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Abstract

Minimum quantity lubrication (MQL) refers to the use ofcuuing fluid, of only a

minute amount typically of a flow rate of 50 to 500 ml/hour which is about three to four.

orders or magnitude l()\'er than the <IlTIountcommonly u~ed in nood cooling condition.

The concept of minimum quantity lubrication (MQL) has been suggested since a decade

ago as a means of addressing the issues of environmental intrusivene,s and occupational

hazards associated with the airborne culling fluid particles on factory shop floors. This

research work deals with experimental investigation on the role of MQL by VG-68 cutting

oil on chIp thickness ratio, cutting tcmpcraturc, cUlting forces, tool wcar and surf<lce

roughness in turning medium carbon steel at industrial speed-feed combinations by

uncoatcd carbide insert and also to develop an Al1ificialNeural Network (ANN) modcl to

predict tool wear and surface roughness in a MQL environment. The encouraging reSLIlts

from expcrimcntal investigations include significant reduction in 1001 wcar rate,

dimensional inuceuraey und surface roughncss by MQL over dry lTI<lchiningmainly

through rcduction in the cutting zone temperature and favorablc chunge in the chip-tool

and work-tool interaction.

Tool wcar and tool1ife influence the productivity, quality, surfacc intcgrity, cost

and profit in any machining process. So, prediclion of tool wear and surface roughness

plays a significant rolc in indu~try for highcr produ~livity and surfocc integrity and for

JnunufaclUringproec~" planning. Artificial Neural Network (AN1':) is a very promising

tool in the field of modeling and monitoring of machining operations and for process

optimization. It can recognize pattern in the past data and base on that patlern il can act as



a pattcrn matching englnc to forecast the future data. The advantage of ANNs over

mathcmatical model is that thcy do not reqUire a precise formulation of phy~ical

relationship; they only need experimental results, In lhis study, an Artificial Neural

Network (ANN) model has been developed for prediction of tool wear and sllrfacc

roughness. The input parumeters of the ANN model are the four machining parameters-

cutting speed, feed rate, dcplh of cut, machining time and thc oulput parumeters arc four

process parameters which arc principal flank wear, maximum principal flank wear,

auxiliary flank wear and surface roughness_

The proposcd model can predict tool wear and surface rollghness which is very

clo>e to experimental values. The rc>ults of the ANN model show that thc model can be

used for the optimization of the cutling process Le. culling parameters can be set in

advance prior to pcrform machining operations for cfficient and economic production and

for the purpose of manufacturing process planning in a properly designed MQL

environment.



Chapter 1
Introduction

1.1 Introduction

Metal cutting is one of the most significant manufacturing processe, in material

removal. Metal cutting can be defined as the removal of metal from a workpiece in the

10r111of chip" in order to oblain n fjllj5h~d procll.lctwith desired siLe, shnpc, ,md surface

roughness. There arc different methods of metal culling and turning is one of lhe

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

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

The quality of machined components is evaluated in respect of how closely they

adhere to set product specifications for length, width, diameler, surface finish, and

reflective properties. Dimensional accuracy, tool wear and quulil>' of surface finish urI'

three factors that manufacturers must be ablc to control at the machining opcrati()n~ to

ensure bettcr perfonnance and scrvice life of engineering component. In the Icading edge

of manufacturing, manufacturers are facing the challenges of higher productivity, quality

and overall ceonomy in the field of manufacturing by machining. To meet thc abovc

challcngcs in a global environment, thcre is an increasing dcmand for high material"

removal rate (IvlRR) and also longer life and stability of the culling tool. But high

production machining with high cutting speed, feed and dcpth of CLitgenerates larlle



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

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

Longer cuts at high cutting temperalllre contribute to thermal expansion and

distortion of the job which results in dimensional and form inaccuracy, Such high cutting

temperature inOuences the grmvth of tool wear and also premature tool failure by plastic

deformation und thermal fracturing. The surface quality of the products also deteriorates

with the increase in cutting temperatllfe due to built-up-edgc fonnation, oxidation, rapid

corm,ion and induction of lensile residual stres" and surface micro-~racks. Such problems

bccome mOrCsevere if (he work materiaJ~arCvery hard, strong and heat resislivc and the

machined part is under dynamic or shock loading during functional operations, So, to

control culling temperature is of great importance in machining industries. In industries,

the high cutting temperature and its negative impacts are tried to be controlled by optimum

selection of process parameters, tool geometry and selection and application of proper

cuttiog fluid. Introducing hcat and wcar resistant culling tool matcrials likc carbides,

coaled carbidcs and high performance ceramics can conlnbute to achieve highcr

machining efficiency to a certain extcnt under normal cutting conditions. Propcr selection

and appJieatioo of cutting fluid is the worldwide acccptable and popular mcthod to reducc

machining temperature, Such cutting Ouidoot only cools thc tool and job but also providcs

lubricatioo and cleans the culling zone by rcmoving chips and protects the cmerging

I,nished ~urface from comaminatioo by thc harmful gases present in thc atmo,phcre,

The conventional types and mcthods of appJieatioo of cutting fluid have becn

fouod to become less effective with the increase io cutting velocity and feed when tbe

cutting fluid cannot properly cnter into the chip-tool intcrface to cool and lubricate the

2



interface due to bulk plastic contact of the chip with the tool rake surface. Bcsides that,

oilen in high speed machining the cutting iluid may cause prcmature fuilure ortllc c\lUillg

tool by fracturing due to close curling of the chips and thennal ,hocks. For which,

application of high cooling type water base cutting fluids are generally avoidcd in

machining steels by brittle type cutting tools like carbides and ceramics. The more serious

concern by the use of cutting fluid, pmiiculariy oil-ba.>edtypc is the pollution of the

working environment, wuter pollution, 50il contamination and possible dmnagc of thc

machine 1001 slide ways by corrosion. Thc major soeio-cconomic problCln [2J lhat arisc

due to conventional type and method of application of ei.lUingfluids arc -inconveniences

duc to welling and dirtiness of the working zone, possible damage of the machinc tool by

corrosion and mixing of the cutting fluid with thc lubricants, cnvironmcntal pollution due

to break down of thc cutting fluid into harmful ga>es and biological hazards to tllC

operators from bacterial groVvthin thc cutting fluids and requ;remcnts of [hc additional

systems for local storage, pumping, fiUration, recycling, re-cooling, large spacc and

disposal of the cutting fluid, which causes soil contamination and water pollution.

The modern industries are therefore looking for possible mcans of dry (ncar dry),

clean, neal and pollution free machining and grinding. Minimum Quanlity Lubrication

(MQL) refcrs to the usc of cutting nuids of only a minute amount-typically of a flow ratc

of 50-500 mlt1lOur-whichis about three to four orders of magnitude lower than thc amount

commonly used in flood cooling, where for example, up to I0 Jitre~ of -fluid can be

dispensed per minutc. The concept of minimum quantity lubrication, somctimcs refcrrcd to

as 'neur dry lubrication' [3J or 'micro lubrication' [4].

J



Tool wear and surface roughncss prcdiction plays an important role in machining

industry for gaining higher productivity and product quality. Average principal flank wear

(VB) of cutting tools is often selected as the tool life criterion as it dctcmlincs the

diametric accuracy of machining, its stability and reliability. The productivity of a

machining system and machining cost, as well as quality, the integrity of the machincd

surface and profit strongly depend on (001 w~ar and tool life. Suddcn failure of culling

tools leads to loss of productivity, rejection of parts and consequential economic losses.

Flank wear occurs, on the relief face of the tool and is mainly attl'ibuted to the rubbing

action of the tool on the machined surface during turning operation.

During turning operation the average principal flank wear (VB) predomit:antly

occurs in cutting tool, 50 the life of a particular tool used in the machining process depcnds

upon (he amount of uverage principal flank wear. The maximum principal flank wear

(VM) and average auxiliary flank wear (VS) also take place during turning and can't bc

neglected dl1c to their significant impact on surface integrity of machined component.

Crater wear i~likely to be prevalent only under cerwin culling conditions, i.c, higher

culling speeds and feeds lead to morc crater wear. Tho surface finish of the machined

component primarily depends upon the amounl of average principal flank wear (VB). An

increase in the amount of average principal flank wear (VB) leads to reduction in nose

radius of the culling insert which in turn reduces the surface quality along the job axis. The

maximum utilization of culling tool is one of the ways for an indl1stry to rcduce i(~

manufaclUringco~t. Henec tool wear has to be controllcd und ~hollid be kcpt within the

desired limils for any marching proce~s



Tool wear mainly depends upon the machining parameters for turning a particular

work piece material. In order to maximize productivity and overall economy from a

manufacturing process, an accurate process model must be constructed for turning

operation in a MQL environment with speed, fccd, depth of cut and machining tirnc as

input machining parameters and average principal flank wear, maximum principal flank

wear, average auxiliary flank wear, and ,urfacc roughness as the response or output

variable. 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 environmcnt and re,ultant performancc i" terms of tool wear

and surface roughness in turning of commercially available stcel using widely aVilililblc

carbide insert could contribute in industrial applications along with theoretical

understanding.

This research aims to develop un artificial neural network (ANN) model for the

analysis and prediction of the relationship between cutting and process pammcters during

turning of medium carbon stecl. The input parilmelers of the ANN model arc the cutting

parameters: speed, feed, depth of cut, cutting time and coolant pressure. The output

paramders of the model are four process parameter~measured during the machining trials,

namely principill tlank wear (VB), maximum principal /lank wear (VM), auxiliary flank

wear (VS) and surface roughness (R,). An experimental ~tudy would be conducted to

establish and validate the proposed model.



1.2 Machining Environment

In machining process, the 1001 removes material from the surfuce of a less

resistant body, through relative movement and application of forcc. The matcrial removed

called chip slidcs on the face of tool submitting it to high normal and shear stresses and

moreover to a high coefficient of friction during chip formation. Most of the mechanical

energy used to form the chip becomes heat, which generates high temperatures in the

CUllingregion. A major portion of the energy is consumcd in the formation and removal of

chips. The greater the energy consumption, the greater are the temperature and the

frictional force at the 100J.chip interface and consequently the higher is the lool wear. For

this reason, conventionai coolant is often used on the cutting tool to prevent ov~rheating.

Ho'Wever thc main problem with convcntionai cooiant i~ th"l it does not reach the real

cutting area [5]. Thc extensive heat generatcd cvaporates the coolant before it can reach

thc cutting area. Hencc, heat generated during machining is not removed and is one of thc

main causes ofthc reduction in tool life [6].

Cutting fluids i~ supposcd to playa significant role in improving lubrication as

well as minimizing temperature at the tool.chip and tool-workpiece interfaces,

consequently minimizing seizure during machining but it can only perform thcsc functions

at the point of chip formation if thc coolant aclually reaches thc cUlting zonc. CUlting fluid

can additionally clean the culting zone and protect the nasecnt finished surface from

conlmnination by the harmli,] gases present in the atmosphere. Flood cooling of the cutting

zone can effectively reduce the cuuing temperature whcn machining at lower ~pced. Flood

cooiing is not effcetive in terms of iowering cutting temperature when machining exotic
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materials or machining at high speed. The coolant does not readily access the tool-

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

high temperature generated close to the tool edge.

The majonty of the cooling and lubricating aspects of a flood coolaot Slreamarc

lost as coolants tend to be vaporized prior to entering the cutting zone by the high

temperature generated close to the tool edge, forming a high temperature blanket lhat

renders their eooliog elTeet ineffective. The film boiling temperatures of conventional

cutting fluids is about 350°C [7]. When coolant fails to reach the target, it does not perform

its two ncees~ary functions-cooling and lubricating. Bcsides that, oftcn in high production

machining, the culling lluid may C<lUSCpremature failure of th~ euUing tool by fracturing

due to close curling of the chips and thermal shocks. for which application of high

cooling type water base cutting fluids are generally avoided in machining stecls by brittle

type cutting tools like carbides and ceramics. But what is more scrious concern is thc

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

type.

Machining of steel by pre-cooling with liquid nitrogen may be a solution. This

technique is not the same as cryogenic machining, where the material to be cut is cooled to

a very low temperature prior to the machining operation. Rather. the method currcnlly

under developmeot uses hquid nitrogen to perform the cooling and lubricatiog job or lhe

cutting nuid. Much of the par! remains at <lmbienttemperature while the flow of nitrogen

is carefully delivered to the point where it is needed. Reportedly tool life and finish quality

are also improved by this technique due to the low temperatures at the tool/part interface.

Liquid nitrogen is an inexpensive chemical that i, environmentally inert. Nitrogen is the

,



most abu~dant gas earth's atmosphere a~d when liquid nitrogen wanns, it simply mixes

with and diffuses hannlessly into the air. Chips gcncrated from this teehniqi.lchave no

residual oil On them and ean be recycled as ~crap metal. However, liquid nitrogen i~

hazardous to workers due to its extremely low temperature. Exposure can result in mild to

extreme frostbite. Nitrogen that is ~tored in a scaled vessel will increase in pressure'

dramatically as it wanns, potentially resulting in a non-combustion explosion. Large spills

can displace all of the oxygen in a room in a short time.

Recognizing that large amount of cutting fluid can be a serious threat to health

and environment, leads to adoption of minimum quantity lubrication (MQL), micro

lubrication, near dry machining or 'spaUer' lubrication method. MQL is a 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 v,'here it is needed. In any case, (he

technology recognizes that sometimes just a littlc fluid, when properly selected und applied

can make a substantial difference in how effectively a tool perfonns. MQL is perccived to

provide benefits of both dry machining and nood cooling as MQL rcsult~ eleaner parts like

dry machining and serves the basic cutting functions of metal working fluids which

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

in"proccss corrosion (Trim Technical Bullctin: Fluid Solutions for melulworking), In

addition, MQL

• Reduces mist and spray, therefore offering an a([raetive alternative on

unenclosed machines likc a typical tool room or lathe.

• Reduccs or eliminate problems associated with thcnllul shocking of the

cutting lOol

8



• Produces" cleaner, drier workpiece th"n" flood or high pressure cool'lIll.

According to Klocke and EisenblacLter[3] cutting fluids olTer~evcrJI impOrlall!

mechanical benefits in machining processes such as cooling, lubricating and chip flushing,

From a recent survey it is indicated that the cost of cutting fluids and the auxiliary

equipments comprise ncarly 7-17% of the total machining costs. Compared with the cost

of the cutting tools (2-4%), the cutting fluid cost is significantly high. Therefore it is

necessary to rcduce thc usc of the cutting fluids. Again, small lubricant droplets in the

form of mist, smoke and gases are often produced in the machining processes that are

harmful to the environment and human health.

Flood or conventional coolant is applied to remove the heat gcncratcd at the

cutting %One.During muehining [8, 9], e~pecially of vcry hard materials, much he:!t i,

generated by the fi"ictionof the cutter against the workpiccc, which is one of the major

causes of reduction in tool hardncss and rapid tool wear. For this reason, conventional

coolant is often used on lhe cutting tool, to prcvent overheating. Howevcr, thc main

problem [5] with conventional coolant is that It docs nOl reach the real cutting area. The

extcnsive heat generated evaporates the cool~nt before it can reach thc cutting arca:"rhe

high cutting force, generated during machining will induce intensive pre~surc at the

cutting cdgc between the tool tip and thc workpicce. Convcntional coolant might not be

able 10overcome this pres~ure and flow mto the culling zonc to coal the culling tool.

Hence, heal generated during machining is nol removcd a"d is one of the mai" COU'C$ of

thc reduction in tool life. Proper selection Jild application of cutting fluid gcner~lly

improves tool life, At [ow cntting specd almosl four timcs longer 1001life was obtained

[10] by such cutting fluid. Bul surface finish did nnt improve significantly.
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Machining leads to environmental pollution mainly because of use of cutting

nuids [11, 12). These nuids often contain sulfur (5), phosphorus (P), chlorine (Cl) or other

extreme-pressure additives lO improve the lubricating perform~nce. These chemicals

present health hazards. funhernlOre, the cost of treating the waste liquid is high and the

treatment itself is a source of air pollution. According to Aron~on [2] (he major problell1~

that arise due to use of cu!ting nuids are:

o environmental pollution due to breakdown of the culling fluids into harmful

ga.>esat high cutting temperature,

o biological hazards to the operators from the bacterial growth ;n the cutting

fluids

o requirements of additional systems for pumping, local storage, JiUration,

temporary recycling, cooling and large space requirement,

o dispo~al of the spent cutting fluids which also oITcr high risk of wmer

pollution and soil eOllt~mination,

Skin exposure (0 cutting J1uidcan cause various skin diseases [13]. In general,

skin contact with straight eulting oils cause folliculitis, oiJ acne, and keratoscs while skin

cxposure to soluble, semi-synthetic and sytllhetic cutting fluid would result in irrit~nt

contact dermatitis and ollergie contact de,matitis. Another SOllrceof exposure to c\l!ling.

fluids is by inhalation of mists or nerosols, Airborne inhalntion di,eases bn\'c bcen

occurring with cutting fluid aerosols cxposed workcrs for many years, These disc~ses

include lipid pneumonia, hypersensitivity pneumonitis, asthma, acute airways irritation,

chronic bronchitis, and impaired lung function [13). In response to these health effec(~

through skin contact or tnhalation, the National Institute lor Oec\lpation~I Safety and
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Health (NIOSH) has recommended that the permissible exposurc level (PEL) is 0.5 mglmJ

as the metalworking fluid concentration on the shop floor [13, 14]. Bcnnett IUldBennett

[15] ~tated that during machining operations, workers could be exposed to cutting flujds by

skin contact and inhalation. Skin contact usually occurs when:

o worker directly touches cutting fluid ",i(hout any protective equipment;

o worker handles work, machine, and equipment that me covered with cutting

fluid;

o Worker IS exposeu to cutting fluid splashes from the machinc tool or

workpiece.

Enormous efforts to reduce the usc of lubricant in metal culling are being IllUUC

trom the vie"'point of cost, ecological and human health i~sl1es [2, 16-Hi]. Minim,,1

quantity lubrication (MQL) can bc considered as onc of the soll1tions to reduce the amount

of lubricant. Again Concern for the environment, health and safety of the opcrator" as

well as (he requirements to enforce (he environmental protection laws and occupational

safety and health regulations arc compelling the industry to consider a Minimum Quantity

Lubricant (MQL) machining proces~ as one of the viable alternative in;tead of using

conventional culling fluids, In some applieati(}ns the consumption of culling fluids has

bcen redu~cd drastically by using mist lubrication. ]-]o\vever, mist in the industrial

environment can have a serious respiratory effect on the operator [19]. Consequently, high

standard, arC being set to minimize this effect. Use of culling fluids will beeome.more

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

environmentally friendly manufacturing.



Apart from the cost aspects, Heisel et at [20J found that cutting fluids represenls

a serious problem to the preservation of the environment and to human health. Therefore,

Minimum Volume of Oil techniql.le may represent a compromisc bctwccn thc advantagcs

and disadvantages of complelely dry cutting and cutting with abundant soluble oiL MVO

is a technique, whieh eonsist~ of the application (pulverisation) of a very small volume of

culling oil (u~ually b;s lhan 100 mlih), in a flow of compre,sed air, Thi~ ,mall amounl of

oil, mo:;t of the time i:; enough to substanlially reduce friction and to avoid the adhesion of

the chip on (he tool. When abundant cutting fluid is used, the machined surface i~ flooded,

while when MVO is used the lubricant b placed just in the contact area of tile tool-chip

and tool-workpiece. In this lechnique, the lubriemion function is carried out by the oil and

c()oling is provided mainly by comprc~sed air. Comparing the above two wet CUlling,

Heisel ct aL [21J, pointed oul some advanlages: (a) the amount of fluid used i~ much

lower; (b) reduction of costs with oil maintenance, recycling and rejection; (el the

workpieees remain almost dry, eliminating washing operation; (d) the low content of oil

whieh stays on the chips makes their drying Ullnece~~ury.

When tuming AISI 1040 steel the influence of near dry lubrication on culling

temperature, chip formation and dimensional accuracy was investigaled by Dhar el a!.

[22]. The lubricant was supplied at 60 ml/hr through all external nozzle ill a flow of

compressed air (7 bar). Based on the machining tesls, the authors found thaI ncar dry

lubrication resulled in lower ~ulling lcmperatures compared with dry and !lood cooling

The dimensional aceura~y under ncar dry lubrication presented a notable bencfit of

controlling the increase of the workpIece diametcr when the machining time clap~ed wherc



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

lubncation due to the diminution of lool wear and damage_

The effects of culling fluid on tool wear in higb speed milling were studied by

Lopez el al. [23]. Bolh ncar dl'Y lubl'icatioll and flood cooling were applied when cUlling

aluminum alloys, In addition to experiments, they also performed computational fluid

dynamics (CFD) simulations for estimating the penetration of the cutting fluid to lhe

culting zone. The oi! flow rnles ofO,04 and 0.06 mllmin were studied. The pressurized <lir

was applied m 10 bars, The resulls showed that (i) with the help of compressed air, the oil

mist could pcnctrated thc cutting zone and provide cooling and luhncaling ",'hile the CFD

simulation showed that the nood coolant was not able to reach thc tool teelh; (ii) the

nozzle position relative to feed direction was very important for oil flow penetration

oplimization. Sasabarn ct a!. [24] reported that in the case of helical feed milling for boring

aluminum alloy, culling forces, culling tempcrature and dimcnsion llCeUl'Ueyunder nellr

dry lubl'ieation were close to those under !lood cooling eondition. Rahman et al. [25]

performed experiments in end milling with the use oflubricanl at 8.5 mllhr oil now ratc.

