The original inspiration for the techuique was from examination of the central

pervous system and the neurons which constitute one of its most gipnificant information
processing clements (Fig.1.1). The neural networks resemble the brain mainly in two

respects-knowledge is acquired by the network from its environment and iniemeuron

connection strengths, known as synaptic weights are used o store the acquired knowledpge

[32].

Figurel.l shows the parts of a nerve cell or neuron. Each ncuron consists of a ccll
body, or soma that contains a cell nucleus. Drancling out from the cell body are a number
of fibers called dendrites and a single long [iber called the axon. Typically they arc 1 em
long (100 times the diameter of a cell body), but can reach up to 1 meter. A neuron makes
connections with 10 to 100,000 other ncurons at junctions called synapses. Signals are
propagated from neuron to neuron by a complicated electrochemical reaction. The signals
control brain activity in the short term, also enable —long term chanpes in the position and
conneclivity of neurons. These mechanisms are thought 1o form the basis for learning in

the brain. Most information processing goes an in the cerebral cortex, the outer layer of the

brain, The basic organizational unit appears to be 4 column of tissue aboul 0.5 mm in

L
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diameter, extending the full depth of the cortex, which is about 4 mm in humans, A
column contains about 20,000 neurons and human brain contains 16" synapses and 10!

Neurans.,

In a neural network model, simple nodes (called neurons) arc connected together
to form a nehwork of nodes hence the term neural network. Other names for the ficld
include connectionism, parallel distributed  processing, neural computation  or

computational neural network (CNN}. Neural nctworks arc composed of nodes or units
connected by directed links, Each link has a numeric weight associated with 1t which
delermines the streapth and sign of the connection.  Fig.1.2 shows ANN with input, output

and one hidden layer with four neurons.

A g A A L T

Hiddenslayer.

LR R | T ¥
Imputflaycr;

r Ll 2T L
X S
/
Input { Y
Oulput=y
X

Fig.1.2 An ANN with input, output and one hidden layer

Here there are three inputs which are X, Xy, and X; and they produce a single

output+Y. The hidden layer establishes the complex relationship between the inpuls and the



putputs. The number of hidden neuron and hidden layer various depending on the nature

and complexity of the problems and disuibutions of the data sct.

Artificial neural networks attempt to mimic the basic operation of the brain.
Informalion is palssed beiween the neurons, and based upon the structurE and synapse
weighls, a network behavior (or outpul mapping) is provided. Neural networks are very
simple implementations of local behavior observed within our own brains. The brain i5

composed of neurons, which are the individual processing clements.

Dendrites

Synaptic weaight
Wy

Cell Body

e
Sum= WX, FWiA3

+w, Xt wiX

Fig.1.3 A single ANN neuron with its elements

The cell body in the human neuron receives incoming impulses via dendrites
(receiver) by means of chemical processes. If (he number of incoming limpulses cxceeds
certain throshold value the neuron will discharge it off to olher neurons through its

synapses, which determines the impulse frequency 1o be fired off. Fig.1.3 shows a typical

ncuron and its clements. A neuron is the basic clement of neural networks, and its shape



and size may vary depending on its duties, Analyzing a ncuron in terms of ils activities is

important, since understanding the way it works also helps us to construct the ANNs.

An ANN may be seen as a black box which contains hierarchical sets of neurons -
(e.g., processing elements) producing outputs for certain inputs. Each processing element
consists of data collection, processing the data and sending the resulls (o the relevant
consequent element. The whole process may be viewed in termas of the inputs, weights, the

swmmation function, and the activation function (Fig.1.3} (33, 34]. The description of he

Fig. 1.7 and the working principle 15 given below:

1. The inputs (.5, Xiy Xaeverees X; arc the activity of collecting data {rom the
relevant sources. These data are fed to the neural network.

2, The weights contral the effects of the inputs on the neuron. In other words,
an ANN saves ils information over its links and each link has a weight (e.g.
Wi, Wi W)). These weights are constantly varied while trying to
optimize the relation in between the inputs and outputs. Synaptic weights
characterize therselves with their strength (vatue) which coresponds to the
importance of (he information coming from each peuron. In other words,
the inforrnation is encoded in these strenpth-weights.

3. Summation function is to calculate of lhe net input readings from the
processing elements. (E.p. Sum= W) X, + W2 Xo+ Wi Xt W) X

4.  Transfer (activation) function (f) detcrmines the output ol ihe neuron by
accepting ihe net input (Sum= ¥ X+ W Xt W3 XoFe + WX

provided by the summation function.
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Depending on the nature of the problem, the determinations of transfer and

summation function are made. A transfer function gencrally consists of algebraic equations
of linear or nonlinear form [35]. The use of a nonlinear transfer [unciion makes a network
capable of storing nonlinear rclationships between the input and the output. A commonly
used function is sigmoid function because it is self-limiting and hus a simple dervative.
An advantage of this function is that the output cannot grow infinitely large or small [36].
.Any differentiable function can qualify as an aclivation function in theory. In -précticc,
only a small number of *‘well-bebaved™ (bounded, monotonically increasing, and

differentiable) activation functions arc used. These include:

The sigmoid {logislic) function:
Fx) = (14 exp(-x))”
The hyperbolic langent {unction:
F(x) = (eXp(x)-exp(-x))(exp(y+ oxp(-x}}
The sine or cosine function:
F(x) = sin{x) or F{x} = cos(x)
The linear {unction:
F(x}=x,

Among them, the logistic transfer function is the most popuiar,

5. Qutputs accept the results of the transter function and present them cither Lo
the rclevant processing element or 1o the outside of the network.

6. Bach input has its own weight plus there is an additional welght called bias



1.3.1 Performancc Measure of an ANN

Like the Perceptron learning rule, the least mean square error {LMS) algorithin is

an example of supervised training, in which the leaming rulc is provided with a sct of

cxamples of desired network behavior:
{P] 3Tl }’ {PI "Tl }’ """ ’{PQ’TO }

Here P, isan input to the network, and T, is the corresponding targel outpul.

As each input is applied to the network, the network output 1s compared to the target. The
error is caleulated as the difference between the target output and the network output. We

want to minimize the average of the sum of these emmors.

13 K g k k
= — W = t - 2
mse QZM Qém ak) s T oo 1.1]

k=]

The LMS algorithm adjusts the weights and biases of the linear network so as o
minimize this mean square ervor. Fortunately, the mean square crror performance index
for the linear network is a quadratic function. Thus, the performance index wili cither have
one global minimum, a weak minimum or oo minjmum, depending on the characteristics
of the input veetors. Specifically, the characteristics of the inpul vectors determine whether

or et a unique solution exists



1.3.2  Types of ANNs

ANNSs can have different number of hidden lavers of neuron depending upon the
complexity of the problem. Based on the number of hidden laycrs ANNs are hwo types —

single layer perceptron and muli-layer perceptron.

[ ]

[nput units Wi Qutput units -

Fig. 1.4 A Perceptron network with threc Perceptron outputs that share four inputs

Single-layer Pereeptron

A network with all the inputs connected directly to the outputs is called a single-
layer network or a Perceptron network. Since cach outpul unit is independent of the others-
cach weight affects only one of the outputs-we can limit our study to Perceptron with o

single output unit as shown e the figure 1.4



Multi-layer Perceptron

This class of nerworks consists of multiple layers of computational units [Fig.

1.5], usually intcreonnected in a feed-forward way, Each neuron in one layer has direcied

connections to the neurons of the subsequent layer. In many applications the units of these

networks apply a sigmoid function as an activation {unction.

O

Input wnts, ag W, Hidden units, a W, Qulput uniis, a,

Fig. 1.5 A multilayer network with onc hidden layer outputs, 4 inputs and 1 cutput

There are several different types of ANNs in usc that basically diffcr on the basis

of their network structure organization (fopologyfarchitecture} and their presence or

absence ol random clements. Among them. most commons are - feedforward ANNS and

regurrenl ANN-L,
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Feed-forward ANNs

The feedforward neural network [Fig.1.6] was the first and arguably simplest type
of arificial neural network devised. In this network, the information meves in only one

direction, forward, ftom the input nedes, through the hidden nodes (if any) and to the
output nodes. There are no cycles or loops in the network. : A feed forward ANN s
characterized by its architecture and determined by the number of layers, the number of

nodes in each layer, the transfer or activation function used in each layer, as well as how

the nodes in each layer are connecled fo nodes in adjacent laycrs,

R e et Al T ‘H*SW‘ '?’Q‘U"ﬂ‘-ﬂ?}_‘l_l L T s
Save) o cnillayer: 3 T
nputBayerly  Hiddondavers  QuputLaver.

Directioniotiinformation: oW, surs
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Fig.1.6 A [eed forward ANN

Although parial conncctions between nodes in adjacent layers and dircct

connections from input layer o output layer are possible, the most commonly used ANN is
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the so-called “fully connected™ network in that each node at enc layer is fully connected

enly Lo all of the nodes in the adjacent layers.

The first layer is known as input layer, the last as oulput layer, and any
intermiediate Jayer(s) as hidden layer(s). A multiple feed forward layer can have onc or
more tayers of hidden units. The number of units at the inpput layer and output layer 1%
determined by the problem at hand. Input layer units comespond to the number of
independent variables while output layer units correspond to the dependent variablcs or the
predicled values. While the numbers of input and output units are determined by the task at
hand, the numbers of hidden layers and the units in each layer may vary. There are no
widely accepted rules for designing the configuration of a neural network, A network with
fewer than the required number of hidden units will be unable to learn the input-output
mapping, whereas tao many hidden units will gencralize poorly of any unseen data.

Several researchers attempted to determine the appropriate size of hidden units. Kung and
Hwang |37)] suggested that the number of hidden unils should be equal to the number of

distinct training pattemns while Arai [38] concluded that N input pattems required N-1

hidden mnits in a single layer. However, as remarked by Lee [39), it is rather difltcuit to
determine the oplimum nctwork size in advance, Other siudics suggesicd that ANNs

generalize better when succeeding layers are smaller than the preceding ones [40, 41].
Although a two-layer network is commanly used in most problem solving approaches, the
determination of an appropriate network configuration usually requires muny trial and

error methods., Another way to select network size is to usc constructive approaches. In

constructive approaches, the nctwork starts with a minimal size and grows gradually

during the training procedure [42, 43]
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Fig.1.7 A recurrent ANN

Recurrcot Nehvork

Contrary to feedforward nctworks, recurrent ncural networks {RNs) are models

with bi-directional data flow. While a feedforward network propagates data linearly from
input to output, RNs also propagate dota from later processing slages to carlicr stages. That

is. closed loops are present in the architecture and nebwark is modified depending on those

{eedback loops. Fig. 1.7 shows cxplicitly the {ecdback links.

1.3.3 Learning Paradigms

There are three major learning paradigms, each corresponding to a particular

absiract learning task. Thesc are supervised leaming, unsupervised learning " and
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reinforcement learning. Usually any given type of network architceture can be cmpleyed in

any of those tasks.
1.3.3.1 Supcrvised Learning

In superviscd learning, both the inputs and the outputs are provided. The network
Lthen processes Lhe inputs and compares its resulting outputs against the destred outpuls,

Errors arc then propapated back through lhe sysiem, causing the system to adjust the
weights which conlrol the network. This process occurs over and over as the weights are
continually adjusted, The set of data which cnables the training is called the "training set.”

During the training of a network the same set of data is processed many times as the

conneclion weights are ever relined. Summary of Supervised training are:

a  Adjust weights such that the differences belween desired and actual ouiputs

are minimtzed
e} Desired output: dependent variable in training data

o  Each ftraining example specifics- (Independent variables, dependent

variables)

1.3.3.2 Upsupervised Learning

The types of ncural networks that don’t use any external human influence, or any
data set, in order to adjust their weights are called unsupervised. Unsupervised learning
models are sometimes called self-supervised learning or clustering. As mentioncd before

the supcrvised models give a result as well as on the correct output. In an unsupervised
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learning procedure no correct output is provided to the network. Presentation of an outpul
is accompanied by depend only on the aclual state that the system is arrived and pot en any
cxternally provided correct output. The network is looking for patterns in the input signals
and then makes matching according to the function of the network. The network identifies
the patierns and diffcrences in the inputs without any external assistance. In unsuperviscd
learning, the network is provided with inputs but not with desired cuiputs. The system
itself must then deeide what features it will use to group the 1iaput data.  This is often

referred (o as self-orpanization or adaptation. Summary of unsupervised learning arc:

¢ Only supplics input
o No dependent variable specified in fraining data

o The nevral network adjusts its own weights so thai similar inputs cause

similar outputs.

1.3.3.3 Retnforcement Learning

In reinforcement Jearning, data x is usually not given, but generated by an agent's
interactions with the environment. At each point 1n time t, the agent performs an action ¥,

and the environment pencrates an observation x; and an instantaneous cost ¢, according to
some (usually unknown) dynamics. The ahin is (o discover a policy for selecting actions
that minimizes some measure of a long-term cost, i.¢. the expected cumulative cost. The

environment's dynamics and the long-term cost for each policy are usvaily unknown, but

can be estimated.
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1.3.4  Lcarning Laws

Many lcarning laws arc in common usc, Most of these laws are some sort of
variation of the best known and oldest lcarning law, Hebb's Rule. Research into different
learning functions continues as new ideas routinely show up in trade publicalions. Some
researchers have Lhe modeling of biological learning as their main objective. Others are
experimenting with adaptations of their perceptions of how nature handles learning. Either
way, man's understanding of how neural processing actually works is-vcr}' limited.
Learning is cerlainly more complex than the simplifications represented by the leaming

laws currently developed, A fow ol the major laws are presented as examples.
1.3.4.1 The Hebb’s Rule

The first, and undoubtedly the best known, lecarning rule was introduced by .

Donald Hebb, The description appeared in his book The Organization of Behavior in 19449,
His basic rule is: 1f a neuron receives an input from another neuron and if both are highly

aclive (mathematically have the same sign), the weight between the ncurons shouid be
strenpthened. Hoplield Law: It s similar to Febb's rule with the exception that it specifies
the magnitude of the sirengthening or weakening. I states, "if the desired output and the
input are both active or both inactive, increment the conncction weight by the leamning

rate, otherwise decrement the weight by the leanung rale.
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1.3.4.2 The Delta Rule

This rule is a further variation of [Tebb's Rule. It is one of the most commonly

used. This rule is based on the simple idea of continuously modifying the strengths of the
input conncetions to reduce the differcnee (the delta) between the desired output value and
the actual output of a processing clement. This rule changes the synaptic weights in the

way that minimizes the mean squared error of the network. This rule is also referred o as
lhe Widrow-EHoff Leaming Rule and the Least Mean Square {LMS) Learning Rule. The

way that the Della Rule works is that the delta crror in the output layer is transtormed by
ihe derivative ol the transfer function and is then used in the previous neural layer 1o adjust
input connection weights, In other words, Lhis error is back-propagated into previous layers
one [ayer al a time. The process of back-propagaling the network errors continues until the

first layer is reached.

1.3.4.3 The Gradient Descent Rule

This rule is similar 1o the Della Rule in that the derivative of the transier function
is still used to modify the delta error before it is applied to the connection weights. ‘-Hcrr:,
however, an additional proportional constant tied to the leaening rate is appended 1o the
[inal modifying faclor ucting upon the weight. This rule is commonly used, even though i
converges to a point ol stability very slowly. It has been shown that different learning rates
for different layers of a network help the learning process converge faster. In these tests,
the Icarning rates for those layers close to the output were set lower than those layers near
the input. ‘I'his is especially important for apphications where the input data 15 not derived
{rom a strong undcrlying model.
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1.3.5 Learning Algorithms

Training a ncural network model essentially means scleeting onc model from the
sct of allowed models {or, in a Baycsian framework, detenmining a distribution over the sct
of allowed madels) thal minimizes the cost criterion. There are numcrous algorithms
available for training neural nelwork models; meost of them ean be viewed as a

straightforward application of optimization theory and csumation. Most of the algorithms

used in training amificial neural neiworks arc employing some [om of gradicent descent.
This is donc by simply taking the derivative of the cost function with respect to the
network parameters and then changing Lhose paramcters in a pradient-related dircetion.

Evolutionary methods, simulated anncaling, and Expectation-maximization and non-

parametric methods are among other commonly used methods for training ncural

networks.

1.3.5.1 Back-propagation Algorithm

Back propagation is a supervised leaming lechnique used for training ANNs, It
was [irst described by Panl Werbosin in 1974, and further developed by David
E.Rumelhart, Georey E.Hinton and Ronald J Williams in 1986. The backpropagation {BPF)
neural network is a multiple layer network with one input layer, one outpul layer and soine
hidden layers between the input and output layers [44]. Its learming procedure is based on
gradicnt scarch with least sum squared optimality criterion. It is most useful for {eed-
forward networks (networks that have no feedback, or simply, that have no conneclions

that Ioop). The term is an abbreviation for back-wards propagation of errors. Back-
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propagation requires that the activation funclion used by the artificial neurons (or nodcs)

be differentiable, One such function used as the activation funclion is sigmoid [unction:

FD=1/1+c" e f1.2]

Onher transfer funclions can also be used. The most commonly used transier functions are

shown in Fig.1.8.

