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ABSTRACT

Ultrasonic machining is a non-traditional, but established mechanical material removal
process, generally suitable for hard and brittle materials such as quartz, ceramics, glass,
semiconductors etc., carried out using shaped tools, high frequency mechanical motion
and an abrasive slurry. USM neither involves chemical reaction nor is of thermal type and
is also suitable for machining of electrically non-conductive and brittle work piece

materials which are generally difficult to machine by conventional machining methods.

Titanium is the fourth most abundant structural metal and ninth most abundant element in the
earth’s crust. Titanium has been recognized as an element (Symbol Ti; atomic number 22; and
atomic weight 47.9) for at least 200 years. Despite of being a difficult to machine material
due to high chemical reactivity, tendency to weld to cutting tool, poor thermal
conductivity that leads to accumulation of heat near the cutting edge of the tool, high
retained strength and hardness at elevated temperature and low modulus of elasticity,
titanium and its alloys find wide applications in aerospace, chemical, automotive,
petroleum, medical and sporting goods industry. Commercially pure titanium alloys
(ASTM Grades 1-4, 7, 11) are used mainly for their corrosion resistance properties in
applications requiring adequate strength while high-strength alloyed forms are sub graded
into three main groups: a — alloys, B- alloys and af3 — alloys and are used mostly for their
superior strength-to-weight ratios and good corrosion resistance for applications in
aerospace, automotive, and biomedical sector. The most popular of these, accounting for
more than 50% of titanium usage worldwide and extensively used in aircraft construction
for parts under low thermal stress, is Ti-6Al-4V that belongs to ofi- alloys. Using
appropriate cutting tools with high hot hardness, good thermal conductivity, chemical
inertness and high strength in conventional machining and use of non-conventional
methods such as EDM can offer solution to these problems. Machining of Titanium with

USM has also been reported by some authors.

Cryogenic treatment is an inexpensive, one time, permanent treatment affecting the entire
section of component unlike coatings. Cryogenic treatment is an add on process over
conventional heat treatment wherein samples are cooled down to prescribed cryogenic
temperature level at slow rate, maintained at this temperature for a long time and then

brought back to room temperature. Depending upon the lowest temperature to which the
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material is carried, cryogenic treatment is classified as Shallow Cryogenic Treatment (SCT) or
Deep Cryogenic Treatment (DCT). The lowest temperature in the former is 193K which is near to

temperature of dry ice while for the later it is 77K that is at the liquefying temperature of nitrogen.

The current study was envisaged to explore the effect of cryogenic treatment together with other
machining parameters on response variables such as MRR, TWR, SR, HOS and Tolerance
Grades in ultrasonic machining of Ti-6Al-4V alloy. A preliminary pilot experimentation was
carried out wherein various input factors were varied at several levels with one factor at a
time approach. Finally the experimentation was carried out with the use of Design of
Experiments (DOE) using Taguchi’s Lig Orthogonal Array. Based on the results of pilot
experimentation and the objectives of the study, six factors comprising of USM power,
abrasive slurry type, slurry grit size, tool material and type of cryogenic treatment given
to tool and work material were selected for investigation in the DOE phase for
measurement of five response variables viz Material Removal Rate (MRR), Tool Wear
Rate (TWR), Surface Roughness (SR), Hole Oversize (HOS) and Tolerance Grades (TG).
Whereas MRR was a higher the better characteristic, TWR, HOS and SR were lower-the-

better characteristics in the measurement of response variables.

Among the five response variables, MRR was found to increase with increase in USM
power and size of abrasive particles in the slurry owing to larger momentum associated
with higher power and coarser particles. Stainless steel tool was found to form the best
combination with the work material for maximum MRR. Harder abrasive slurry of boron
carbide was also the most superior for increased MRR. USM power rating, type of
abrasive slurry, tool material and abrasive grit size were found to be the significant
parameters affecting material removal rate in ultrasonic machining of Ti-6Al-4V in the
order of percentage contribution starting from highest. The optimum combination resulted
from the design of experiments for maximum MRR corresponded to 400W of USM
power, Boron Carbide Slurry, Stainless Steel tool material with #220 abrasive grit size
using untreated tool material and cryogenic treated work material. However, tool wear
was also found to increase at most of the points of maxima for MRR and was also found
to be strongly determined by relative tool work-piece hardening. Increased power,
coarser abrasive particles and harder slurry caused higher tool wear on the similar lines as
with MRR. Titanium was found to minimize the tool wear while cryogenic treatment also

significantly reduced the tool wear in USM. The optimum setting for minimum tool wear
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rate was thus obtained corresponding to aluminium oxide slurry, titanium tool, 100W
power, #500 abrasive grit size, deep cryogenic treated tool material and untreated work

material.