The oil was supplied by the compl'essed air al 0.52 MPa, The workpiece malcrial was

ASSAB 718HH steel. The experimental results ;howcd that: (I) tool weal' under near dry

lubrieation Wll';comparable to that under tlood eooling when cutting at low feed rates, low

speeds and low depth of cuts; (2) tbe surface fini,;h generated by near dry machining was

eomparable to that under !lood eooling; (3) cutting forces were close-in both near dry

machining and flood cooling; (4) fewer burrs fnrmed during near dry machining compared

lOdry cutting and flood cooling applieation; (5) the lool-ehip interface temperature under

near dry lubrieation was lower lhan in dry CUllingbut higher than that in flood cooling.



The cfTect of minimum quantity lubricant on tool life whon drilling carbon steels

with high specd steel twist drills was investigated by Heinemann et al. [26]. The cutting

fluid flow rate was 18 mJlhr. It was found that a continuous supply of minimum quantity

lubricant conveyed a longer [001 life while a discontinuous supply of lubricant resulted in a

reduction of tool life. A low-viscous and high cooling-capable lubricant provided a longer

tool Ide when different lubricants were used for an cxtcmal MQL-supply in the tests.

Brinksmeier et al. [27] applied minimnm quantity lubrication in grinding. Two different

work materials were used: hardened steel (l6MnCr5) and tempered steel (42CrMo4V),

The minimum quantity lubrication was implemented under OJ ml/min oil flow rate and 6

bar pressurized air. With reference to the grinding tests, the following results were

observed: (i) both dry and near dry grinding would cause thenn<ll d~mage on the hardened

materiul with the creep feed grinding operation; (ii) acccptable surlace finish was obtaincd

under minimum quantity lubrication ifthc matcrial removal rate was low; (iii) the type of

lubricant used in minimum lubrication had a significant influence On the surface finish.

Thc analysis of the cooling effect of cutting fluid for both minimum quantity lubrication

and Hood cooling was also pl'esented. However, there W<ll;not a comparison betwcen

predicted <lndmeasured cutting temperatures.

Minimum quantity lubrication refers to the use of cutting lluids of o~ly a minute

amou~[ - typically of a flow rate of 50 to 500 'mllhour - which is abom three lOfour orders

of magnitude lower than the amount commo~ly used in flood cooling condition. The

concept of minimum quantity lubrication sometlmcs refcrred to as "ncar dry lubrication"

[3] or "micro-lubrication" [4J has becn suggested since a decade <lgo as ~ I1lc~ns of

addressing the issues of environmental intrusiveness and occupatio~al h~znnJs a,sDeialeJ
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with the airborne culling fluid particles on factory ~hop floors. Thc minimiialion of cUlling

fluid also leads to economical benefits by way of saving lubricant cosls and

workpieceltoollmachinc cleaning cycle time. A rccent snrvey conductcd on the production

of the European automotive indu,try revealed that the expense of cooling lubncant

comprises ne"rly 20% of the total manulacturing cost [28J.

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

higher. As a rcsult, the need to reduce cutting fluids consumption is ~trong. Furthermore,

lhe pcnnissible expo~ure level (PEL) for metalworking fluid aerosol conccnlration is 5.0 m

glm>, per the U.S, Occupational Safety and Heallh Administration (OSHA) [2], and i~ 0.5

, ,mglm according to the U.s, National Instirntc for Occupational Safety and Hcalth

(NIOSJ-I) [13]. The oil mist lcvcl in U.S. auloJ.l1otivc parts manufacturing facilities has

been estimated to be gcacrally on the order of 20-90 mg/mJ with the usc of traililional

flood cooling and lubrication [29]. This suggests an opportunity lor improvement of

several orders ofmagnilLide.

Itoigawa ct al. [30] invcstigated the effects and mcchanism~ in minimal quanlity

lubrication by use of an imermiuenl turning process of alnminum ~ilicon alloy. E~pcciall y

a differencc between minimal quantity lubrication (MQL) and MQL with waler is

inspected in detail to elucidate boundary film behavior on the rake face. Hc cOllcluded thaI

MQL with water droplels gives good lubncation performance if the appropriate I\lbricanl,

'Hcll 3S ,ynthetlc cslcr, is used. MQL wilh synthelic cSler, without watcl', shows a

lubrication cffcet. Howcver, tool damage and material piek~up onto the tool surface cnnnot

be suppressed.



1.3 Artificial Neural Nenvork (ANN)

An artificial neural network (ANN), oftcnju,t callcd a "neural network" (NNl, is

a mathematical model or computational model ba,ed on biological neural nctworks. It

consists of an interconnected group of artificial neurons and proccsscs information tising u

connectionist approach to compl.ltation.Neural networks can bc defined as "A ncural

network is a system composcd of many simple processing elemcnts operating in parallel

who,e !"I.lnelionis determined by network structure, connection strength" and the

processing performed at computing element or !lodes

}B"" ""dcd"
Synaptic lcnninals

Fig.l.1 Schematic diagram of a biological neuron

Neural nctwork architecture is inspired by the architecture of biological ncrvow;

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

computation r'ltes" [31].

In most cases an ANN is an adaptive systcm that changes ib struc1Urebased on

external or internal information thal flows through the network during the learning phase.



In more practical terms ne\lrul networks arc non-linear statistical dala modeling toul" They

can be used to model complex relationships between inputs and ou.tputs or to lind patterns

in data. In other words neural network can be dcfined as II series of algorithm, that attempt

to identify underlying relationships in II set of data by using a process that mimics the way

the human brain operates. Neural networks have the ability to adapt to ch,mging input so

that the network produces the best possible result without the need to rede,ign the output

criteria.

TIle original inspiration for the technique was from examination of the central

nervou.s system and the neuron, which constitute one of its most significant information

processing dements (Fig. t.l l. The neural networks re~cmbJc the brain mainly in tWO

respects-knowledge is acquired by the network fi-om its environment and inlerneuron

connection strengths, known as synaptic weights arc used to ,tore the acquired knowledgc

[32].

FigureJ.1 shows the parts of a nerve cell or neuron. Each ncuron consists of a cell

body, or soma Ihat contains a cell nucleus. Branching out from the cell body arc a numbcr

of libers called dendrite~ and a single long fiber called the axon. Typically they arC I cm

long (100 times thc diameter of a cell body), but can reach up to 1 meter. A neuron makes

connections with 10 10 100,000 other neurons at junctions called synapses, Signals arc

propagated from neuron 10 neuron by a complieatcd electrochemical rcaction. Thc signals

control brain activity in the short lenn, also enable -long term changcs in lh~ position and

connectivity of neurons, Thesc mechanisms are thought to form the basis for learning in

the brain. Most information processing goes on in the cerebral cortcx, the outcr laycr of the

brain. Thc basic organizational unit appears to be a column of tissuc about 0,5 mm In-



diameter, extending the full depth of the cortex, which is about 4 mm in humans, A

coll.lJ1lncontain.>about 20,000 neurons and human brain contains 1014 synapses and 10"

neurons,

In a neural network model, simple nodes (called neurons) arc connected together

to form a network of nodes hence the term neural network. Other names for the field

include connectionism, parallel distributed proeesslllg, neural computation or

computational neural network (CNN), Neural networks arc composed of node~ or units

connected by directed linh, Eaeh link has a numeric weight associated with it which

del~f1nirlCSthe ,trcnglh and sign of the connection. Fig.l.2 shows ANN with input, outpul

and one hidden layer with four neuron~.

Fig.L2

x,

x,

x,

An ANN ,,;th input, output and one hidden layer

~y

Oulput"'y

Here there are three inputs which arc XI. X2. and Xl and they produce a single

output.Y. The hidden layer establishes the complex relationship between the inputs and the
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outputs, The number of hidden neuron and hidden layer various depending on the nature

and complexity of the problems and distributions of the dala set.

Artificial neural networks attempt to mimie the basic opemtion of the bmin.

lnfomlation is passed between the neurons, and based upon the structure and synapse

weights, a network behavior (or output mapping) is provided. Neural networks arc very

simple implementalions of local behavior observed within our own brains, The brain is

composed oi"nellrons, which arc the indi\'idual processing clements.

Dendrites

X,

x,

x,

•
•
•

Cell Body

Sum

Sum= W1X1+WZ 2
+W3XJ+ ... + wlXJ

Axon _, /
V=f(SUm~

~

Fig.] .3 A single ANN neuron with ils elements

The cell body in the human neuron receives incoming impulses vin dendriles

(reeeiver) by means of chemical processes. If the number of incoming implllses exceeds

certain threshold value the neuron will discharge it off to other neurons through its

synapses, which determine~ the impulse frequency 10 be fired off, Fig.I.J shows a lypieal

neurOn and ils clemenl" A neuron is the basic clement oi"ncuralnelworks, and its shape
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und ~i/,"may vary depending on its dutie" Analyzing a neuron in terms of its ~clivitic, i~

important, sinee 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 clement

consists of data collection, processing the data and sending thc reslllls to the relcvan(

conscqucnt elem~nt. The whole process may be vicwcd in teml~ of the inputs, weights, the

smmnution function, and the activation function (Fig.I.3) [33, 34J. The description of the

Fig. 1.7nnd the working principle is given below:

I. The inputs (e.g, Xl>Xl X1 me thc aCllvity of collecting data from the

relevant sourecs. These data are fed to (hc ncural network.

2. The weights control the effects of the inputs on the neuron. In other word~,

an ANN saves iL>information over its links and each link has a weight (e.g.

Wh W•....... WI), These wcights are constantly varied while tryiiig to

optimize the relation in between thc inputs and outputs, Synoptic weights

cbarueterizc themselves with their strength (value) which corrc,ponds to the

importance oj the information coming from each neuron. III other word~,

the information is encoded in these strength.weights.

3. Summation function is to calculate of the net input readings fmlll the

processing elements. (E.g. Sum=WI Xj + Wl Xl+ WJ XJ+ + WI XI)

4. Transfer (activation) function (I) determines the output 01 (ilc neuron by

accepting the nct input (Sum= WI XI + Wl Xl+ WJ Xl+ •....... + W1XI)

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

summation function arc made. A transfer function generally consist, of algebraic equations

of linear or nonlinear form [35]. The use of u nonlinear tran~fer funelion l1lJkesu nelwork

capable of storing nonlin"ar relationships belwecn thc input and the output. A commonly

used function is sigmoid function because il is self-limiting and has a simple derivative.

An advantage of this function is that the output cannot grow infinitely large or small [36].

,Any differentiable function can qualify as an Jclivation function in theory. In practice,

only a SIllJI1 nnmber of "well-behavcd" (bounded, monotonically increasing, and

diftcrentiablc) adivalion functions arc used. These inelude:

The sigmoid (logistic) function:

F(x) = (1+ exp(-x))"1

The hyperbolic tangent function:

F(x) = (exp(x)-exp(-x))/(exp(x)+ cxp(-x))

The sine or cosine function:

F(x) = sin(x) or F(x) = cos(x)

The linear function:

F(x) = x,

Among them, the logistic transfer function is lhe mosl popular,

5, Outputs accept the results oflh" transfer function and present them either to

the relevant processing element or \0 the outside of the network.

6. Each input has its own weight plus there is an additional weight called bias
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1.3.1 Performance Measure of an ANN

Like the Perceptron learning rule, the least mean square error (LMS) algorithm is

an example of supervised training, in which the leaming rulc is provided wilh a set of

examples of desired net\\iork behavior:

{p" T,}, {p" T,}, ....., {pQ'To}

Here Po is an input to the network, and TQ is the corresponding target output.

As each input is applied to the network, the network output is compared to the target. Thc

error is calculated a> the difference bel'Ween the target output and the network output. We

want to minimi7,e the average of the sum of these errors.

1 Q 1 0
mse "-2:c(k)' =-L (t(k) - a(k»)'

Q ~=l Q ~=L

...........•..................•.... [1.1)

The LMS algoritlml adjusts the weights and biases of the linear network so as 10

minimize this mean square elTor. Fortunately, thc mean square error perfomlanec index

for the lincar network is a quadratic fLlnction, Thus, the performance index will either have

one global minimum, a weak minimum or no minimum, depending on the characteristics

of the input vcctors. Specifically, the characteristics of the inpLltvectors deterrninc whether

Ornot a unique wlLltion exists



1.3.2 Types of ANNs

ANNs can have different number of hidden layers of neuron depending upon the

complexity of the problem. Based on the number of hidden layers i\NNs are two types-

single layer perceptron and multi-layer pereeptron.

InpUlunits w,.;.' Output units

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

Sin::lc-Iayer Pcrecptron

A network with all the inputs connected directly to the outputs b called a single-

layer network or a Pereeptron network. Since caeh output unit i~ independent of the othcr~-

each weight affects only one of the outputs-we can limit our study to Pcrccptron with a

single output unit as shown in the figure 1,4



Multi-Jrl)'cr Pcrceptron

Thi~ class of networks consists of multiple layers of computational units [Fig.

1.5], uSlU\llyinterconnected in a feed-forward v,ray. Each neuron in olle layer has directed

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

networks apply a sigmoid function as an activation function.

Input units, ak Hidden units, llJ Output units, ll,

Fig. 1.5 A multllayer network ",;th onc hidden byer outputs, 4 input~ and I output

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

of their network structure organization (topology/architecture) and their presence or

absence of random clemenb. Among them. mo~t commons are - fecdforward ANNs and

n;CUrl'entANN,.



Feed-fo,",v9rd ANNs

The feedforward neural network [Fig. I .6] was the first and arguably simplest type

of artificial neural network deviscd. In this network, the information moves in only olle

direction, forv.,aro, from the input nodes, through the hidden nodes (if any) and to the

output nodes. There are no cycles Or loops in the network.: A feed forward ANN is

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 arc connected to nodcs in adjacentlayer5.

Fig.1.6

Input -1 ~"

Input -2 11!J~ Output',~~'

Input -3 ,,;;m~
~l9.'

A feed forward ANN

Although partial conncctions betwecn nodes in >Jdjaccnt laycrs and Jirect

connections from inpullayer to outputlaycr are possible, the most commonly used ANN is
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the so-called "fully connected" network in that each node at one layer is fully connected

only LO all of the nodes in the adjacent layers.

The first layer is known as input layer, the last as output layer, and any

intemlediate layer(s) as hidden layer(s). A multiple feed forward layer can have one or

more layers of hidden units. The number of units at the input layer and output layer is

determined by the problem at hand. Input layer units correspond to the number of

independent variables while output layer units correspond to the dependent variables or the

predicted values. While the numbers of input and output units are determined by theJa~k at

hand, the numbers of hidden layers and the units in each layer may vary. There arc no

widely accepted wles 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, wherea.>too many hidden units will generalize poorly of any unseen data.

Several researchers attempted to determine the appropriate size of hidden UilltS.Kung and

Hwang l37J suggested thm the number of hidden units should be equal to thc number of

distinct training patterns while Arai [38J concluded that N input patterns required )\'-1

hidden units in a single layer. However, as remarked by Lee [39J, it is rather difficult to

delemline the optimum network size in advance. Other studies suggested thnt ANNs

generalize better when succeeding layers arc smaller than the preceding ones [40, 41],

Although a two-layer network is commonly used in most problem solving apPl"QQche~,tile

determination of an appropriate network configuration \ls\lally requires In~ny tri"l nnd

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

constructivc approaches, the nctwork starts with a minimal size und grows gradually

during the training procedure [42, 43]
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Inpul

OL1lpul'

Ria",,'

A recurrenl ANN

Reeurrent Network

Contrary to fe~dforward networks, recurrent neural networks (RNs) are models

with bi-directional data flow. While a feedforwnrd network propagates dam linearly from. .

input to output, RN; also propagate data from laler proce,sing stagcs to earlicJ' s(agcs. That

is. closed loops arc present in the architecture ~nd network is modified dcpc~ding o~ (hose

feedback loops. Fig. 1.7 5how~ explicitly the feedback li~ks,

1.3.3 Learning Paradigms

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

abstract learning task. These are supervised lcaming, unsupervised lcarning'-and
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reinforcement learning. Usually any given type of network architecture can be employed in

any of those tasks.

1.3.3.1 Supervised Lcuning

ln supervised learning, both the inputs and the outputs are provided. The network

then processes the inputs and compares its resulting outputs against the desired outputs,

Enol":'iarc then propagated back through the system, eau~ing the system to adjust the

'Weightswhich control the nchvork. This process occurs over and over as the weights arc

continually adjusted. The ,et of data whIch enables the training is called thc "training set."

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

eonnec!ion weights arc ever refined. Summary of Supervised training arc:

o Adjust weights ~ueh thaI the dilTerencesbetwecn de~ircd and adunl outpulS

are minimized

o Desired output: dependent variable in training data

o Each training exumple specilies- (Independent variables, dependent

variables)

1.3.3,2 Unsupervised Learning

The types of neural networh thaI don't usc any extcrnal human influence, 01'any

data set, in order to adjust their weights arc called unsupervised. Unsupervised learning

models are sometimes called self-supervised learning or clustering. As mentioned before

the supervised modds give a result liSwell as on the correct output. In an unsupervIsed



learning procedure no correct output is pl'Ovided to the network. Present~tion of an output

is accompanied by depend only on the actual state that the system is arrived and not on any

cxternally provided COlTectoutput. The network i~ looking for patterns in the input signals

and then makes matching according to thc function of the network. The network identifies

the patterns and diffcrcnce, in the inputs without any external a,sistallCC. III unsupcrvised

learning, the network is provided with inputs but not with de~ired outputs. The system

it,elf must then dccldc what features it will use to group thc InpLit dnt~. .1 his is orten

referred to as ~cJf-organization or adaptation. S1I0lmary of unsupervised learning arC:

o Only supplies input

o No dependent variable spccitied in training data

o The neural network adjusts its OWll weights so thaI similar inputs cause

similar outputs.

1.3.3.3 Reinforcement Learning

In reinforcement learning, data x is usually not given, but generatcd by an agent's

Interactions with the environment. At each point lfl time t, the agent pa[orms an action y,

und the environment generates un observalion X,and an instantaneous CO~1cL, according 10

some (usually I.lIlknOWll)dynamics. The aim is to discovcr a policy for selecling actions

[hat minimizcs some meaSllfe of a long-term cost, i.c. thc expccted cumulative co.,!. Thc

environment's dynamics and the long-term cost for each policy arc usually unknown. bill

call be e.'.limatcd,
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1.3.4 Learning Laws

Many learning laws arc ill common usc. Most of these laws are some sort of

variation of the best known and oldest 1carning law, Hebb's Rule. Research intD different

learning functions continues 'IS new ideas routinely show up in trade publications. SDme

researchers have !he modeling of biological learning as their main objective. Others arc

experimenting wi!h adaptations of their perceptiDns of hDw nature handles learning. Either

way, man's understanding of how neural processing actually works is vcry limited.

Learning is certainly more complex !hall !he ~implifications reprcsemed by the learning

laws currently developed, A few ofthe major laws are preseilled as e)<~lllplcs_

1.3.4.1 The Hcbb's Rule

The first, and undoubtedly the best known, learning rule was introduced by _

Donald Bebb. The de~eription appeared in his book The Organization of Behavior in 1949.

His baoie rule is: l[ a ncuron receives an input from anothcr neuron und if both are highly

active (mathematically have the same ,ign), the weight between the ncurons shDuld be

strengthened. Bopfield La\v: It is similar tDHcbb's rulc with thc cxception that it specifics

the magnitude of the strengthcning Dr weakening. l! states, "if the desired Dlitpul and the

input are both active or both inactive, incremcnt the connection weight by lhe learning

rme, otherwise decrement the weight by the leaming rule.
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1.3.4.2 The Delta Rule

'I his rule i~ a further variation of 1'lebb', Rule. 1t is one of the most commonly

used. This rule is based on the simple idea of continuously modifying the ;lrcngths of the

input connections to reduce the difference (the delta) between the desired outpul 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 refcrred to as

Lhe Widrow-Hoff Learning Rule and the Leasl Mean Square (LMS) Lcarning Rul~. The

""y thal the Delta Rule works is th"-l the delta error in the output tayer is tra~sform~d by

lhe derivalive of (he transfer funclion und is lhell used in lhc previous neural layer to adjust

input connection weights. In other words, this error is back -propagated inlo previous layers

one lu}.er al a time. Th~ process ofback-propagaling the network errors continues until the

fir,tlayer is rC<lchcd.