Stepwise procedure of back-propagation algonthny:

o Present a training sample to the ANN,

s Compare the net works oulput to the desired output from that sample.
o Calculate the error in each output neuron.

o TFor each neuron, caleulate what the output should have been, and & scaling
factor, how much lower or higher the output must be adjusted 10 match the

desired output. This is the local error.
o Adjust the weights of each neuron to lower the local error.

o Assign blame for the local error to ncurons at the previous level, piving

greater responstbility to neurons connected by stronger weights.

o Repeal the steps above on the neurens al the previous level, using cach ones

hlame as its error.
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Fig. 1.8 Difterent transfer [unclion used in backpropagalion network

As the algorithms name unplies, the errors {and therefore the learning) propagate
backwards from the cuiput nodes to the inner nodes. So technically speaking, back-
propagation is used to calculate the pradient of the error of the network with respect to the
nctworks maodifiable weights. This gradicnt is almost always ihen used in a simple
stochastic gradiml; descent algorithin to find weights that ninimize the error. Often the
term back-propagation is used in a more general sense, to refer to the entire procedurc
encompassing both the caleulation of the gradient and its use in stochastic gradicnt
descent, Rack-propagation usually allows quick convergence on satisfactory local minima
for error in the kind of networks to which it is suited. It is iniporiant to notc that back-
propagation networks are necessanly mulilayer (usually with one input, one hidden and
one outpul layer). In order lor the hidden layer to serve any wseful function, moltilayer
networks must have non-linear activation functions for the multiple layers. It is the most

cormnmon method of obtaining the many weights in Lhe nelwork. It is a form ol supervised

training.
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The standard BP algonthin suffers from the seriows drawbacks of slow
convergence and inability to avold local mimima, Therefore, BP with the Levenberg-
Marquardt {LM) approximation is used in most of the work, The L.M [caring rule uses an

approsimation of Newton's method to get better performance [45]. This technique is

relatively faster but requires more memory. The LM update rule 1s:

v ={s dpl)] e

Where, J is the Jacobean matrix of derivatives of each crror to eacly weight, g is

a scalar and e is an error vector, I the scalar is very large, the sbove expression
approximates the gradicnt deseent method while if it s small the above cxpression
becomes the Gauss-Newion method. The Gouss—Newlon method is faster and more

accurate near error minima. Hence, the aim is to shifi towards the Gauss-Nowton as

quickly as possible. The u is decreased after cach successful slep and increased only when

the step increases the error.
1.5  Modeling of Tool Wear

In the survey of litcrature we see different models of tool that can be classificd as
matliematical model, regression bascd model. artificial neural network model, and fuzzy

approach model. Some of the surveys of the literature have been highlighted in Uus study.



1.3.6.1 Mathematical Models of Tool Wear

The ability (o predict tool wear or tool life is obviously imporlant for tool
management and manulacturing process planning and alse in Computer Aided Process
Pianning {CAPP). From the beginning, the effort to predict tool wear or 1ol Life takes into
aceount the dependence on the combination on the propertics of tool (material, geomelry,
surface integrity, and intcrnal defects), the work (hardness, strenglh, chemical composition
etc), the cutting condftions (speed, feed, depth of cut, cutting fluids), the culting mode
(tumning, milling, drilling and others) and the machine tool (for example stillncss, state of

mAIntchance).

Moreover, the studies concerning tool wear are mainly experimenlal oncs and few
numerical investications may be recognized in technical literatures. Howover, it musl be
achnowledged that a universal model considenng all aspects is a theorctical and practical
impossibitity, It is however possible to develop tool wear or toel life cquations or
developing Artificial Neural Network (ANN} model if the cutting mode and machine (ool
are limited and the tool wear is simple and dominated by a single mechanism. Many
mathematical and neural network models are developed 0 quantify tool wear
Mathematical models can be categorized into iwo types: tool life models and tool wear rate

models (Table 1.1).

Since the tool wear in culting eperations involves complex wear mechanisms,
researchers have attempled to directly comelate the rosults of tool life to the applied
machining parameters (cutting speed, foed rate, etc.). The well known Taylor’s tool life
relatonship and its various extended equations are of this type |46, 47], these cquations
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describe the relationship between tool life and machining parameters and invalve a [ew

constraints thal need to be experimentaily determined for the given combination of tool

and workpiece matcrials.

Table 1.1 Too! Wear and Wear Rate dModcls

Empirieal Tool Life Models " - * ' Differéntial’ . Tool "Wear Rate

- viodeis: -
Taytor’s Tool Life Equation: Takevama & Murata Model, considering
VT =, Abrasive Wear and Dillusive Wear
{er , C\ = constants) [;;?3]1 c
: _ A —G(V,8)+ D.oxpi——)
Taylor's Extended Equation: il RO
C, {G. D = constants)
vesia?
(@, 0.r,C, = constants)
Taylor’s Extended Equation: Usui's Model, derived {rom cquation of
_ C, adhesive wear [48]
T oypa ¢ W - A
v s (BHN 1 200) W _ o v exe| _j
clt L@

(. B3,7,C. = couslanis)
Temperature Based Equation

(C, 1 = Wear Characteristics constants)

[49]:
7o' =,
(n, C, = Constants)
(dw] S _ Feed

—— | = ‘WearRate

ot V5 = Sliding Velocity

T = Towol Life OHN = Workpiece Hardness
R = Universal Gas Conslant o, = Normal Sircss
E = Process Activation Encrgy & = Culling Temperature
ki = Cutting Speed

The tool life equation of Taylor rclates influence of culting speed on tool life over

limited ranges of culling speed. In mathernatical form the equation can be expressed as:

Where V is the cutting speed, T the 1ool life, & the slope of the log T-log Mand C

is the Taylor constant; that is the cutting speed for a 1 nun tool life, Ths formula indicates
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that z hincar telationship between log T and log V (that is e« is a constant). The Taylor
equation scems to be valid reasonably when machining carbon and low alloy steels with all
types of material in semi roughing conditions (depth of cut 0.050-0.150 in and feeds of less
than 0.020 in) when cutting with speeds to give tool lives of 10-50 min, because it s in this

region that optimuni economic conditions are approached. -

Barrow [50] has found that the tool wear depends on in addition to temperature,
normal stress which acts on the flank face of the cutling tool. He proposed that
temperaturc will exerl a strong [nfluence on the primary wear either through its influence
on the properties of the tool material, the thermal stressing of the tool material or by

facititating of diffusion procoss.

In contrast 1o the above tool life models, the too] wear rate models describe the
rate of local volume toss on the tool contact face per unit arca per unit time. These models
are derived from onc or several wear mechanisms. They provide information about wear
yrowlh rate due Lo some wear mechanisms. In these madels, the wear prowth rate 1o, the
rale of volume loss at the togl face per unit contacl arca per unil time (movmian}, are
related to scveral cutling process variables that have to be decided by experiment or using
some mcthods [51]. Chowdhury [52] developed an empirical tool Mank wear rate model as
a function of cutting velocity, foed, depth of cut, and variation of the normal load with

respect 1o flank wear, wear coeflicient, hardness of the cutting tool and the index of the
diffusion coefficient. Based ont Archard [53] model of volumetric wear rate depending on

the deformation producing particles and considering ditfusion of materials [rom the ool
material, the model employs regression analysis to determine the constants defining the

model. He found that all the input variables paramcters influcnces tool wear rate, however,
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at different extent. The cutting velocity is the predominant factor affecting tool wear, The

Nank wear increases with increase in feed and depth of cul through the influence of feed is

much sigmificant than depth of cut.

It is penerally accepted that for carbide tools under practical cutting tools under
practical conditions, the wear ratc is dominated by a lemperature sensitive diffusion
process, in particular at higher cutling speeds [48, 54-55]. Takcyama and Murata derived a
fundamental wear rate equation by considering abrasive wear, which is proportional to
cutting distance and diffusive wear. Mathew [54] anaiyzed the ool wear of carbide tools

when machining carbon steels and resulls have shown that the Takeyama und Murata’s

dillusion equation can he used to cifectively relate the ool weur rate to the average contact

temperature of the tool.

Fillice et. al |56] devcloped a finite element model based on Takeyma and Murata
model] as it is able to properly describe the diffusion wear effects. Considering diffusion as
the dominant phenomenon at high machining, Fillice rewrote Takeyma and Murata model.
HMowever, Fillice proposed a paramcter which can be described using a polynomial
function of temperaturc, Molinari and Nouari [55] proposed a medel of tool wear by
diffusion, taking into account cutting patamcters, working material properties and
[rictional aspects, and underlined the influence of contact temperature at the interface
between tool and chip. Experimcntal investigations on tungsten carbide tool wear were

performed by Yang |57], who focused lis attention un the evaluation ol the wear

coefficient by several pin-on-disc expernments.



Usal et al. [48] in the tool wear study [or carbide tools derived a wear rate model
based on the cquation of adhesive wear, which involves temperature, normal stress, and
stiding veloeity at the conlact surface. Their results in machining different carbon sicels
(0.15-0.46% C) showed that both [lank wear crater wear obey the same wear mechanism
and can be described by the proposed wear It should be noled that despile considering
diffarent tool wear mechanisms, Mathew [54] could [it the cxperimental wear data well
due 1o the fuct that the diffusive and adhesive wear models used, respectively, have the

sante form with the temperature dependence in the experimental temn.

1.3.6.2 ANN Models of Tool Wear

ANN approach ensurcs cfficient and fast selection ol the optimum cuiting
conditions and processing of available technological data [58]. ANNs have been wadely
appliad in modcling many metal culting operations, such as turning, milling and drilling

[59]. Therc is an extensive research interest in the application of ANNs in modeling and

monitoring of machining operations [60, 01].

The advantage of ANNs over mathematical model is that they do nat require a
ptecise lormulation of physical relationship, they only need experimental n:su!ts..
Applications of ncural networks in computer-integrated production are adaptive control of
cutting process, prediction of surface roughness, cutting forees, vibrations, prediction of

tool wear and tool failure, solving of optimization problems [62-64].

Flanayar and Shin [65] proposed & model, which approximates flank and crater,

wear propagation and their cffects on cutting foree by using radial basis (unction neural
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networks. The generic approximation capabilities of radial basis function neural networks
are used to identify a model and a stale estimator is designed bascd on this identified
model. Ghasempoor el al. [66] proposed a tool wear classification :;nd COTHINUOUS
monitoring neural network system for tuming by employing recurrent ncural network
design. [n the study of Li et al. [67], neural nctwork models have also been integrated with

analytical models such as Oxley’s theory to form a hybrid machining model lor the

prediction of 100! wear and workpicce surface roughness.

Neural networks arc used to predict difficult-to-model machining characteristic
factors. Liu angd Altintas [68] derived an expression to calculate Nank wear in terms of
cutling force ratio and other machining parameters. The calculated flank wear, force ratio,
fecd rate and cutling speed are used as an input 10 2 neurad network to predict the flank
wear in Lhe next step. Sick {60] demonstrated a new hybrid technique, which combines a
physical model describing the influcnce of culting conditions on mcasured force signals
with neural model describing the relationship between nonnalized force signals and the

wear of Lhe tool. Time-delay neural networks are used 11 his studies.

Choudry and Dartarya [69] comparcd the design of experiments technique and
neural networks techniques for predicting too] wear. They cstablished the relationships
between temperature and tool flank wear. The amount of flank waar on a rning tool was
indirectly determined without intcrrupting the machining operation by mwonitering the
temperature at the cutting conc and the surface finish by using a naturally formed

thermocouple. They concluded that newral networks perform better than design of

cxperiments technigue,
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Azouzi and Guillot [70] cxamined the feasibility of neural network based sensor
fusion technigue to estmate the surface roughness and dimensional deviations duning
machining. This study concludes that depth of cut, feed rate, racial and z-axis cutling
forces are the required information thal should be fed inlo neural network models to
predict the surface roughness suceessfully. [n addition to those parameters, Risbood ct al.
[71] added the radial vibrations of the tool holder as additional paramcier to predict the
surface roughness. Benardos and Vosniakos [72] made an extensive litcrature review on

predicling surifaec roughness in machining and confirmed the cffectiveness of neural

network approaches.

Bisht et al. [73] developed a back propagation ncural nelwork model for the
prediction of Mank wear in turning operations. Large numbers of cxperiments have been
performed by them on mild steel workpiece material using high speed stec] (HSSY as the
cutting tool. Process pararnetric conditions including cutting speed, feed-rate, depth of cut,
and the measurcd parameters such as cutting force, chip thickness and vibratli-:m signals are
uscd as inputs to the neural network moded. Flank wear of the cutting 1ool corresponding 1o
(hese conditions was the output of the neural network The performance of the trained
neural network has been tested with the cxperimental data, and is found to be in good
agreement. Yongjin and Fischer [74] developed too] wear index (TWI) and the wol life
model for analysing wear surface arcas and material loss [rom the (ool using micro-optics
and image processing/analysis algorithms. They proposed optimal control strategy -

demonstrates how production cost can be mimmized by adjusting machining parameters

and extending the tool usage within the constraints for specific machining conditions.

Oraby and Hayhurst [75] developed models Tor wear and tool life delermination using



nonlinew regression analysis techniques in tenns of the variation of a ratie of foree
components acting at the tool 1ip. Kuo et al. [76] proposed an on-line estimation system
applied in the area of tool wcar monitoring through infegration of two promisiung
technologies: artificial neural network and fuzzy logic. The proposed system is able o
accurately predict the amount of toal wear, The results showed that the proposed systcm

can significantly increasc the accuracy of the product profile when compared (o the

conventional approaches

1.3.7 Surface Roughness

Each machined surface is a part of engincering component made by any meta
removal process, and each engineering component consists of definite sct of surfaces. In
assembly, an enginecring component becomes a part of final product that earries ¢ut a
cetain tale. Thus, machined surface comes inlo contact either with another surface or with
fluid, accomplishing functioning of assembled device. In contact, in functioning or in
lpading, an arbitrary surface has its own functioning propertics or perhaps its behaviour
that contribute to quality of assembled device, as for instance powcer transmission {clutch,

brake, transmission, driving device), information processing (mcasurement device, video

head) and so on.

The surfacc finish of machined parts is known to have considerable eftect on
some properties such as wear resistanee and fatipue strength. Thus the quality of the
surface is a sipnilicantly importance lor evaluating the productivity of machine tools, and

mechanical parts. A proper cutting condition is extrerely important task beeause these
determine surface quality of manufactured parts [77].
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Surface roughness is predominantly considered as the most important fealure of
practical engineering surface duc to its crucial influence on the mechanical and physical

propertics of machined parts. As a significant destgn specification, surface roughncss
influences on properies such as wear rosistance, cleanability, assembly tolerances,

coefficicnt of friction, wear rate, corrosion resistance and aesthetics and faliguc strenggth,

The quality of the surface is a factor of importance in the evaluation of machine tool

productivity [78]

Surface roughness has received scrious auentions for many years. It has been an
important design feature and qualily measure in many situations such as parts subjecled o

fatigue loads, precision fits, fastcner holes and acathetic reguiremwents. Furthermore,
surface roughness in addition to tolerances imposes one of the most critical consiraints [or

culting parameter selection in manufacturing process planning. As competition grows

closer, customers now have increasingly high demands on quality, making surface

roughness become one of the most competitive dimensions in today’s manufacturing

industry [79]

There arc several measurcments that describe the reughness of a machined

surface. Average roughness, R, for the characterization of surface roughness is used most
widely in the industry Tor specifying surfuce roughness. The R, value is oblained by

measuring the height and depta of the valleys on a surface with respect 1o an average

centerline [Fig. 1.9].
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Fig. 1.9 Arithmetic Average value of roughness (12,) [80]

Shnce turning is the primary operation in most of the production process in the
industry, surface roughness of wmed components has greater influence on the quality of
the product. Surlace [Intsh m torming hay been found 1o be inflluenced in varying amounts
by a number of laclors such as [eed rale, work malenal characteristics, work hardness,
unstable built up cdac, depth of cut, cutting time, tool nose radius and tool cutting cdpe

angles, stability of machine tool and work-piece setup, chatter, and use of cutting fluids in

varying application methods and composition.

1.3.7.1 Modeling of Surfzce Roughness: A Review

Almost all the workers have taken into account the variables of speed and feed in
surface roughness study, Groover [81) and Boothroyd and Knight [82] considers the
impact of three factors, namely (he feed, nose radius, and cutting edge angles, en surface
roughness is depicted. Assuming 2 nonzero cutter nosce radius (r), they developed the

following cquation o estimatc the ideal roughness value
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“ 32,

Where, R, =ideal arithmetic average surface roughness (in. or mm), Sp=fecd
(infrev or mmitev) and r = cutter nosc radius (1n or mm). If the nose radius would be zero,

then the following equation is use to estimate the ideal surface rouphness, Boothroyd and

knight |82]

Ry
H i e .
dlcota +cot g) T [1.6]

Where o and 2 are the working major cutling edpe angle and end cutting edge

angle respectively.

Shaw [83] presented a casc when the fecd lies between the above (wo. Denoling

the peak-to-valley roughness by Ry,, then

i= J[EEL”-—[E”—’T]+S;‘nﬁ+(ﬁ-—l+f‘:asﬂ]€orﬁ T [ )|

r L

A considerable amount of studies has investipated the peneral effects of the speed,
feed, depth of cut, nose radius and others on the surface roughness. A summary of these
representative studies is presented in the table 1.2, Almost all studies presented in Table
1.2 have considered speed and feed. In addition, the work hardness was alse studied by

Bhattacharya et al. [84] and Sundaram and Lambert [85]. The surface roughness models
developed by Grieve et al. [86], Dickinson {87], and Fischer and Elrod [88] considered the

elfect of foed rate and nose radius. These models concluded that the effect of cutling spued

Is insignificant, However, different conclusions were presented in Chandiramant and Cook
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[89], Shaw [90], Boothroyd and Knight [82], Sundaram and Lambert [91], Miller et al.