Surface roughness was significantly affected by abrasive particle size wherein the coarser
particles led to bigger indentations causing poor surface finish. Higher power rating and
harder tool were also associated with increased surface roughness which improved
marginally with cryogenic treatment of the workpiece. Minimum surface roughness, and
hence the best surface quality, was obtained when machining with aluminium oxide
slurry, titanium tool, 20W power rating, #500 grit size and deep cryogenic treated tool
and work-piece. Abrasive particle size was the dominating factor in establishing the hole
oversize and hence tolerance grades. Bigger particle size led to bigger gap between tool
and workpiece on the hole entrance causing oversize. Hole oversize was found to depend
on rate of machining as well. Factors such as high power and coarser abrasives that lead
to increased MRR also resulted in increased HOS. On the other hand HOS was also
relatively more corresponding to lower power rating as compared to little higher values
due to slow rate of machining. This means an optimum machining rate is essential to
obtain minimum HOS. Accordingly, coarse grains, high power and hard tool material
were associated with poor tolerance grades as well. The obtained tolerance grades ranged
from IT 12 to IT 15. SEM Micrographs have been used to identify fracture at machined

surface that comprised of brittle as well as ductile mode.

The four responses have been modeled using ANN with appropriate network architecture.
The correlation coefficient and deviation of ANN predicted results from the experimental
results has been shown using appropriate graphs. Single hidden layer 6-7-1 neural
network architecture based on LM algorithm using log-sigmoid and pure linear activation
function for hidden and output layer respectively was able to effectively model the MRR,
TWR and SR. The developed model exhibited reasonable accuracy of prediction within
the range of the varied parameters.

Entropy weight based Grey Relational Analysis hybridized with Taguchi’s methodology
was used to optimize MRR and TWR. Subsequently, Analytical Hierarchical Process
(AHP) for optimization was used to optimize the four responses together (MRR, TWR,
SR and HOS). Weights were generated, firstly for the four responses and subsequently for

the experimental outputs of all the responses as per the underlying theories of AHP.
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CHAPTER -1

INTRODUCTION

There has been a constant endeavor, propelled by the need though, ever since the evolution of
mankind, to convert available resources into useful ones be it in form of food articles or energy
conversion or use of tools to create articles that are essential for easy and smooth life. Over the
years both the tools and the energy sources to power these tools have been reincarnated and re-
designed to meet the challenging demand associated with complexity of jobs desired by the
mankind. From the era when the tools were powered by muscular power of man and animals to
the present day of automated machine tools, indeed the human race has traversed a huge distance
largely due to developments in energy sources and technology in a broader view. If the maiden
universal milling machine developed in 1862 by J. R. Brown for cutting helical flutes of twist
drills and the turret lathe of nineteenth century for automatic production of screws were a
revolution in manufacturing sector, the introduction of technology in Numerical Control during
1953 opened the doors towards enhanced product accuracy and uniformity [1]. Due to rapid
growth in electronics and computer industry several developments have continued in machining

processes and related machine tools during the last 50 years.

With the advancements in new engineering materials possessing improved thermal, chemical and
mechanical properties, low rigidity structures and production of complex shapes and
micromachined components with high tolerances and fine surface quality, traditional machining
methods often become ineffective. Advancements in aviation and aerospace industry in particular
have sought the development of new materials and composites with superior strength to weight
ratio. Need of bio-materials where compatibility with body tissues and life of insertion are the
critical issues has also led to development of several such new materials. Machining and drilling
requirements of these materials with requisite quality in terms of surface generated and tolerances
and in terms of productivity and economic viability pose serious challenges for conventional
available methods. Mishra [2] has highlighted the limitations of conventional machining
with several case studies of manufacturing sectors such as those of making blind square
holes with high surface finish, circular through holes with very large L/D ratio (greater
than 30) and contour machining in hard die block materials like WC or stellite.
Conventional machining in such cases becomes either un-economical due to increased

production times or incapable because of inability to achieve required shape and



accuracy. A number of ceramics and composite materials have been developed but the
high cost and damage generated during their machining is major obstacle in the
implementation of these materials [1]. Fortunately though an equal amount of research has
also been carried out in developing the methods suitable for these requirements. The relatively
new set of processes, though are existing for more than 50 years, have been termed as non-
traditional machining methods owing to their nature of basic operational difference from
conventional methods. Whereas in conventional methods the tool material needs to be harder than
work material, in some of the non-traditional method machining can be done even in the absence
of a physical tool. High cost associated with machining ceramics and composites together
damage generated during conventional machining hinders the implementation of these
materials. Volumetric wear of grinding wheel of the order of 50-200 times have restricted
the use of classical grinding to very limited use for manufacturing of Polycrsyatlline
Diamond (PCD) based tools [1]. To meet such demands, these non-traditional processes
which have been categorized into Mechanical, Thermal, Chemical and Electrochemical processes
based on the inherent method employed to transfer energy required for machining, are being used
extensively these days. Each process within these categories has its own characteristic attributes

and limitations, hence no one process is the best for all manufacturing situations.