1.3.4.3 Thc Gradiellt Dcsccnt Rule

Thi~ wle is similar to the Delta Rule in that lhe derivative of lhe transfer function

is slill used to modify the delta error bcfore it is applied to the connection weights. Here,

however, an additional proportional eonS1<lllttied to the learning rate is appended to thc

linal modifYing facLor aeling upon th~ w~jght. rhis l"Ulci~commonly ll~~J, ~v~n though it

converges 10 a point of stability very slowly. Jt has been shown that different learning rJtes

for different byers of a network help the learning process converge faster. In these tesls,

the learning rate5 for those layers closc to the oulput were sel lowcr thun those layers near

the input. This is especially importalll for appheatiol1s where the input datu is not derived

from a strong underlying modeL
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1.3.5 Learning Algorithms

1 raining a neural network model essentially means selecting one model from the

set of allowed models (or, in a Bayesian framework, delennining a distribution over the sel

of allowed models) that minimizes the eost criterion. There are numerous algorithms

available for training neural nolwork modds; most of them can 1>0viewed as a

straightforward application of optimization theory and ~slJmation. Most of the <llgorithms

used in training artifici<ll neLlml networks arc employing some form of gradient descel1l.

This is done by simply taking the derivative of the cost function with respect to the

network parameters and then changing those parameters in a gradient-related dircr:tion.

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

parametric mcthods are among other commonly used methods for t~aining neural

net\vorks.

1.3.5.1 Back-propagation Algorithm

Back propagauon is a supervised learning technique used for tmming ANNs. It

was first described by Paul Werbosin in 1974, and further developed by David

E.Rumelhnrt, Georey E.Hinton and Ronald J,Williams in 1986. The baekpropagation (DP)'

neuralnet\vork is a multiple layer network with one input layer, one output layer and some

hidden layers between the input and output layers [44J. Its learning procedure is based on

gradient search with least sum ~quared optimality criterion. It is most useful for feed-

forward networks (networks that have no feedback, or simply, thai have 110connections

that loop). The term is an abbreviation for back-wards propagation of errors. Baek-
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propagation requires !hat thc activation [unction used by the artificial neurons (or nodcs)

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

f(u) = 1/1+c.u ...••.•.••.•••............••.•.•.•• [1.2)

Othcr transfer functions can also be uscd. The most commonly used transfcr fUllctiolls arc

shown in Fig.1.S.

Stepwise procedure of back-propagation algorithm:

o Presenl a training sample 10the ANN,

o Compare the net works oulput to the desired output from lhat sample.

o Calculate the error in each output neuron.

o for each neuron, calculate what the output should have been, and a scaling

factor, how mueh lower or higher the output musl be adjusted to match the

desired output. This is lhe local error.

o Adjust the weights of each neuron to lower the Joeal errOr.

o Assign blame for the local error to neurons <It lhe previous level, giving

greater rcsponsibility to neurons connected by stronger weights.

Repeat the steps above on the neurons at the previous level, using cach ones

blame u.sits error.
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Fig. 1.8 Different transfer function u,ed 10b~ckprop~galionnctwork

As the algorithms name implies, the errors (and tllcrcfore the learning) propngatc

backwnrds from the output nodes to the inner nodes. So tcchnically spcaking, back-

propagation is used to caleulate the gradient of the error of tile network with respcct to thc

nctworks modifiable weights. This gradicnt is almost always thcn used in n simple

stochastic gradicnt dcscent algorithm to find wcight~ [hat minimize the error. Often the

term baek-propagation is used in a marc gcncral scnse, to rcfcr to the cntire procedurc

encompassing both the calculation of the gradient and its use in stochastic grndicnl

de~cent. Flack-propagation usually allows quick convergence on satisfactory local minima

for error in the kind of networh to which it is suited. It is important to note thm back-

propagation networks are necessarily multilayer (usually with one input, one hidden ilnd

one output layer). In ordcr for thc hiddcn laycr to serve any llseflll function, multilayer

networks must have non-linear activation functions for the multiple layers. It is thc most

common method of obtaining the many weights int1Je network. J[ is;1 form of wpcrvi~ed

training.
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The standard BP algorithm suffers from thc serious drawbacks of slow

convergence and inability to avoid local minima. Therefore, BP with the Levenberg~

Marquardt (LM) approximation is used in mast of the wark. The LM [earning rule use~an

appro;..illla(ionof Newtan's methad to get better performance r45]. This technique is

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

VW = (JI J + jilt' J' e ....•.••.•••••••.••.••.••••.•.•••.. [1.3J

Where, J is the Jacobean matrix of derivatives af each error to each weight, j1 is

u ~ealar and e is an error vector. If the scalar is very largc, the abave expreSSion

nppwximates the grmlicnt descent method while if it i, small the "bove exprc,,,on

becomes the Gau,s~Newton method. The Gauss-Newton method is faster and mor~

accurale ne<lIerror minima. Hence, th~ aim is to shift towards the Gauss-NewlOn as

quickly as possible. The I' is decreased after eaeh successful step and increased only when

the ,tep increases the crror.

1.5 Modeling of Tool Wear

In the survey of literature we see different models of lool that can he elJssilied a~

mathematical model, regression based model. artificial neural network model, nnd fuzz}

approach model. Some oftbe ,urveys of the literature huve becn highlighted in lhis study.



1.3.6.1 Mathematical Models of Tool Wear

The ability to predict 1001 wcar or too! life is obviously i'llport:lll! for tool

management and manufacturing proccss planning and also in Computer Aided Proees,

Planning (CAPP). from the beginning, the effon to predict tool wear or tool life takes into

account thc dcpcndcnce on the combination on the properties of tool (material, geometry,

surface integrity, and internal defects), the work (hardness, strength, chemical composition

etc), the cutting conditions (speed, feed, depth of cut, cutting fluids), the cutting mode

(turning, milling, drilling and others) and the machine tool (for example >;tiffness, state of

maintenance).

Moreover, the sttldies concerning tool wear arc mainly experimental ones and few

numerical investigations may be recognized in technical literatures. However, it must be

ucknowlcugcd that u universal mouel eonsidenng aU aspects is a tiworclieal and practical

Impossibility. It is however possible to develop tool wear or tool life equutions or

developing Artificial Neural Network (ANN) model if the cutting mode and machine tool

are limited and the tool wear is simple and dominated by a sing1c mechu~ism. Many

mathematical and neural network models are developed to quantify tool wear,

Mathematical models can be categorized into two types: tool life models and tool wcur rate

models (Table 1.1).

Since the tool wear in cutting operations involves complex weur mechanisms,

researchers have attempted to directly correlate the results of tool life to the applied

machining purumeters (cutting speed, feed rate, etc.). The well known Taylor's tool life

rclallonship and its various extended equations are of this type l46, 47], tbe~e cqnations
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describe the relation,hip bClwe~n tool life and machining parameters and involve a few

constrainls lhal ne~d to be experimentally determined for the given combinalion of tool

and workpiece materials,

Table 1.1 Tool Wear and Wcar Rate Models

Feed

Usui's Model, derived from equation of
udhesive weilr [48J
dW r-A)-=C""V,exp -
dl , B

(C, A= Wea'- Charaeleri~tic, con,lantsj

s
VS = Sliding Velocity
BJ-rN = Workpie~e Hardness
(1" = Normal Stress
B = Culling Temperature

EnipiricafT'9o.l.-I,.ife':M:~'dAls... "' ",,':)~~!e:~~~'!.i~1'':',TOR! "Wca(, Rate
-,'ModcIs~" -- .
Tukeyama & Murata Model, considering
Abrasive Wear and Dirrll,ivc We;!'-
[1963]:
dW -E
- =G(V,S)+ D.cxp(-')
dl Rf)

(G. 0 = constants)

Taylor's Tool Life Equation:
VT" =C,

(a , C L = constanls)

Taylor's Extended Equation:

T = C,
VaSPa'

(a, {J,y,C, = constants)

Taylor's Extended Equation:

T e,
VaSf a' (ElfN 1200Y

(a. jJ,y,C, = constants)
Temperature Based Equation
[49]:
7(1" = C.,
(n, C, = Constants)

[dd',' J = Wear Rate

T = Tool Llt'c
R = Univer-.al Gas Constant
1:0 = Process Aetiv;!lion Energy
V - Cullin" Sneed

The tool life equation of Taylor relates influence of culling specd on tool life over

limited ranges of cutting speed. In mathematic;!l form the equatlOll can be expressed as:

,."".".[1.4]

Where V is lhe cUlling speed, T the tool life, a the ,lope of the log T-Iog Vand C

is the Taylor constant; that is the cutting speed [or a 1 min tool life, ThIs formula indicates
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that a Imem relationship bclween log T and log;V (that is (Y i, a ~on~tnnl).The Tuylor

equation sccms to be valid reasonably when machining carbon and low alloy steels with all

typcs of material in scmi roughing conditions (depth of cut 0.050-0.150 in and feeds of Icss

than 0.020 in) when cutting with spccds to give tool lives of I0-50 min, bceausc it is in thi~

reglOnthat optimum economic conditions ar~approached.

Barrow [50] has found that the tool wear depends on in addition to tempmature,

normal stress which acts on the flank faee of the cutting tool. He proposed thal

temp~rnturcwill exerl a strong in/luenee on the primary wear eilher through Its innuenee

on the propel1ie~ of the tool material, the th~rmal stressing or the tool material or by

faciIilaling of diffusion proee;s.

In contrast to th~ above tool life models, the tool wear rute models describe the

rate of local volume loss on the tool eonlaet face pel' unit area per unil time. These models

are derived from one or several wear mechanisms. They provide information about wear

gro"th rate due to some wear mechanisms. In these models, the wear growth rate i.c. the

rJte of volume loss at the tool face per unit contae! are" pel' unit time (mm/min), are

related to several cutling process v"riables that have to be decided by experiment or using

some mcthods [5IJ. Chowdhury [52] developed an empirical tool flank wear rotc maud as

a function of cutting velocity, feed, depth of cut, lind variation of the normal load with

respect to flank wear, wear coefJiclClll,hardness of the culling tool and the index of lhe

diffusion coefficient. Based on Archard [53] model of volumetric wcar rate dcpcnding on

the deformation producing particles and considering diffusion of lllnterial~ from the \(lol

material, the model employs regression analysis to determine the constants defining the

model. He found that all the input variables parameters innucoees tool wcar rate, however,



at different extent. The cutting velocity is the predominant factor affecting tool wear. The

flank wear increases with increase in feed and depth of cut throLigh the influence offeed is

much ,ignificant than depth of cut.

1l is genemlly accepted that for carbide lOob undcr practical cutting tools undcr

practical ~l)]ldilions, the wcar rale is dominated by a temperalLire sensitive diffusion

process, in particular at higher cutting 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] analyzed the tool wear of earhide tools

when machining carbon steels and results l13vo shown tbat lbe "l"akeyam" and MumlO's

dit"Ji<sionequation can hc used to elTectivcly relate the 1001wear ratc to thc average contacl

tcmperature or the tool.

Fillice et. al[56] developcd 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, t'illice rewrote TakeymJ. and Murata model.

However, Fillice proposed a parameter which can be described using a polynomial

function of Iemperaturc. Molinari and Nouari [55] proposed a model of tool wear by

diffusion, taking into account cutting pammercrs, working material properties and

[ri~lional aspects, and underlined the tnfluenee of contacl temperature at the interface

bct\\ieen tool and chip. Experimental investigalions on lungsten carbide tool wc~r were

performed by Yang l57], who focm.ed his attention on the ev~lllalion of lbe wear

coefficient by several pin~on~dise experiments.
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Usai et al. [48] in the tool "vear ,tud) for carbide toob derivcd a wear rate model

based On the cquation of adhesivc weal', which involves temperaturc, normal ~tL"C",and

sliding velocity at the contact surface. Their rcsults in machining different carbon sleels

(0.15-0.46% C) showed thaI bolh Hank wcar crater wcar obcy thc smnc wcar mcchanism

and can be described by the proposed wcur It should be noted that despile considering

different [001 wear mechanisms, Mathew [54] could Ii[ the experimental wear duta well

due to the fact that the diffusive und adhesive wear models llsed, resp~ctively, have lh~

same form with the temperature dependence in the experimental [eml.

1.3.6.2 ANNModels of Tool Wear

ANN approach ensures efficient and fast selcction or [he optimum cutting

conditlOns and processing of available technological data [58]' ANNs haw becn widely

applied in modeling many metal cutting operation~, such as turning, milling and drilling

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

monitoring of machining operations [60, GI).

The advantage of ANNs over mathematical model is that [hey do not rcquire a

precise formulation of physical relationship, they only need experimentul results.

Applications of ncural networks in computer-integratcd production arc ~daptivc control of

cutting process, prediction of surface roughness, cutting forces, vibrations, prediction oj"

tool wear and tool failure, ,olving 01"optimization problems [62-64].

Elanayar and Shin [65] proposed H model. which npproxim~te> rlank ~nJ eratcr.

wear propagation and their cffccts on cutting force by using radial basis function ncural
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networks, The generic approximulion capabilities of radial basis function neural networks-

are ~sed to identify a model and a state estimator i~ designed bU!.ed on this identified

model. Gh",empoor et at. [66] proposed a tool wcar clussificmion and continuous

monitoring neural network system for turning by employing recurrent neural network

desIgn. In the study of Li et al. [67J, neural network models have also been integrated with

analytical models such as Oxley's theory to form a hybrid machining model for the

prediction 0£1001wear and workpiece surface roughness.

Neural networks arC used [0 predict diffictLlt-to-modcl machining chmactcristie

factors. Liu and Altintas [68] derived an expression to calculate Dank wcar in terms of

culling force ratio and other machining parameters. The calculated !lank wear, force ratio,

feed rate and eutling speed are used as an input 10 a neural network to predict the nank

wear in the ne;;1 step. Sick [60] demon,trated a ncw hybrid techniquc, which combines a

physical model describing the inl1ucl1ce of culling conditions on mcasured force ~ignals

with neural model describing the relationship bet,vecn nonnalized force signals and the

wear of the tool. Time-delay neuml networks are used in his studies,

Choudry and llartarya [69] compared the design of e;;periments technique and

ncural networks techniques for predicting tool wear. They establishcd the relationships

bctweentcmperaturc and tool flank wcar. The amount of flank wcar on a turning tool was

indirectly determined without interrupting the machining operation by monitoring tbe

temperatu.re at tbe cutting LOnC and the surface t1nish by using a naturally formcd

lhern]()COllplc. Tbcy concluded thaI neural networks perfornl better than design of

e;;perimcnts technique,



Azouzi and Guillot [70] examined the fea,ibility of n~ural network bascd scnsor

fusion technique to ~,l1matc th~ surface roughness and dimen~lOnal deviations during

machining. This study concludes lhat depth of cut, f~ed rate, radial and I.-axis cutting

fOfces are thc requir~d information thal should be fcd into ncural nctwork models to

predict the surface roughness successfully. In addition to those parameters, Risbood ct al.

[n] added the radinl vibralions of the tool holder as additional par~meter to predict thc

surface roughncss. B~nardos and Vo:miakos [72J made an extensive literal\Lre rcview on

predicting sur/ace roughness in machining and confirmed the effectivencs~ of neural

network approaches.

Bisht et al. [73J d~veloped a back propagation neural network model fOf the

prediction of flank wear in luming "pcraticlll'. Large numbers of experiments have been

pcrfonned by them on mild steel workpiece material using high spced ~teel (HSS) as the

cutting (001. Process parametric conditions including cutting specd, feed-ratc, depth of cut,

and the measured parameters sLlchas CLlttingforce, chip thickness and vibration ~ignals are

used as inputs to thc neural network model. Flank W~ar of the cutting tool corresponding to

these conditions was the output of the neural network .The performance of the trained

neural network has been lested with the experimental dala, and i~ found [0 be ill good

agreement. Yongjin and Fischer [74J developed tool wear index (TWI) and the toot life

model for analysing weur surface arcas and mat~riulloss from the tool using micro-optics

and image processing/analysis algorithms. They propos~d optimal control strategy-

dcmonstrotes how production eosl can be milllmized hy adjusting Illoeluning paramckrs

and extending (he tool usage within the constraints for specific machining conditions,

Ol'~by and Hayhurst [7~1developed models rur wear and 1001 life dcl~rmil1atioll uSing
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nOllJillelll regre>sion ;ll1aly,i~ tcdmiqlles in ICl'mSof thc vari;!t;on of 11ratio oLJorcc

componcnt~ ~ctiL1gat the 1001 tip. Kuo el at [76] proposed an on"line estimation system

applied in the area of tool wcar monitoring through integration of two promising

technologies: artificial ncnral network and fuzzy logic. The proposed system is able to

~ccurately predict Ihe amount of 1001wear. The results showed that the proposed ~ystem

can significantly increase the accuracy of the product profile when compJred to the

convenlion~l approaches

1.3.7 Surfacc Roughncss

Each machined surface is a part of englfleering componenl made by any melJI

removal process, and each engineering component consists of definite set of surfaces. In

assembly, an engincering component becomes a part of fin~1 product that currie~ out a

certain role. Thus, machined surface comc~ inlo contact eithcr with anothcr ~urfucc or with

fluid, accomplishing functioning of assembled devicc. In contact, in functioning or in

loading, an nrbitrary surface has its own functioning pmpcrties or perhaps its behaviour

thut contribute 10 quality of assembled device, as for instance pow~r transmission (dutch,

brakc, tran~missioll, driving deviee), information proccssing (mcasurement device, video

head) and so on.

The surface finish of machincd purts is known to hUve considerable effed on

somC pmpcrtics such '" wcar r~,,,tQnCC and bliguc ,tl"cnglh. Thus lhc quality of lhe

surface is ~ signific~ntly importance for cvaluuting the productivity of machine lools, and

mechanical parts. A proper culling condItion is extrcmely important task because tllC5c

determine ~llffacc quality of manufactured parts [77]'
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Surface roughness is predominantly considered as the most important feature of

practical engineering surface due to its crucial influence on the mechanical and physical

properties of machined parts. As a significant design specification, surface roughness

influences on properties such as wear resistance, cleanability, assembly to1crance"

coefficient DffrictiDn, wear ratc, cDrrosion resistance and aesthetics and fatiguc strcngth,

-1he quality of the surface i, a factor of importance in the evaluation of machine 1001

productivity [78J

Surface roughncss ha, received scrious aucntiolls f()[ many years. It has been an

lmpoltaL1tdesign feature nnd qualily measure in many ~ltuations such us parts subjeclcd to

fatigue loads, precision fits, Jilstcner holes and aesthetic requirements. furthermore,

surface roughness in addition to to1crancesimposes one of the most critical constraints for

cutting parameter selection ill mnnufacturing process plmming. As competition grows

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

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

industry [79]

There arc several measurements that describe the roughnc$s of a ll1~chined

surface. Average rouglme~s, R, for the characterization of surface roughness is used most

widely in the industry for specifying surfucc roughncss. The R, value is obtained by

measuring the height and depl-1of the valleys on a surface with rcspecl 10 an average

centerlinc [Fig. 1.9].
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Since turning is the primary operation in most of the productlOll process in the

industry, ~urf<l~eroughness of lumecl compDnents hJS greater influence 011the quality of

the prodliCl. SurEice Jini~h in [uming has been found tQ he inl1uenced in varying omoun(s

by a number of Jaclors ,uch as feed rale, work material charactcrj~ljcs, work hardncos,

unstable built up edge, depth of cut, cutting time, tool nose radius and tool cutting edge

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

varying application methods and composition.

1.3.7.1 Modeling of Surface Roughness: A Review

Almost all the workers have taken into account the variables of speed and feed in

surface roughness study. Groover [81J and Boothroyd and Knight [821 considers (he

impact of three factors, namely (he fe~d, nose radius, and cutting edge angles, on surface

roughness is depkted. Assuming a nonzero cuttcr nose radius (r), they developcJ lhe

f()llowing equation 10 cstimate the idcal roughness value



,
R =~
" 32r .•.•.•.•..•.........•.•.•.••••.•.••.•••••••••••••.••.••.••••.• [ 1.5]

Where, R, "'ideal arithmetic average surface roughness (in. or mm), Sv=fccd

(inlrev (lr mm/rev) and r = cutler nose radius (in Ormm). If the nose radius would be zero,

then the following equation is u~e 10 e~timate the ideal surface roughness, Boothroyd and

knight [82]

R = So
" 4(cota+cotp)

•.••.•.•.•.•.•.•.••.•.•.•.•.••.•..•.••.•.......•..•.......•... [1 .6]

Where a and jJ arc lile working major CUlling edge angle and cnt! ~ulljng edge

angle respectively.

Shaw [83] presented a case when the feed lies between lhe above lwo. Denoting

the peak-lo-valley roughness by R,h, then

......................... [1.7]

A considerable amount of studies has investigated the general effects of the speed,

fccd, dcpth of cuI, nose radius and others on the surface roughness. A summary of thcsc

rcprescntative studics is presented in the tJbJe 1.2. Almost all studies presenled ill T~ble

1,2 have considered speed and feed. In addition, the work hardness was also studied by

Bhattacharya et al. [84J ill1d Sundaram and Lambert [85]. The surf"ce roughne'$ l11odcl~

developed by Grieve et al. [86J, DickinsDn [87], and Fj~cher and Elrod [88] considered lhe

effeel offeed rate and nose radiu~. The,e models concluded Ihat the effect ofculting ~pecd

is insignificant. Howcvcr, differenl conclusions werc prcscnted in Clwndimmani and Cook
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[89], Shaw [90J, Boothroyd and Knight [82], Sundaram and Lambert [91J, Miller et al.