[92], Feng and Wang [93], and Feng {79]. They have demonstrated thai the cutting specd
had a significant impact on surface roughness despite its comples nature of impaet. In a

certain range, the surface roughness improves as the speed increases. Jlowever, the surlace
roughness will deteriorate due to the impact of built-up edpe (BUE) and chatter when

speeds reach a certain region. After this region, the surface roughness will be found to

improve again |82, §3]

Table 1.2 Factors afTecting surface rouphness and major investigators

l[nvcsugatﬂrs - _‘ufldjor fdctors studled cE "'-‘idlﬂrlal studmd
Kan‘nakdr [94] Speed, fer:d c[cpth of cut SleeI C 45
Bhattacharya et Speed, feed, nose radius, work-piece hardness  [Plain carbon steel
al.[84]

Rasch and Rolstadas [Speed, feed Carbon sieel
[95])

Selvam and Speed, built-up edge, work-piece strain Steel
Radhakrishnan [96] (hardening

Lamibert and Speed, feed, depth of cut Sleel SALL 1018
Taraman [97]

Patropoulos [94] Lol wear, surface roughness distribution Steel

Boothroyd and knightSpeed, feed wild steel

{82]

Selvam [99] Vibrations, chatter speed Steel

Sundaram and Speed, feed, nese radius, deplh of cut Steel 4140
Lambert [100]

Iiller et al. [92] Speed, fecd. tool condition, cutting fluid Alloy, casl iron
ILambert [101] Speed. feed, nose radius Steel DOAC

The depth of cut was considered i the mathematical models developed by
Karmakar [94], Lambert and Taraman [97], and Sundaram and Lambert f100]. Miller ct al,
[92} considered the effect of cutting fluid on surface roughness. Dawson and Kurfess [102]
examined the impact of ool wear on surface guality in hard turning. Alhough a qualitative
analysis of such machirng variables as speed, feed and depth of cut (DOC) on the surface

roughness has been wideiy available in the literature, few comprchensive predictive




modcls have been developed. Accordingly, the past modeling methods on surface
roughness prediction can be classified mito two categories: peometne modeling cxample,
[87-88, 103] and regression analysis. As a type of analytical modeling mcthod, peometric
modeling is based on the motion geometry of a melal cutting process regardless the cutling
dynamics, As described previously, analytical models fend to be gencral and

compulationally straightforward. The first major drawbuck with the geometric modeling
method is that they missed other parameters in cutting dynamics including speed, depth of

cut and the and the work piece material in their models, such as in Equations [1.5] and

[1.6]. The second major drawback with this modeling method is that they did not verify

their model with any expenmental data.

Cne of the major drawbacks with the regression method, a2 kind of cmpu[caﬂ
modeling method, 1s that these studies did not apply the {actonal cxperimentation approach
to design the experiments. Thercfore, the data and conclusions obtained were biascd and
factor interactions were not clearly examined. Another drawback is that each study limited
to ondy a small number of parameters. Furthermore, the regression analysis (RA) method

in surface roughness modeling possesses the gencral drawbacks of an empirical modeling

method as described previously.

This research is able to use the Artificial Neural Networks {ANN} method in

developing the empirical models for tool wear and surface roughncess prediction. The two
methods —Regression analysis and anificial neural network have becn recently termed data
mining lechnigues {104, 105, Jang et al. [106] applicd ANN in surfuce roughness study
and correlate surface roughness with cutting vibrations Greesik [107] used the minimum

vndeformed chip thickness to predict surface roughness in urning. A surface topography
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simulation maodel was established by Lin and Chang [108] to simulate the surlace inish

profile gencrated afler » turning operation with known vibration characieristics. The model
incorporated the effects of tool geometry, cutting parameciers and the relative motion
between the cutting tool and the workpiece on the surface finish profile, which was

‘decomposed” inte three directions, namely, the radial, tangential and axial direction.

The relationship between tool life, surface rouphness and vibralion was cxantined
by Abouelatta and Madl [109].The variables that were considercd included the cutiing
speed, feed rale, depth ol cul, tool nose radius, tool overhang, approach angle, workpicce
length and workpicce diameter and the accelerations in both radial and feed directions. The
acceleration signals were fed w an FFT analyzer that produced ASCII files. The
experimental data were analyzed to produce regression analvsis models. Ghani and
Choudhury [110] fellowed a similar approach in which the vibration signals were used to
monitor 100l wear and 10 verily the correlation between tool wear progression and surface
rouphness during turning. The cxperiments were conducted on nodular cast iron with

ceramic tool, something that {ead to very short tool life {approximately 1.5 min).

Jang et al. (106] focused on the development of an online roughness mcasuring
technigue by studying the effects of cutting vibration during hard turning. A sencs of
experiments that aimed at deterrnining the cutling speed for buili-up-edge {ormation in
turning was conducted by Munoz-Escalona and Cassier [111] and based on the
cxperimental data two mathematical medels which comrelate surface rouphness with
culling paramelers were established. The irst one incivded the citects of the cutling tool’s

nose radius, feed rate, cutting speed and depth of cut while the second added the elfect of
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the material’s hardness on surfacce finish, The most imporant terms were found to be the

[eed rate, tool’s nosc radius and cuiting speed, in that order.

A derailed investipation was carmied out by Thiele and Melkote. {112] conceming
the cffcets of the culting edge geometry and workpiece hardness on the surface [inish and

cutling forces in the {inish hard turning of stecl. An Ulirasonic system was developed by
Coker and Shin [113] for in-process monitoring and conirol of surface roughness. The
objective of Davim et. al [114] was to establish a correlation between culling velocity, feed
and depib of cul wih the surface roughness 1n turmng. For that purpose, a plan of
experiments, based on Taguchi techniques, was desipned and excouted., The rosulls

showed that the cutting velocity had the greater influence, followed by the {ced and that
the croor achicved was smaller than that of a geometric theoretical model. An effort to
predict surface roughness in turning of high-strength steel based on RSM waus made in the

work of Choudhury and El-Baradic {115]. The adequacy of the developed model resulis
was not very good but Lhe conclusion was that the cffcet of feed is much more prenounced
than the effects of culting speed and depth of cot on the surface roughness, Feng and Wang

[116] included a total of six parameters, numely the workpiece hardness, [eed, ool pomnt

angle, depth of cut, spindle speed and cutting dime to build a model [or finish turning

opcrations.

AR extensive work was reported Thomas et al. [117] concerning the role of
cuiting tool vibrations on surface roughness during dry turning operations. A sensor fusion
technique was presented by Azoui and Guillot [118]. They evaluated the surface roughness

and dimensional deviation during (urning. The systematic method for the selection of the
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candidate sensors determined the avemage elfect of each m the performance of the

mcasuring system. The scnsors that affected it the most were fused using ANN modeling.

The work of Chien and Chou [I119] can be divided in two parts. The first part
deals with the building of threc predictive medels, wsing multilayer [unctional-link
networks, for surface roughness, cutling force and tool hife, respectively. The sccond part

focused on finding the optunum cutling conditions by combining surface roughness and
ool life nctwork with a genctic algorithm. In that way, the cutting coaditions that

maximized the metal removal rate were obtained, under the constraints of surlace
roughness and cutting tool lifc. Surcsh et al. [120] also adopied a iwo stage approach
towards optimizing for surface roughness. First, expenimental resulis were used to build
two mathematical inodels for surface roughness by a repression method according to RSM.

Sceondly, the sccond-order mathematical model was taken as an objective fanction and
)

was optimized with a GA to obtain the maclining conditions for a desired surface finish.

Polynomial nctworks were considered in the work of Lee et al [121] to construct
the relationships between the cutting paramelers {cutting speed, feed rate, depth of cut) and
cutting performance (ool life, surfacc roughness and cutting force). Li ct al. [122]

developed a hybrid machining model that integrated analytical models and neural network

modcels for predicting all of the machining characteristic factors. Another approach that
used a crileion for determining a network’s architeclure automatically can be found by
Lin et al. [123] The aim was to develop a prediction made] prior to the implementation of
the actual machining process to detcrmine certain cutling conditions {cutting speed, fecd
rate and depth of cut) in erder to obtain a desired surface roughness value and cutting force

value. Matsumura et al [124] adopted an approach that could evaluate the influence of

3l



machine tool characteristics on cutting processes using adaptive prediction was presenied.
The network for predicting surface roughness had as inputs the cutting speed. the aflinity
between culling toel and workpiece, the chip discontinuity (evaluated by the chip strain),
the built-up-edge formation {cvaluated by average temperature around the culting edge),
the width of {lank wear and the theoretical roughness considering tool wear. An adaptive
neuro-fuzzy inference system (ANFIS) and compuler vision wetre used to predict surface
roughness by Ho et al. [125] in turning, The computer vision system, comprising a digital
camera connceted to a2 PC and the approprate light sources, provided surface images that
were analyzed to caleulate the arithmetic average of gray levels (number of shades of
aray). This information as well as the cutting parameters were given, for a total of four

inputs, to the ANFIS and the roughness value could then be obtained.

1.4 Summanry of the Review

A revicw of the literature on prediction of tool wear and surface roughness reveals
that no ANN model has been steel devcloped to predict teel wear and surface roughness
while machining medium carbon steel under Minimum Quantity Lubrication Condition
with uncoated carbide insert designated as SNMG 120408 znd Considering the four
cutting parameters -cutling speed, feed rate, depth of cut and marching tlime. No ANN
model is still Tound which detenmines the surface roughness and three response variable

related to tool wear (VB, VM, ¥8) and ool life friendly. The rationale behind this study is
1o predict too] wear and surface roughness using an Artificial Neural Network (ANN) so

that optimization of machining parameters can be donc in advance whnle turning medium

carbon steel in a properly designed MQL eavironment,
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1.5  Objectives of the Present Work

The objeclives of ihe present investipation are

a)  Systematic experimental study on the effects of minimum quantity lubrication
on the cutting performance of medium carbon steel at different cutling
velocilies and {ceds in terms of
i, cutting lorces l.e, main cutting force and feed force
ii.  average chip-lool inlerface temperature and work tool temperature
lii. tool wear (principal [ank wecar, maximum principal #lank wear and

auxiliary tlank wear)

iv. surface [inish

by Develop a model for tool wear and surface roughness using an Artificial
Weural Network (ANN) while turning medinm carbon steel by carbide msert
under minimum quantity lubrication from the characterteation of the physical

processes taking place during machining and its validation.

1.6 Scope of the Thesis

‘The thesis 15 organized into five chapters including this one. The chapters are
structured in the following way: Chapter 1 presents the concepts ol machining, general
requirements in machining industries, significance of prediction of tool wear and surfacc

roughness, techno-environmental and socio-economical problems associated with the high
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cutling temperature and the conventional dry machining and expected role of minimum
quantity lubrication (MQL) jet on marching performance and overall cconomy of

- machining. Survey of previous work and objective of the present work are also presented

in Chapter 1.

Chapter 2 presenis the procedure and conditions of the machining experiments
carricd out and the experimental resulis on the effects of Minimum Quantity Lubrication
(MQL) , relative to dry machining, on cutting ratio, cutting zone lemperature, cutling

forces. curing tool wear, and surface integrity in turing medium carbon steel by using

uncoated carbide wmsert under ditferent cutling conditions

Chapter 3 provides development of an artificial neural nctwork (ANN) model [or

tool wear and surface roughness from the characlerization of the physical processes taking

ptace during machining and its validation.

Chapter 4 contains the detaed discussion on the cxpenimental results and

possible interprelations on the results obtained.

Finally, a summary of major investigations of this research work with some

recommendations is given in Chapier 5 and references and appendix are provided at the

endl.
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Chapter 2

Experimental Investigations

2.1 Introduction

The concept of minimum guantily lubrication (MQL) may be coﬁsidcrcd as a
rigorous solution in achieving reduced tool wear and improved surfece finish whiie
mainlaining cutting forces or power at reasonable levels, if the MQL sysiem can be
properly designed. Minimum quantity lubrication (MQL) technique not only pravides
reduction in tool wear or increase in tool life and improvement in surface roughness but
also reduces the consumption of cutling fluid. The aim of the present work is to develop an
artificial neural network (ANN) model for prediction of toal wear and surface roughness in -
tuming medium carbon steel using minimum quantity lubrication which would contribute
in manufacturing plenning, optimization of machining parameters and overall cconomy of
machining produclivily. Before developing an artificial ncural network (ANN) model,
cxperimental study on the effects of minimum quantity lubrication on the cutting

performance of medium carbon steel at different cutting velocities, feeds and depth of cuts
in terms of cubing forces (main cutting force and [eed-force), chip-tool interface

temperature, tool wear and surface roughness will be conducted to realtze ihe performance

of MQL over dry machining.



2.2 Experimental Procedure and Conditions

The machining tests have been caried out by straight turning of medium carbon
stecl on a lathe (7.5 kW) by a standard uncoated carbide insert with IS0 designation-
SNMG 120408 at difTerent cutting velocities (V) and feed rates (1) and depth of cuts under
dry and MQL condition. Minimum quantity lubrication {(MQL) machining has bcen
considered to be an effective semidry application because MQL. ofters positive part on
environment friendlincss as well as techno-economical benefit. To explore the beneficial
cffects of MQL on the machinability distinctiveness of a tool-work combination,
frequently used in machining industries in terms of cutling ratio, cutting lemperature,

cutting force, tool wear and surface finish, which doals with product quality, productivity

and overall economy is an attempl of this research work,

'l he conditions under which the machining tesis have been carried out are brictly
given in Table 2.1, Experiments have been camied ottt by tuming a medium carbon steel bars
of initial diameter 173 num and length 404 mum in a high speed rigid lathe by uncoated carbide
inscrl at different cutting speed (V) and feeds (f) ranging from 66 to 266 nimin and 9.10 lo
0.20 mm/rev respectively and deplh of cut {d) have been selected as 1.0 and 1.5 mm for.
cutting ratio, temperature, force and surfacc roughness under both dry and MQL cr:r;ditic-n.
Jor ussessing ool wear, ool life, roughness during tool wear, cutting speed was selected a3

66 and 266 m/min, [oed rate was 0,10 and 0.20 mm/rev and depth of cut was 1.0and 1.5 mm,

All these parameiers have been selected as per tool manufacturer’s recommendation as well

a5 industrial practices for machining medium carbon steel wilh uncoaled carbide insert.
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Effectiveness ol cooling and the related benefits entirely depends on how cluaely:r
the MQL jet can reach the chip-tool and the work-tool interfaces where, apart from the
primary shear zone, heat is generated. The tool geomelry is reasonably expecied to play
significant role on such cooling effectiveness. Keeping this view ipel conliguration

namely SNMG-120408 has been undertaken [or present investigation. The inserl was

clamped in a PSBNR-2525 M12 typc tool holder.

Table 2.1 Experimental conditions

Machine tool : Lathe Machine(China), 7.5 k'W
YWork maicrials . Medium Carbon Steel
Sive : [nitial Diameter = 173 mm and length = 404 mm
Cutting tool + Uncoated Carbide, (p-30 grade},
SNMG-120408, Sandvik
Geomctry 1 -H°,-6%,6%,15°,75°.0.8 mm
Tool belder . PSDNR 2525 M12 (IS0 specification), Widia

Process parameters
Cuiting velocity, ¥ 1 66, 68, 93, 133, 190, 258 and 266 m/imin

Feed mte, . 0.10, 0,12, 0.14, 0.16, 0.18 and 0.20 mm/rev
Depth of cut, d : 1.0and 1.5 mm
MQL supply + Flow Rate 150 ml/hr, Air Pressure 23 bar, Oif Pressure 25
bar
LEnvironment ¢ 1. Dry

ii. MQL (VG-68 Cutting oil}

The positioning of the nozzle tip with respect to the cutting insert was fixed after
o number of trials. The final arrangement made and used is given below in Fig. 2.1. The
MQL jet 15 dirccted along the auxiliary cutting edec at an angle 30" to reach at the
principal Mank and partially under the flowing chips through the inbuilt groove parallel to
the cutting edges. The thin but high velocity stream of MQL has becn heading for along
the auxiliary cutting cdge of the insert, so that the coolant reaches as close to the chip-lool

and work-too! interfaces as possible and cools the above mentioned interfaces and bath the

57



principal and auxiliary flanks effectively as well. The photographic view of the

experimental set-up is shown i Iig. 2.1

x e v T -
vooelor Hilner wes ol et
F[glz,] : Tpdror amsrapmmedvassenaand wndnagen IO G

=

An MOL system using cutting fluid and compressed air esscntially consists of

compressor {or compressing and delivering compressed air at the desired
pressure
ii.  mixing chamber for mixing cutling fluid and compressed ar

iii. suitable nozzle to impinge MQL to the cutting Zone

iv, pressure and flow control valves for effective ecanomical usc of culling

[huid

A cylindrical bar of medium carbon steel of 173 mm diameter was selected for

straight turning. During machining, the cutting inscrl was withdrawn at regular intervals
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and li‘lCI‘l VB, ¥M3, ¥3 were measured onder metallurgical microscope (Carl Zesis,

351396, Germany) [itled with micrometer of least count 1pm.

Surface roughness was measured respectively by a Talysurf (Surtronic 3+
Roughness checker, Taylor Hobson, UK) using a sampling length of 4.00 mm. The

photopraphic view of (he surface roughness measuring technique is shown in Fig 2.2:
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Fig2.2 Himgand
For the improvement of cutting performance, the knowledge of temperature at the
chip-tool interface with good accurucy is cssential. Several experimental and analylical

techniques have been developed for the measurement of {emperatures generaed in cutting

zone. The average chip-tool interface cutting temperature was mcasured under dry and

MQL conditions undertaken by simple but reliable tool-work (hermocouple eehinique with

proper calibration (Fig. 2.3).
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Temperature, °C

Potential, mV
Fig.2.3 Temperature calibration curve for medivm carbon steel and carbide insert | 126]

2,3 Experimental Results

2.3.1 Chip Thickness Ratio

Chip thickness ratio, r. (ratio of chip thickness beforc and afier cut) 15 an

imporiant machinability index for identifying machining performance. For given lool

geomelry and cutting conditions, the value of r, depends upon the nature of clup-tool
interaction, chip contact length and chip form, all of which are expected to be influenced
by MQL in addition to the levels of V and L. The variation in value of ¥ with change in

cutting velocity, V and feed rate, f and as well as machining environment evaluated for

medium carbon steel for the depth of euts of 1.0 and 1.5 mm have becn ploited and shown

in the fig. 2.4 and 2.5 respectively.
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2.32 Cutting Temperature

Any machining process associated with high velocity and feed rate nherently
generate larpge amount of heat as well as high cuiting zone temperaturc. The magnitude of
this cutting temperature increases, though in dilfercnt degree, with the increase of cutting
velocity, foed and depth of cut, as a result, high production machining is constrained by
rise in lemperature The cutting temperature if not controlled properly, culiing 10015-
undergo severe flank wear and notch wear, loose sharpness of the cutting edge either
wearing or become bluat by welded built-up edge and weaken the product quality. In
normal cutting condition all such heat sources produce maximum temperature at the chip-tool
interface, which substantially inlluence the chip formation mode; cutting forces, tool life and
product quality. High production machining needs to increase {he process parameters further
for meeling up the growing demand and cost compctitiveness. Cutting lemperature is
increascd with the [nerease in process parameter as well as with the increase in hardness and
strengih of the work material. Therefore, attempts are 10 be made to reduce this detrimental

elfizct of cutling tempemture.