Currently non-traditional processes possess Vvirtually unlimited capabilities compared to
conventional processes, except for volumetric material removal rates. Though over the years great
advances have been made in increasing the same as well [3]. While in some cases these non-
traditional machining processes are applied to increase productivity by reducing the number of
overall manufacturing operations required to produce a product, in other cases, these are used to
reduce the number of rejects experienced by the traditional manufacturing method by increasing
repeatability, reducing in-process breakage of fragile work pieces, or by minimizing detrimental

effects on work piece properties.

Usage and applications of non-traditional manufacturing processes will continue to grow in the
years to come as manufacturing engineers, product designers, and metallurgical engineers

become increasingly aware of the unique capabilities and advantages offered by these processes.

1.1 CLASSIFICATION OF NON-TRADITIONAL PROCESSES

As specified in previous section, non-traditional processes are classified according to source of
energy employed to carry out material removal from the work surface. Thus there are four major

categories:



> Mechanical Energy Based Processes: Machining in these processes takes place by
mechanical abrasion of abrasive particles energized by ultrasonic vibrations, as in
ultrasonic machining (USM), or by high pressure stream of gas or air, as in Abrasive Jet
Machining (AJM). Use of water stream and abrasive particles entrained in water stream is
also very popular and forms the basis of Water Jet Machining (WJM) and Abrasive
Water Jet Machining (AWJM) respectively. Magnetic Abrasive Finishing (MAF),
which makes use of magnetic field controlled machining forces through a brush of
magnetic abrasives is used for finish machining.

» Thermal Energy Based Processes (Thermo-electric processes): These processes
involve melting or vaporizing of workpiece material under the effect of immense
localized heating. The resultant heat energy is the result of conversion of kinetic
energy of electron beam (Electron Beam Machining, EBM) or energized photons
as in case of Laser Beam Machining. However arguably the most popular process
of this category is Electric Discharge Machining (EDM) which uses plasma
channel through dielectric media between electrically conductive tool and
workpiece to raise the temperature at workpiece surface to thousands of degree
Celsius.

» Chemical Processes: Chemical dissolution of the exposed material in chemical
machining (CHM) and photochemical machining (PCM) under the action of
strong etchants forms the basis of these processes. Selective material removal is
the key feature of these processes wherein material to be protected is covered with
maskants.

> Electrochemical Processes: High current passed through electrolyte between tool
and workpiece across small potential difference results in electrochemical
dissolution due to ion displacement. These processes work on Faraday’s Law of
electrolysis. Electrochemical Machining (ECM), Electrochemical Drilling
(ECDR) and Electrochemical Deburring (ECD) are some of the common variants

of these processes.

All the aforesaid processes involve only one kind of machining action for removal of
material from work surface. Technological improvements in these processed have been
accomplished by combining two or more machining actions to evolve hybrid machining
processes [1]. The combination infuses advantages of two different mechanisms thereby

improving the machining prospects. Some of the common hybrid machining processes are



Laser Assisted Electrochemical Machining, Ultrasonic assisted Electric Discharge

Machining, Electro Discharge Erosion etc.

Some of these non-traditional processes such as EDM, USM, ECM, LBM are being used
extensively on otherwise difficult to machine materials by conventional methods. The
selection of a particular process for a given application is based on several criterion those
including desired accuracy, finish and production volumes. Accordingly a comparison
with regard to process capability, operational characteristics, compatibility with work
material and overall economic considerations are weighed against each other before

arriving at decision of process selection.

The current work was aimed at ultrasonic machining of titanium using cryogenic
treatment of tool and workpiece. Accordingly the focus of write-up in following section is

solely on Ultrasonic Machining Process.