[92], Feng and Wang [93], and Feng [79J. They have demonstrated that the culting speed

had a significant impacl on surface roughness de~pile its comple.'. nalurc of impact. In n

certain range, the surfacc roughne~s improves as the speed increases_ Iiowever, thc surface

roughness will deteriorate due to the impact of buill.Up edge (BUS) and ehaller when

speeds reach a certain region. After this region, the surface roughness will be found 10

Improvc again [82, 83)

Table 1.2 Faelors affecting surface rouglmcss and m~ior inveSligators

nvesligators:~. "", . _¥ajC!~ q!.",t~~~'studied . , ' " ' ... Muterialstudied." ' . ., - ,•... .. , - , • -""~- .
Kannakar 94 eed, feed, de th of cut lee! C.45

hm~~charya et Speed, feed, nosc radius, work-piece hardncss Jain carbon stcel
1.[84

Rasch and Rolstadas Speed, feed arbon steel
[951
Selvam and Speed, buill-up edge, work piece strain Stcel
Radhakrishnan [961 lurdenin '
Lambert und Speed, feed, depth of cut Sleel SAL: 101 ~
I'araman [97
eIre>oulos 98 rool wear, surface rou 'hness d;slrihulJon Steel

BI~~lhroyd .md knight peed, feed Mild <;teel
i[S2
Selvam 1991 ibrations, chatter seed Steel
Sundaram and pecd, fecd, nose radius, depLhof cut Steel 414Cl
Lambert 1100

iller et a!. 92] S ecd, feed, tool condition, euttin fluid Alia " cast iron
amhert [101] eed. fecd, nose radius Steel D6AC

Thc depth of cut was considered in the malhematicul Illodels devcloped by

Kal'makar [94J, Lambert and Taramun [97J, and Sundaram and Lambert [100]' Miller ct nl.

[92J considered the effect of cutting fluid on surface roughness, Dawson and Kurfe,s [102]

exumined tJle impact 01'1001wear on surface quality in hard lurning. Allhough a qualitative

analysis of such machining variables as speed, feed and depth of cut (DOC) on the ~urlaec

roughness has been widely available in the literature, few comprehensive predictive



models have been developed. Accordingly, the past modeling meLhod~ on surf~ce

roughness prediction can be elas~died into two categories: geometric modehng example,

[87-88, 103] and regrc,;sion analysis. As a type of analytical modeling method, geometric

modeling is b~scd on the motion gcometry of u metal cutting process regardless the cutting

dynamics. As described previously, anal)1ieal modeb tend (0 be general and

computationally slraightfoDNard. The fir,t major drawback wilh the geometric modeling

mcthod is that they missed other parameters in cutting dynamics including ~pccd, depth of

cut and thc and the work piece material in their model~, ~uch a<;in Equati()n~ [1.5J and

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

their model with any experimental data.

One of the major drawbacks with the regre~~ion melhod, a kind of emplfical

modeling method, i~ lh<ltthe~e studies did not apply the factorial experimentation approach

(0 design the experiments. Therefore, the data and conclusion~ obtained were biased and

factor interactions were no! clearly examined. Anothcr drawback is that eaeh study limitcd

(0 only a small number of"parameters. Furthermore, the regression analysis (RA) method

in surface roughness modeling pos~esses the general drawbacks of an empJricul modeling

method as described previously.

This research is able to u,e the Artificial Neural Networks (ANN) method in

developing the empirical models for tool wear and surface roughncss prcdiction. The two

methods -Regre~"ion analysis and urtificial neural network havc becn recently tcrmed data

mining leehniqucs [104, 105. lang et aL [106) applied ANN in surface roughness study

and correlate surface roughness with cutting vibr~tion!, Gr.<csik [107J used the minim\lm

undeformcd chip thickne~s to predict surfacc roughncss in turning. A surfnec topography
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,imulation model was established by Lin and Chang [108] to simulate the surl;1ce finish

profile gencrated afier a turning operation with known vibration characteristics. The model

incorporated the efrects of tool geometry, cutting parameters and thc relative motion

between the cutting tool and the workpiece on the surface finish profilc, which was

'decomposGd' into thrce directions, namely, the radial, tangential and axial dircGtion.

The relationship bdween tool life, surf;)ce roughness and vibration was examined

by Abouelatta and Madl [109J.Thc variables that were considered included the culling

speed, feed rale, deplh of cut, tool nose radius, tool overhang, approach angle, workpiece

length and workpiece diameter and the aeeelcrations in both radial and feed directions. The

acceleration signals WCrC fcd to an FFT ;)nalyzer that produced ASClI files. The

experimental data were analyzed to produce regression analysis models. Gbani and

Choudhury [110] followed II similar approach in which the VIbration signuls 'Were used to

monitor tool wear and to verify the correlation between tool weur progression and Sllrfaee

roughness during turning. The experiments vv"ereconduetcd on nodular cast iron with

cer;)mic tool, something that lead to very short tool life (approximately 1.5 min).

lang et al. [106] focused OJl the development of an online roughness measuring

technique by studying the effects of cutting vibration during bard turning. A series of

cxperiments that aimed at detennining the cutting speed for buill-up-edge formation in

tllrning was conducted by Munoz-Escalona and Cassier [HI] and based on the

experimcntal data two mathematical models which ~on.ebte ~urfa~e roughne," W;tI,

~ulting parameters were established. The first one inel udcd thc cffeets of thc cutting tool'~

nose radius, feed rate, cuUing speed and depth of cut while the second added the effect of

49



the material's hardness on surfaec finish, Th~ most important telms were found to be the

feed rale, tool's nose radius and cutting specJ, in that order.

A detailed invcstigmion was curried out by Thiele o.ndMcIkote. [112] eone~rning

the effcels of lhe culting edge geometry and workpiece hardness on the surface finish and

~utting forc~~in the fi~ish hard lurning of steel. An Ultrasonic system was developed by

Coker und Shin [113] for in-process monitoring il~d control of surface roughness. The

objective ofDavirn el. al (114) was to establish a correlation between culling velocity, feed

and depth of cut with lhe surface roughnes~ in turning. For that purpose, a plan of

experiments, based on Taguchi techniqucs, "us dcsigncd and exccutcd. Thc rc,ulb

;howed thalthe cutting velocity had the greater influence, followed by the feed alld thaI

the error achieved was smaller than that of a geometric theoretical model. An effort to

predict surface roughness in turning of high-strength steel bus~d OllRSM was made in th~

work of Choudhury and EI-Baradie [115]. The udequacy of lh~ d~vdoped model results

was nol very good hut the conclusion wus thaI the effect of feed is much more pronounced

tha~ the effect, of cuHi~gspeed and depth of cut on the surface roughncss, Feng and Wang

[116) included u total of six parameters, namely the workpiece hurdness, kcd, tool pOln!

angle, depth of cut, spindle speed and cutting lime to build a model for fini~h turning

operations.

An extensive work was reported Thomas et aL [117] concerning the rok of

cutting 1001vibra!io~~o~ surface rolEghnes~during dry turning operations. A sensor fusion

technique was pre:;ented by Azoui and Guillot [118]. They evaluated the surJaec roughness

and Jimen~ional deviation during turning. The ~ptematie method for the selection of the
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candidate sen~ors determined the average effect of each in the performance of the

measuring system. The sensors that affected it the most were fused using ANN modeling.

The work of Chien and Chou [119] can be divided in two parts. The first pnrt

deal, with the building of thrce predictive modeJs, using multilaycr Junctional-link

nem'orks, for surface rouglmess, cutting force and tool life, respectively. The second part

focused on finding the optimum cutting conditions by combining surface roughness and

1001 life nctwork with a genetic ulgoritlun. In that way, the cutting conditions thaI

maximiLed the metal removal mte were obtained. under the constraints of surface

rouglllles~ and cutting tool life. Suresh ct aJ. [120J also adopted a two stage approach

towards optimizing for surface roughness. First, experimental results were used to build

two mathematical models for surface roughness by a regression method according to RSM.

Secondly. the second-order mathematical model was taken as an obJ~e1jvc function and

was optimized with a GA to obtain 1hemachining conditions for a desired surfacc finish.

Polynomial networks were con,idered in thc work of Lee et ~l [121] to cCl~str\let

(he relationshi ps bet \veen the cutling pammeLer, (cutting specd, feed rate, (kpth .of cut) and

cutting perfonTIance (tool life, surfacc roughness and cutting force). Li ct al. [122]

developed a hybrid machining model that illtegrUlcd analytical models and nGur~1ne1work

models for predicting all of the machining characteristic factors. Another appro~eh that

used a criterion for determining u network's mchilecture automatically can be found by

Lin et al. [123] The aim was to develop a prediction modcl prior to the implementation of

(he actual machining proces, to determine certain cutting conditions (cutting speed, fced

rate ~nd depth of cut) in order to obtain a desired surface roughness value and euuing force

value. Matsumura et al (124] adopted an approach that could evaluate the inIluence of
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machine tool characteristics on cutting processes using adaptive prediction was prcscnled.

The network for predicting surface roughnc,s had as inputs the cutting ~pced. lhe affinity

between euuing tool and workpiece, the chip discontinuity (evaluuted by thc chip strain),

thc buill-up-edge formation (cvaluated by average tcmperature mound the cutting edge),

the width of J1unk \,ear and the theorelical roughness considering tool weur. An adaptive

nema-fuzz)' inference system (ANFIS) and computer vision were uscd to predicl surface

roughness by 1-10el at. [125] in turning, The computer vision sy~tcm, eomprislllg a digital

camera connected to a PC and the appropriate light sources, provided surface images that

were analyzed to calculate the arithmetic average of gray levels (number of shades of

gray). This information as well as the cutting panuneters were given, for a total of four

input" to (he ANFIS (lnd the roughness vallie could then be obtained,

1.4 Summary of the Review

A review of the literature on prediction of 1001wear and surface roughness reveals

that no ANN model has been steel developed to predict tool wear and surface roughness

while machining mcdium carbon steel under Minimum Quantity Lubrication Condition

with uncoaled curbide inscrt designated us SNMG 120408 illld Considering thc four

cutting parameters "cutting speed, feed ratc, depth of cut and nmrching lime. No ANN

model b still found which detennincs thc surface roughnc;s and thrcc response variablc

related to tool weur (VB, VM, VS) und tool life friendly. The rUlionale behind this study is

to predict tool wcar and surface roughness using an Artificial Ncur,,1 Network (ANN) so

that optimization of machining paramcters can be donc in advance whJ1c turning medium

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

The objectives of the present investigation are

a) Sj'~tematlCe~perimental study on the effects of minimUlTI'luantity lubricmion

on the cutting perf0l1llanCeof medium carbon stcel at diffcrcnt cutting

velociLlesand fccds in tcrms of

l. cutting forces i.e, main cutting force and feed force

Il. average chip-lool inlerfaee temperature and work toollemperature

LIl. tool weal' (principal !lank wear, maximum principal flank wCar and

auxiliary tlank wear)

IV. surfacc finish

b) Develop a modd for tool wear and surface roughness using an Artificial

Neural Network (ANN) while turning medium carbon Sleel by carbide in.,crl

undcr minimum quantity lubrication from the characlcri.wtlOnof the physical

processcs taking place during machining and its validation.

1.6 Scopeof the Thesis

The lhcsi~ 15organized imo five chaptcrs including this onc. The chapters al'c

structured in the following way: Chapter I presents the concepts or machining, gcner~l

requirements in machining industries, significance of prediction of tool \\'~ar and surface

roughness, teclmo-environmental and socio-economical problems associated with the high
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cuuing temperature and the conventional dry machining and expected role of mioimum

quuntity lubrication (MQL) jet on marching performance and overall ceonomy of

'machining. Survey of previous \~ork and objective of lhc present work are also presented

in Chapter 1.

Chapter 2 presents the proccdurc and conditions of the machining experimenls

earricd out and the experimental resul!s on the effect> of Minimum Quantity Lubrication

(MQL) , relativc to dry machining, on cutting ratio, cutting zone temperature, euuing

forces, curting tool wear, and surface integrity in tuming medium carbon steel by using

uncoated carbide lIlser1 undcr ditfcrent cutting CllllditlOn~

Chapter 3 provides dcvelDpmenl of an artificial neural nctwork (ANN) model for

tool wear and surface roughness from the characlerization of the physical proce8,e~ laking

place duriog machining and its validmiDn.

Chapter 4 cDntains the dcullied discussion on thc experimental results and

possible interpretation, on the rcsults obtained.

l'ioally, a summary of major investigations of this re~earch work wilh ,OIllC

recommcndatioos is givcn in Chapter 5 and references and appendIX arc provided al the

end.
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Chapter 2
Experimental Investigations

2.1 Introduction

The concept of minimum quantity lubrication (MQL) may be considered as a

rigorous ~olulion in achieving reduced tool wear and improved surface finish while

mainlllining culling forces or power at rcasollllble levc1s, if the MQL ~y,lCm can be

properly designed. Minimum quantity lubrication (MQL) technique not only provides

reduction in tool wear or increase in tool life and improvement in surface roughnc,s but

also reduces the cOllwmption of cullmg fluid. The aim of the present work is to develop an

rntificial neural network (ANN) model for prediction of (001 wear and surfuce roughness in

turning medium carbon ~lccl using minimum quantity lubrication which would contribute

in manufacturing planning, optimization of machining p<lrameters and ovcmll economy of

machining producLivity. Before developing an artificial neural nctwork (ANl\T) modcl,

experimental study on the effects of minimum quantity lubrication on the cu(ting

perfonnance of medium carbon st~el at dilTerent culling velocities, feeds .mJ Jeplh of cuts

in ternlS of cutting forces (main culling force and feed-force), chip-tool interface

temp~rature, tool w~ar and surface rOl1ghnesswill bc conducted to realize tile perf()rmallCC

ofMQL over dry machining.



2.2 Experimental Procedure and ConditionS

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

,tec! on a lathe (7.5 kW) by a standard uncoated carbldc insert with ISO designatioll-

SNMG 120408 at differellt cutting vC!ocities (V) and feed rate~ (I) and depth of cuts under

dl) and MQL condition. Minimum quantity lubrication (MQL) machining has been

considered to be an effective semidry application because MQL offers positive part on

environment friendliness as well as techno-economical benefit. To explore the beneficial

effects of MQL on the machinabil1ty distinctivcness of a tool-work combination,

frequcntly llscd in maehinillg industries in tcrm, of culling ratio, cutting temperature,

culling force, tool wear and surfacc finish, \vhich deals with proJuet quality, productivity

and overall economy is an a([cmpt o[this research work.

.jhe conditions undcr which the muchining tests have been calTied out are bricfly

givcn in Table 2.1. Experiments have been crmied ont by tllming IImedium carbon stcel bars

ofiniti"l diameter 173 mm and lenglh 404 mm in a high speed rigid lathe by uncouted carbide

inscrt at different cutting speed (V) and fecds (1) ranging from 66 to 266 m!min and 0.10 10

0.20 mm/rev respectively and depth of cuI (d) have bcen selcctcd as 1.0 and 1.5 mm for,

clltting mtio, temperature, force and surface roughness under both dry und MQL condition.

For usscssing tool wear, tool life, roughncss during tool wenr, cutting spced ",a~ sclecwd us

66 and 266 m/min, feed ratc wu~ 0, 10 und 0,20 mm/rev und depth or cut WJS 1.0 and 1.5 mlll,

All these parameters have been selected as per tool manufacturer's reeommendutioll as well

as indUstrial practices for machining medium carbon sted with uncoated carbide insert,
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Effectiveness of cooling and the related benefits entirely depend~ on how closely

the MQL jet can reach the chIp-tool and the work-tool interfaces "here, apart from the

primary shear zone, heat is gencrated. Thc tool geometry is re;lsonably expectcd to pby

significant role on such cooling eITectivenes" Keeping this vie" tool conllguratiol1

namely SNMG-120408 has becn undertaken for pre,ent investigation. The inscrt was

clamped in a PSBNR-2525 MI2 type tool holder.

Table 2.1 Experimental conditions
Mnchinc tool Lathe Machinc(China), 7.5 kW
Work matcrials MedilLm Carbon Steel

Si7(, Initial Diamcter = 173 mill ilnd length = 4()4 mm

Cutting tool Uncoated Carbidc, (p-30 grade),
SNMG-120408, Sandvik

Geometry
Tool boldcr
I'roccss p"ramctCl"s

Culling vc1ocity, V
Feed rate, f
Depth of cut, d

MQL supply

Environmcnt

_6",_60,60,15",75°,0.8 mm
PSI3NR 2525 M 12 (ISO specification), Widia

66,68,95,133, 190,258 and 266 m/min
0.10,0.12,0.14,0.16,0.18 and 0.20 mm/rev
I.Oandl.5mm
Flow Rate 150 mllhr, Air Pressure 23 bar, Oil Prcssure 25

b"
i, Dry
ii. MQL (VG-68 Cutting oil)

The positioning of the nozzle tip with respect to the cutting insert was fixed after

a number of trials. The final arrangement made and uscd is given below in Fig, 2,1. The

MQL jet IS directed along the auxiliary cutting edgc at an angle 30u to reach at the

principal flank and partially under the flowing chips through the inbuilt groove parallel to

the cutting edges, Thc thin but high velocity stream ofMQL has becn heading for along

the auxiliary cutting edge of the insert, so that thc coolant reaches as close to tile chip-tool

and work"tool interfaccs as possible and cools the abovc mentioned interfaces and both the
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principal and auxiliary flanks effectively as well. The photographic view of the

experimental ~el-up is shown in I'ig. 2.J

Fig.2.1 Photographic vicw of the experimental set-up [126]

An MQL system using culling fluid and compres~edair e~senliallyconsists of

I. compressor for compressing and delivering eomprc~,ed air at the desired

pressure

Il. mixing chamber for mixing culling fluid and compressed uir

Ill. suitable nozzle to impingeMQL to the culling zone

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

fluid

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

straight turning. During muchining, the cutting insert was withdravv'nal regular intervals
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and then VB, VM, VS were measlIrcd lInder metallurgielll microscope (Carl ZC,sls,

3513 96, Germany) filled with micrometer of least count 1flID.

Surface roughness was measured respectively by a TalYSlirf (Surtronic 3+

Roughness checker, Taylor Hobson, UK) using a sampling length of 4.00 mm, The

pho(ographie view of the surface roughness mcn~uring technique is ~howll in Fig 2.2:

Fig.2.2 Photographic view of surface roughness mea~uring technique

For the improvement of cutting perfonnance, the knowledge of temperature ~t the

ehip"lOol interface with good aecurucy is essenti~1. Several experimental and analytical

techniqlles havc been d~veJoped for the measurement of temperatures generated in culling

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

MQL conditions undertaken by simple but reliablc tool-work thermocouple technique with

propCI'culibralion (fig, 2.3),
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Fig.2.3 Temperature calibration curve for medium carbon steel and curbide insert [126]

2.3 Experimental Results

2.3.1 Chip Thickness Ratio

Chip thickness ralio, r, (ratio of chip thickness before and after cut) is an

important machinability index for identifying machining performance. For given (001

geometry and cutting conditions, the value of r, depends upon the nature of chip-tool

interaction, chip contact length and chip form, all of which ~rc expected to be influenced

by MQL in addition to the levels of V and f. The variation in value of r, with change in

cutting velocity, V and feed rate, f and as "ell as machining environment cvalu;llcd for

m~dium carbon ~lecl for the depth of cuts of 1.0 and 1.5 mm have been ploucd and :;hown

in the fig. 2.4 and 2.5 respectively.
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2.3.2 Cutting Tcnlpcraturc

Any machining process associated with high velocity and feed rale inherently

generate large amount of heat as well as high cutting zone temperature. The magnitude of

this culling temperature increases, though in different degree, with the increase of c).ltting

velocity, feed and depth of cut, as "- result, high production machining is constraincd by

rise in temperature The cutting temperature if not controlled properly, culling lools

undergo severe flank wear and notch wear, loose sharpness of the cutting edgc either

weariug or become blLmt by welded built-up edge and weaken the product quality. In

normal culting condition all such heal sources produce maximwn temperature at the chip-too!

int~rJaee, which substantially influence the chip formation mode; cutting forces, tool life and

product quality. rl1gh production machining ne~ds to increa>e the process paramcters further

for meeting up the growing demand and cost competitivenes~. Cutting temperature is

Increased With the inereuse III process parameter as \'v-cllas with the increase In hardness and

,trength of the work material. Therefore, altempt> are to be made to reduce this dctrimental

efl"cetof cutting temperature.

The average chip-tool interface temperature was measured under both dry Jnt!

MQL condition by tool-work thermocouple techniques with proper calibration during

turning of medium carbon steel Jl different culting velocities and feeds in the pre~ent

investigation. The evaluated role of MQL on avemge chip-tool intcrface tempcrature in

turning medium carbon ~tccl by unc(>atcd carbide insert (SNMG-120408) at different V~f

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

Culling forces are generally resolved into components in mutual perpendiculm

directions for convenience of measurement, analysis, cstimmion of power con,umption

and for the design of Maciline"Fixturc-Tool-Work systems, In turning by single pOillt tools

like inserts, the single cutting force generated is resolved into three components namely;

tangential force or main cutting force, Fc,axial force or feed force, F1und transverse force,

F,. Eaeh ofthosc interrelated forces h,," got specillc significance.