The average chip-teol interface temperature was measured under both dry and
MQL condition by twol-work thermocouple technigues with proper calibration during
turning of medium carbon steel at different cutting velocities and feeds in the present

investigation. The evaluated role of MQL on average chip-tool interface temperature in

wrming medium carbon steel by uncoated carbide insert {SNMG-120408) a dilTerent V-

combinations for the depth of cuts of 1.0 and 1.5 mm under both dry and MQL condition

have been shown in Fig.2.6 and Fig.2.7.
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2.3.3 Cutting Force

Cutting forces are generally resolved into components in mutual perpendicular
dircetions for convenicnce of measurement, analysis, ¢stimation of power consumption
and for the design of Machine-Fixturc-Tool-Work systems. In rurning by single point tools
lke inserts, the single cutting force penerated 18 resolved into three components namely;
langential force or main cutting foree, Fe axial force or feed force, Fy and transverse force,

F,. Each of those interrelated forces has got specilic significance.

In the present work, the magnitude of F. and Fy have becn monitored by

dynamometer for all the combinations” of cutling speeds, {ceds, depth of cuts and

environments underiaken.

The eifect of MQL on F and F, that have been observed while wing medium
carbon stech specimen by the uncoated carbide inserts GNMG- 120408 under different ¥

and f with depth of cuts of 1.0 and 1.5 mm have been graphically shown in Fig. 2.8, Fig.

2.9, Fig. 2.10, and Fig, 2.11.
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With the progress of machining the tools attain crater wear at the rake surfacc and

flank wear at the clearance surfaces due to continuous interaction and rubbing with the
chips and the work surfaces respectively. The principal flank wear is the most important
because it raiscs the cutting forces and related problems. Again the Life of the lools, which
ultimately fail by the systematic gradual wear, 1s gencrally asscssed at least for R&D work,
by the average value of the prineipal Nank wear (VB), which apgravates culling forces and
remperature and may induce vibration with progress of machining. Wear may grow at a
relatively faster rate at certain locations within the zones of Nank wear apart {rom
notching, The width of such excessive wear are expressed by VM (maximum flank wear),
VS (average auxiliary flank wear) and V5M (maximum auxiliary flank wear). The reason
of these preferential wears are the prescnce of some initial defect or variation in geometry,
temperature and chip-tool interaction along the cutting edges depending upon the tool
acometry, tool-work materials and the conditions of machining. The patteri-and extent ol
the auxiliary flank wear {VS} affects surface [nish and dimensional deviation ol the
machined parts. Growth of lool wear is sizeable influenced by the temperature and nature
of interactions of the tool-work interfaces, which again depend upon the machining
conditions [or given tool-work pairs. In the present investipations the given inscrt attained
significant values of VM, VS and VSM in different depree under different conditions. Fig.

2.12 shows the schematic vicw of general pattern of wear.

68



Crater wear

VB= Average flank wear
Vid=  Notch wear
z Y= Maximum flonk wear

VS=  Average auxiliary

2 flank wear

VSK= Maximurn auxiliary
flunk wear

|~
Fig. 2.12 Schematic view of general pattem of wear [Dhar, 2001]

During machining under each condition, the cutting inserl was withdrawn al
repular intervals and then the salieﬁl features like, VB, VM, V5, cte, were measured under
metallurgical microscope fitted with micrometer of least count 1.0 pm. At the end of the
machining and attaining sufficient wear the pattern and extent of wear of cach ol was

cxamined under Seanning Electron Microscope (SEM) and the photographs are laken for

onward comparative study.

To reduce the rate of growth of VB, attempts should be made i all possible ways
without much give up MRR. The growth of principal Mank wear, VB willl progress af
machining time recorded while tuming the medium carbon  slecl by uncoated SNMG
insert at lower speed and feed (V=66m/min, £=0.10 mm/rev) and higher speed and feed
(V=258 n/min, £=0.20 mm/rev) with two depth of cut (d=1.0mm and 1.5 min) under dey
and MQL (cutting oil) conditions have been shown in Fig2.13, Fig.2.14, Fig 2.15 and
Fig.2.16. Fig.2.14, Fig.2.15, Fig.2.16 and Fig.2.17 show the growth of average [lank wear

(VB} with ume observed while tumning edium carbon steel by SNMG insert at a

particular V, fand d combination under dry and MQL (cutting oil) environments.
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Fig.2.13 Growth of average principal Mank wear (VB) with machining time tuming

medium carbon steel by SNMG inscrt under dry and MQL environments at

T
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depth of eul 1,00 mm
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Fig.2.14 Growth of average principal flank wear (YB) with machining time turning

medium carbon steel by SNMG insert under dry and MQL environments at

depth of cut 1.50 mm
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| I'Worlk material : Medivm carbon steel _
faal 300 Cutting spoed D 238 mdman
- “||Feed rate 0,20 mnfrev
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Fig.2.15 Growth of average principal flank wear (VB) with machinmg time turning ‘

medium carbon steel by SNMG insert under dry and MOL environments at

depth of cut 1.00 mm
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Fig.2.16 Growih of average principal flank wear (¥YB) with machining time urning

medium carbon steel by SNMG inscm under dry and MQL environments at

depth of cut 1.50 mm
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The growth of auxiliary lunk wear, VS with progress of machining time recorded
while turning the medium carbon steel by uncoated SNMG inseri at lower speed and leed
{V=66m/min, £0.10 mm/rev) and higher speed and feed (V=258 m/min, 50.20 mm/rcv)
wilh two depth of cut (d=1.0mm and 1.5 mm) under dry and MQL {cutting oil) conditions

have been shown in Fig.2.17, Fig.2.18, Fig.2.19 and Iig.2.20.

E 350
| [Waork material  : Medium carkon steel
Cutting speed @ 66 mfrun
300 - Feed : 0,10 mrdrey
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—&— ML (Cutting oil)
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| L A L L L L L L

6 8§ 10 12 14 16 18 20 22 24 26
Machining time, min

Fig.2.17 CGrowth of averape auxifiary flank wear {¥8) with machining time turning

medium carbon steel by SNMG insert under dry and MQL environments at

30

=

1
¢ 2 4

depth of cut of 1.00 mm
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Fig.2.18 Growth of average auxiliary flank wear {(V8) with machining time tumning

medium carbon steel by SNMG insert under dry and MQL cnvironments at
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Fiz,2.19 Growth of average auxiliary flank wear (VS} with machining time turning

medium carbon steel by SNMG insert under dry and MQL environments at
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Envirgninent
—8— MQL {Cutling oil)
— 20— Dy

100
Work material : Medium carbon stecl
50 4 Cutting speed 1258 m/min _
Feed rate ;20 mmirey
i Depth of cut . L5 mm

0 p———77—————"T 7 T T
0 2 4 6 & 10 12 14 16
Machining time, min
Fig.2.20 Growth of average auxiliary flank wear (VS) with machining time turming
medium carbon steel by SNMG insert under dry and MQL environments at

depth of cut of 1.30 mm

The growth of maximum principal flank wear, VM with progress of machining
time recorded while tuming the medium carbon steel by uncoated SNMG insert at lower

speed and feed (V=66m/min, £=0.10 min/rev) and higher speed and feed (V=238 m/min,
f=(.20 mm/rev) with two depth of cut (d=1.0mm and 1.5 mm) under dry and MQLI

(cutting oil) conditions have been shown in Fig.2.21, Fig.2.22, Fig.2.23 and Fig.2.24.
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Fig.2.21 Growth ol Maximum principal flank wear {YM) with machining time turning

medium carbon steel by SNMG insert under dry and MOL environments at

depth ot cut of 1.00 mm
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Fig.2.22 Growth of maximum principal flank wear (VM) with machining time turning

medium carbon steel by SNMG insert under dry and MQL environments ot

depth of cut of 1 50 mm
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Fig.2.23 Growth of maximum principal flank wear (VM) with machining time turning

medium carbon steel by SNMG insert under dry and MQL cnvironments at

depth of cut of 1.00 mm
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1'ig.2.24 Growth of maximum principal flank wear (VM) with machining e wEning

medium carbon steel by SNMG inscrt under dry and MQL enviromuents al

depth ol cut of 1.50 mm
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SEM micrograph of worn out prineipal flank and auxiliary [lank of SNMG msert

after machining at lower speed and [eed (V=06m/min, =010 mmirev) and higher speed

and feed (V=238 m/mn, =020 mm/rev) with two depth of cut {d=1.0mm and 1.5 mm)

under dry and MQL (cutting oil) conditions have been shown o Fig 225, Fip2.26,

Fig.2.27, Fip .2 28, Fig.2.29, [ig.2.30, Fig.2. 31 and Fig 2,32,
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{b) BMIQL condition, 24 min

SUM views of priscipal flank of worm ool SNMEOG josert afler muchinmg
medinm carbon steel under (4) Dry and (b)Y MOQL conditions with cutting speed

66 m/nin, feed rate 0.10 mnv/rev and depth of cut 1.0 mm
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(d) MQL condition, 24 min
SEM views of principal flank of warn oul SNMG insert after machining

medium earbon steel under {¢) Dry and {d) MQL conditions with cutting speed

Fig.2.26

66 m/min, feed rate 0.10 minfrev and depth ol cut 1.5 mim
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Fig.2.27

el ol e ol o
C e ol ko Mkl

i

{f) MQL condition, 16 min

SEM views ol principal Ilank of worn out SNMG inscrt after machining
medium earbor steel under (¢) Dry ard (0) MQL conditions with cutling speed

258 m/min, feed rate 0.20 mm/rev and depth of cut 1.0 mm
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Fig.2.28 SEM views of principal Mank of wom out SNMG insert after machining
medium carbor steel under (o) Pry and () MQL conditions with cutting

speed 258 mimin, feed rate .20 mav/rev and depth of cut 1 5 mm
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Fip.2.29 SEM views of auxiliary Mank of worn oul SNMG insert afler machining

medinm carbon stec! under (i) Dry and (j) MQL conditions with cutting speed

66 m/min, feed rate 0.10 mm/rey and depth of cut 1.0 mm
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Fig.2.30 SEM views of auxiliary flank of worn out SNMG insert after machining
medium carbon steel under (k) Dry and (1) MQL conditions with cutting speed

66 m/min, feed rate 0.10 mmirev and depth of cut 1.5 mm
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SEM views of auniliney (ank of wom out SNMG inscrl after machining

oedium carbon steel under (n1) Dy and (n} MQL conditions with curting

specd 258 m/min, feed rate 0.20 mm/rev and depth of cut 1 0 mm
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Fig.2.32 SEM views of auxiliary Munk of wom out SNMG inscrt afler machining
medium carbon steel under (o} Dry and (p) MQL conditions with culling

speed 258 m/min, feed rate 0,20 mm/rev and depth of cut L5 mm
2.3.5 Surface Roughness

Surface roughness is a widely used index of product quality and In (Most cases a
technical requirement for mechanical products. The performance and surface life of any

machined component is influenced by surface integrity of that component. Achicving the
desired surfuce quality is of great importance for the functional behavior of a part.

Therefore, the estimation of the magniude of surface roughness under given culling
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conditions resulting from resufting from metal 1emoval operations is one of the major roles

in this arca.

The surface roughness of machined parts is a significant design specification that
is known to have considerable influence on properties such as wear resistance, cleun
ability, assembly tolerances, coeflicient of friction, wear rate, comosion resistance, fatipue
strength and aesthetic appearance. The quality of surface finish is a factor of importance in
the evaluation of machine tool productivity. As roughness of the machined surfuce 1s an

important guality measure in metal cuiting, it is unportant fo monitor and control surface

roughness over time during the machining operation.

Surface roughness has been measured at two stages; one, afler a few seconds of
machining with the sharp tool while recording the cutting lemperature and forces and
scoond, with the progress of machining while monitoring growth of tool wear wilh
machining time. Here the surface finish has been measured by a Talysurf (Surlronic 3+,

Rank Taylor Mobson Limited) by the machining of the steel bar by the uncoated carbide

insert at different V-f conibination for the depth of cuts of 1.0 and 1.5 mm under dry and
MQL using a sampling length of 4.00 mm. The arithmetic average value is measttred

several times and il is then averaged to obtain the surface roughness value for the

combinations of cutling speed, feed and depth of cut.

Fig.2.33 and I'ig 2.34 show the variution in surlace roughness observed dunng
machining of the medium carbon steel bar by the SNMG inscrt at variable ¥-f and under

two different depth of cut (1.0mm and 1.5 mm) respectively under dry and MQL
conditions.
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Fig.2.33 Variation in surfzce roughness (R,) with that of V and f in tuming medium
carbon steel by SNMG insert under Dry and MOQL conditions at depth of cut of

1.00 mm

E 2.8
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Fig.2.34 Variation in surface roughness (R.) with that of V and {in turning medizm

carbon steel by SNMG inseri under Dry and MQL conditions at depth of cut of

1.50 mm
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Variation of surface roughness wiih progress of machining time at lower speed
and feed (V=66m/min, £=0.10 mm/rov) and higher speed and feed (V=258 m/min, =0.20

mm/rev) with two depth of cut (d=1.0mm and 1.5 mm) under dry and MQL (cutting oil)

conditions have been shown in Fig.2.35, [1g.2.56, Fig.2.37 and Fig 2.38

6
Woark material « hedium carbon stec
Culting speed ;66 m/min

5 —| Feed rate 0,10 mmdrey
Depth of cut ] mm

a4

Surface roughness, R , um

| - Invironment
—0— MOL (Curling o}
~C— Diry

0 =TT | L T 1 L 1

LI I
0 2 4 6 & 10 12 14 16 18 20 22 24 26
Machining time, min

Fig.2.35 Variation in average surface roughness (Rp) with time recorded during turning

medium carbon steel by SNMG insert under dry and MQL environments al a

depth of cut of 1.00 mm
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Fig.2.36 Variation in averape surface roughness (Ry) with time recorded during turning

medium carbon steel by SNMG insert under dry and MQL environments at

depth of cut of 1,50 mm
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Fig2.37 Variation in average surface roughness (Ro) with time recorded during turning

medium carbon stcel by SNMG insert under dry and MQL environments at

depth of cut of 1.00 mm
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Work material  : Medium carbon stee
Cutting speed 1 238 m/min

5 <} Focd rate < 0,20 mnyrev
Depth of cut ;1.5 mm
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Fig.2.38 Variation in average surface roughness (R.} with time recorded during turning

Surfacc roughness, R , ym

medium carbon steel by SNMG insert under dry and MQL environients at

depth of cut of 1.50 mm
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Chapter 3

Artificial Neural Network (ANN) Model

3.1 ANN Model Formulation

Artificial neural networks (ANNs) are one of the most powerful computer

modeling techniques, based on statistical approach, currently being used in many fields of

engingering for modeling complex relationships which are dillicult to describe with

physical models.

ANNs have been extensively applicd in modeling many metal-cutting operations
such as turning, milling, and drilling [Ezugwu ct al [128], Dimla and Lister [129], Dimla
[130]. However. this study was inspired by the very limited or no work on the application
of ANNs in nwodeling the relationship between cutting conditions and the process

parameters during machining of medium carbon steel by uncoated carbide insert under

minimum guantity lubrication (MQL) condition,

The imporance of predicting the tool wear and surface finish in any machining
process help us for proper planning and conlrol of machining parameters and optimization

of the cutting conditions to mininze production cost and tme and producing products of

desired quality to satisfy our purposes.



3.2

Input Variables

Before developing ANN model 1o predict tool wear and surface roughness, the

Factors that affocts the process performance needs to be considered first:

(i)

(ii)

The machining variables or set up variables, which include cutling speed (V),
feed rate (f) and depth of cul (d). These parameters can be set up in advance. It
means that these parameters are controllable. These parameters have been used in

our proposed model. In tuming operation [Fig. 1.1] a workpiece is rotated and o
cutting tool removes a layer of material as il moves to the le(l. The cutting tool is

s¢1 at a certain depth of cut (mcasured in mm or inch) and travels to the left with a
cerlain velocity as the workpiece rotates. Two valucs of depth of cuts {(DOC) have
been sclected over the permissible range: which are 1.00 mm and 1,50 mm in

order 1o formulate the ANN model, ‘The feed or feed rate is the dislance the tool
travels per unit revolution of the workpicee {mm/rev or inchfrev). As o result of
this action a chip is produced which moves up the face of' the tool. Two values of

feed rate have becn selected in this research work, they are 0. Imim/frev and 0.2

mnfrey

The tool peometry fike nosc radius, rake angle, side cutting edge angle, cutting
edge. These factors depend on the tool to be chosen fur a particular machining

process, If the tool is qualitative-prediclable, then parameters arc considered to be
controllable. Anyway, it is necessary to keep in mind that such a factor like buill
up edge can oceur. In such case tool geometry can not be considered as

prediclable parameter, In our research, the experiment was carried out for a

al



{it)

(1¥)

(v)

(vi)

particular tool-work combination, tool peometry was constant, So, il has not been

congidered in the ANN model which was proposcd to predict tool wear and

surface roughness.