1.2 ULTRASONIC MACHINING (USM)

Ultrasonic machining is a non-traditional, but established mechanical material removal
process generally suitable for hard and brittle materials such as quartz, ceramics, glass,
semiconductors etc. with the use of shaped tools, high frequency mechanical motion and
an abrasive slurry. USM neither involves chemical reaction nor is of thermal type and is
also suitable for machining of electrically non-conductive and brittle work piece materials
which are generally difficult to machine by conventional machining methods. The process
involves conversion of low frequency electrical energy to a high frequency electrical
signal using a suitable power generator and then converting this high frequency electrical
signal into high frequency mechanical vibrations of the order of 20 kHz using a
magnetostrictive or piezoelectric transducer. The vibrations are amplified and transmitted
through a horn to the tool [4,5]. The tool vibrates in parallel direction to the axis of tool
feed and the total excursion being only a few hundredths of a millimeter [3]. Abrasive
slurry composed of an abrasive material like silicon carbide, boron carbide, alumina etc
suspended in oil or water is pumped around the cutting zone and a controlled static load is
applied to the tool. The material removal takes place in form of micro chipping by the
action of abrasive particles held in slurry between tool and work piece under the impact
of vibrating tool with static load [5]. The abrasive particles under this impact from the
tool strike the work piece with a force which is upto 150000 times their weight. Each

impact site by the individual abrasive particle creates a small crater in brittle materials
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and under the shaped tool when thousands of abrasives impinge upon the workpiece, the
desired profile is created by removal of microchips from the surface. This is precisely the
reason that the process is also referred to as Ultrasonic Impact Grinding [3]. Holes as small
as 76pm in diameter can be machined with USM, however the depth to diameter ratio is
generally limited to 3:1 [6]. Micro-USM could be a good alternative to micro machining or
micro-EDM in metallic glass without causing any heat generation or light emission,
crystallization and formation of shear bands. The process has been found to result in good
machinability of metallic glass such as ZreoCusoTio [7]. The micro version of the process
can be used to develop intricate complex profiles in wide range of materials at micro
levels. Cheema et al. have demonstrated the use of the process to develop serpentine

micro channels [8].

Figure 1.1 shows basic elements of an Ultrasonic Machining set up involving brazed and
screwed tooling [9]. Variations on this basic configuration include Rotary Ultrasonic
Machining (RUM), hybrid of USM combined with Electrical Discharge Machining (EDM)
and Abrasive Flow Machining (AFM), Ultrasonic assisted conventional and non-conventional
machining and non-machining applications like Ultrasonic polishing etc. The machines from
USM range from table top sized units to large capacity production machine tools.
However regardless of the physical size, all USM machine tools are equipped with
common subsystems comprising of power supply unit, transducer unit, tool holder, tool

and abrasives slurry circulation system.

USM has been used in its other variants and in conjunction with other machining
processes, as illustrated:

e Rotary Ultrasonic Machining (RUM), invented in 1964 [10], is a hybrid
machining process that combine material removal mechanism of diamond
grinding and ultrasonic machining [11]. The setup is similar to stationary USM
except for addition of 0.37 — 0.56 W rotary spindle motor capable of rotating at
5000 rpm and involves the use of rotating diamond plated tools on drilling,

milling and threading operations [3,5].
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Figure 1.1 Basic elements of ultrasonic machining [9]

Churi et al. [12] demonstrated the feasibility of RUM for drilling holes in titanium
alloys and concluded that the tool wear, cutting force and surface roughness were
significantly better than diamond grinding. Extensive studies on machining of
Titanium with RUM and the effect of machining variables, tool variables have
been reported by Churi et al. [12,13]. Komaraiah and Reddy [14] and Komaraiah
et al. [15] proposed that machining performance of USM in rotary mode is found

to be much better than conventional mode.

Hybrid of USM combined with Electrical Discharge Machining (EDM) and
Abrasive Flow Machining (AFM) and Ultrasonic Assisted conventional and non-
conventional machining is often used these days. USM assisted turning has been
claimed to improve surface quality of titanium alloy with increase in vibration
frequency and amplitude. Reduced machining time, workpiece residual stresses
and strain hardening and improvement in the surface quality and tool life as
compared to conventional turning have been linked with ultrasonic assistance
[16,17]. Assisted ultrasonic machining has been established as an efficient
technique to improve the machinability of many aeronautic materials such as

aluminum or Inconel 738 [18,19]. Problem of hole oversize, drill skidding, surface



roughness and circularity have been found to improve considerably in nickel and
titanium based super alloys like Inconel 718 with ultrasonic assisted drilling as
shown in Fig 1.2 [19]. EDM, though in itself, is very effective in machining all
kind of deep, small, inclined and blind holes, however machining small and deep
holes in titanium is a problem with EDM because of difficulty in eliminating

debris and unsteadiness of machining status [20].