In the pre5ent work, the magnitude of Fe and Ff h"vc becn monilorcJ by

dynamometer for all thc combinations of cutting speeds, feeds, dcpth of cut, and

environments undertaken.

The effcct of MQL on Fe and F, that have been observed while turning medium

carbon stccl specimen by the uncoatcd carbide inserts SNMG-120408 under differcnt V

and f with dcpth of cuts of 1.0 and 1.5 mill have bcen 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 thc tools atlain crater wear at the rake surface and

flank wear at the clearance surfaces due to continuous interaction and rubbing with thc

chips and the work surfaces respectively. The principal !lank wear is the most important

because it raises the cutting forces and related probleJns. Again the life of the tools, which

ultimately fail by (he systematic gradual wear, is generally assessed at least for R&D work,

by (he averagc valllCof the principal flank wear (VB), which aggravatcs cutting foree~and

tcmperature and may induce vibration with progre~s of machining. W~ar muy grow at a

relatively fa,tcr rate at certain locations within the zones of flank wcar apart from

notching. The width of such excessive wear arc expresscd by VM (maximum flank wear),

VS (averagc auxiliary flank wear) and VSM (maximum auxiliary Hank wear). The reason

of these preferential wears arc the prcsence of some initial defect or variation in geonietry,

temperature and chip-tool interaction along the cutting edges depending upon the tool

geometry, tool-\'iork materials and the conditions of machining. Thc pattcrn' and cxtcnt or

the auxiliary f1atlk weal' (VS) affects ~urface finish and dimen~ional deviation Df thc

machined parts. Gro"th of tool wear is sizeable influenced by the temperature and nature

of intenlelions of thc tool-work interfaces, which again depcnd llpon the machining

conditions ror given tool-work pairs. In the present investigations the given iw;crt attained

significant values of VM, VS and VSM in different degree under different conditions. FIg.

2.12 shows the sehematie view of general pattern of wear.
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Crater wear

VB= Average flar'1k wear
VN== Notch weor

VM= Maximum flallk wear

VS= Average ouxiliorj
fla.1k wear

VSM= Maximum auxiliary
flank wear

Fig. 2.12 Schematic view of general pattern of wear IOhar, 2001]

During machining under each condition, the culling insert was withdrawn at

r~gl.llar intervals and then the salienl feature, like, YD, YM, VS, etc. were measured ,I.lndcr

metallurgical microscope fitted with micrometer of lea:;t eounl 1.0 ).1m.At the end of the

machining and attaining sufficient wear the pattern and extent of wear of each 1001 wus

examined under Scanning Electron Microscope (SEM) and the photographs are taken for

onward comparative study.

To reduce lhe rate of growth or VI3, <Ittempb should be ffi<ldein all possible way"

without much give up MRK The growth of principal flank weur, VB with progress of

machining lime recorded while turning the medium carbon slcel by uncoated SNMG

in~ert al lower speed and feed (V"'66m/min, f=0.10 mmlrev) and higher speed and feed

(V"'2S8 m/min, f=0,20 nun/rev) with two depth of cuI (d""'I.Omm and 1.5 mm) under dry

nnd MQL (culting oil) conditions have been shown in Fig;.2.13, Fig.2.14, Fig2.15 ,1llJ

Fig.2.16. Fig.2. 14, Fig.2.1S, Fig,2.16 <Ind Fig.2.17 show the growth of avemge Dank wear

(VB) wilh time observed while turning medium carbon steel by SNMG insert at n

particular V, f and d combination under dry nnJ MQL (cutting oil) environments.
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The gro,vth of auxili,,!")' flank wear, VS with progre~s of machining lime recorded

while turning the medium carbon steel by uncoated SNMG insert at lower speed and feed

(V=66m/min, f=O.l 0 mmlrev) and higher speed and feed (V=258 m/min, f=0.20 mmlrev)

with two depth of cut (d=I.Omm and 1.5 mm) under dry and MQL (cutting oil) condition,

have been shown in Fig.2.l7, Fig.2.l8, Fig.2.l9 und Fig.2,20.

Fi!:.2.17 Growth of uverage
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Fig.2.IS Growth of average
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Fig.2.19 Grol'.1h of average auxiliary flank wear (VS) with machining time turning

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

depth of cut of 1.00 mm
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Fig.2.20 Growth of average auxiliary flank wear (VS) with machining time turning

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

depth of cut of 1.50mm

The grovvthof maximum principal flank wear, VM with progress of machining

time recorded while (uming the medium carbon sleel by uncoated SNMG inscrt at lower

speed and feed (V~66mJmin, f=O.lOmmJrev) and higher speed and feed (V~258 m!min,

f~0.20 mm/rev) with two depth of cut (d=1.0mm and 1.5 mm) under dry and MQL

(cutting oil) condilions have been shown in Fig.2,21, Fig.2.22, Fig.2.23 and Fig.2.24.
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SEM micrograph of \vorn out principal flank and auxiliary flJnk of SNMG in~ert

uJi.e]'mJdunlllg at lower spe~u anu feed (V~661l1/min, f~().lO nun/rev) and higlwr ,peed

and feed (V=258 m/min, f~O_20mm/rev) with two depth of eut (d=l.Omm Jllci 1.5 mm)

under dry and MQL (clilling oil) conditions have be~o ,;h()"n in Flg.2.25, Fig.2.26,

rig.2.27, 1'ig.2.28. l'ig.2.29, 1'ig.2.30, Fig.2.3! and Fig.2.32.

(a) Dry conditlOll, 24 min

(b) l\1QL condition, 24 min

Fi~.2.2:; SDvl \i~w,01' pl"itlcil'"l lbnl< "I' "or" (lUi SI\MC iLl,,',-1 "Ik, m:Lcili"Lllg

meditlm carbon steel under (J) Dry ,md (b) MQL eomiition, with culting speed

66 m/mill, feed rate 0.10 Il1Il1/revand Jcpth of cut 1.0 mm
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(c) Dry condition, 24 min

(d) MQL conditioll, 24 min ,~_

Fig.2.26 SEM vic'Ws of principal flank of wom oul SNMG insert "ncr .nwchining

mcdium carbon stcclundcr (c) Dry and (d) MQL condition, witll culling spced

66 m1min, feed ratc 0.10 lTIrn!revand depth of cut t.5 mill
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(~) Dry condiLion, 14 min

(I) MQL condition, J6 min

Fig.2.27 SEM views of principal nanl, of worn out SNMG insert after machining

medium e,lrbon steel under (e) Dry and (f) MQL ~ondi(ions with ~lI11ingspeed

258 m!min, feed rat~ 0,20 mOl/rev and depth of eut 1,0 mOl
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(g) Dry condition, 1[)min

(h) I\1QL condition, 10 min

Fig.2.28 SF,M views of principal flank of worn out SNMG insert after machining

medium ellrbon steel under (g) J)ry "od (11) MQL conditions witb CUlling

,pecd 2SR mimin. feed ralC [),20 mmircv and dEpth of cut t 5 111m
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(i) Dry condition, 24 min

(j) MQL condition, 24 min

Fig.2.29 SEM vicw~ of ""xitiary flanl, of worn out SNMG insert after mnchining

medium c'lrbon steel under (i) Dry and (j) MQL condilions with cutting ~peed

66 m/min, feed rate 0.10 mm/rcv and depth of cut 1.0 mill
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(k) Dry condition, 24 min

(I) MQL condition, 24 min

Fig.2.30 SEM Vlews of auxiliary nank of worn oul SNMG inscrt afler machining

medinm carbon steel under (k) Dry and (I) MQL conditions Wilh cuuing speed

66 m/min, fccd rate 0.10 mm/rev and depth of cut 1.5 mm
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(m)OIj' condition, 14 min

(n) MQL condition, 16 min

Fig.2.31 SEM view, of am.ilillry flank of worn out SNMG insert after m~chlning

medium carbon steel undcr (m) Dry and (n) MQL conditions with cUltln~

speed 258 mlmin, feed rate 0.20 rom/rev and depth of eut 1 0 mm
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(0) Dry condition, 10 min

(p) MQL condition, 10 min

Fig.2.32 SEM views of auxiliary flank of worn out SNMG in~crt alter machming

medium carbon steel under (o) Dry and (p) MQL conditions with culling

speed 258 m/min, feed rale 0,20 mm/rev and depth of cut 1.5 mm

2.3.5 Surface Roughness

Surface roughness is a widc1y used index of product quality and in mo~t cnses a

technical requirement for meehnnieal products. The perfonnnnec and surface life of any

ll).aehincd component is influenced by ~urface integrity of that component. Achieving the

desired ~urfaec quality is of great importance for the fUlletional behavior of a pnrt,

Therefore, the estimation of the magnitude of ~urface roughlle~s under given c\llting
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condition, resulting from resulting from metal Iemoval operations is one of the major roles

in this area.

The surface roughn~~sof machined parts is a significant de~ign specification thnt

lS knnwn to have considerable innucnec on properties such as wear resistance, clean

ability, assembly tolerances, coefTicientof friction, wear rme, corro~ion resistance, f~jgue

strength and aesthetic appearance, The quality of surface finish i, a factor of imporluncc in

the evaluation of machinc tool productivity. As roughness of the machined slll'face i~ un

importunt quality measure in metal cutting, it is important to monitor and conlrol surface

roughness over time during the machining operation.

Surface roughness has been measured at t",o stages; one, alicr a few seconds of

muchining with the sharp tool while recording the culting lempcraturc and forces and

sccond, ",ith the progress of machining while monitoring growth of tool wcnr wilh

machining time. Here the surface finish has been measured by a Talysurf (Surtronic 3+,

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

insert at different V-f combination 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 lIvcragc valuc is mcn,ured

several times and it is thcn averngcd to oblnin the surfacc rollghnc~s valuc for the

eombinntions of cutting speed, feed and depth of cut.

Fig,2.33 and Fig 2.34 ~how the variut;on in surt;,cc roughnc~s ob,cl"vcd Junng

machining of the medium carbon steel bar by the SNMG insert at variable V-f and under

two different depth of cut (I.Qmm and 1.5 mm) respectively under dry and MQL

conditions.
,-
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Variation of ~llrfaee roughnes, with progres~ of machining time at lower speed

and feed (V"'66m/min, f"'O.lO mm/rev) am! higher speed and feed (V"'258 m/min, f=0,20

mm/rev) with twO depth ofeLlt (d=I.0mm and 1.5 mm) under dry and MQL (cuuing oil)

conditions have bcen shown in Fig,2.35, 1'1g.2.36, 1'ig.2.37 and Fig 2.38

6
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Pi" 4.""""" 3,
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Fig.2.35 Variation in ilYCrage surface roLlghness (R,) with time rccorded during lurning

medium carbon steel by SNMG inscrt nnder dry and MQL environments at a

depth of cut of 1,00 mm
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Fig2.37 Variation in average surface roughness (R,,)with time recorded during turning

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

depth of cut of 1.00 mm
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Chapter 3
Artificial Neural Network (ANN) Model

3.1 ANN Model Formulation

Artificial neural networks (A1\'l\'s) arc one of the most powerful computer

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

engineering for modeling complex relat;onship~ which are difJicult (0 describe with

physical models.

ANNa have been extensively applied 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 vcry limited or no work on (he application

of ANNs in modeling the relationship between cutting conditions and the proces~

parameters during machining of medium carbon steel by ullcouted carbide in~crt under

minimum quantity lubrication (MQL) condition,

The importance of predicting the [001 v.rear and surface finish in any machining

process help us for proper planning and conlrol of machining paratneters and optimization

oflhe cUlling conditions to minimIze production co,t and tlmc ~Ild producing PI'<JJu~l' or

desired quality (0 satisfy our purposes.
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3.2 Input Variables

Before developing ANN mDde! to predict tool wear and surface roughness. the

factors that affects the process performance needs to be considered fir,t'

(i) The machining variables or set up variables, which include cutling speed (V),

feed rate (f) and depth of eu! (el). 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 turning operation [Fig. 1.1) a workpiece is rotatcd and a

cl1uing tool removes a layer of material as it moves to the lcit The cuUing tool i,

set at a certain uepth Df cut (measured in mm or inch) and travels to the leli with a

certain velocity a~ the workpiece rotates. Tv,'o values of depth of cuts (DOC) have

been selected over the permissible range: which arc 1.00 min and 1.50 nun ill

order to formulate the ANN moue!' The feed or feed rate is the c\i:;lance the tool

travel, per unit revolution of the workpiece (I11m/rcvor mcb/rcv). As n result of

this action a chip is produced which moves up the face of the tool. Two values of

feed rate have been selecteu in this research work, they arc (),Imm/rev and 0,2

mm/rev

(ii) The tool geometry like nDSCradius, rake angle, side cutting edge angle, culling

edge. These factor~ depcnd on the tool to be chosen for a particular machining

process. If the tool is qualitative-prcdictable, then paramEtcrs arc con~idercd to be

controllable. Anyway, it is neces,ary to keep in mind that such a factor like built

up edge can occur. In such case tool geometry can not be considered as

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



particular 1001-workcombination, tool gcomctry wus constant. So, il hus nO!been

considcred in the ANN model ""hich was proposed to prcdict tool wear and

surface roughness.

(iii) Workpiece and their mechanical properties. If used matcrials arc produced under

quality control, the parameter (\\'orkpiece propcrtics) can be consiJered n~

controllable. As mentioned above, the experiment was carried out for a particular

tool-work combination; chemical and physical properties of machincd material

can be considcred constant. So, it hilSnot bccn considered in the ANN modcl

which was proposed 10predict tool wear and ,udace roughness.

(1\) Auxiliary tooling, and useJ lubrication. Auxiliary looling, for cxamplc clamping

systcm, can bc considered as controllable, if clumping process is done corrcetly.

Clamping problems can be figured out by controlling machined parts waviness Of

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

lubrication or cooling liquids are not used. In such cases, the factor is omiucd ill

the proposed ANN model.

(v) Vibrations betwecn workpiece, m~chine tool and cutting lool. These factors

influence process performance tn a great extent. For simplicity this ha~ not been

considcrcd in the proposed neural nctwork modcl.

(vi) Machining time influences the proccss perfonmmce to a grcat exlcnt. As

machining time inereascs, tool wear also increases and so significantly influcncc



- -the surface quality. Considering this, machining time Ims been considered as one

of input parameters of the modeL

3.3 Output Variables

3.3.1 ToolWear

Cmting tools are subjected to high locali/..ed stresses, high temperatures, sliding of

the IDol along the Inachined surface. These ccmdillOn induced tool wear, which in tum

<Idverscly affects tool life, the quality of the machined surface and its dimensional

accuracy and consequently the economics of culling operations. Tool wcar is generally a

gradual process, In an automated production line, for manufacturing process planning Ihe

prediction of luol wcar is of much significant. The rale of tool wear depends on tool and

workpiece malcrial, tool shape, cutting fluids; process paramcter~ (such as culling speed,

feed and dcpth of cut) and machine-tool charaderistics [131J.Thcre arc (wo basic lypcS of

wcar: flank wear and crater wear (Fig.2.12).

Flank wcar is caused by friction between the flank face (primary clcaranee face)

of the tool and the machined workpiece surface. At !hc tool flank-workpicce surface

contact area, 1001particlcs adhel'e to the workpiece surfacc and are periodIcally sheared

off. Flank 'Wear occurs on the relief face of (he tool and (he sidc relief angle nnd is

generally attributed to rubbing of (he tool along the machined surface, causing adhcsivc

and/or abrasive wear and high tempcratures which affect tool-matcrial which affcct tool-

matcrial properties as well as .thc workpiece surface. Culling spced is the most significant

proces~ vmiable in tool life, although depth of cut and feed ra(es is also important [131]



After selecting the lubricant, cUlling tool material, and geometry to be used in

marching a particular work muterial, the best engineering approach is to identify a

machinability speed that corresponds to the critical temperature limits of both cutting tool

and work material. The tool-I-vork material interface temperature must be below the

diffusion and melting limits of the materials used in the culling tool; otherv.,ise binding

materials ,ueh ilS coball in the WC 01'TiN or AhO) in cubic boron nitride (CI3N) tools

may diffuse toward, the chip leading to a chain of diffusion, udhesion, and abrusive wear

mechanisms.

It is a well known fact that culling forces increases in the feed direction when

!lank wear grows. Friction between the flank and finish surface produces additional force~

(0 the shearing. These forces have greater influence m the direction normal to the tlank

surfaccs. However correlating the increase in cutting force with tool wear is still difficult,

since the cutting forces may also increase due to the changes in the workpiece geometry

and material properties of the workpiece [132]'

The productivity of a machining system and machining cost, a~ well as qUJli(y,

the mtegrity of the m<lchined surface and profit strongly depend on lOol wear und tool life

During turning operation the average principal jlank wear (VB) pr~dominantly occurs in

cutting tool, so the lifc of a pJrtieular tool used ill (he machining process depends upon the

amount of average principal flank wear. Thc maximum principal flank wear (YM) and

average auxiJim)' flank wear (VS) also take place during turning and cun't be neglected

due (0 (heir significant impact 011surface integrity of machined component.



3.3.2 Surface Roughness

The surface parameter u~ed to evaluate surface roughness in this study is lhe

roug/mess average (R.). This parameter is also known as the arithmelie mean roughness.

value, arithmetic average (AA), or centerline averuge (CLA).Within the presenled reseureh

framework, lhe discussion of surfuee roughness is focused on the universally recognized.

R, is recognized universally as the commonest international parameler of roughncss. The

avcrage roughness is lhe area belween the roughness profile and its center line, or lhe

inlegral of the absolute value of the rolLghne.,,~proille heighl over the evaluation lenglh

[Fig. 1.9] [80, 133-134]. Therefore, R..,is speeiJled by lhe 101l0wing equution:

.•.••.•.••.••..•.•.••.••.•.••.•.•.• [3.1 J

When R, is evaluated from digilul duta, the integral is normally approximaled -by"

trapezoidal rulc;

..................................... [3.2J

Where, R.., is the arithmetic average deviation from the mean line (J-lm), L is the

sampling length, and Y is lhe ordinate of the profile curve. Graphieally, the avcmgc

rouglme" i, the urc~ (,hown ill J'ig.1.9) bclween lbc roughnc", pronlc and ii, ~c"ler line

divided by the evalualion length. Surface roughness tS a widely uscd index 0[' product

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

perfoffiumee and surface life of any muchined component is innueneed by surface integrity



of that component To d~velop the model of tool wear along with surfacc roughn~ss lh~

valu~ of average surface roughn~~s, R, W8S measured wilh th~ progre~s of macilining

while monitoring the gro"th of tool wear with m~ehining time. Here the surface fini;h ha.'

been measured by a Talysurf (Surtronie 3+, Rank Taylor Hobson Limited) by the

machining of the steel bar by thc uncoated carbide in~ertnt diffcrcnt V.f combination for

the depth of cuts of 1.0and 1.5mm 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 for the combinations of cutting speed, feed and depth of

cuI.

3.4 ANNModel

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

modeling and monitoring of machining operations and for proce~s optimization.

ICultmg 'pcoo (V) ___ ,Average principal Oank ",""r (VB)

feed rote(1)---" Artificial • Maximumprincipalflankwc"' (VM)
Neural

Depthof cut (d')-_~. Network.1~--'!luxili.ry flankwcar(VS)

Machiningllme(~) Surfaceroughne," (R.)

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

The input/output dataset of the ANN model thai wc arc to going to be formulated

to predict tool Wear and surface r()ughnes~ in a MQL environment is illustrated

schematically in Fig. 3.1



The mput parameter~ of the neuml network lire the eutting conditions, namely

cutting spccd (V), feed rate (I), depth of cut (d) and cutting time (I,). The output

parameters of the model are four process parametersmeasured during the machining triab,

namely principal flank wear (VB), maximum principal flank wear (YM), auxiliary /lank

wear (YS) and surface roughness (R,). An expcrimenw.l study would be conducted to

establish and validate the proposed model. The five basic steps used in gcneral appli~alion

of neural network have been adoptcd in the development of Ihe Illodel: a,~cmbly or

collection of data; analysis and pre-processing of the data; design of the network object;

training and testing of the network; and performing simulation with the trained network

and post-processing of results.

3.4.1 Experimentation (Collection of Input-Output Dataset)

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

steel on a lathe (7.5 kW) by a standard uncoated carbide insert with ISO designation-

SNMG 12U408at dlffere"t cuUing velocities (V) ,md feed rales (0 and deplh of cub (d)

under MQL (cutting oil) condition. In total four machining tests wcre conducted for

different cutting speeds, feed rmes, depth of cuts and machining time. Duri"g machining

trials the cutting insert was withdruwn at regular intervals 10 examine the pattern and

extent of wear LIndera metallurgical microscope. After each trial, the average surfaec

roughness value was also measured by a Talysur1.We have thus obtained several pairs of

OLllpulvuriublcs in rc'pon~e to the ditIcrcnl C0l11binalionsof PI'OCc,~purumeters. Thc data

range selected was as follows: low speed (68 Ill/min)- low feed (O.lmm/rev) and hlgh

speed ( 258 m/min)-high fecd ( 0.20 mm/rev). All the m<Jehini"gtrials were cnrricd with

and betwccn these two ranges for the depth of cut of l.() mm and 1.5 mm respectively.