Workpiece and their mechanical properties. I used materials are produced under
quality control, thc parameter (workpiece properlics) can be considercd as
controilable. As mentioned above, the experiment was carried out for a particular
tool-work combination; chemical and physical properties of machincd material
can be considercd constant. So, it has not been considered in the ANN model

which was proposed to predict tool wear and surlace roughness.

Auxiliary tooling, and used fubrication. Auxiliary tooling, for example clamping
sysiem, can be considered as condrollable, i clamping process is done correctly.
{"lamping problems can be figured out by controlling machined parts waviness or

cutting machine, for cxample lathe, vibration parameters. In our experiment,

lubrication or cooling liquids are not used. In such cases, the factor is omitied in

the proposed ANN model.

Vibrations between workpiece, machine lool and cutting tool. These factors

influcnce process perlormance to a great extent. For simplicity this has not been

considered in the proposed neural nelwork model.

Machining time influences the process performance 10 a great exient. As

machining {ime incrcases, tool wear also increases and so significanily influence
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the surface quality. Considering this, machining time has been considered as one

of input parameters of the model.

33 QOutput Yariables

331 Tool Wear

Cutting tools are subjected to high localized stresses, high temperatures, shiding of
the ol along the machined surface. These condinon induced tool wear, which in turn
adverscly affects tool life, the quality of the machined surface and its dimensional
accuracy and consequently the economics of cuiting operations. Tool wear is generally a
yradual process. [n an automaicd production line, for manulacturing process planning the
prediction of teol wear is of much significant. The rate of tool wear depends on tool and
workpiece material, tool shape, cuiting fluids; process parameters (such as cutling speed,
feed and depth of cut) and machine-too] characteristics [131}. There are two basic types of

wear: [lank wear and crater wear (Fig.2.12).

Flank wear is caused by friction between the flank face (primary clearunce face)
of the tool and the machined workpicee surface. At the tool flank-workpiece surface
contact area, tool particles adhere to the workpiece surface and are periodically sheared
olf. Flank wear occurs on the relief face of the tool and the side reliel angle and is
generally adributed 1o rubbing ol the too! aleng the machined surface, causing adhesive
andfor abrasive wear and high temperatures which affect tool-material which affeet wol-
matcrial properties as well as the workpicce surface, Culting speed is the most signilicant

process variable in too] life, although depth of cut and feed rates is also important [131]
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Atter sclecting the lubricant, culling ool material, and geometry to be uscd in
marching a panicular work material, the best cnginecring approach is to ideatify a
machinability speed thatl corresponds to Lhe critical temperature limits of both cutting tool
and work material. The tool-weork material interface temperature must be below the
diffusion and melting limits of the materials used in the culting tool; otherwise binding

materials such as cobalt in the WC or TiN or AlaOs in cubic boron nitride (CDN) tools

may diffuse towards the chip leading to a chain of diffusion, adhesion, and abrasive wear

mechanisms.

It is a well known fact that cutling forees increases in the foed direction when
flank wear grows. Friction between the flank and finish surface produces additional forces

to the shearing. These forces have greater influence 1n Lthe direction nornmal to the flank

surfaces. However correlating the increase in cutting force with tool wear 1s still difficult,

since the curling forces may also increase due to the changes in the workpiece geomeltry

and material properties of the workpiece [132].

The productivity of a machining system and machining cost, as well as quality,
the intcprity of the machined surface and prefit strongly depend on tool wear and tool life

During turning operation the average principal flank wear (VB} predominantiy occurs in
culting tool, so Lhe lifc of a particular toel used in the machining process depends upon the
amount of average principal flank wear. The maximum principal flank wear (VM) and

average auxiliary flank wear (VS) also take place during tumning and can’t be negiceled

due to their significant impact on surface integrity of machined component.
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3.3.2 Surface Roughness

The surface parameter used to evaluate surface roughness in this study is the
roughness average (R.). This parameter is also known as the arithmetic mean roughness.
value, anthmetic average (AA), or coenterline average (CLA). Within the presented rescarch
framework, the discussion of surfacc roughness is focused on the universatly recognized.
Ra 15 recognized universally as the commonest intemational parameter of roughness. The
average roughness 15 the area between the roughness profile and its center line, or the
integral of the absolute vaiue of the roughness profile hetght over the evaluation lenpth

[Fig. 1.9] [80, 133-134]. Thercfore, R, is specilied by the {ollowing equation:

] L
R, =E6ﬂ‘r'(xjfdx, ................................... 13.1]

When I, is evaluated from digital data, the integral is normally approximated by a

trapezoidal rule:

] & .
3 1 R — 3.2]

Where, R, is the arithmetic average deviation from the mean line {um), L is the
sampling length, and Y is the ordinate of the profile curve. Graphically, the average
roughiness is the arca {shown in Fig.1.9) between ihe roughness profile wnd s center line
divided by the evaluation length. Surface roughness 15 a widely used index of product

quality and in most cases a lechnical requirement for mechanical products. The

performance and surface lile of any machined component 1s influenced by surface inlegrity
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of that component To develop the model of ool wear along with surface roughness the
value of average swrfacc roughness, R, was mcasurcd with the progress of machining
whilc menitoring the growth of wol wear with machining time. Here the sucface finish hag
been measured by a Talysurf (Surronic 3+, Rank Taylor Hobson Limited) by the
machining of the steel bar by the uncoated carbide insen at different V-f combination lor
the depth of culs of 1.0 and 1.5 mm under MQL environment using a sampling length 4.00

mm. The arithmetic average value is measured several times and it is then averaged to

obtain the surface roughness value [or the combinations of curing speed, feed and depth of

cuf.

3.4  ANN Model

There has been continual in research interest 1n the applications of ANNs in the

modeling and monitoring ol machining operations and [or process oplinlization.

Cutting speed {¥) Average principal flank wear {¥B)

Feed rate ( Artilicial Maximum principal flank wear (¥ M)
Neural
Depth of cut (d Network Auniliary tlank wear (V5 )

Machining fime( 1} Surfaee roughness (R,)

Fig. 3.1 Schematic diagram of ANN for Tool Wear and Surface Roughness

The input/output dataset of the ANN model that we are to going to be formulated

to predict lool wear and surface roughness in a MQL environment 1s iflustrated

schematically in Fip. 3.1
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The input parameters ol the neural network are the cuiting conditions, namely
cutting speed {V), feed rate (f), depth of cut (d) and cutting time {L}. The output
parameters of the model are four process parameters measured during the machining trials,
namely principal flank wear (VB), maximum principal flank wear {VM), awxiliary fank
wear (V8) and surface roughness (Rg). An cxperimental study would be conducted to

cstablish and validate the proposed medel. ‘The five basic steps used in general application

of neural network have been adepted in the development of the model: assembly or
collection of data; analysis and pre-processing of the data; design ol the nctwork object;

training and tesling of the network; and performing stmulation with the trained network

and post-processing of results.

3.4.1 Experimentation (Collection of Input-Cutput Pataset)

The machining tests have been carricd out by straight turning of medium carbon

steel on a lathe (7.5 kW) by a standard uncoated carbide insert with 15O designation-
SNMG 120408 at different cutting, velocities (V) and feed rates {I) and depth of cuts {d]

under MQL (cutling oil) condition. In total four machining tests were conducted for
different cutling speeds, feed vates, depth of cuts and machining time. During machining
trials the cutling inscrl was withdrawn atl reguiar intervals to examine the pattern and
extent of wear under a metallurgical microscope, Afler each trial, the average surface
roughness value was also measured by a Talysurf. Wec have thus ebtained several pairs of
outpul variables in response to the dilTerent combinations of process purun;ctcrs. The data
range selected was as follows: low speed (68 mimin)- low feed (0.1mm/rev) and biph

speed ( 258 m/min)-high feed ( 0.20 mm/rev). All the machining trials were carried with

and between these two ranges for the depth of cut of 1.0 mm and 1.5 mm respectively.
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3.4.2 Pre-processing ol Input-Output Dataset

The peneralization capability of the neural network is totally dependent on: (i) the
selection of appropriate input-output parameters of the system (ii} the distribution of the
datasel (iii} the format of the preseniation of the dataset o the nctwork. For our ANN
model, the input paramcters used are the four main cutting parameters (cutling speed, feed
rate, depth of cut, marching time), while the oulput datasct are the four process paramelers
{average principal flank wear, maxinum principat flank wear, average auxiliary ftank
wear, average surface roughness). In this study four machining test were carried out and a

total ef 38 input-output datasct pairs were obtained during the machining trials.

[ Cutting specd, V] [ Average prineipal Mank wear, VB..
Feedrate,f Maximum principal llank wear, VM
h= Depthofcnt,d |’ L= Averageauxiliary flank wear, V5
| Machining time, t,_ | | Averagesurfaceroughnes, R

Before the ANN can be lrained and the mapping learnt, 1t is important 1o process
the experimental data into pattems. Training and testing pattern vectors arc formed before
input-output dataset arc fed 1o network. Each patiern is formed wilh an input condition

vector, P and the corresponding target vector, T, which is shown in the above matrix.

Before training the network, the input-output dataset were normalized within the

range of +1, using the Matlab command ‘premnmx’. The normalized value {x;} for eaclt-

raw input-output dataset (d,) was calculated as
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X, = —————{d, =, Il s [3.3]

I d'm.u - dnun.
Here, %, =normaliced value
di=original value ol input/output
Omin =minimum value of input/output

dpv=maximum value of inpul/output

3.4.3 Neural Network Design and Training

[he network architeciure/ topology or features such as number of neurons and
layers are very imporlant factors that determine the lunclienaiity and generalization
capability of the network [135]. The selection of the activation function and training
afgorithm also play a significant role to obtain beller [orceast of response variable, In this:
work, standard multilayer [eed-forward back-propagation hicrarchical neural network is
adapted for the prediction of tool wear and surface roughness in turning medium carbon
steel in MQL environment. The neural network has been deipned with MATLAB 7.1
software. The back propagation algorithn: is a gradient decent crror-correcting algorithm
which updates the weights in such a way that network outpul error is minimized [136]. The
foed forward backpropagation network consists ol an input layer (where the inputs of the
problems are received), one hidden layer (where the relationship between the inputs and
outputs are determined represented by synaptic weights) and an output layer which emits
the outputs of the problem. The input layer has four neurons corresponding to each of the
four culting parameters and four neurons in the Gl.ltp;.lt layer corresponding to cach-of the

four response parameter (Fig.3.7). In order to find out the best network architecture
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different networks with different number of layers and neurons in the hidden layer were
desipned and tested; different training algorithm were used; transfer function in the
hidden layer and ouipul layer were changed and (inally scleet the optimal network to
predict 100l weat :-Lnd surface roughness, The issue of determining the optimum number of

hidden nodes Is a crucial vet complicated one. In general, network with fewer hidden

nodes are prelerable as they usually have better generalizations ability and loss over [itting
problems. But network with too few hidden nodes may not have enough power to model
and learn the dala. The most common way in determining the number of hidden nodes is
via trial and error. Several rutc of thumbs have also been proposed, such as, the numiber of

hidden nodes depends on the number of input patterns and each weight should have at least

ten inpul pattcrns (sample size). In the case of one hidden layer network, several practical
guidelines exist. These include 2n+1, 2n, n\2 where n is the number of input nodes.
Lawrence and Fredrick [137) sugpested that the number of hidden neuron = {n,+nz), where

0y and ny arc the number of input and output nodes respectively.

For the optimal petwork architecture, tangent signoid transfer function ‘tansig’
has been used in the hidden layer and linear wransfer function *purehn’ has been usn;-; in the
output layer. The ANN configuration is represented as 4-25-4 that is input layer consists
of four inputs, the hidden layer twenty {ive ncurons and the output layer colnsisting of four

outputs {neurons). The number of newrons in the hidden Jayer is determined by trial and

error mcthod after desipning and investigating many networks. As mentioned above, there

15 no (ixed rule for dotermining the number of neurons in the hidden layer e number of

neurons in this laycr must be large cnough to allow for cnough partitions of the non-hnear

evaluation space.
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Training of an ANN plays a significant role m designing the direet ANN-based
prediction. The accuracy of the prediction depends on how it is trained. The training of the
neural network using o feed-lorward back propagation algorithm has been carried out. The
network performs two phases of data flow. Fiest the input pattern s propagated from the
inpot layer to the outpul layer and. as a result of this forward Now ol data, it produces an
output. Then the errar signals resulting from the dilference between the computed and the
actual are back propugated (rom the outpul faver to the previous layers for them to update

their weights,

The number of neurons in the hidden layer is intentionally chosen to start with
five {5) neuron and hidden neurons are added to the hidden [ayer by 5 incremenially. The
addition of hidden neurons continucs untif there 1s no further improvement in network

performance. The performance of the network was evaluated by mecan sum of squared
crror (MSF) between the measured and the predicted values for every outpul nedes in
respect of training the network. The feedback from that processing is cailed the “average
ereor™ o “performance”, Onee the average error is below the required poal or reaches the

iequired qoal, the neural nelwaork stops training and is, therefore, ready to be verilied.

The training performanee of different network architectures {4-5-d. 4-10-4, 4-13-
4, 4-20-4, 4-25-4) has been shown in the Fig. 3 2, Fig. 3.3, Fig. 3.4, Fig 3.5 and Fig. 3.6
respectively. 1t is scen from the Fig. 3.2 and iig. 3.3 that the network architectures
consisting of five and 19 hidden neurons do not converges to the required crror goal
(0.00017 that has been set in this study, Iig. 3.4 shows that the 4-15-4 archilecture meets
the ereor goal at the end ol 143 cycles. After exceeding 15 numbers ot hidden neurons. all
other designed network mects the performance poal but their generalization ar prediction
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accuracy 15 not same. The best network configuration was sclected on the basis of

coethicient of determunation (R?) and mean absolute percentage of error (MAPE) {or cach

of the oulput parameters in respect to both training and testing per{formancc.
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Fig.3.5

Fig.3.6
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MATLAR 7.1 has heen used lor training the networl architeeture which has been
developed for prediction of ol wear and surface roughness. A COMPALLEN PROLELT Wik
performed under this MATLAB version. The input-output datasel consisting of 38 paticrns
was divided randomly into {wo categories: training dataset 75% of the data and iest data
set which consists 25% the data. There arc 28 training patterns considered for prediction of
ool wear and surface roughness, After the training, the weights arc frozen and the mode] is
tested [or vadidation. lor this purpose, the input paranteters to the neiwork are sets of
values (an this case 1} pairs of dataset) that havgnot been used for traning the netwaork
{raw untrained data) but are in the same range as those used for training. This enables 10-
lest the network with regard to its capability for inlerpolation. When we create a fecd-
forward network under MATLARB, it generates initial weight and bias valucs for a layer
with the help of Nguven-Widrow algorithm. This reduces training fime by sclling the
initial weights in such o way that the acuve region of the layers neuron will be distributed
approxtinately cvenly over the input space. The advantage of this over completely random
initialization 1s that once the training starts the weights movenients are smaller and settle

quickly, since the majority of weight movemenls were eliminated by the method of

mittafization | 138].

Lach ncuron is a processing clement, which performs a weighed sum of all input
variables that feed it Depending on the value of weighted sum of the variables, the neuron
gives a signal to the neurons in the adjacent layer through a non-linear transfer Nunction
(sigmoid function in this case}. The woel wear and surface roughness values ol wuining
samples are treated as the desired and larget ouwput. The algorithm used lor the neurat

netwark learntng is “the backward propagation algorithm® with Levenberg-Marquard
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(LM} version This training algorithm {LM) was chosen doe to its high accuracy in similar
function approximation [139] .So. the leaming has an adaptive nature that means vector
pairs from the training model are mapped. respectively, to remioree the weights until
deviation between the training output and the desired output of each training vector sample

colyeroes 10 a neglipble ervor of 0.0001 in this application. .

'f "
a:fm'.w

Cutting specd (Y] Averape Principal flank wear (Y13}

Tead rate () hdamimom principal aok wear [VM]

Depth of cut (d) Average Auxdiary Tank wear{¥s )

tachining Lme [ 4] Surfage roughness (14}

Input layer

Hidden layer
Fig. 3.7  Proposed ANN medel { Network architecturc: 4-25-4)
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The optimum ANN architeclore 18 shown in Fig. 3.7, Tor clarity, not all of the
couaections between input-hidden neurens and hidden-output newrons arc shown in Fig.
3.7, The mementwn constart and learning rate used in this maodel s 0.5 and 0.1
respectively. The maximuwm number of training cpochs set was 10.000 and the training
error poal was 0.0001, After the training is completed. the actual weight valucs ﬂrchsmrcd
in a separate file. The Yalue of R? and MAPE valugcs between the network predictions and
the experimental vahues using training and test datasel for difterent network architecture
have been shaown in table 3.1 and whble 3.2, The weight and buas values for the proposed

ANN model have been shown in table 3.3 and table 3.4 The summary ol the proposed

model (Fig. 3.7) is given tn table 3.5,

3.44 Testing and Performance of the Designed Network

Training and testing performance of the optimum network topology can be

cvaluated by the following measures:

112
RMSE =[[1]Z|1, -0 J.|3] ................. reerenen[34]
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AP = | Fodel prediclion vahues — Bspernimental mlucﬁfx VOB

Exp-urimr.mlul valis ! .............................