Ultrasonic Assisted Conventional
Sample 10 Sample 12

a

. Ulirasonic Assisted W¥3iConventignal | Conventional-Colurandrill
Sample 18. ﬁ ?; PR\ .Samp‘lgm‘

Figure 1.2 Comparison of (a) burr type’s samples at drill exit and (b) drill skidding
samples at drill entrance in conventional and ultrasonic assisted drilling of Inconel 738
[19]

A combination of ultrasonic vibration into deep-hole EDM can improve the machining
quality and efficiency [21]. The liquid flow behavior improves substantially by ultrasonic
vibrations in EDM and thus avoid the erosion product sedimentation and hence improving
effective pulse discharge ratio, machining efficiency and stability. Additionally,
combination of a rotating single notch electrode EDM together with ultrasonic vibration
EDM eases machining deep and small hole in titanium alloys [20]. MRR while machining
titanium alloys with combination EDM/USM process and distilled water as dielectric
fluid is higher than conventional EDM process and with a thinner recast layer [22].
Similar results with regard to better material removal rate, low relative electrode wear rate
at high peak currents and lower surface roughness have been reported by Chen and Lin
[23] with combined EDM and USM process on machining of Al-Zn-Mg alloy with
addition of TiC particles in dielectric. The problem of low MRR of EDM in gas has been
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solved by applying ultrasonic actuation on work piece [24]. Ultrasonic assisted drilling,
wherein high frequency (1-200kHz) and low peak to peak magnitude (2-26um) in the
feed direction to the tool or work piece is added, is reported to reduce burr size in drilling
by reducing thrust forces and affecting chip formation [25]. Pujana et al. have reported a
reduction in cutting force in ultrasonic assisted drilling of Ti-6Al-4V alloy, though with a
corresponding increase in tool temperature [26]. Chemical assisted USM has been used to
overcome the problem of low MRR and surface quality in machining of glass by addition
of Hydrofluoric acid to the abrasive slurry. Reaction of HF with glass causes a weakening
of bonding forces on surface and MRR has been found to increase by 200% [27].
Ultrasonic assisted grinding has been shown to reduce the grinding forces significantly
and is an efficient method for machining of hard and brittle materials like monocrystal
silicon [28]. Application of ultrasonic vibrations have successfully resulted in drilling of
micro-holes using Electrochemical machining with cylindrical tool due to improved
electrolyte diffusion and that too at a higher machining rate [29]. Ultrasonic vibration
assistance led to availability of higher time for discharge activities due to formation of
thinner gas film at tool-work interface in Electrochemical Discharge Machining (ECDM)

resulting an increased rate of machining [30].

e Non machining ultrasonic applications like cleaning, plastic/metal welding,

chemical processing, coating and metal forming

1.3 ELEMENTS OF ULTRASONIC MACHINE TOOL

The basic elements of an ultrasonic machine tool are:

1.3.1 Ultrasonic Power Supply (USM Generator)

The power supply for USM is high power sine-wave generator that offers the user control
over both the frequency and power of the generated signal [3]. Reliability, Efficiency and
design simplicity are some of the major requirements of USM generator [31]. It converts low-
frequency (60 Hz) electrical power to high-frequency (approximately 20 kHz) [32]. This

electrical signal is supplied to the transducer for conversion in to mechanical motion [3]

[5].



1.3.2 Ultrasonic Transducer

USM transducer converts electrical energy into mechanical vibrations [3,5,33]. The
transducer is driven by a signal generator followed by power amplifier. The tool and horn
are tuned mechanically and are set by adjusting their dimensions as per the requirements
to obtain resonance in a conventional generator system [33]. However in recent years
resonance following generators have been developed which are capable of adjusting the
output high frequency automatically to match the exact resonance with the horn/tool
assembly [34]. These generators are accomplished to accommodate even small error in
set up and tool wear, leading to minimum acoustic energy loss and very small heat

generation [35].

Two types of transducers often used in USM are Piezoelectric and Magnetostrictive.
Mechanical motion in piezoelectric transducers is generated by virtue of the piezoelectric
effect exhibited by certain materials such as quartz, lead zirconate titanate etc. due to
which they generate an electric potential in response to an applied mechanical stress [36].
Piezoelectric transducers exhibit particularly high electromechanical conversion
efficiency (up to 96%) [3,5] and eliminate the need for the water-cooling of the transducer
[3,32]. These transducers are available with power capabilities up to 900W.
Magnetostrictive transducers on the other hand are constructed from a laminated stack of
nickel or nickel alloy sheets that, when influenced by strong magnetic field, have a
change in their length. Magnetostrictive transducers offer higher power capacities but low
electromechanical conversion efficiency (20 - 35%) [32]. These transducers also require
water cooling. Magnetostrictive transducers are most popular and robust amongst all.