"



3.4.2 Pre-processing of Input-Output Dataset

The generalization capability of the nenralnetwork is totally dependent on: (i) the

selection of appropriate input-output parameters of the system (ii) the distribution of the

daw~et (iii) the format of the pre~emation of the dataset [0 lhe network. for our ANN

model, the input parameters used are the four main cutting parameters (culling ~peed, feed

rate, depth of cut, marching time), while the output dataset are the four process parameters

(average principal flank wear, maximum pnncipal flank wear, average auxiliary !lank

wear, average surface roughness). In this sludy four machining test wel'c carried out and a

tOlal 0[38 input-output dalaset pairs were obtained during the machining trials.

Cllttjng~rccrJ, V

Feedrate,f

Depth of cut,d
Machining time, t,

T •,

Average princjp~1 flank wear, VB ..

Maximum principal flank wear, VM

Averageauxiliary flank wear, VS

Avcmgesurface roughnes, R"

Before the ANN can be lmined and the mapping learnt, it is importantlo process

the experimental data into paH~ms. Training and testing pattern vectors arc formed bd"ore

input-output dataset arc fed to network. Each pattern is formed wilh un input eonditio~

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

Before training the network, the input-output duta~el were normalized within the

r.mge o[ :tI, using the Mallab commund 'prcmnmx'. The normalized value (x;) for each-

raw input-output dataset (d,) was calculated as



2
x, - d",.. d (d, -d,"," )-1- - ''"''

Here. x, =normaliled vullle

di=original value of input/outpul

dmin=minimum value of input/output

dm,,=maximum value of input/output

3.4.3 Neural Network Design and Training

...•..•..................•.••.•.•.• [3.3]

rhe network archileclureltopology or features such as number of neurolls and

layers are very important factors that determine the functionality and gcncrulizution

capability of the network [135]' The selection of the activation function and training

algorithm also play a ~jgnjficant role to obtain beller forecast of response variable. In this

work, standard multilayer feed-forward back-propagation hierarchical neunll 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 deigned with MATLAB 7.1

,,,f!wa,e, The back propag<ltion algorithm is a gradient decent error-correcting algorithm

which updates the weights in such a way that network output error is minimized [136]. Thc

feed forward backpropagation network consists or an input layer (where the inputs of the

problems are received), one hIdden layer (v,'here the relationship between (he input> and

ontputs are dctermined represented by synaptic weights) and (ill output layer which emits

the outputs of the problem. The input layer hJS four neurons corresponding to each of the

four culting parameters and four neurons in the output layer COITe~pondingto eacJl,of the

four response parameter (FigJ.7). [n order to find out the be~t nctwork architec(urc
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different networks with different number of layers and neurons in the hidden layer were

designed and tested; different training algorithm were used; transfer function in the

hidden layer and output layer were changed and finally select the optimal network to

predict tool wear and surface roughness. The issue of detennining the optimum number of

hidden nodes is a crucial yet complicated one. In general, network with fewer hidden

Ilode~ are prdemble as they usually have beller genemlization~ ability and less over lilting

problems. But network with too few hidden nodes may not have enough power to model

and learn the data. The most common way in determining the nlilllber of hidden nodes is

via trial and error, Several rule of thumbs have also been proposed, such as, the number of

hidden nodes depends on the number of input patterns and each weight should have atlca~(

ten input patterns (sample size). In the ease of one hidden layer network, seveml practical

guidelines exist. These include 2n+l, 2n, n\2 where 11is the number of input node~,

Lawrence and fredrick [137J suggested that the number of hidden neuron'" (nl+n2), where

IIIand nj arc the number of ioput aod output nodes respectively.

For the optirnol network architecture, lUngcnt sigmoid transfer function 'tansig'

has been used in the hidden layer and linear transfer fUlletion 'purehn' has been used io the

output layer, The ANN configuration is represented us 4-25-4 that is input layer consists

of four inputs, the hidden layer twenty five neurons und the output layer consisting of four

output~ (neurons). The number of neurons in the hidden layer is determined by trial and

errOr method after de8igoing and investigating many networks. As mcntioned above. there

j, no tixed rule for determining the number of neuI'ons in the hidden layer n'G number of

neuron, in this layer must be large enough to allow for enough partitions of the non-linear

evaluation space.
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Training ofal1l'NN play, n <;igll;tic~nt I'OIcin designing the direell\NN.bowd

predictiDn. The ~CCUnLcyof the prediction depends on how it is tr~m~J, The training of the

n~lLL"allldWOrkLL,iLlg"["cd-lorwnrd bnck ptop:Lgntion .\Ig()['ilhm heL.'b~cn ~urrwd Olli. The

llc1WO,kp~rforL1l, lwo phJses Df dJtJ flow. First lhe inpUl pallern is propag,ltcd [roLl1the

inputlaycr to the oulpull~yer and. ~s ~ result of this forward now of J~ta, it produccs nn

output. Then the erl'Dr signals resulting fmlll the difference bct,vccn thc computed and the

"Clll~1~rt h~ck rl'Op~gated from the output layer to the pre\'ious l~yers for lhem to update

lhw weights.

The number of neurons in the hidden layer is intentionally ehoscn to start with

five (5) neuron and hidden neurons ~re added to the hidden I~yer by 5 incrementally. The

addition of hidden neurons continues unlil !here is no furthcr improvcment in network

performance. The perlormanee of the nehvork W<J~evaluated by mCJn sum or ,quared

enT,r (MSF.) between the mea,ur~d and the predicted vnlll~s ror e\w} Olltput nodes in

respect of lmining lhe network, The reedhacl rrol11that proees,ing is called thc "uvtra!;c

error" (1' "pcrIOrmQllee", Once the average error is below the rcy"ired goal or renehcs lhe

Icquired goal. the I1curalndwork stops [raining ~nd is.lherclore, reaJy 10bc vcrilicd.

The tl'uining p~rl(l1l11aneCof differcnt nelwol'k Urehnccmres (4-5-4. 4-] 0-4. 4-]5"

4.4-10.4.4-25-4) hu.' heen ,hO\\ill in the Fig. 3 2. Fig, 3.3. ]'ig. 3.4. rig 3.5 ami hg. 3.6

respectively. h is seen from the Fig. 3.2 and I'ig, 3,5 lhat the network Qrchitcetlll'c~

consisting of five and 10 hiJden neurons do not convergcs to the required error goal

(0.0001) that has been set in this ~tlldy, hg. 3.4 ,hows lhat tile 4-15-4 archileClUre meets

lllCcrnJl"go~l at the end oj" 143 cycle,. ,\Iicr e"ceding 15 L1umbGrsot' hidden ncurons. ~ll

other de<;igned nel\vork IllcelS the perfornwnee goal but their gen~rJli/ation or pr~diction



accuracy IS not same. The best network conJiglimlion was selected On the basis of

codticicnt or dd~rl11L1lal LOll(Rl) and meall absolute percentage of erwr (MAPE) -r~r each

of the output parameters in respect to both (raining and testing performance.

P.rformaoco is 0.00189996,Goal" 0.00G1
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Fig.3.2 ANN training performance (Network architecture: 4-5-4)
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~1/\"1'1./\n 7, I I"" h~cn mccl JPr lrai Iling lhe network archil~cl\ll'~ ",hidl h,,_,h~~'n

dC\Tloped 10' prcdicti01l of l001 WCllrand ~url;'ce I'oughnc,", A COI1lPHtCI'program "'"

pcrtomwu undcr this MATLAB version, The inpul-outpul dalaset consisting of 38 puttcrns

was divided randomly into two c"tegories: training uata,et 75% of lhc datu and k,t d"ta

sd which eun~isb 25% the Jain. There arc 28 training pallerns cOI1~idered l'or prcdietion of

lool wear and surface roughness. Aftcr lhe tmining, the weighls are Ii-OLenand the model is

tested J"r validalion. h\r lhis purr()~e, the input parameters lo the nClwork mc ,ct, 01'

""I"c" (Ill tili, ca", I() l'"irs of dlllnS(;l) lhat havl'_nol heen used for trailling lhe nclwork

(IUWuntrained data) but <Ire in thc same range as tllO~eused tor training. This enables to

tesl the nctwork with reg~ru lo its capability for interpolation. When we create a fccd-

forward oet"ork onder tvlATLAB, it gen~rales initial weight ond bias vallics tor a layer

with the help of NguycL1-Widrow nlgorithm, Thi~ reuuc~; tl"lining lime by ,cUing the

initial weight~ in such" wuy that the aetlv~ regi(Hl of the Iaycl's neuron wJiI be di,tribLllcd

approximately cvenly over th~ input space, The advant(Lg~of llm O\'C[completely random

initialization is thal once thc training slarts the weights movements arc smaller nnd scllie

quickly, since the maJ()rity of weight movements "ere eliminated by Ole method of

inili,1li7A1tion1138 I.

Eaeh neuron i~ J processing elcmen!, which perfomls a weighed ~um ofalljnput

variublcs lhal feed it. Dcpcnding on the value of weighted slim 01"the val iublcs. thc neumn

gil,t, a sigJ1~1[0 the ncurons in the adjacent layer throllgh a non-linear trans1Cr I"lIndion

(sigmoid fllnction in this ease), The LOO]wear and sllffacc roughnes, value, of ll',linillg

~al11pl~~"r~ tr~ul~d as lh~ d~sired unu largeL OliLpuLTbe ulgorithl11 IIs~d tOI' tile ncural

n~lwvl'~ kumillg is -thc backward propagation ;llgort[hm' Wilh Levenberg-Marquardl



(LM) ver~i()n This training algoril11m (I"M) wa, chosen due to its high uccuracy ill simliar

funclion approximation [139] .So. the learning has an adaptive n(ll\lre lhat means vector

pair;, rrom the training model arc mapped. re,pectivciy, to reinforce the weights until

d~viation betw~en the training outpll1 umJ the dcsircd output or euCI, training veclor ~ulllpic

~l)Jl\U'ge,10a negligl bIe ~n"Mof 0 ,000 I in lhl~ uppl ication, .

Bias, bl

Cuning 'peed (V)

DcplhofclIt(d)

M,ell!ning Llmo (IJ

Input layer

.,. Bias, b~

A ''''s' Principal naok wenr (vtJ)

Surf,ce rollg~"'_" (It,)

OutPlIt layef

Fig. 3.7
Hidden layer

Proposed AJ','N model (Network architecture: 4-25.4)



The optimuill ANN ~rchikclor~ is shown in Fig, 3.7, For c1urily. not all of lhe

cOLmCClionsbelween input-hiddcn ncurOn, and hidden-output neuron.,>arc ,hown in Fi~.

3,7, The lllomentulll constanl and learning rate u~ed in this model is 0.5 und 0.1

re~p~Cli\-'~ly.Th~ maximum llombeL"or lraining epochs set was 10.000 und the tmining

erl'Or~oal was 0.0001, After the trJilling is completed. the actual weight vnlucs me stored

in a separate tile. The Value of R1 and MAPE values between the network predictions and

the experimental values using training and test dataset [or different network architecture

h,,,'c hl"l"ll"h(1\\'11ill lnblc 1.1 and table 3.1, The \\'dght and 1m" vniucs for lbe pwp<lscd

ANN Illodel hnve beon ,hown in toble 3.3 nnd [able 3.4. The SU111111aryot lhe propo$od

model (Fig. 3.7) is given in table 3.5.

3.4.4 Testing and Performance of the Designed Network

Training and testing performance of the optimum network lopology can bc

evaluated by the following ll1easure~;

MEP0 2:,(((', -oJ"J'IOO)
p

'"'

..................•.•........ [3.4J

.••.•.••.••.•.••..•.......... [3.5]

............................. [3.6]



\Vhere,

a
RMSE

MEP

APE

API)%) ~ IM"d,1 V,dicLioll v,I\I"' - 1;'p"""c""'1 ".,Iu~<:" 10(1%
bporimCllLul v,lu~' I

Target value

Output vulue

Root mean squared Cfror

Mean error percentage

Absolute percentage of error

•.....•..........•....••••.•. [3.7]

R'
P

J

Coefficienl of determination! Absol LIte fraction of variance

Number of patterns

Processing clements

After post processing the predicted values by u~ing the MATLA13 command

'postmnrnx', regression analysis W<lS adopted to find the coefficient of dctenni~ation

value (R2) for both training and testing phases to judge the network performance. The

performance capability of each network was examined based on the coefficient of

determination value (R1) between the network predictions and the experimcntnl--'fnlues

using the training and test data set. Another mdex named mean absolute percentage of

error (MAPE) i, also used in thi, analysis to judge the training and te&ting performance. 1t

is shown from the table 3.1 thaI network with 1 hidden layer and 25 neurons in (he hidden

layer with 'tansigmoid' and 'purelin' transfer function in the hidden and output layer

respeclively and trained with Levenberg-Marquardt algorithm provides the best result. It

can also been seen fl"(lml"ble 3,1 and table 3.2 thut increasing the number ofneuron~ from

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

n~twork ~rchiteelure WJ, ~deeted as the QPlimum ANN model.
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Table ].1 R2 and MArE values between the network predictions and the
experimental values using training and test dataset (n=5-20)

Training
Levenberg-Marquardt algorithm

algorithm

Activation t,msigmoidf linear transfer function i" hidden ""' output laycl.

function respectively

Training performance Testing performance

Hidden
1 I I I I I I 1

layers

neurons in
5 10 15 20 5 10 15 20

the layer

VB (Average principal flank wear)

R 0,9883 0.9996 09998 0.9998 0.9873 0.9935 0.9914 0.9643

MAI'E 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 0.9999 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)

.- 0.9945 0,9993 0.9994 0.9994 0.9480 0,9402 0,9482 0.9528

MAI'E 0.1083 0,0130 0.0126 0,0118 3.8217 20.732 0.4882 2.5265

R, (Average surface roughness)

R 0.9979 (1.9998 0.9997 0.9996 0.9852 0.1108 0.8144 G.8901

MAPE 0.0175 0.0018 0,0047 0.0044 0.4560 22.701 32681 4.3964
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Tuble3.2 R2 and MAPE \'alue~ between the network predictions und the
experimental values u~jng training and test dataset (n~25- 35)

Training

algorithm
Lcycnbcrg-Marquardt algorithm

Activation tansigmoidl lincar transfcr function m hiddcn and output

function laycr rcspectively

Training performance Tcsting performance

Hidden layns I 1 1 1 1 1

neurOnSin
25 30 35 25 30 35

lhe layer

VB (Average principal flank wear)

It 0.9998 0.9998 0.9998 0.9915 0.9783 0.9957

MAPE 0.0061 0.0138 0.0043 0.3633 1.248 I 4.7226-
VM (Maximum principal flank wear)

R 0.9999 0.9999 0.9999 0.9906 0,9772 0.9855

MAPE 0.0051 0.0036 0.0095 0.3812 0.7553 3.5843

VS (Averag~ auxlliary flank wear)

1<" 0.9995 0,9994 0.9994 0.9761 0,9435 0,9845

MAPE 0.0096 0.0087 0,0143 1.6331 2.4674 1.9135

R, (Average surface roughness)

R 0.9996 0.9996 0.9996 0.9627 0.9211 0,8691

MAPE 0.0037 0.0082 0,0072 4.8069 0.8052 3.6261
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From Fig. 3.8 we see thai the correlation coefficient of I and 0,996 was obtained

for training dataset and the model predictions respectively for average principal flank wear

(VB) for the network topography (4-25-4) wher~ th~ number of hidden neurons used is

equul to 25. n,e correlalion coefficients for olher parameters arc also realized [rom llw

table 3.1 and lllble 3.2. The percentage error of [he modd predi~[ion was also ~alclLlaled

as the per~entage difference between the experimental predicted vallle~ relalivc to the

experimental value. Table 3.1 and table 3,2 clearly depicts the coefficient of dClcrmination

(Rl) and mean absolute percentage of error (MAPE) for different network architecture for

the four response variables VB, VM, VS and R,. As shown in table 3.1 and table 3.2, 25

neurons gives the best values with respect to both training performance and testing

performance or generalization capability of th~ ANN architecture. It is shown tha~ the

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

desired parameter in lliming medium carbon sleelunder a MQL environment.

Fig. 3.9, FIg. 3.10, rig.3.11 and Fig. 3.12 show~ (he ANN predictiolJ values and

ob$erved val lies for four response variables namely average principal flank wear (VB),

maximum principal flank wear (VM), average auxiliary flunk wear (VS), and average

Slirface ronghne~s (R,) re$pectively. From the graphs, it is clear that the proposed modcl

can predicl values which are nearly vcry close (0 experimental ob~ervmions for each of the

outPlit parameters. The results show that the ANN can be used easily for prediction of tool

wear and ~urfaee roughness and hence help in optimum selection of cutting parameters

(ve, f, d, to) for the purpose of manufac!lIring process planning,

E 350,
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9 10 11

Fig.3.9 Experimental Vs. ANN prediction of average principal flank wear (VB) for 10

le~ting cases
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Table 3.3 Weight corresponding to the input layer and hidden layer

; ", w, w, w. b,
1 2.3367 -1.2477 -1.3473 1.0588 .3.2414

2 -1.5410 -1.7688 1.5745 3.7736 3.5839

3 0.8811 0.8434 -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 -0,2499 ] .4486 0.5402 0.4152 0.9697, -2.5066 .0,2961 1.8545 0.6299 1.4303

9 1.6626 2.1248 1.9478 2.2369 - J .4400

10 0.2213 -0.0289 0.6696 -2.5884 0.2008

11 0.4683 -0,7635 -1.2912 2.3561 0.53 I0

12 1.4609 1.7240 J .8930 -06584 -0.3589

13 2.4854 0.3662 1.3494 -0.8430 -0.0455

I' 1.9633 -1.0609 0.8738 1,7251 1.1014

15 2.2329 0,6405 J.1004 0.4554 -1.3378

16 -1.4225 J.l311 -0.2629 0.2341 -1.1534

17 1.9540 -1.5133 0.2614 -2,7172 0.8671

18 2.6101 1.4525 .1.1289 2.0836 0,2139

19 -0,9782 -1.2374 -0.8669 -2.6392 1.2769

20 2.3221 1,9725 0.5233 .1,1875 1.7290

21 -2.3238 0.3414 0.9462 1.5883 .2.4303

22 -1.3512 1.5469 0.2624 -5.1658 .5.6iJ20

23 1.4431 -1.1295 1.8299 -1.0938 3.iJ61J7

24 -2,1792 -0.8368 0.6297 -2.0089 -2,8iJ66

25 .1.5625 -1.3336 -0.2595 2.1165 -3.1967
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Table 3.4 Weight corresponding to the hidden layer Clndoutput layer

Wj

WI 0.8932 0,0765 0.7734 0.1281

''> 0,1990 0.0568 -0.0460 1,7590

w, 0.0287 0.1783 0.0246 -0.2905

w, 1.1713 0.4956 1.3498 -1.9564

w, 0.9245 -0.4853 -0,0364 -0.4831

'" 0.5741 -0,2269 -0.0135 -0.1710

w, 0.8468 1.4655 1.1085 ].1063

Wij 0.0938 -0.1836 -0.6548 -0.5477

W, 0.2711 0.3884 0.1293 0.6477

Ww -0.2478 0,6560 -0.4602 1.0947

W" 0.0831 -0.1651 -0.2358 1.4362

w" -0,0473 -0.3442 1,3556 -0.2991

WIl -0.4015 0.5747 0.1503 -0.9327

W" -0.4226 0.3094 0.0994 -1.3687

WI5 0.5203 0.4197 0.1737 1.2396

WI6 -0.2743 0.1871 -0.1559 -1.3713

Wn 0,9147 0,0043 -0.5004 -0.1232

W" 0.2086 -0.2066 -2.1270 1.9041

W" -0.3849 0.0643 -0.4436 1.8059

W,o 0.6455 0.2472 0.0521 -0,2237

"" -0,7966 0.4084 0.3586 1.1901

WI:: -0.7125 -0.4912 -0.9036 -1.7232

W1) 0,7443 0.1047 0.2423 -0.7506

W~J -0.4378 0.9725 -0.3147 -1,0994

W2~ 0.5636 0,1093 -1.6730 0,5414

b, -0.7810 -0.6446 -1.0057 -0.7123



Table 3.5 Summary of the ANN model

Object model Input neuron Output neuron

Tool wear and Surface roughness V,f,d,tc VB, VM, VS, R,

Network structure

Network type , Feed-forward Back-propagation (BP) Network

c BP transfer function , TansigiPuretin

0 BP training function , Trainlm

0 BP weight/bias learning , Lcargdm
function

0 Network Performance , MSE
function

Learning conditions

Learning scheme , Supcrvised leaming

Lcarning rule , Gradient descent rule

Input neuron , Four

Output neuron , four

Sample pattern vector , 28 (for training), 10 (for testing)

Number of hidden layer , 1 (one)

Neurons in hidden layer , 25
Learning rate, a , o J

Momentum constant, p , 0.5
Performance goal/Error goal , 0.0001

Muximum epochs (cycles) set , 10,000

Number of epochs required for , 119

MSE at the end of training , 9.99642£-05

,
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Chapter 4

Discussion on Results

4.1 Chip Thickness Ratio

During UtlyMachining process chips are produced. The chips produced forecast

the interaction characteristics at chip-tool interface. To asses the performance of the

machining, it is sometimes desirable to inspect the machining chip" Chip properties

largely depend on the hardness of the work material, tool geometry-especially the rake

angle and the cutting panullelers i.e. cutting speed, feed rate and depth of cut. They arc

nlso somewhat dependant on the culling environment and the nalure of the chip-tool

interaction,

In this study, the chip samples were collected while turning the medium carbon

steel by uncoated SNMG-120408 insert at different V-f combinations under both dry und

MQL conditions. Then the thickncs~cs of the chips wcrc meaSlII'ed with the help of digital

slide caliper. After that thc chip thickness ratio (r,J which is the ratio of tbe uncut chip

thicknes~ to chip thickncss after cut was calculated.