Where,
( :  Target value
0 1 Qutput value

EMSE : Root mean squared crror

MEF :  Mean error percenlage

APE +  Absolute perecntage of error

R* :  Coefficient of determination/ Absolute fraction of variance
P :  Number of patterns

i :  Proccssing clements

Aller post processing the predicted values by using the MATLAD command
‘postmnmx’, regression analysis was adopted to find the coefficicnt of detenmination
value (RY) for bm-ch training and testing phases to judge the network performance. The
performance capability of each network was examined bascd on the coefficient of

determination value (R) between the network predictions and the experimental walues

using the training and test data set. Another index named mean absolute percentage of
error (MAPE) is also used in this analysis to judge the training and testing performance. It
is shown from (he lable 3.1 that network with 1 hidden layer and 25 neurons in the hidden
fayer with ‘tansigmoid’ and “purelin’ transfer function in the hidden and output laycr

tespectively and trained with Levenberg-Marquardt algorithm provides the best result. Tt

can also been scen from table 3.1 and table 3.2 that increasing the number of neurens from

25 to 35 has no significant improvement on the performance of the network. So, 4-23-4

network architeeture was selected as the oplimum ANN model.
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Table 3.1 R® and MAPE wvalues between the network predictions and the
experimental values using training and test dataset (n=5-20)
Tratning
Levenberg-Marquarde algorithm
algerithm
Activation | tansigmoid/ linear transfer function in hidden and oufput layer
function respectively
Training performance Testing performance
Hidden
1 1 } 1 I 1 1 1
fayers
neurons in
3 10 15 20 3 10 15 20
the layver
VB ( Average principal {Tank wear}
R* 0.0883 [ 0.9996 [ 0 9994 | 0.9998 | 0.9873 | 0.9935 | 0.9914 | (.9643
MAPLE | 0.2879 | 0.0091 | 0.0083 | 0.0029 | 3.4613 | 7.5779 | 3.6315 | 2.4635
VM (Maximum principal flank wear})
R’ 0.9887 | 0.9995 | 0.9999 | 0.999% | 0.9882 | 0.4797 | 0.9728 | 0.9815
MAPE | 0.3618 | 0.0149 | 0.0055 | 0.0044 | 0.5026 | 35.151 | 1.2000 | 0.0348
VS (Average auxiliary flank wear)
R’ 0.9945 [ 0.5993 | 0.9994 | 0.9994 | 0.9480 | 0.9402 | 09482 | 0.9528
MAPE | 0.1083 | 0.0130 | 0.0126 | 0.0118 | 3.8217 | 20.732 | 0.4882 { 2.5265
R ( Average surlace roughness)
R’ 0.9979 | 0.9998 { 0.9997 | 0.9996 | 0.9852 | 0.1108 | 0.8144 | (.L8%0]
MAPE | 0.0175 | 0.0018 { 0.0047 | 0.0044 | 0.4560 | 22.701 | 3 2681 | 4.3964
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Table3.2 R? and

MAPE  wvalues  between

the

nclwork  predictions

experimental values using training and test dataset (n=25-35)

and

Training
. Levenberg-Marquarde algorithm
algorithm
Activation tansigmoid/ linear transier function in hidden and output
function layer respectively

Training performance

Testing performance

Hidden layers 1 l 1 1 l l
neurons in
(he layer 25 30 35 25 ap 35
¥B ( Average principal flank wear)
R 0.9998 | 0.9998 | (9998 | 0.9915 (L9783 0.9957
MAPE | (0061 0.0138 0.0043 0.3633 1.2481 4.’?2%{5
VM (Maximum prncipal flank wear)
R’ 0.9999 | 0.999% | 0.9999 | 0.9906 0.9772 0.9855
MAPLE | 0.0051 0.0036 | 0.0095 0.3812 | 0.7533 3.5843
VS (Average auxdiary flank wear)
R’ 0.9995 | 09934 | 09994 | 0.976] 0.9435 (0.9845
MAPE | 0.0096 | 00087 | 0.0143 1.6331 2.4674 £.9135
R, { Average surface roughness)
R’ 0.9996 | 09996 | 0.999 | 0.9627 | 09211 | 08691
MAPE | 04037 (.0082 0.0072 4.8506% 0.8052 36261
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From Fig. 3.8 we see thal the cormrelation cocfficicnt of 1 and 0.996 was obtained

for training dataset and the model predictions respectively for average principal Nank wear
(VB) for the network topography (4-23-4) where the number of hidden neurons used is
cqual to 25, The corrclalion coeflicients for other parameicrs are also realized from Lhe
table 3.1 and lable 3.2, The percentage crror of the model prediction was also calculated
as the percentape difference between the experimental predicled values relative to the

experimental value. Table 3.1 and tabic 3.2 clearly depicts the coellicient of determination

{R*) and mean absolute percentage of error (MAPE) for different network architecture for
the four responsc variables VB, VM, VS and R, As shown in table 3.1 and table 3.2, 25
neurans gives the best values with respect to both training performance and testing

performance or gencralization capability of the ANN architecture. It is shown that the

model can predict valucs within crror ranging from 0.3633 to 4.8069. So, it can be
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concluded thal the modecl suggested in this work have high accuracy for predicting the

desired parameter in luning medium carbon steel under a MQL environment,

Fig. 3.9, Fip. 3.10, Fig.3.11 and Fig. 3.12 shows the ANN prediction values and
obscrved values for four response variables namely average principal flank wear (VB),
maximum prncipal flank wear (VM), average auxiliary flank wear (VS), and averape
surface roughness (R,) respectively. From the graphs, it is clear that the proposed modcl
can predict valucs which are nearly very close to experimental obscrvations for each of the
output parameters. The rcsults show that the ANN can be used casily for prediction of teol

wear and surface roughness and hence help in optimum selection of cutting parameters

(VC, f, d, t,) for the purposc of manufacluring process planning,
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Table 3.3 Weight corresponding to the input laver and hidden layer

i Wy b W3 Wy h;

1 2.3367 -1.2477 -1.3473 i.0588 -3.2414
2 -1.5410 -1.7688 1.5745 3.7736 3.5839
3 0.8811 (L8434 -2.8459 -0.0048 -2.9204
4 -0.0374 -2.2477 0.9248 1.8901 1.7723
5 1.9431 -1.5716 -1.7561 0.0070 -2.0942
6 1.0633 -2,5031 0.8945 1.7140 -1.4506
7 -0.249% 1.44%0 -0.5402 0.4152 0.9697
8 -2.5066 -(1.2961 1.8545 (.6209 1.4303
9 16626 21248 1.9478 2.23069 -1.4400
10 -0.2213 -(.0289 0.6696 -2.5384 0.2008
i1 0.4683 -0.7635 -1.29]2 2.3561 1.5310
12 1.4609 1.7240 1.8930) - 6584 -(.3589
13 2.4854 0.3662 1.349%4 -0.8450 (L0455
14 1.9633 -1.060% -0.8738 1.7251] 11014
15 -2.2329 0.6405 1.1004 0.4554 -1.3378
16 -1.4225 1.1311 -0.2629 0.2341 -1.1534
17 1.9540 -1.5133 0.2614 -2.7172 0.8671
18 2.6101 1.4525 -1.1289 2.08306 0.2139
19 (19782 -1.2374 -0.8669 -2.6392 -1.2769
20 23221 1.9725 0.5233 -1.1875 1.7290
21 -2.323% 0.3414 0.9462 1.5883 -2.4303
22 -1,3512 1.5469 0.2624 -5.1658 -5.6020
23 1.4431 -1.1295 1.5299 -1.0938 3.0607
24 -2.1792 -0.8368 0.6297 -2.0089 -2 8066
25 -1.5625 -1.3336 -0.2595 2.1165 31967
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Table 3.4 Weight correspending to the hidden layer and output layer

Wi

Wi 0.8932 "0.0765 0.7734 0.128]
Wi 0.1990 0.0568 -0.0460 1.7590
s 0.0287 0.1783 0.0246 -0.2905
Ws 11713 0.4956 1.3498 -1.9564
Ws 0.9345 -0.4853 -0.0364 0.4831
W 0.5741 -0.2269 -0.0135 0.1710
W 0.8468 1.4655 1.1085 1.1063
ws 0.0938 -0.1836 -0.6548 205477
wo 0.2711 0.3984 0.1293 0.6477
W10 -0.2478 -0.6560 -0.4602 1.0947
Wi 0.0831 0.1651 -0.2358 14362
W 0.0473 -0.3442 13556 -0.2991
w13 04015 0.5747 0.1503 -0.9327
Wi 0.4226 0.3094 0.0994 -1,3687
Wi 0.5203 0.4197 0.1737 1.2396
Wie -0.2743 0.1871 -0.1559 13713
Wi 0.9147 0.0043 20,5004 0.1232
wig 0.2086 -0.2066 2.1270 1.5041
Wis 10,3849 ~0.0643 -0.4436 1.8059
Wi 0.6455 0.2472 0.0521 20,2237
Wi 20,7966 0.4084 0.3586 11901
wa -0.7125 04912 -0.9036 -1,7232
wa 0.7443 0.1047 "0.2423 -0.7506
iy 04378 §.9725 053147 -1.0594
Wi 0.5636 0.1093 1.6730 0.5414
b, 07810 | -0.6436 -1.0057 0.7123
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Table 3.5

Summary of the ANN modcl

Object medel

Input neuron

Qutput neuron

Tool wear and Surface roughness

V: f: d: tf}

¥B, VM, V5§, i,

Nretwork structure

MNetwork type Feed-forward Back-propagation (BP) Network
o BP transfer function Tansig/Purelin
o BP training function Trainim
o BP weight/bias leaming l.eargdm
function
o Network Performance MSE
function

Learning conditions

Leaming scheme

Supervised {emming

Leaming rule

Gradierd descent rule

Input neuron

Tour

Oulput neuron

Four

Saniple pattern vector

28 (for training), 10 (for testing}

Numbcr of hidden layer i {one}
Neurons in lndden layer 25
Learmng rate, o 0.3
Momentum constant, f3 0.5
Perlormance goal/Error goal (+000]
Maximum epochs {cycles) set 10,600
Number of epochs required for 119

MEE at the end of training

9.99642E-05
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Chapter 4

Discussion on Results

4.1 Chip Thickness Ratio

During any Machining process chips are produced. The chips produced forecast
the inieraction characteristics at chip-tool interface. To asses the performance of the
machining, it is sometimes desirable to inspect the machining chips. Chip propertics
largely depend on the hardness of the work material, tool geometry-especially the rake
angle and the cutting parameters i.¢. cutting speed, feed rate and depth of cut. They arc

also somewhat dependant on the cuiting environment and the nature of the chip-tool

tnteraction.

In this study, the chip samnples were collected while uming the medium carbon
stecl by uncoated SNMG-120408 insert at different V-f combinations under both dry and
MQL conditions, Then the thicknesses of the chips were measured wilh the help of digiwl
slide caliper. Afler that the chip thickness ratio (r;) whichi 1s the ratio of the uncut chip

thickness to chip thickness afler cut was calcubated.

The chip-thickness ratio (r;} is an important index of chip formation and specilic

energy consumption for a given tool-work combination, It is evaluated from the ratio,



O PP
a3 dy

Where,

t. = Chip thickness ratio

a1 = Chip thickness belore cut = f sing

a; = Chip thickness

f = Feedrate

p = Principal culting edge angle

Duwring the machining of the metals and alloys, continuous chips are produced and
the valuc of r, is generally less than 1.0 because chip thickness after cut (a3} becomes
greater than chip thickness before cut (a;) due to almost all sided compression and friction

at the chip-tool interface. Smaller value of 1o means larger cutting forces and {nction and
hence is undesirable. For given tool peometry and cutting conditions, the value of r.
depends upon the nature of chip-too! interaction, chip contact length and chip form, alt of
which arc expected to be influenced by MQL in addition to the levels of V and . All
parameters in machining are directly or indirectly linked with the chip thickness ratio, If
there is cxcessive heat generated al the cutting zonc, there will be high [riclion between the

tool and the work malerial. This frictional {oree will cause high energy consunption hence

higher cutting force. These will lcad 1o a low chip thickness ratio which is not desirable.

The variation in value of 1. with change in cutling velocity, ¥V and {eed rate, fand
as well as machining environment evaluated for medium carbon steel for the depth of cuts

of 1.0 and 1.5 mm have been plotted and shown in the fig. 2.4 and 2.5 respectively.
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From Tig.2.4 and Fig2.5 it has been shown that application of MQL jet has
impraved the value of chip thickness ratio for &l V-f combinations due to reduction in

{riction at the chip-tool interface, reduction in built-up-edge formation and wear at the
cutting edges. In all V-f combinations MQL by cutting oil shows morc effectiveness than
machining in a dry environment. The MQL jet, with both its lubricating and cooling cfleet,
minimized the shrinkage of shear zone and plasticization and reduced the formation of

butlt-up-cdge.

The figures.2.4 and 2.5 clearly represents that throughout the present
experimental domain the value of ro gradually inercased with the increasc in V and f in
different degree under both dry and MQL cenditions. . This 15 duc o the higher energy

utilization associated with higher material removal rate.
4.2 Cuftting Temperature

Generation of heat at the cutting zone is of prime concern in any machining
process and this heat needs 10 be controlled to an optimum level in order to achieve betler
machining performance. Luring machining, shearing of work material, friction between
the flowing chips and rake face of the tool and friction of auxiliary flank with finished
surface are the principal sources of heat generation. Cutting temperature increases with the
increase in specific energy consumption and material removal rate i.c. with the increase of
cutting velocily, feed and depth of cut, as a result, high production machining is
conslrained by the ascend in tcmperature. The high temperature generated adverscly
affects, dircetly or indirectly, chip formation, cutting forces, tool life, dimensional

aceuracy and surface integrity of the machined components. Therelore, application of

120



MQL at chip-too] interface is expoeted to improve upon the aforesaid machinability
characteristics that play vilal role on productivily, product quality and overall economy in
addition to environment-friendliness in machining particularly when chip-tool or work-100l

.interface temperature is high.

In this research work, a tool-work thermocouple with proper calibration [126] was
used to determine the average chip-tool interface temperature during turning of medium
carbon stecl at different cutting velocities and feeds and the values were plotled against
different cutting speed under both dry and minimum quantity hibrication (MQL) condition

by uncoated SNMG insert. It was expecied ihat the application of MQL jet would be much

more effective at low speed and Teed as well as high speed-feed condition in reducing the
average chip-tool interface temperature which plays an imperative role on productivity,
dimensional accuracy, surface integrity and overall economy in turning medium carbon
steel. The evaluated role of MQL on average chip-tool inlerface tcmperature in turning
medium carbon steel by uncoated carbide insert (SNMG-120408) at different V-
combinations for the depth of cuts of 1.0 and 1.5 mm under both dry and MQL condition
have been shown in Fig.2.6 and Fig.2.7. The figure 2.6 and 2.7 clearly depicts in whal
exlenl tool-chip interface temperature, 6°C has been decreased due o minimum quantity
jubrication (MQL) under dilferent experimental conditions. With the increase in cutting
speed and feed rate , tool-chip interface temperature has been increased as usual, cven

under MQL due to increase in energy input.

It was cxpected to reduce tool-chip interface temperature to a great extent under
MOL. cnvironment than it has been obscrved in this investigation. But practically, it has
not been oceurred due to the fact that the MQL jet has been employed in the form of a thin
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jet along the cutting edpe and towards. Also the jets, like any culting fluid could not reach
deeply in the chip-tool interface for plastic or bulk contact, particulatly when culting speed

and foed rate are large.

The effects of variation of process parameters on reduction of average toot-chip
interface temperature due to MQL have not been uniform. This may be due to variation in
the chip forms particularly chip-tool contact length, Cx which for a given tool widely

varies with the mechanical properties and behavior of the work material under the cutting

conditions. The value of Cn not only affects the cuiting forces but also the culting

lemperature,

4.3  Cutting Forces

The cutting forces gencrated during the machining process bears a significant
coffeet on the quality of any machined component. Migh cuiting forces may result in
premature tool failure, tool vibration, high temperature generation, large tool deﬂ‘;clions
and significant mcchanical loads on the workpicee surface. Large tool dellections can lead

to form errors becausc the tool tip position deviates from the expeeted position. Large

mechanical loads on the workpiece surface can affect the topopraphy and integrity of a
machined surface. For these reasons, it is obviously important te understand how changing

process conditions affect cutting forces. In these investigations, two components of cutling
force (main cutling force, F, and feed force, Fr ) were recorded during machining under
dry and minimum quantity lubrication {MQL) conditions while turning medium carbon

steel by uncoated SNMG inscrt at regular intervals. The force components were micasured
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with a strain-gauge type force dynamomeler and recorded with a PC-based data acquisition
system for the combination of cutting vetoeitics, feeds, depth of cuts and environmetits

underaken.

The effect of MQL on F; and Fythat have been observed while wrning medium
carbon stcel specimen by the uncoated carbide inserls SNMG-120408 under different ¥V
and { with depth of cuts of 1.0 and 1.5 mm have been graphically shown in Fig. 2.8, Fig.

2.9.Fig. 2.10, and Fig. 2.11.

Figure 2,8 to Fig. 2.11 clearly shows that the MQL jet has been quite successful
in reducing the main cutting force and feed force. This is attributed to mainly the reduction
of friction accomplished by the lubricating cffect of the MQL jel. The MQL jet, with its
and velocity, was able to reach the tool tip where it performed its lubricating and coaling
olTects and minimized friclion to a remarkable amount. Reason acting behind reduction of
cutting forces may be the reduction in chip load. The high velocity MQL jet impinged on
the rake face uplifted the chip and reduced chip load which eventually helped to reduce the
cutting furces significantly. From the figures, it has also been secn that main culting forces
and feed forces decreases with the increase of cufting speed and the force component

increases with the increase of {eed rate.

4.4  Cutting Tool Wear

The cutting tools in conventional machining, particularly in continuous chip
formation process like tuming, generally subjected Lo gradual wear by abrasion, adbesion,

and diffusion depending upon the tool-work materials and machining conditions. Tool
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wear initially stars with a faster rate due to what is ealled break-in wear caused by attrition
and micro -chipping at the sharp cuiting edge. Cutting tocls may often may fail
prematurely, randomly and catasirophically by mechanical breakage and plastic
deformation under adversc machining conditions caused by intensive pressure and

temperature and/or dynamic loading at the tool tips particularly if the ool material lacks

strength, hot-hardness and fracture toughness.