Coefficient of magnetostrictor elongation em IS given by:

Al Eq. 1.1

where Al is incremental change in length of core of magnetostrictor while 1 is the original
length. Higher value of magnetostrictive elongation makes the material suitable for use
as magnetostrictor. Alfer (13% Aluminium and 87% ferrous), Hypernik ( 50% Ni and
50% Fe) and Permalloy ( 40% Ni and 60% Fe) are some of the common magnetostrictive
materials and possess a coefficient of magnetostricive elongation of the order of 40, 25

and 25 respectively [1].



1.3.3 Mechanical Amplifier

The elongation obtained at the magnetostrictor is usually too small for any practical
machining applications and hence has to be amplified. The vibration amplitude is further
amplified by using an amplifier, referred to as acoustic horn. The horn or concentrator is a
wave-guide, which amplifies and concentrates the vibration to the tool tip from the
transducer [37]. Horn or tool holder is attached to the transducer through a large, loose-
fitting screw. Half hard copper washers are inserted between the transducer and tool
holder to dampen and provide cushion to the interface and at the same time reducing the
chances of unwanted ultrasonic welding [3]. High mechanical quality factor (measure of
transformation of electrical energy into mechanical energy in transducer), high fatigue
resistance and a proper attachment to machine to avoid damping and propagation of
vibrations, are some of the pre-requisites for an acoustical system (shown in Figure 1.3)
to transfer maximum energy to the tool in USM [38]. To obtain the highest amplitude of
vibration (resonance) concentrator is made in multiples of one-half the wavelength of
sound in the respective horn material. Final amplitude is also controlled by the shape of
the acoustic horn which is generally manufactures in cylindrical, stepped, exponential,

conical and hyperbolic cosine form [39].

Whereas cylindrical horns are non-amplifying, depending upon the requirement,
amplitude can be increased by employing one or more type of remaining acoustic horns
[1]. Figure 1.4 shows some of the types of tool horns used with conventional ultrasonic
machining [40]. Amplifying tool holders are designed to increase the amplitude of the
tool stroke by as much as 600% [32]. Figurel.4 shows amplification using two-step
acoustic horn. Horn has to be tuned to within few kc/s of the requisite frequency for
efficient performance and being a half wave resonator, the ends of the horn move in
opposite direction causing immense stresses at nodal plane [31]. Thus materials which
possess good acoustic properties and are highly resistant to fatigue cracking, like monel,
titanium, stainless steel are used to construct tool holders [32].
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Tool can be attached to the horn by either soldering or brazing while screw/taper fitting is
also very commonly used for attaching the tool to the horn [5,41]. The actual tool
configuration can also be machined at the end of the horn [3,5,42]. To facilitate of quick

and easy tool changing, threaded joints are also conventionally used.
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Figure 1.4 Amplifying tool holders, and mechanically attached tools for USM [40]
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1.3.4 Tool and Abrasives

Tungsten carbide, silver steel, and monel are some of the commonly used tool materials
[5]. Polycrystalline diamond (PCD) has recently been used for the machining of very hard
work piece material. Use of relatively ductile materials such as stainless steel, brass and
mild steel for construction of tools can minimize the tool wear [3,5]. Depending upon the
type of abrasive material used and the properties of the work piece material, work
piece/tool wear ratio can range from 1:1 to 100:1 [3]. The tool is normally held against
the work piece by a static load exerted via a counter weight/static weight, spring,
pneumatic/hydraulic or solenoid feed system [15,43]. During machining the system
should maintain a uniform working force and should be sufficiently sensitive to overcome
the resistance due to the cutting action to exhibit optimum results [44]. Area of the tool
tip has influence on penetration rate and a smaller contact area facilitates improved flow
of abrasives under tool and thus causes improved rate of machining .ldeally this area
should not be more than 10-15percent of the smallest section of tool horn [31]. Hardness,
usable life, cost and particle size form the criteria for selection of abrasives. Boron
carbide, Silicon Carbide and Alumina are the commonly used abrasives in order of
hardness. Though costly, Boron Carbide has extended usable life of almost 200 machine-
operating hours and creates high removal rates. The size of abrasive particles influences
the material removal rates and surface finish. With USM the abrasive grit size generally
ranges from 240 — 800 [3]. The transport/carrying medium of the abrasive particles
should have low viscosity alongwith a density approaching that of the abrasive. Among
other attributes, good wetting properties, high thermal conductivity and specific heat for
ensuring efficient cooling make a good transport medium and water meets most of these
requirements [45]. The abrasive material is mixed with water to form the slurry. 50% by
weight constitute the most common abrasive concentration in the mixture which, though,
can vary from 30-60%. [3]; Thinner mixtures are used to promote efficient flow which

are required especially when drilling deep holes or forming complex cavities.