The chip"thickncss ratio (r,) is an important indcx of chip formation and spccillc

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



a, =fsin<jlr, =- --- .
a) a)

Where,

t, = Chip thickness ratio

a, = Chip lhickness before cut = f simp

a2 Chip thickness

f = Feed rate

qJ = Principal culling edge angle

[4.1]

During the machining of thc metals and alloys, continuous chips are produced and

the value of ro is generally Jess [han ],0 because chip thickness after cut (al) becomes

greater than chip thickness beforc cut (al) due to almost all sided compression and friction

at the chip-tool intcrfaee. Smaller value of to means larger culling forces and friction and

h~nee is undesirable. For given tool geometry and cutting conditions, [he value of r,

depends upon the nature of chip-tool interaction, chip eontaetlcngth and chip form, ~II of

whIch arc expected to be influenced by MQL in addition to the levels of V and f. AU

parameters in machining arc directly or indirectly linked with the chip thickness ratio. If

there is excessive heat generated at the cutting zone, there will be high friction between the

tool and the work material. This frictional force will cause high energy consumption hence

higher cutting force, These will lead to a low chip thickne!.s ratio which is not desirable.

The variation in value ofr, with change in cutting velocity, V und feed rute, fand

as well as machining environment evaluated for medium carbon steel for the depth of cuts

of 1.0 and 1.5 mm lruve been plotted and shown in the fig. 2.4 and 2.5 respectively.
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From 1'ig,2.4 and Fig.2.5 it has bccn shown that application of MQL jet has

improvcd (he value of chip thicknes~ ratio for all V-f combinations due 10 reduction in

friction at the chip-tool interface, reduction in built"up-edge fonnation and wear m the

culling edgcs, In all V-f combinations MQL by cutting oil shows morc effectiveness than

machining in a dry environment The MQLjel, with both its lubricating and cooling effect,

minimized the shrinkage of shear zone and plaslicization and reduced the formation of

buill"up-cdgc.

The figures.2.4 and 2.5 clearly represents that throughout the prcsenl

experimental domain the value of r, gradually increased with the increase in V and fin

different degree under both dry and MQL conditions, . Thi~ is due to the higher energy

utilization associated with higher material rcmoval rale.

4.2 Cutting Temperature

Generation of heat at the cutting zone is of prime concern in any machining

proce~sand this heat needs to be controlled 10an optimum level in order to achieve bctler

machining performance, During machining, shearing of work matcrial, friction bclw~cn

the flowing chips and rake face of the tool and friction of auxiliary flank with finished

surface arc the principal sources of heat generation. Cutting temperaturc increases with the

incrcasc in specific energy consumption and material removal rate i.e. with (he increase of

cutting velocily, feed and depth of cut, as a result, high production machining is

constrained by the ascend in temperature, The high temperature gcnerated adversely

affecls, directlv or indircctly, chIp !ormalioll, ~ulling fo('ces, tool Iifc, dimcnsional

aceuracy and surJacc integrity of thc machined components. Therefore, ;)pplicalion of
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MQL at chip-tool interface is expected to improve upon the uforcsaid machinability

characteristics that play vital role on productivity, product quality and overall economy in

addition to environment-friendliness in machining particularly when chip-tool or work-lOol

. interface temperature is high.

In Ihis research work, a lool-work thermocouple with proper calibration [126) was

used (0 determine the aver"ge chip-tool interf"ce tempcrature during turning or medium

carbon stcel at different cutting vcloeities and feeds and the values were plotted against

diITerent cutting speed under both dry and minimum quantity lubrication (MQL) condition

by uncoated SNMG insert. It was expected that the application ofMQL jet would be mnch

more elTectivc at low spccd and feed U~well a, high spccd-fccd condilion in reducing thc

average chip-tool interface temperature which plays an imperative role on produ.ctivity,

dimensional accuracy, surface integrity and ovel'alJ economy in tUl'lling medium cal'bon.

stccl. The evaluated rolc of MQL on average chip-tool interface tcmperature in turning

mcdilllll carbon ~teel by Wlcoated earbidc insert (SNMG-12040S) at different v-r

combinations fol' the depth of cuts of 1.0 and 1.5 mm undcl' both dry and MQL condition

have been shown in Fig.2,6 and Fig.2.7. The figure 2,6 and 2.7 clearly depicls in whal

extent tool-chip interface temperaturc, flOC has been decreased duc to minimum quantity

lubrication (MQL) under diITcl'cnt c~pcl'imental conditions. With th~ incrcase in culling

spccd and feed rate, tool-chip interface tcmperature hw, becn increased as usual, cvcn

under MQL due 10 increase in energy input.

It was cxpected to reduce tool-chip interfacc temperature to a greal cxtCl1l under

MQL envil'Onment than it has been observed in this investigation, But practically, it has

not been occurred due to the fact that the MQL jct has been employcd in the form of a thin
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jet along the cutting edge and towards. Also the jets, like any cutting fluid could not reach

deeply in the chip-tool interface for plastic or bulk contact, particularly when cutting speed

and feed rate are large.

The effecls of variation of process parameters on reduction of average tool-chip

interface lempcrature due (0 MQL have no! been uniform, This may be due (0 variation in

the chip forms particularly chip-tool contact length, C~which for a givcn tool widely

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

conditions, Thc value of eN not only atfeets the cutting forces but also the culling

temperature.

4.3 Cutting Forces

The cutting forces gcncrated during the machining process bears a significanl

effect on the quality of uny machined componcnt. High cutting forces may result in

premature tool failure, tool vibration, high temperature gcneration, large tool defleclions

and significanl mcchanicalloads on the workpiccc surface. Largc tool deflections can lead

to form crrors because the tool tip position deviates from the expected position. Large

mechanical loads on the workpiece surface can affect the topography and intcgrity of a

machined surface. For these reasons, it is obviol.lsly importanlto understand how chan~illg

process condi lions affect culling forces. In these investigations, two components of culling

force (main culling force, F, and feed force, Fr) were rccorded during machining under

dry and minimum quantity lubrication (MQL) conditions while turning medium carbon

SlCeiby uncoated SNMG insert at regl.llar intcrvab. The force components were mcasured
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with a strain-gauge lype forcc dynamomeler and recorded with a PC-based data acquisilion

system for the combination of cutting velocitics, feeds, depth of cuts and environmenls

undertaken.

The effect of MQL on Fe and Fr that have been observed while turning medil.lill

carbon stcel specimen by thc uncoated carbide inserts SNMG-120408 under difTerent V

and f with depth of cuts of 1.0 and 1.5 mm have been graphically sho\~n in Fig, 2.8, Fig.

2.9. Fig. 2.10, and Fig. 2, 11.

Figure 2,8 to Fig. 2.11 clearly shows tbat the MQL jet has becn quite successful

in reducing the main cutting force and feed force, This is attributed (0 mainly the reduction

of friction accomplished by the Il.lhrieating effect oflhe MQL jel. The MQL jet, with its

and velocity, was able to reach the tool tip where it perfonncd its lubricating and cooling

dIeets and minimized friction to a remarkable amount. Rcason acting bchind reduction of

cutting forccs may be the reduction in ehip load. The high velocily MQL jet impinged 011

lhe rake face uplifted thc chip and rcduced chip load which evenlually helpcd to reduce the

cutting (urces significanlly. 1'1'0111tbe figures, it has also been ~ecn that main culting forces

and fced forces decreases with the increase of cutting speed and lhe force component

increases with the increase of feed rate,

4.4 Cutting Tool Wear

Tbe cutting tools in conventional machining, particularly in continuous chip

formalion proc""s like lUllling, generally subjected 10gradual wear by abrasion, aJh~_sion>

and diffusion depending upon tbe tool-work materials and machining conditions. Tool
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wear initially stars with a faster rate due to what is called break-in wcm causcd by aurition

and micro -chipping al the sharp cutting edge, CUlting tools may oftcn may fail

prematurely, randomly and catastrophically by mechanical breakagc and pla~tic

deformation under adverse machining conditions caused by inten~ive pressure and

temperature and/or dynamic loading at the tool tips parlicLllarlyif the tool material lacks

strength, hot-hardness and fracture 101lghness.

In this research work, the uncoated carbide in;ert (SNMG 120408) ~clcctcd and

used which attained f]ank wear progressively in varying pattern and magnitude while

machining medium carbon steel under both dry and MQL conditions. Premature and

catastrophic type of tool failure by plastic defoffilation or micro fracture was not found to

occur within thc present experimental domain.

It is already mentioned that wear of culling tools arc generally quantitativc1y

assessed by the magnitudes of VB, VS, VM, VSM etc. shown in Fig.2.12, out of which

VB is considered to be the most significant parameter at least in R&D work. It was

reponed earlier that applic~tion of conventional cutting fluid docs not help in reducing tool

wear in machining steels by carbides rather may aggravate wear[127, 140].

The growth of principal flank wear. VB with progress o[machining tim~ recorded

while turning the medium carbon steel by uncoated SNMG insert at lower speed and feed

(V=66mlmin, [=0.10 mmlrev) and higher speed and feed (V=258 mlmin. f=0.20 mm/rcv)

with two depth of cut (d=I,Omllland 1,5 Illm) under dry and MQL (cutting oil) conditions

have been ~hown in Fig.2, 13, Fig.2,14,Fig.2.15 und Fig.2,16. Fig.2.13. Fig,2.14, Fig.2.15

and Fig.2.16 show the growth of average flank wear (VB) with time observed while
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turning medium carbon stcel by SNMG inscrt at a particular V, f and d combination under

dry and MQL (cutting oil) environments. The gradual growth of VB, the predominant

parameter to ascertain eXpil)' of tool life, observed under dry and MQL environmcnts

indicates steady machining without any premature tool failure by chipping, fracturing etc.

establishing proper choice of domain of pl'Ocessparameters.

It has already been reported [141} thm the application of MQL jet along the

auxiliary clilting edge slibslantially changes chip formation and controls thc culling

temperature. These enabled reduced ratc of tool wear to a great extcnt and hencc improved

too! life as revealed in lhosc graphs. Such improvemenl~ by MQL jets can bc attributed

mainly to retenlion of hardnc$ and sharpness of the cutting edge for their 5teady and

intensive cooling, protection from oxidation and COlTosion and absence of buill-up cdgc

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

Another important tool wcar criteria is average auxiliary flank wear which

govcrns the surface finish on [he job as well as dimcnsiOllal accuracy. The growth of

auxillary flank wear, VS with progress of machining time recorded \vhile turning the

medium carbon steel by uncoated SNMG insert at lower speed and feed (V=66m1min,

[=0. I0 mmlrcv) 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 (culling oil) conditions have been

shown in I'ig.2.17, Fig.2.IS, Fig.2.19 and Fig.2.20. lrregular and higher auxiliary Hank

wcal' lead~ 10poor SUl'facelInish and dimensional inaccuracy [3]. In lile ligures, the nature

of growth of VS matches with that of VB expcetedly. It i~sho",,']] from the graphs that

MQL cooling permil quick reduction in VS with the progres5 of machining time. So, it can
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be concluded that MQL can be successfully applied to have better surface finish and

dimensional accuracy.

4.5 SurfaceRoughness

The quality of any machined product of given material is generally assessed by

dimenslonal accuracy and surface integrity, which govem the performance and service life

of that product. For Lhepresent study, only s",facc roughness bas been conSIdered for

asses,melll of qualily of product machined in dry and minimum quantity lubrication

environment.

Surface finish is an important index of machinability because performance and

service life of the machined component arc often affected by its surface finish, nature and

extent of residual stresses and presence of surface or subsurface micro-cracks, if any,

particularly when thaI component is to be used under dynamic loading or in conjugation

with some other mating parts. Generally good surface finish, if esscntial is achieved by

finishing processes like grinding but sometimes it is left to machining. Evcn if it is to be

finally finished by grinding, machining prior to that nceds to be done with surface

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

initial surface defects as far as possiblc. 11is evident that MQL improves surface finbh

depending upon the work-lool materials and mainly through conlrolling the deterioration

of the auxiliary cutting cdge by abrasion, chipping and built-up edge formation. hi our

rcsearch work, surface roughness ha~becn measured at two stages; first, aftcr an interval

01' 45 sccond~ of machining with sharp tool "hile recording the chip-tool intcrl:lce

temperature and second, with the progress of machining while monitoring the growth of
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tool wear wilh machining time. In both stages, the surface rouglmess values under MQL

condition shows better resulls as compared to dry condition.

The variation in surface rouglmess observed during machining of the medium

carbon ,teel bar by the SNMG insert at variable V-f combinations and with two different

depth of Cllt (1.0mrn and 1.5 mm) under dry and MQL conditions have been shown in,

Fig.2.33 and in Fig.2.34 respectively. lt is apparent ITom the figures that surface roughncss

incrcases with the increase of feed rate and decreases with the increase of culling speed.

Reduction in roughness with the increase in culling speed may be attributed to smoother

chip-tool interface with lesser chance of bllill up edgc form~(ion in Jddllion to possible

truncation of the feed marks and slight flattening of the tool-tip. lnereasc in cutting spccd

may also cause slight smoothing of the abraded auxiliary cutting edge by adhcslon and

dllTusion type wear and thus reduced surface roughness. It is clem: from the Fig. 2.34 and

2J5 that MQL could provide improvement in surface finish to some extenL_ This

improvement might be due to reduction in wem: and also to the fact of prevention of built-

up-edgc formation. It is also see:J that increase in depth of cut might result in improvement

of surface Jinish 10a slight amount sometimes but that is in~ignificant.

Variation of ~urfaee roughness with progress of machining time at lower speed

and feed (V=66mlmin, f=O,IO mm/rev) and higher speed and feed (V=258 m/mill, f=0.20

mm/rev) with two depth of cut (d=I.Omm and 1.5 nun) under dry and MQL (culling oil)

conditions have been shown in Fig.2,35, Fig,2.36, Fig,2.37 and Fig.2.38. In th" grnph~ it

is seen that Sllrface rougrulcss is increasing with machining time both for dry and MQL

environment. It appears from those figures that snrfaee roughness grows quite fast under

dry machining due to more intensive temperature and stresses at the tool-tips, MQL
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appeared to be effective in redi,.:cing surface roughness, However it is crystal clear that

MQL improvcs surface finish de;Jending upon the work-tool materials and mainly through

controlling the deterioration of the auxiliary cutting edge by abrasion, chipping and built-

up-edge formation.

4.6 SEMMicrographs

The SEM views of the worn out inserts after machining of medium carbon steel

at diffel'ent V-f-d combinations under both dry and MQL environments fol' different time

spans. shown in f1£,,2.25, 1';g.2,26, f;g.2.27, Fig 2.28, Fig.2,29, Fig.2 30, [,ig.2.] 1 and

Fig.232 quantitativeJ>' indicalC that MQL has providcd remarkable reduction in overall

wear of thc insert. After 24 min of machining the :;teel at low speed-fced condition with

depth of cut 1,0 mm and 1.5 mm rc.,pcctively, SEM vicvv'~of worn out tips arc shown in

Flg.2.25, Fig,2.26, Fig,2.29 lind Fig.2,30. Figures show that principal and auxiliary flank

weurs are reduced due to effective cooling and lubrication by MQL. MQL abo ciiminates

the notch wcar found in dry cutting. Auxiliary !lank wears "re "lmost uniform with out any

built-up edge under low speed-fecd condition for both the cases. Undcr high speed-fecd for

both the depth of cut temperature increase enormously that wear Ollt the insert rapidly

under dry condition. On the other hand MQL retarded 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 Artificial Neural Network (ANN)Model

Artificial neural networks are one of the most widely used computer modeling

techniqucs to develop robust approach for prediction of tool wear and surface roughncss in
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machining steel for different combinations of material properties, cutting tool geometries

and cutting conditions, The generalization ability of an ANN depends on appropriate

~eleet;on of input/output parameters, distribution of the dataset and fonnal of the

presentation of the dataset to the network. The schematic diagram of artificial neural

network for the prediction of tool wear and surJaee roughness is shown in Fig.3.!. The.

flgnre reflects the input and output of the network that is going be developed. The

selection of the neuron number, hidden layers, activation function and training algorithm

play much significant roles in obtaining the best result. In this study, an artificial neural

network (Ah'N) with feed-forward back-propagation ".Igorithm was trained and the

training epoch (cycles) set for each nctwork is 10,000. The purpose of thc training is to

minimize the mean squared error (MSE). The training pcrformance of diff~r~nt network

architecture has been ,hov"n in Fig.3.2, Fig.3.3, Fig.3.4, rig.3.5 and Fig.3,6, The proposed

network architecture is shown in Fig.l?, The performance of the ANN model has been

highlighted in Fig.3.9, Fig.3.10, Fig.3.!1 and Fig.3.!2 for four response variables namely

average principal flank wear (VB), maximum principal flank wcar (VM), average auxiliary

flankwcar (VS), and average surface roughness (R,) respcctively. As shown in the figurc;,

it is clear that the values predicted by ANN arc very close to experimental valucs. To find

the best network, different training algoritluns wcre tested. Transfer functions in the

hidden and output layer have also becn changed and tested during design phase of tile

network, Finally, 'tansigmoid' function and 'purdin' function were used as the trall;fcr

function in the hidden and output laycr respectively. TIle numbers of neurons in the hidden

l<lyerwere found by trial and error method and linally 25 hidden neuron~ were choscn for

the suggested nelwork. The proposed network can be represented as 4-25-4. It wa;

observed that, from network structure 4-15-4 to 4-35-4, every network meets the designed
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error goal 01'0.0001. But, the interpolation or generalization capability of every network is

not satisfactory. To find the optimal network urchitectute, coefficient of dctennination (R
2
)

and mean absolute percentage of error (MAPE) between thc network predictIOn and

experimental values were calculated for every network for both training and testing phases.

The eoeITicient of determination (R") represents the perecnt of data that is closest to thc

line of best fit. The value of R2 varies bctween 0 to 1. If correlation coefficient, R"'O.922

then R""'0,S50, which means that 85% of thc total variation in network prediction can be

explained by the linear relationship betwecn experimental values and network predictcd

valucs. Thc othcr 15% of thc lotal variution in network prediction rcmains uncxplaincd.

The coefficient of determination (R2) and mean absolute perecntage of error (MAPE) for

different network topography have becn shown in table 3.1 and table 3.2, From the table it

is shown thal the value ofR2 increases up to hidden neuron 25. Then it starts to decrease.

The network "rchiteclure consisting of I hidden layer and 25 hidden neurons shows best

values of R" for both traimng and testmg stages of the network. So, the network consisting

of 25 hidden neurons was selected as the optimum one in this research work. The weights

corresponding to input layer-hidden layer and hidden layer-output layer have been shown

in the table 3.3 and 3.4 respectively. The summary of the proposed network architecture.

ha5 been presented in table 3.5. As, the input and output vectors were supplied to the

network. it was a supervised learning scheme. The back_propagation learning algorithm

with LM versions was used at the training stage of the network. Gradient decent learning

rule is used in this study. The learning rate and momentum constant used here arc 0,1 and

0.5 respectively. The co-efficient of determination (R2) obtained corresponding to VB,

VM, V$ and R, is 0.9915, 0.9906, 0.9761 and 0.9627 respcctively for testing. Regarding

training, these values become 0.9998, 0.9999, 0.9995 and 0.9996, The MAPEs between
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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 that, the model can be successfully used 10

forecast tool wear and surface roughness in response to the process parameters for which

the model has been constructed.
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Chapter 5
Conclusions and Recommendations

5.1 Conclusions

Based on the analytical and experimental investigation, the following

conclusions can be mude

1. One of the primary objectives ill machining operation is to prodllce product with

low cost and high quality. In order to achieve such an objective, machining

economics can be a significant consideration. Machining economics involves

the optimum selection of machining par<lJ11cters, e,g. cUlting speed, feed ratc,

depth of cut and machining time. TI,e machining parameters directly afIce! the

cost, productivity and qtlulity of products, A better prediction model can hdp as

to choose the optimum machining parameters before performing machining

operations. The objectives of this research work were to examine the effecl of

minimum quantity lubricatiou all the machining perfom1ance in terms of cutting

forces, chip-lool interface lemper<lture, tool wear and surface finish and also (0

develop an anificiaJ ueural nelwork (ANN) model to predict tool wear und

surface roughness while machining medium carbon gteel in a MQL

environment.