In this research work, the uncoated carbide insert (SNMG 120408) selected and
used which atoined Oank wear progressively in varying paltern and magnitude while
machining medium carbon steel under both dry and MQL conditions. Premature and
catastrophic type of tool failure by plastic deformation or micro fracture was not found to

gceur within the present experimental domain.

It is already mentioned that wear of cutling tools arc generally quantitatively
asscssed by the magnitudes of VB, V8, VM, YSM etc. shown in Fig.2.12, out of which
VD is considered to be the most significant parameler at least in R&D work. It was

reported earlicr that application of conventional cutting fluid does not help in reducing too]

weir in machining steels by carbides rather may aggravate wear[127, 14].

The growth of principal flank wear. VB with progress of machining time recorded
while tuming the medium carbon steel by uncoated SNMG insert at lower speed and feed

(V=66m/min, f=0.10 mm/rev) and higher speed and feed (V=258 m/min, £=0.20 mn/rev)
with two depth of cut (d=1.0mymn and 1.5 mm) under dry and MQL (culting oil} conditions

have been shown in Fig.2.13, Fig.2.14, Fig.2.15 and Fig.2.16. Fig.2.13, Fig.2.14, Fig.2.15

and Fig.2.16 show the growth of average Mank wear (VB) with time observed whilc
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turning medium carbon steel by SNMG insert at a particular V, fand d combination under
dry and MQL (cutting oil) environments. The gradual growth of VB, the predominant
paramcter to ascertain cxpiry of tool life, observed under dry and MQL environments
indicates steady machining without any premature tool failure by chipping, fracturing etc.

establishing proper choice of demain of process paramcters.

It has already been reported [141] that the application of MQL jet alongl the
auxitiary culting cdge substantially changes chip formation and controls the culting

temperature. These enabled reduced rate of tool wear to a great extent and hence improved
tool life as revealed in those grapbs. Such improvements by MQL jets can be attributed
mainly to retention of hardness and sharpness of the cutting edge for their steady and

intensive cooling, protection from oxidation and coirosion and absence of built-up edge

formation, which accelerates both crater and flank wear by flaking and chipping.

Another imporiant tool wear criteria is average auxiliary flank wear which
governs the surface finish on the job as well as dimensional accuracy. The growth of

auxihary Tlank wear, VS with progress of machining time recorded while tuming the
medium carbon stee} by uncoated SNMG inscrt at lower speed and feed (V=66m/min,
£=0,10 mm/rev) and higher speed and feed (V=258 m/min, f=0.20 mm/rcv) with two depth

of cut {d=1.0mm and 1.5 mm) under dry and MGQL (cutting oil} conditions have been
shown in Fig.2.17, Fip.2.18, Fig.2.19 and Fig.2.20. Irregular and higher auxiliary Nank

wear leads (o poor surface finish and dimensional inaccuracy [3]. In the figures, the nature

of growth of V8 matches with that of VB expectedly. It i» shown from the pgraphs that

MQL cooling permit quick reduction in VS with the progress of machining time. So, il can
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be concluded that MQL can be successfully applied 1o have better surface [imish and

dimensional accuracy,

4.5 Surface Roughness

The quality of any machined product of given matertal is gencrally assessed by
dimensional accuracy and surface integrity, which govemn the performance and service life
of that product. For Lhe present study, only surface roughness has been considered for

assessment of quality of product machined in dry and minimumn quantity lubrication

envimnment,

Surface finish is an important index of machinability because performance and
service life of the machined component arc ofien affected by its surface finish, nature and
extent of residual stresses and presence of surface or subsurface micro-cracks, if any,
particularly when that component is to be used under dynamic loading or in conjugation
with some other mating parts. Generally good surface finish, if cssential is achieved by
finishing processes like prinding but sometimes it is left to machining. Even if it is (o be
finally [inished by grinding, machining prior lo that needs to be done with surface

roughness as low as possible to facilitate and economize the grinding operation and reduce

initial surface defeets as far as possible. It is evident that MQL improves surface nish
depending upon the work-tool matcrials and mainly through controlling the deterioration
of the auxiliary cutting edge by abrasion, chipping and built-up edge [ormation. In our
rescarch work, surface roughness has been measured at two stages; first, afier an interval

of 45 scconds of machining with sharp lool while recording the chip-tool interface

temperature and second, with the progress of machining while monitoring the growih af
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(ool wear with machining time. In both stages, the surface roughness valucs under MQL

condition shows better results as compared to dry condition.

The variation in surface roughness observed during machining of the mcdium.
carbon steel bar by the SNMG insert at varable V-f combinations and with two different
depth of cut (1.0mm and 1.5 mm} under dry and MQL conditions have been shown in.
Fig.2.33 and in Fig.2.34 respectively. 1t is apparcnt from the [igures that surface roughiess
increases with the increase of feed vate and decrcases with the increase of culting speed.
Reduction in roughness with the increase in culting speed may be atiributed 10 smoother
chip-toal interface with lesser chance of built up edge formation i addition to possible
truncation of the feed marks and slight Aattening of the tool-tip. Increase in cutling speed

may also cause slight smoothing of the abraded auxiliary cutting edge by adhesion and
dilfusion type wear and thus reduced surface roughness. H is clear fromn the Fig. 2.34 and
235 that MQL could provide improvement in surface finish to somec cxtenl._ This
improvement might be due to reduction in wear and also to the fact of prevention of built-
up-cdpe formation. 1t is also seen that increase in depth of cut might result ill'l improvement

of surface [inish to a slight amount somctimes but that is insignificant.

Variation of surface roughness with progress of machining time at lower speed
and feed (V=66m/min, f=0.10 mm/rev) and higher speed and feed (V=258 m/min, {=0.20

mm/rev} with iwo depth of cut {(d=1.0mm and [.5 mm) under dry and MQL (cutling oil)
conditions have been shown in Fig.2.35, Fig.2.36, Fig.2.37 and Fig.2.38. In the graphs i
is scen that sutface roughness is increasing with machining time both for dry and MQL

environment. It appears from those figures (hat surface roughness grows quite fast under

dry machining due to more infcnsive tempceraluse and siresscs al the tool-tips, MQL
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appeared to be effective in redueing surface roughness. However it is crystal clear that
MQL improves surface Tinish desending upon the work-tool materials and mainly through
controlling the deterioration of the auxiliary cutting edge by abrasion, chipping and built-

up-cdge formation.

4.6  SEM Micrographs

The SEM views of the wom out jnserts after machining of medium carbon sleel
at different V-fud combinations under both dry and MQL environments for different time
spans. shown in Fig.2.25, 1ig.2.26, Fip.2.27, Fig 2.28, Fig.2.29, Fig.2 30, Fip.2.31 and
Fig.2.32 quantitatively indicatc that MQL has provided remarkable reduction in overall
wear of the insert. After 24 min of machining the steel at low speed-feed condition with
depth of eut 1.0 mm and 1.5 mm respectively, SEM views of worn out tips are shown in
Fig.2.25, Fig.2.26, Fig.2.29 and Fig.2.30. Figures show that principal and auxiliary flank

wears are reduced due to elfcetive cooling and lubrication by MQL. MQL also climinates

the notch wear found in dry cutting. Auxiliary flank wears are almost uniform with out any
built-up edge under low speed-feed condition for both the cases. Under high speed-feed for
both the depth of cut temperaturc increase enormously that wear out the insert rapidly

under dry condition. On the other hand MQL relarded the wear significantly by its cooling

and lubrication shown in Fig.2.27, Fig.2.28, Fig.2.31 and Fig.2.32.

4.7  Artilicial Neural Network (ANN) Model

Ariificial neural networks are one of the most widely used computer modeling
techniques to develop robust approach for prediction of tool wear and surface roughness in
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machining steel for different combinations of matenal propertes, cuthing tool geometrics
and cutting conditions. The generalization ability ol an ANN depends on appropriaie
selection of inpulfoutput paramcters, distribution of the dataset and formal of the
presentation of the dataset to the network. The schematic diagram of amificial neural
neowork for the prediction of tool wear and surface roughness is shown in Fip.3.1. The -
figure reflects the input and output of the nctwork that is going be developed. The
sclcetion of the neuron number, hidden layers, activation [unction and traiping algerithm
play much significant roles in oblaining the best result.  In this study, an anificial neural
network (ANN) with feed-forward back-propagation algorithm was trained and the
training epoch (cycles) set for each network is 10,000, The purposc of the training is to
minimize the mean squared error (MSE). The training performance of dillerent network
architecture has been shown in Fig.3.2, Fig.3.3, Fig.3 4, Fig.3.5 and Fip.3.6. The proposed
network architecture is shown in Fig.3.7. The performance of the ANN model has been
highlighted in Fig.3.9, Fig.3.10, Fig.3.11 and Fig.3.12 for four response variables namely
average principal flank wear {VB), maximum principal Mank wear (VM}, average auxtliary
MNank wear (V3), and averape surface roughness {Ry) respectively. As shown in the ﬂéurca,
it is elear that the values predicied by ANN are very close to experimental values. To find
the best network, different training algorithms were lested. Transfer functions in the
hidden and outpul layer have also been changed and tested during design phasc of the
nelwork, Finally, ‘tansigmoid’ [umction and ‘purelin® funclion were used as the transfer
function in the hidden and output layer respectively. The aumbers of neurons in the hidden

layer were found by trial and error method and finally 25 hidden neurons were chosen for

the suggested nelwerk. The proposed network can be represented as 4-25-4. It was

observed that, from network structure ¢-15-4 to 4-35-4, every network meets the designed |
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error goal of 0.0001, But, the interpolation or generalization capability of every network is
not satisfactory. To find the optimal network architecture, coefficient of determination {Rz}
and mean absolute percentage of error (MAPE) between the network prediction and
experimental values were calculated for every network for both training and tesling phases.
The coefficient of determination (R?) ropresents the percent of dala that is closest to the
line of best fit. The value of R? varies hetween 0 to 1. If correlation coefficient, R=0.922
lhen R*=0.850, which means that 85% of the total vanation in network prediction can be

gxplained by the lincar rclationship between experimental valucs and nelwork predicted

valucs, The other 15% of the total variation in network prediction remains unexplained.
The cocflicient of determination (R%) and mean absolute percentage of error (MAPE} for
different network lopography have becn shown in table 3.1 and table 3.2, From the table it
is shown thal the value of R? increases up to hidden neuron 25, Then it staris to decrease.
The network architecture consisting of 1 hidden layer and 25 hidden neurons shows besl
values of R? for both traimng and testing stages of the network. 5o, the network consisting
of 25 hidden neurcns was selected as the optimum one in this research work, The weights
corresponding to input layer-hidden layer and hidden layer-output layer have becn shown
1 the table 3.3 and 3.4 respectively. The summary of the proposed network architecture .
has been presented in table 3.5, As, the input and cutput vectors were supplicd o the
network, it was a supervised leaming scheme. The back-propagation leaming algorithm

with LM versions was used at the training stage of the network. Gradient decent feaming
rule is used in this study. The learning rate and momentum constant used here are 0.1 and
0.5 respectively. The co-efficient of determination (R) obtaincd corresponding to VB,

VM, VS and R, is 0.9915, 0.9906, 0.9761 and 09627 respectively for lesting. Regarding

training, these valucs become 0.9998, 0.99%99, 0.9905 and 0.9996. The MAFPLs betweeh
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the experimental and the predicted values are 0.3633% for VB, 0.3812% for VM, 1.6331%
for VS and 4.8069% for R,. The result shows (hat, the model can be successfully used 1o

forecast tool wear and surface roughness in response 10 the process paramcters for which

the model has been constructed.
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Chapter S

Conclusions and Recommendations

5.1 Conclusions

Based on the analytical and experimental investigation, the [ollowing

conclusions can be made

1. Oue of the primary objecuves in machining operation is to produce product with
low cost and high quality. In order to achieve such an objcctive, machining

economics can be a significant consideration. Machining economics involves

the optimum selection of machining parameters, e.g. cutting specd, feed raie,

depth of cut and machining time, The machining parameters directly allect the
cost, productivity and quality of products. A better prediction model can help as
to choose the optimum machining parameters before performing machining
operations. The objectives of this research work were to examine the effect of

minimum quantity lubrication on the machining performance in terms of cutting
forces, chip-tool interface temperature, ool wear and surface finish and also to

develop an amificial neural network (ANN) medel to predict tool wear and

surface roughness while machining medium carbon steel in a MQL

cnvironment.



ii.

Ll

An ANN medel has been developed for prediction .Df too! wear and surlace
roughness as a function of cutting parameters, The model has been proved to be
successful in terms ol agreement with experimental results. The proposed model
can be used in optimization of cutting process for efficient and cconomic
production by forecasting Lhe (ool wear and surface toughncss in tuming
operations. A computer program was performed under MATLAB 7.1 software
lo perform simulation by changing network parameters of the dilferent network
architectures considered in this research work. The best network architecture

was selecled afler performing several simulation trials by the MATLARB 7.1

software.

The multilayer feed forward nctwork consisting of four inputs, 25 hidden
neurons (taugent sigmoid neurons) and four outputs (network architecture
represcented as 4-23-4) was found to be the optimum network for the medei
developed in this study. The back propagation learming atgorithm has been used
in the developed feed forward single hidden layer network. Training of the
network was performed using Levenberg-Marquardt (LM) feed forward back
propagation algorithm. Tansigmoid function (TSF) and purclin function {PF}
were used as the transfer function in the hidden and output layer respectively. A
pood performance of the neural network was achieved with coefficient of
determiination (R*) between the model prediction and cxperimental values are
0,9915, 0.9906, 0.9761, and 0.9627 in terms of VB, VM, V§ and R, respectlively
The MAPE walues for those variables are 03633, 0.3812, 1.6331 amnd 4.306%

respectively. These results show that the ANN model can be uscd casily for the
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iv.

vi.

Vi

prediction of ool wear and surface roughness in tuming medium carben sieel by

SNMG insert under minimum quantity lubrication environment.

ANN models have emerged as a new promising methed {or estimating tool wear
and surface roughness in an intelligent manufacturing system (IMS), These
techniques can easily capture the complex relationship between various process
parameters and can be easily inlegrated into an existing manulacluring
environment. These techniques has opened up new avenues for parameter

estimation, optimization and on-line control of manufacturing system and can

assist a lot in computer aided process planning (CAPF).

The present MQL system has been proved to be successtul in reduction of
average chip tool interface temperature depending upen the work materals, tool

pcometry and culling conditions. It is true that this small reduction has cnabled

significant improvemnent in machinability indices.

MQL has reduced the cutting force. MQL provided cffective cooling at the

shear zone which reduced the chip-tool inlerface temperaturc. It also provided
proper lubrication that minimizes the friction resulting in retention of tool

sharpness for a longer period. Favorable change in the chip ool interaction and
retcntion of cutting edge sharpness due to reduction of cutting zone temperature

scermed to be the main reason behind reduction ol cutting forces by the MQILL

The application of MQL jet in machining medium carbon stecl by the uncoated

insert SWNMG-120408 has enabled reduction in flank wear which could
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ix.

contribute in the improvement of tool life or enhancement of productivity at

higher cutting velocity and feed rate. Such reduetion in tool wear might have
been possible for retardation of abrasion and notching, decrease or prevciticn of
adhesion and diffusion type thermal sensitivity wear at the ftanks and reduction
of built np cdge formation which accelerates wear at the cutting edges by

chipping and flaking. Minimum quantity Inbrication reduces deep notching and

grooving, which are very detrimental and inay cause premature and catastrophic

-failure of the cutting tools.

IMimensional accuracy and surface [inish has been substantially improved

mainly due to reduction of wear and damage at the tool tip and also due to

reduction in the average chip (ool intcrface temperature by the application of

MQL

After adepting the Artificial Neural Network (ANN) inodel, the QL system
gan cnable significant improvement in productiviry, product quality and averall

machining cconomy even after covering the additional cost of designing and

jmplementing ML system.
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Bil.

Recommendations

In this research work, input parameters considered to develop the ANN miodel

arc cutling speed, feed rate, depth of cut and machining time. The work can be

further cxtended considering more input parameters such as tool-chip interface

temperature, machine vibration, cutting tool geometry, workpiece composition,
workpiece hardness etc. Then the ANN model to predict tool wear and surface

roughness will be more robust and universally appheable.

In this work. only fecd-forward neural nctwork has been considered. The work
can also be analyzed by rceurrent neural network or radial basis functional
neural nctwork and then compared the prediction accuracy or generalization

capability of different types of neural network.