1.4 USM PROCESS PARAMETERS

USM process variables affecting material removal rate, accuracy, and surface finish can
be categorized into variables related to machine, tool, abrasives and workpiece. The

categorization of these parameters is shown in Figure 1.5.
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Among the machine relates parameters, amplitude (&) of the tool motion affects the
machining rate and determines the maximum size of the abrasive particles that can be
used. Material removal is proportional to square of amplitude at constant frequency and
static load [3]. Ideally the amplitude should be equal to the mean diameter of the abrasive
grit used in order to optimize cutting rate [34,46]. MRR has also been proposed to be
proportional to ¢ [47]. Frequency during machining has to be in resonance with acoustic
system to have maximum amplitude at tool tip and thus to get optimum utilization of
acoustic system [31]. Several hypothesis have been proposed about effect of frequency on
machining response. A linear relationship was predicted by Shaw [48] and Goetze [47]
while Neppiras and Foskett [49] put forth a non-linear relationship with rate of

machining.

Typical horn design of USM includes cylindrical, stepped, conical and exponential types.
Dam et al. [50] proposed that a horn can be designed which converts the longitudinal
ultrasonic action into a mixed lateral and longitudinal vibration mode which aids
contouring work. As stated in previous sections, horn mechanically modifies the vibratory
energy to attain requisite force-amplitude ratio. Accordingly it could be of low gain or
high gain type. The former generates low amplitude with higher forcibility, while the later

has a high amplitude and rather lower force capability [31].

Machining rate and surface finish are also affected by applied static load which tends to
increase the material removal rate upto a maximum value and then any further increase in
static load starts decreasing the machining rate. The point of maxima for machining rate
shifts with change in amplitude and frontal area of the tool. The increased static load can
cause crushing of abrasive particles as well and thus may improve surface finish.
Abrasive particle Size strongly influences material removal rate. Material removal rate
increases proportionally with abrasive size. However a maximum material removal rate

stage is achieved when the size of particle becomes comparable with tool amplitude [3].

1.5 MATERIAL REMOVAL MECHANISM IN USM

Material removal process in USM can be considered as similar to that during grinding or
as in single tool cutting since machining takes place by an individual tool or abrasive

particle displacing and fracturing the work surface.
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Figure 1.5 USM Process Parameters related to Machine, Workpiece, Tool and Abrasive Slurry

The workpiece material is speared off in the form of several minute particles as a
resultant of the impact of abrasive grains energized by the tool tip leading to brittle
fracture in materials like glass and ceramics [51]. The machining process can thus be

summarized as a sequence of first indentation, then initiation and propagation of crack

USM may be classified as a three-body abrasive wear from the tribological point of view

[52]. The material removal in USM takes place mainly due to direct hammering and




impact action of the abrasive particles at the surface of the workpiece [37,48,53-54].
Soundararajan and Radhakrishnan [55] found that direct hammering of the abrasive
particles by the tool at the workpiece surface results in material removal and particle
crushing and may contribute up to 80 % of the stock removal in materials classified as
brittle solids such as glass. EI-Hofy [1] has identified material removal as a summation of
mechanical abrasion by direct localized hammering of abrasive grains on work surface,
microchipping by free impact of particles and cavitation erosion due to slurry stream.
However soft and elastic materials such as mild steel undergo considerable plastic
deformation prior to fracture under the impact of grains. Agarwal [51] has proposed that
material removal is attributed primarily to the micro-brittle fracture on the surface of the
workpiece with formation of median and radial cracks. Initiation and propagation of
median, radial and lateral cracks cause chipping of the brittle material and cause the
material removal process in machining of such materials as glass. Wang and Rajurkar [56]
proposed that dynamic impact of both the grits and the tool head causes deterioration and
crack development in the thin layer just below the work surface under the grits and the
impact eventually dislodges the material from the work. Cavitation effects from the
abrasive slurry [45,55,57] and chemical action [45] associated with the fluid employed
have been reported as minor material removal mechanisms. Fig.1.6 shows material

removal mechanism in USM [1].