11. An AA"Nmodel has been developed for prediction of tool wear and ~urlilce

roughness as a function of cutting p<lrameters.The model has been proved to be

successful in terrns of agreement with experimental results, The proposed model

can be used in optimization of cutting process for efficient and economic

production by forecasting the tool wear and surface roughncss in turning

opcrations. A computer program was perfonncd under MATLAB 7.1 software

LO perform simulation by changing network parameters of the different nei'Work

architectures considered in this research work. The best network architecture

was selected aller performing several simulation trials by the MATLAB 7.1

software.

til. The multilayer feed forward network consisting of four inputs, 25 hidden

neurons (tangent sigmoid neurons) and four outputs (network architecture

represented as 4-25-4) W<lSfound [0 be the optimum Iletwork for the model

developed in this study. The back propagation learning algorithm has becll u~ed

in the developed feed forward single hidden layer network. Training of the

network was perfonned using Levenberg-Marquardt (LM) feed forward baek

propagation algorithm. Tansigmoid function (TSF) and purdin funetionjPF)

were used as the transfer fnnetion in the hidden und outPllt layer respectively. A

good performance of the neural network was achieved with coefficient of

deternlination (R2) between the model prediction and experimental values are

0,9915,0.9906, 0.9761, and 0.9627 in tenns ofYB, YM, YS and R, respectively

The MAPE value, for those vnriables are 0,3633, 0,3812,1.6331 and 4.8069

respectively. These results show that the ANN model can be u,ed ensily for [he



pr~diclion of 1001wear and surface roughness in turning medium carbon slcel by

SNMG insert under minimum quantity lubrication environment.

lV. ANN models havc emerged as a nev>!promising method for estimating tool wear

and surface roughness in an intelligent manufacturing system (lMS). These

techniques can easily capture the complex relationship betwecn various process

parameters and can be easily inlegrated into an existing 1TI(IIlUfaCluring

environment. These techniqucs 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 (CAPP).

Thc prcscnt MQL system has been proved 10 be successthl in reduction of

average chip tool interface temperature depending upon thc work materials, tool

gcomctry and cuLling conditions. It is true that this smull reduction has enabled

significant improvement in machinability indices.

VI. MQL has reduced the cutting force. MQL provided effective cooling at the

shear zone which reduced the chip-tool inlerface temperaturc. 11also provided

proper lubrication that minimizes the friction resulting in retention of tool

sharpncss for a longer period. Favorable change in the chip tool interaction and'

retcntion of cutting edge sharpness due to reduction of cutting 7"onetemperature

sccmed to be the main rcason behind reduction of culling rorcc:; by the MQL

Vll, TIle application of MQL jet in machining medium carbon steel by the uncoated

insert SNMG-120408 hus enabled reduction in flank wear wbich could
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contribute in the improvement of tool life or enhancement of productivity at

higher cutting velocity and feed rate, Such reduction in tool wear might have

been possible for retardation of abrasion and notching, decrease Orprevention of

adhesion and diffusion type thermal ,ensitivily wear at the flanks and reduction

of built up edge formation which accelerates wear al the cutting edges by

chipping and flaking. Minimum ql.lantity lubrication reduces deep notching and

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

-failure orllle cutting 1001s.

"ILl. Dimensional acclIracy nnd surface lioish hos been sllb~lan(inlly improved

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

reduction in the average chip (001 interface temperature by the application of

MQL

lX, After adopting the Artificial Neural Network (ANN) model, the MQL system

can enable significant improvemenl in productivity, product quality and ovcrall

machining cconomy even after covering the additional cost of designing and

implementing MQL system.



5.2 Recommendations

L In this research work, input parumeters considered to develop the A},'1\' model

arc cutting speed, feed rule, depth of cut and machining timc. The work can be

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

temperature, machine vibration. cutting tool geometry, workpiece composition.

workpiece hardness etc. Then the A1\,};model to pr~dict tool wear and surface

roughness will be more robust and universally applicable.

II, In this work, only feed-forward neural network has been considered. The work

can also be analyzed by recurrent neural network or radial basis function~1

neural network and then compared the prediction accuracy or generalization

capability of differelll Iype~of neural network.

Ill. [n this research work, only tool wear and surface rouglmess model have been

constructed. The work can be also extended to model cutting force. chip

thickness mtio and chip-tool interface tempemture, as those arc also significant

machmability indices in any machining process to cOlJtrolor optimize quality,

productivit) and overall muchining economy under a MQL environmenL
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1,00 rom 1.50 mm

Y, Envirorunent
mimi D, ' M L Dry ]\'IQL

Feed rale, f, mmlrev Feed rale, C mmlrev Feed rate, J; mmlrev Feed rate, r, mm/rev

0.10 0.12 .140.180,200.10 0.12;0.14 Ie .200,10 0,12 0.14 180.20 0.1 0.12 0.140.18 0.20

"" "" ''" '" M' '" '00 '" '" '" '" M" "" '" '"' '" '" " , '" '" '"95 m 4.19 '" '55 m m M' '" '" '" '" '"' '"0 '" m '" '" '"' m ""1JJ '"5 4"' m 5" ,<0 "" '" '"0 '" m '" "" ;OS '"" m '" '" '"m '"',"0 '" 540 ;OS m 'e6 '06 m '"m '" '" '00 '" 510 601 ;4"m m '"' 60'266 m 56' "" 633 Ole '40 ;OS m "6 59.1 >95 Ole 633 '" 656 581 604 Ole "'0 '"
Main Cutting Force (Fe)

De Ih of cut, d, mm
1.00 mm 1 50 I11Ill

V, Enviromnent

n/mill( O'Y MQL Dl'}' MQL

Feed rale, f, mm/rev feed rate, f, mm/rev Feed rate, 1',mm/rev Feed ralc, t: mmlrcv
,100.12 0.140.18 0.20:0, I0 0.12 0.14 0.18 0.20 0.10 0.12 "0.180,20 0.100,12 0.14 ,180.20

68 m 441 m m m 311 m '" 5" 553 m 60' '"0 mm '" m 650 no m
95 '" m 500 586 623 200 m 400 '"mmm 565 7.13 "" 'S; m 0'" '" 006
1JJ '"' m "" mmM m m '" '" '" 568 ,;4 '" OS? '30 492 612 '00 743

190 m 360 m ;]1 565 m 3" m '" '" '" m 619 mm m '" 5", mm
266 '" '" 401 '" '26 '" m 336 m 400 .150 .100 S;I 530 5'" '0] 4631.144 '" 100



Feed Force (Fr)

De th of cut, d, nun
1.00 mm 1.50 nml

V, Environment
n/mi Dc M L

~
M L

Feed rate, f, mm/rcv Feed rale, f, mm/rev Feed rate, f, mm/rev Feed rate, f, mm/rev
,'0 0.12 ,14 0.18 0,2 0.10''0.12 '0.14 '0,18'0.20 '0,1'0'0,12 0.14 '0.18 0.2'00.10 {l.12 '0,14 0.18 0.20

68 '" '" no "6 "0 '" ,0> m '"" '"' 300 305 m '" mm m m '"' m95 '"" '"' '00 '"m on '" '" '" on '" '" '" 310m "" m "0 m ,eo
B3 ''" '00 In ,e; '0' '" '" on '" '" 233 0;" '" m '" '"' '"' '"m '"'90 132 In '" '" '" " co, "0 '" m '"' "" en m m 'M ,,. '"' '" en'66 co, 109 114 m on " "' 00 " '"' In '" '" ,% 'GO no '" '00 173 '"'

Surface Roughness (R.)

De thorcut,d,mm
1.00mm 1.50 mm

V,

Feed r.t~l1m/rev

Environment
mlmln MOC D M C

Feed rale, C,mm/rev Feed raW.f. mOl/reV Feed rate, f, mm/rev
0,10 0,12 0,14 Oil 0.20 0,100,12 0.140.13 0.200, 100.12 0.14 0,18 0.20 0,10 0.12014 0.180,20

" 1.80 '"" L9S 2,12 2AO 1,181.36 1.56 1.752.24 I 6 1.68 2,10 2,19 2.24 1.10 1.291.45 1.S4 1.96

" 1.62 1.76 U6 1,982.24 LtO 1.30 tA31.51 " , tAg 1.56 I 90 2.00 2,12 0,98 1.I I 1.34 1.721.81
m IA2 IA8 1.56 1.68 1.SS0.881,DI 1.17 1.2S t.791.3 4 lAO 1.74 1.84 ,OO 0,94 1.11 1.24 1.49 1.69

'"" 1.26 1.32 lAO 1.54 1.6S0.&4096 I D2 1.12 1.51. 141.201.38 1.64 1.72 0.85 0.93 1,00 1.30 1.56

'M LtO I. I8 1.26 1.38 t.55 0.72 ""' 0,94 1.02 1.32 I.000.981.13 lA~ 1.5~ 0,70 0.79088 1.04 1.J6
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Tool Wear and Surface Roughness (ANN Training Dataset)

Training Dataset

Input Input Parameter Target Output Parameter
condition condition

vector V r d
vector VB VM VS ~R.I,

" 66 0.1 I 05 TI 20 30 30 I.'

"' 66 o.I I I TI 30 '" '0 US
N 66 o.I I , I H " 00 " 1.75

" 66 0.1 I 3 n " eo ;0 22
eo "" 0.1 , It TI to, toO 00 "N 0•• 0.' , H H ltO ''" " 2.64

" "" 0.' I
" " <20 '" 'oo 2,71

,It M 0.1 , " Til HO 200 liS I 2,a,
en 66 0' U , 1'13 ;0 30 '" UK

'" M Ol 15 15 '" '" '" '" 1.65

015 M 01
"

2 Tl5 '" '" 60 1.85

'" 66 0.1 I.' S Tn "" " 00 2,84

"" 66 01 15 It m 90 100 100 2,92

m M o. , 15 " Tl9 100 ltO ltO '""'0 66 0.1 15 " no 'le DO 120 2.M

OJ' 66 0.1 15 n nl 135 '00 135 2.86

.n N 0.2 , 0' no ;0 ;0 ;0
"."' "0 0.2 I , n, '" '" '" 15

02' N 0.2 , I.' no 00 '" 00 1.35

m '" 02 I , Tn 120 ltO to, I .44

02e N 0.2 , e 1"28 I'" I'" IJO US

"'0 '" 0.2 , " no 230 ;00 no 1,96

P31 N "' 1.5 o , nt '" '" '" ,.3
on "0 0.2 I.' , no ••0 60 '" L56
.33 '," 02 1.5 , TH 90 100 <0 2,05

015 N 0.2 15 , TJ5 130 m ltO 2,39

"'. 258 o , 1.5 0 T36 '"" '00 It" 2.63

en 258 o , 15 ° Tn 200 '" "" 2.78
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Tool Wear and Surface Roughness (ANN Testing Dataset)

Te~t;n' Dataset
input Input Paramctcr Target Out ut 1'ur<ll11etcr
condition V f d

condition VB VSvector t, vector VM R,

" " 0.' ,
" " '" '" " 1.65

"' I 66 0' , " 06 85 00 "" 2.J5

"'" M 0.' , n "" DO '"0 "0 2.73

'" M 0.' U 0.5 m '" 0 30 1.25

1'16 M 0.' '.5 5 n6 ;0 ;0 " 25~
en M 0.' " " .122 155 '"0 '50 2.95

~8 "8 0.0 , , ," ;0 ;0 30 'A
~o '" o , , " JOe ,OO '"" 'I' 1.67

m '" 0.' u U T33 " 80 00 1.85

'" '" 0.'
" '" De ''" "0 no '.0

Experimental and ANN Predicted Values of VB

Test cuttll1~ VB VB
conditions V f d t, 18:<:\ IANN)

, M 0' to 0' '" 15.7493, 66 0' ,
" '" 38.5753

3 "" 0.' 1..\ , '" 71.6073, 258 0.' , , JO 73.5195, '" "' U to " 75.9082

6 " O. , , , 66 83.8691

3 66 0.' , n DO 139.4062, "" o. , to " '" 147.3347

0 258 0.' , " "" 202.3814

to ''" 0.'
"

to 0>" 242.082

• Tesl culling conditions fOI llveragc prillcipall1ank wcar, VB (Fig.3.9)
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Experimental and ANN Predictcd Valucs orVM

Tc,t cUllini' YM VM
condition, V f d " (Ex',~i (ANr.n, M •.,

"
., • 15.5R52, M ., ,
" '" 50.903, "" •., U , '" 69.9255, "" "' , , '" 71.3545, "" 0.2 t.5
" '" 81.6185

0 66 0.' , 6 90 88.2417, M 0.' , " '"" 178,7381

f M o. , u " '"0 181.0299

• ". "' , " "" 280.9479

'" '" "' u '" "" 295.362(,

• Test culling conditions for maximllm principal flank wear, VM (fi g,3_I0)

Experimental and ANN Predicted Values orvs

Te,t cUllin? f;:'~'
VS

Y f d " fAN~\conditions E,
I , M 0.' 1.5 0.' '" 24.6452, M 0' , u " 48.3019

; M 0.' U , '0 (,6.7315, 2" 0.' , , '" 72.8378, m u u u " 80.3461, M "' , • "" 80.7794, "" "' , " "" 125.3759

0 " 0.' 1.5 " 150 141.9225

• 258 02 , " '0; 170.6635

'" m u u '" no 198.859

,. Te,t cutting conditions for average allxl1iary flank wear, VS (Fig.3, I J)
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Experimental and ANN Predictcd Valucs of R.

Te~l cUllin~ V r d t, ,;<,~" (A~Niconditions EX1), M 0,' U 0' 1.25 1.065~, M "' ,
" '" 1.3801, M e, u , 1.65 1.570Z, m u , , 1.67 1.5785, 25S U U 1.5 1.85 1.827~

" M " , " 2.35 Z.3S~3, 06 e' , n 2.58 2.5105

t '" "' U " 2.73 2:547, '" 0,2 , " '" 2.5086

'" 25" U
"

'" 2.95 2.9301

• Test culling condil;onS for surface roughnes>, R., (Fig.3.12)
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Matlab Code of ANN Model

clear all

do~eall;

de;
p~[66,66,66,66,66,66,66,66,66,66,66,66,66,66,66,66,258,258,258,258,258,258,258,258,25
8,258,258,258;0.1 ,0.1 ,0.1 ,0.1 ,0.1 ,0.1 ,0, 1,0.1 ,0.1 ,0.1 ,0, 1,0, I ,0.1 ,0.1 ,0.1 ,0.1 ,0.2,0.2,0.2,0.2.

0,2,0,2,0.2,0.2,0,2,0.2,0.2,0.2;1,1,1,1,1,1 ,1,1 ,1.5,1.5, 15, 1,5,1.5,1.5,1.5, 15,1 ,1,1,1,1,1,1.5,

15,15,1.5,1.5,1 ,5;0.5,1 ,2,5,11,14,18,24, 1,15,2,&,11,14,18,22,0.5,1 ,15,5,8,14,0.5,1,2,4,6,

8J; %input

% .

t~[20,3 0,45,65, 105, 110, 120, 140,30,40,50,80,90,100,110,135,30,50,60, 120, 160,230,40,60.
90,130,160,200;30,40,60,80,100.120, 145,200.3 0,40,50,85. 100, 110, 130, 160,30,50.60, I 10.
180,3 60,40,60, 100, 155 ,200,24 5 ;30,40,55,70,90,95,1 05,115,40,50,60.90,1 00,110, 120, 135,

30,50,60, I 05,130,220,40,50,80,110,130,160; 1.2, J .35, 1.75 ,2.2,2.5,2.64 ,2, 71 ,2. 83, 1.38, 1.65

, 1.85 ,2.84 ,2,92,2.84 ,2, 86,2.86, 1.2, 1.3, 1.35, 1,44, 1.55, 1.96, 1.3, 1.56,2.05,2.3 9.2.63 ,2.78 J;
%...........................................................•................................•.................•..............................

%Taking target data-set (4 Output Neurons:vb,vm,vs,Ra)

%plot of origmal data and untrained output

%Jigure(I);

%plot(p,t,'b+- ')

%title('pJot of original data and untrained Network output')

% " .

[pn,minp,rnaxp,ln.1l1 inL,nwxt ]~premnll1x(p,l): %N ormal iLu\ion of (h~Jala;pn ~ 2*(p.

minp)/(maxp-minp) - I;
% .

net~newff(mimnax(pn),[25,4J,{'lan5ig','purelin'},'trainlm','leJrngdm','mse');

% Define Network Architecture

% To give better training results, Initialize (he weights and bia~es, these values ~hould be

small),

% net.LW{2,1 }=net.L W {2,1}*O.OI;
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% net. b (2) ~net.b (2} *0.0 1;

%Tra;n the network and plot the Result

neUrai nparum,goal=O.QOO 1;

nel.trainparam.shovv=20;

nCl.lrainparum,epochs= 10000;

neUrainparam, 11=0, I ;

I1cl.lmi "raram, IllC=O,5:

net= (rain (nel, p n, (n);

yn=sim(nel,pn);

[y]=po stmn IIIx (yn,mi nt, max t);

% sum-squarred error goal/performance goal;

% Frequency of progress display (in cpochs);

% Maximum nlUllber of epochs to train;

% Ne(,,"ork learning rate;

% Momentum con~tant;

% Training of (hc Network;

% To see response to training data

%p ~ O.5(pn+ I)*(maxp-minp) + minp;

% .

szl=size(l);

fori=l:szl(l)

figmc

pIOI(t(i,: ),y(i,:))

lm(i),b(i),r(i) j=postreg(y(i,: ),t(i.:))

d(i.: )=[ I(i,: l-Y{l,: ))/I(i,: )*1 00;

APE(i)"'mcan( abs( d(i,:)))

end

r_sqrl"'r.*r
"/0 •••.....••••..••••.......••••.•••........••••.•••••..•......•••••..•••••......•..••••..••••........••.•••..••........••..••••....•.....•...••

% ncl"'init(net);

% ne(=train(net,pn, tn);

% [yl ]=po~tmnmx(yn,mint,maxt);

%[ m,b,r]=postreg(y ,t)

%d"'t-y.1\2;

%m,c"'mean(d)

%tigurc(2):

%plot(p,t,p,y, 'ed-')

%xlabd('lnput Vector');

%ylabel('output');
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% Error calculation



%lcgend( {'Input Vector',' Desi rcd output' ,'test output'})

%tltJe('Comparison between Actual Target and Predictions')

'Yo •.....••••••...•••••...•••..••••..••••••..•••...••••..•••••...•••••...••••..•••••..••••.••••...••.••••..•••..••...•••..••••...••....•••••..••

% Testing of the Network

pncv.=[ 66,66,66,66,66,66,258,258,258,258;0.1,0.1 ,0, 1,0.1 ,0.1 ,0.1 ,0.2,0.2,0.2,0 ,2; I ,1,1, 1.5,

1.5,1.5,1 , 1,1.5,1.5; 1.5,8,22,0.5 ,5,24,2, 1t, J.5 ,1OJ; % Test Input

tncvr-[ 40,85, 130,20,70, 155,70, 190,75,250;50,90,180,0.0,70,180,70,260,80,310;45,80,1 10,

30,75,150,70,165,60,220; 1.65,2.3 5,2, 73,1.25,2.58,2. 95,1.4,1 ,67,1.85,2.91 % Actual

Target
0/0 ...••••..•••••..•••..•••..•••...••...•••••••••...••••...••••..•••••....••••..•••••..•••..•••••••••..•••.••••••••..•••..••..•••..•••...••..•••

pncwn~tmnllllllx(pncw,n1illp,maxp );

yncwn~sim(nct,pnewn); %Network is simnlated to see its output

[YlleW1]~postmnmx(ynewn,mint,maxt);

ync~c=ab>(yncw1)

sz~size(tnew);

far ;~l:sz(l)

figure

plat(tnew( I,:),ynew(i,:)

[m(i),b(i),r(i) 1~postrcg(yncw(i,: ),lncw(i,:)

d(i,: )~(tnew(i,: )-yncw(i ,:))/tnew(i,:)* 100;

APE(l )~mean( abs( d(i,: ))

%d(i,: )=d(i,:). 'd(i,:);

%mse(i)=mcall( d(i,:));

,od

r_sqr=r,'r
'10 •••..••••...••••..•••...•••••••..••••...•••..•••••..••••..••••....•••••..••••..•••••..•••...••...•••••••..•••..•••••••..•••..•••..••••••.••..

%flgure(3);

%plot(p,t,pnew,ynew, 'bcl--')

%utle("l eSling MLP Network');
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J

%x]abel{'!npul Vedor'):

%ylabel('oulpul');

%legcnd({ 'Input Vector', 'Desi red outplll' ,'tcsl output'} )

%title('Comparison between Actual Target and Predictions')

% An Alternative way to tcst training:post twining Analysis

% (m,b,r]=postreg(ynew,tnew) % Judge by regression Analysis.

% To calculate ruse between actual and predicted values use:

% d=tncw-yncw.~2; % Error calculation

% msc=mean(d)

% for ]=1:4

% figure

% plot(pnew( 4,: ),ynew(i,:),' -"5','MarkcrEdgeColor' ,ok', 'MarkefF accColor', 'g')

% ifi=]

% hold

% end

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

% %msc(i)=mean(d(i,:);

%encl
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