In this research work, only toof wear and surface roughness modcl have been
constructed. The work can be alse exiended to model cutting force, chip
thickness ratio and chip-tool interface temperature, as those are also signiflicant

machinability indices in any machining process to control or optimize quality,

productivity and overall machining cconomy under a MQL environment.
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Appendix

Chip Thickness Ratio {r¢}

Depth of cut, d, mm

1.00 mm

1.50 mun

Y

Environment

/i Dry MQL

Dry

MQL

Feed rale, f. mm/rev|Feed rate. f, mm/rey

Feed rate, f, mm/rev

Feed rate, £, mmirev

0.100.12]0.1400.180.20:0.10(0.12|0.14(0.180.20

0. 100,120, 14[0.1%

0.20

(. 10[0.1210.14)0. 18020

0 35)0.37|0.41]0.47)0.49

68 |0.28]0.31|0.38] 0.4 043

0,28(0.3210.36|0.38

.39

05103500 41(0.43)0.44

0.39] 0.4 |0.44|049|0.5]

95 10.3310.35(0.4210.45)0.47

0.31)0.3510.39)0.42

0.44

0 35(0.3710.44 (046|048

{.43]0.45|0.47)0.52)0.55

133 [0.37) 0.4 |0.46(0.49)0.51

0,350 3943|046

n.48

lo.3g|0.4210.47|0.4940.53

0.49(0.52|0.56| 0.6 [0.63

190 10,42 0.45(0.54 [(1.537(0.5%

0.4 044 (k48]0 49051

0.45)00 46]0.52|0,54|0 56

0.570.509)0.62|0.68)0 71

266 10.49[0.53|0.58|0.64|0.66

0.44|0.49|(1.5210.55

057

0.51(6.53(0.56[0.58]0.60

Chip-tool Interface Temperature (0)

Depth of cut, d, mm

1.00 mm

1.50 mm

¥, Enviro

tnent

rfyminy Dry MQL

Dry

MQL

Feed rale, f, mm/rev|Feed rale, [, mm/rev

Fced rate, [, mmirev

Feed rate, I, mm/frey

0. 100,120 14[0. 180,200, 10[0.120.14[0. 180,20

0,100.12/0.14[0 18

0.20

000 12[0.140.13

&R (410319431 442 {454 396 405|419 ]4311{442

448 450|471 ]485]494

416[431)|445)|45814749

425 442|457 [474 [435

G5 448459474 |48 497

474|485 | 506 | 528|537

462 471 (4945171326

468 483|500 514|523

133 |485[494 517|543 |549

526 | 540|555 569|578

511[529 (546|558 546

190 529543 555|575 (586|506 |517)526 537346

558|569 |58%|610(62]

540|558 | 578|592 1604

5401 555|572 5861593

266 [575|589{612|633|638

656

595|618 |633{647

S8 |604 618 6300641

Main Cutting Force (F¢)

Depth of cut, d, mm

1.00 mm

1 50 min

v, Eaviro

MLItEing

/ity Dy MQL

Dy

MQL

Feed rate. T, mm/rev|Feed rate, f, mm/rey

Feed rate, {, mmirev

Fecd rate, f, mm/rev

0. 1000.12[0.14[0.18]0.20,0.103.12/0.14)0.180.20

0.100.7210.14

0.180.20

0.1010.12[0.14%0. 18[0.20

311|352 |416[511[553

68 |387[441[525]615)625

317

538629690714

457|525|650(722|773

95 |379[422|500| 586623 |299|332 400 466]529

5221582 |665| 7531505

456(5171620|711 (766

133 |367|378]45¢|534| 576|295 |325[375]434]476

4881568 |654)724 757

430 4926121699743

190 [321]360 4485311565 (277|311]366]429]469

4311532 |619)676|717

422|473 | 568 |657 | 715

271[303{336]425|470

4301560 |56l [630 |69E

T80 290|341 ]401]459(536

401|463 1544 [644 | 690
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Feed Foree (Fy)

Depth of cut, d, mm
1.00 mm | 1.50 mm
v, Environment
/i Dry MQL Dry MQGL
Feed rate, [, mm/tev|Feed rate, f, mm/rev|Feed rate, f, mmyrev|Feed rate, f, mm/rev
3 100 120,140, 18[0.20/0.1050.12[0.14]0.180.2000. 1010, 12)0. 14{0. 1 80.2000. 10/0.12]0. 14/0.1 810,20
68 |214]220t236 246 | 270 149 1620175 | 190201 360|305 | 327|347 372|238 | 252 |273 (285312
o5 |150]207 (206 226 | 2a8 | 122 143157 164 [ 178271 | 278292310332 |218 228 | 240 (2531280
133 [1sg[1a3|t7ad1es |20z | tiaf125]132]142]1481235 |250| 263 | 273|292 | 180201 | 214|223 | 264
oo [132]13g a7 154|168 | 91 prezliiof1134122(267 210|222 |238| 252 | 1441170 | 186195 | 232
266 [odlino(11al118]132] 75 | 84 {90 | 92 |1QU 177176 184 196209 [ 134 148 [ 160|173 [194
Surface Roughness (R,) -
Depth of ¢ut, d, mm
1.00 mm | 1.3 mm
Y, Environment
mimin Dry MOL Ery MOL
Feed rate, [, mm/rey Feed rate, [, mm/tev Feed rate, [, mmfrev Fecd rate, f, mindrev
o Lolo 2o 13l 12[o2olo. i oo, 120 14]0.1 8lo.20]0. 10]0.12[0.14|0. L§{0.20[0. 10|01 200 14)0.18|0.20
68 118001 soltog[> 12fz.40(1.18]1.36]1.36|1.75(2.24] 1 & [1.6812. 10[2.192.24[1.10/1.29(1.45]1.84 1.96
03 |i.62[1.76(1.86]1.98[2 2a1.10)1.30] L 43]1.51] 2.1 |1.48[1.56}) 90|2.00]2.12|0.958[1.11 1.3411.72|1.51
1373 [1.42)1.481 56(1.68[1.88(0.8%1 01{1.17|1.28|1.79|1.34|1.40[1.74|1.84]1 96|0.94 1.11]1.24]1 49(1.69
tgo 126013217 401 5411 680,846 95]1 oz(1.02] 1.5 (1. 14[0.20[1 38|1.64|1.72|0.65)0.93 1.00]1.30] 156§
=ee (1ol sl 2a.38]1 5507210 8410.94( 1.02]1.32|1.00|0.98[1,F3|T.48[1.54|0.70])0.7%|@ RE11.04]1.36
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Tool Wear and Surface Roughness (ANN Training Dataset)

Training Dataset

Input Laput Parameter Tar.gfﬂ Qutput Parameler
condition condition
vector v f d t, vector | VB VM | ¥S Ra
Pl &b 0.1 I 03 TI 20 30 30 1.2
2 &6 0.1 1 i T2 a0 44 40 £.35
P4 & 0.1 ] 2 T4 45 ofl - 55 [.15
B5 & 0.1 1 5 TS 65 50 0 2%
P7 66 ] 1 11 T7 105 160 90 2.5
P8 G165 0.1 1 14 T4 118 120 95 2.64
[ A {.1 1 | & T 120 L45 1035 2.71
Pl fify 0.1 1 4 T11 140 200 115 183
[RLE) af Q. i.5 L T13 3] 30 4an 1.38
P14 G 0t 1.5 1.5 114 4 40 af 1.65
P15 34] 0.1 1.3 2 T15 S0 S i) 1.85
PI7 66 1 1.5 5 T17 & 83 4{ 2.84
PIE 46 01 1.5 11 TI13 a0 1410 Lo 2.92
P19 &a 0.1 1.5 14 Ti9 1an 110 1714) 2 84
20 af a1 1.5 18 T2 110 130 120 286
P21 ah Q.1 1.5 22 T21 135 1680 1315 2.6
P23 258 0.2 i 0.5 T23 30 K1, 30 1.2
P24 258 0.2 | 1 T24 a0 w1 ab 13
F25 258 0.2 1 1.5 T25 60 £i} 60 1.35
27 238 0.2 ; ) T27 1240 10 105 .44
P23 258 0.2 1 3 T28 1640 150 130 1.5
P30 253 0.2 ] |4 T3 230 360 220 |96
Pil 258 02 [.5 {5 T3] 40 40 40 |3
B2 258 0.2 1.5 | T32 G} &) 50 1.56
P34 25H 0.2 1.5 2 T14 90 100 ] 2.05
P35 238 0.2 1.5 4 T35 | 30 155 LIa 219
P3G 255 072 .5 f 136 160 200 110 2.63
P37 233 g2 1.5 a T37 201) 245 166 278
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Tool Wear and Surface Roughness (ANN Testing Dataset)

Testing Datagel

input [nputl Parameier Target Output Parameter
condition v £ d i condilion VR VM Vg I,
vector veetor
P3 66 0.l 1 1.3 T3 40 50 45 | 1.65
Fé 66 (.1 ] B Té B3 90 &0 2.35
P10 66 0.1 | 22 T10 130 i£0 1o | 2.713
Pl2 i ] 1.5 0.5 TI2 20 ] 3 125
P16 it 1 [ 5 Tlé 70 70 73 .58
P22 66 0! 1.5 | 24 122 155 |80 i50_| 2.95
P26 258 0.2 | 2 T26 70 70 70 1.4
P29 258 02 1 11 T29 190 | 260 165 | 1.67
P33 238 0.2 15 | 15 133 75 80 60 | 1.85
P38 258 0.2 1.5 10 T3 250 310 20 | 29
Experimental and ANN Predicted Values of VB
Test cutting VB VB
conditions M f d ¢ | (Exp) | (ANN)
| 66 0. 1.5 0.5 20 15.7493
2 66 0.1 1 1.5 40 38.5753
3 66 0.1 1.5 70 71.6073
4 258 0.2 1 70 73.5195
5 258 0.2 i3 1.5 75 75.9082
& 66 0.1 ] 8 85 838091
7 66 0.] | 22 130 130.4062
8 66 0.1 15 24 155 147.3347
9 258 0.2 | 11 190 202.3814
L0 258 0.2 1.5 i0 254 242.082 |

* Test cutting conditions for average principal [lank wear, VB (Fig.3.9)
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Experimental and ANN Predicted Values of YM

Test cutting v ¢ d ¢ V¥l ¥M
conditions ¢ {Exp) {ANN)
1 G 0.1 [.5 0.5 f 15,5852
2 & 0.1 1 1.5 50 S0.903
3 G 0.1 1.5 5 70 699255
4 258 0.2 1 2 70 71.3545
5 258 0.2 1.5 .5 &0 B1.G185
f 66 0.1 ] b a0 RE.2IJ417
7 o 0.1 ] 22 180 17487181
2 &6 0l 1.5 24 1530 181.029%
9 258 02 1 11 261 280,9479
11 258 g2 1.5 10 Ha 195.36240

* Test culting conditions for maximum principal flank wear, VM (Fig.3.10)

Experimental and ANN Predicted Values of VS

Test cuttin Vs Vs

conditionsg M f d te {Exp) (ANN)
L 66 0.1 1.5 0.5 A0 24.6452
2 66 .1 | 1.5 45 48,3019
3 Gh 0.1 1.5 5 (il 66,7315
4 258 Nz l 2 7i) . 72.8378
5 258 n.a 1.5 1.5 75 #0.3461
a 66 .1 | 8 50 80.7794
T i 0.1 ] 22 3] {25.375%
5 3] 0.1 1.5 24 150 141.9225
9 258 0.2 | Ll 165 1706635
10 258 n2 1.5 11 120 198.859

* Test cutting conditions for average auxiliary lank wear, ¥S (Fig.3.11)

164




Experimental and ANN Predicted Values of R,

Test t:‘,l.‘ltt]ng v { d ¢, R. R,
conditions (Exp) {ANN)
i 66 0.1 1.5 0.3 1.25 1.0656
2 66 0. 1 1.5 1.4 1.3801
3 b6 0.9 1.5 5 1.65 1.5702
4 258 0.2 1 2 167 1.5785
5 254 02 15 1.5 1.85 1.8274
6 66 0.1 1 8 2.35 2.3893
7 66 0.1 1 22 2.58 2.5105
8 66 0.1 1.5 24 2,73 2547
9 758 0.2 i I 2.9 2.5086
f 10 258 0.2 1.5 10 2.95 2.9301

* Test cutling eonditions for surface roughness, R, (Fig.3.12)




Matiab Code of ANN Model

clear all

close all;

cle;
p=[66,65.66,66,66,66,(}6,56,66,66,6{:,66,66,66,65,66,258,258,253,258,258,258,25&258,25
8,.258,258.258:0.1,0.1,0.1,0.1,6.1,0.1,0.1,0.1,0.1,0.1,0.1,0.1,0.1,0.1,0.1,0.1,0.2,6.2,0.2,0.2.
0.2,0.2,0.2,0.2,0.2,6.2,0.2,0.2;1,1,1,1,1,1,1,1,1.5,1.5,1.5,1.5,1.5,1.5,1.3,1 5,1,1,1,1,1,1,1.5,
1.5,15,1.5,1.5,1.5;0.5,1,2,5,11,14,18,24,1,1.5,2,8,11,14,18,22,0.5,1,1 5,5,8,14,0.5,1,24,8,
8]: %input

TP

1=[20,30,45,65,105,110,120,140,30,40,50,80,90,100,110,135,30,50,64, 120,160,230,40,60.
90,130,160,200;30,40,60,80,100,120,145,200,30,40,50,85.1 00,110,130,160,30,50,60,110,
180.360,40,60.100,155,200,245;30,40,55.70,90,35,105,1 15,40,50,60.90,100,110,120,135,
30.50,60,105,130,220,40,50,80,110,130,160;1.2,].35,1.75,2.2,2.5,2.64,2.7 1,2.83,1.38,1.65
,i185,2.34,2.92,2.84,2.36,2.36,1,2,1.3,1.35,1,44,1.55,1.9{3,1.3,1,Sﬁ,Z.HS,Z.EQ‘E.GE,E.TBJ;

.f')i]-"-p|-|q-t-i|-un.-l|u."-l|qtn-lln--l||u--u|"--Hin--llll-l--uu|"u-lll-n--l-ll||u--"|--“'n--lllll-'u|n-“n|-I-u--llll--ll-ll|-|--|-|--|-u1-litilll-|--u|-|--r

%4 Tuking targel data-set (4 Output Neurens:vb,vm,vs,Ra)

baplot of original data and untrained output

Yhfgureil);

Soptot(p,t'b+-")

%5title("plot of original data and unirained Network output’)
ﬂ}l]"....uuuu.""..uu-“u..."-unun".""...-uuun..".unuu“ PP TP S TR EIEE
[pruinp,maxp,inumint,maxi]=premaomx (p.U: suNormalization of the duta;pn = 2¥{p-

minp ) (maxp-minp) - 1;

T

net=newff{minmax(pn),[25.4],{ lansig','puretin’} Mrainlm','learngdm','mse');
%4 Define Network Architecture

% To give better training results, Initialize the weights and biascs, these values should be

small),
% net.LW{2,1}=net. LW{2,1}*0.01;
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%o net.b{2}=net.b{2}*0.01;

ol rain the network and plot Lhe Result
net.lrainparam. goal=0.0001;
netirainparam.show=20;
net.trainparam.epochs=10000;
net.rrainparam. i=0.1;
nettrainparam.me=0.5:
net=(rain{net,pn,iny;

yn=sim{net,pm1;;
{¥]=pestmnmx(yn,mint,maxt);

Y

szl=sizeft);

for 1=1:5z1{1}
figare
plot(t(i,:),¥(1,:))
[m(i},b(i).r(i)]=postreg(y(i,),i(. )
d{i. )=t )-v(, ) 100;
APE(=mean(abs{d(i.:))}

cud

rsqrl=r*r

l.l’f
[| PETE PR T T

5 net=init{net);

%o net=train{nel,pn,tn};

% [y1]=postmnmx(yn,mint,maxt);
%o[m,b,r]=postreg(y.t)

Sod=t-y."2;

Gomse=mean(d)

otigure(2),

Soplot(p.t,p,y,'cd-")

Yexlabel('Input Vector');

%ylabel{'output’);

% sum-squarred error goal/performance goal;
% Frequency of progress display (iri epochs);
% Maximum number of cpochs to train;

23 Network learning rate,

%2 Momentum constant;

%5 Training ol the Networl;

% To see response to training data

%p = 0.5(pn+ ] (maxp-minp) + minp;

o4 Judge by regression Analysis.

%, Error caleulation
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%tcgend({'Input Vector','Desired output’,'test output'y)

Ytitte('Comparison between Aclual Target and Predictions’)

%
D-u||||1ﬂnnulllll-n--u||“-u-|-li-n.-l||u-"--untn-llll--l.uul--"-n-in-n--ll|u-l--u|n.n-i-llll--l-uu-l-"|---n-|-l-n--ll|n--u|"---n--llln--uuntt--lu-n--l-uu--

o Testing of the Nebvork

pnew=[66,66,66,66,66,66,258,258,258,25 8:0.1,0.1,0.1,0.1,0.1,0.1,0.2,0.2,0.2,0.2;1,1,1,1.5,
1.5,1.5,1,1,1.5,1.5:1.5,8,22,0.5,5,24,2,11,1.5,10f, %0 Test Input

tnew=[40,85,130,20,70, 155,70,190,75,250;50,90,180,0.0,70,1 £0,70,260,80,310;45,80,110,
30,75,150,70,165,60,220;1.65,2.35,2.73,1.25,2.58,2.95,1 4,1.67,1.85,2.9] % Actual

Target
i

prewn=tramnmx{pnew,minp,maxpl;
ynewn=sim{net,pnewn}; seNctwork is simulated to see 1ts output
[ynew | j=postmnmx{ynewn,mint,max1);
ynew=abs(yncwl}
sz=size{tnew);
for i=l:52(1)
figure
plot{tnew(i,:},ynew(i,:))
[m(i),b(i),r(i}]=postreg(yncw(i,:),in cw(i, )
d(i)=(tnew(i, }-ynew{i, )/ tnew(i,.)*100;
APE(1)=mcan(abs(d{i,:)})
Sad(i,:)=d(1,:). *d(1,);
oomse(1y=mean(d(,:)};
end
r_sqr=r.tr

LH]
Deaannnvwmanniasannrrns

Sefigure(3);
Yaplot(p,t,pnew,ynew,'bd--")
wititle("l esting MLE Network'),
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Yexlabel{'Inpul Vector'});

Yeylabel{'outpur'y;
%elepend({Inpul Veclor', Desired output','test output'} )

%title{"Comparison between Actual Target and Predictions’)

% An Allemative way to test training:post training Analysis

% [m,b,Fl=postreg(ynew,tnew) % Judge by regression Analysis.
postregly g g

% T'o calculate mse between actual and predicted values use:

%5 d=tncw-ynew."2; % Lrror calculation

%1 msc=mean(d)

% for i=1:4

% [ipure

%  plot{pnew(d,:),ynew(i,:),'--s', MarkerEdgeColor', k', MarketFaccColor','g')
% iri=1

S hold

Yo cnd

% %ed(i,:)=d(,). *d{i,:);

%  Ymse({i)=mean{d(i,:});

% end

A
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