Static feed and vibration

Slurry\ \ l I ISIurry

Side gap

_____ &, ’0‘ ’ "_____ —— Frontal wear

-<—— Frontal gap
Free impact \

Cavitation erosion

Workpiece

Localized hammering

Figure 1.6 Material removal Mechanism in USM [1]
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Because of the inherent nature of the process, the materials are neither altered chemically
nor are any metallurgical changes involved. The process is suitable for machining all

materials harder than HRC 40 irrespective of their electrical conductivity [17,34,46].

1.6 TITANIUM AND ITS ALLOYS

Titanium is the fourth most abundant structural metal in the earth’s crust after aluminium, iron
and magnesium [11]. Titanium has been recognized as an element (Symbol Ti; atomic number
22; and atomic weight 47.9) for at least 200 years. Despite of being a difficult to machine
material titanium and its alloys find wide applications in aerospace, chemical, automotive,
petroleum, medical and sporting goods industry [11,58]. Commercially pure titanium
alloys (ASTM Grades 1-4, 7, 11) are used mainly for their corrosion resistance properties
in applications requiring adequate strength while high-strength alloyed forms are sub
graded into three main groups: o — alloys, B- alloys and of3 — alloys and are used mostly
for their superior strength-to-weight ratios and good corrosion resistance for applications
in aerospace, automotive, and biomedical sector [59]. The most popular of these, used in
aircraft construction for parts under low thermal stress, is Ti-6Al-4V that belongs to of3-
alloys [60]. It is the most common of all the Ti alloys and accounts for more than 50% of
the titanium alloys usage [59]. Although the three general alloy types require specific and
different mill processing methodologies, each offers a unique combination of properties,
which may be advantageous for a given application. Among the pure Titanium, Grade 2
and 4 are the most widely used forms. Both these forms possess excellent corrosion
resistance. While Grade 2 is used in applications such as heat exchangers, Grade 4 that
possesses better mechanical properties of the two, is extensively used in biomedical
applications [59]. The extensive use of Titanium and its alloys in aerospace is due to their
excellent combination of high strength-to-weight ratio the is sustained even at elevated
temperature, their superior fracture resistant characteristics, and exceptional resistance to
corrosion derived from protective oxide film [61]. They are also being used increasingly (or
being considered for use) in other industrial and commercial applications, such as
petroleum refining, chemical processing, surgical implantation, pulp and paper, pollution
control, nuclear waste storage, food processing, electrochemical (including cathodic
protection and extractive metallurgy) and marine applications [62]. Today titanium alloys
are commonly and readily available engineering metals that compete directly with stainless steel

and several specialty steels, copper alloys, nickel based alloys and composites.
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However, despite of such vast areas of applications, the titanium and its alloys are still

considered a special group of elements requiring considerable attention in machining and

are labeled as difficult to machine materials. Several researchers have cited several

reasons for inherent poor machinability of titanium. The reasons and the principal

problems associated therein are as discussed below:

i)

Titanium is chemically very reactive and therefore has a tendency to weld to the
cutting tool during machining and thus leads to premature tool failure [58,62].
Titanium and its alloys react chemically with almost all tool materials available at
cutting temperatures in excess of 500°C and there is a tendency for chips to
pressure weld to cutting tools [62].

The poor thermal conductivity of titanium is the biggest of the concerns. Due to
that the workpiece is unable to transfer out the heat generated in machining and
thus the heat tends to concentrate at the cutting edge causing the edge temperature
to reach 1000°C [63] and thereby result in rapid tool wear. A large proportion of
the heat, about 80%, generated when machining titanium alloy Ti-6Al-4V is
conducted into the tool because it cannot be removed with the fast flowing chip or
bed into the workpiece due to low thermal conductivity of titanium alloys which is
about 1/6™ of steel [64-65]. Heat affected zone in machining of titanium is much
smaller and much closer to cutting edge and alongwith steep temperature
gradients [61].

iii) High strength and hardness retained at elevated temperatures further impairs

machinability of titanium as there is more force and stress on cutting edge [63].
Coupled with small chip-tool contact area, this inherent property of titanium
results in much higher mechanical stresses in the immediate vicinity of cutting
edge [64,66]. Konig [64] has reported higher stresses on tool when machining Ti-
6AI-4V than when machining Nimonic 105 and three to four times those observed
when machining Ck 53N.

Low modulus of elasticity of titanium poses another major problem, called
Chatter, when machining titanium alloys, especially for finish machining.
Titanium deflects nearly twice as much as carbon steel when subjected to cutting
pressures. The greater springback behind the cutting edge results in premature
flank wear, vibration and higher cutting temperatures [66]. The appearance of
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chatter may also be partly ascribed high dynamic cutting forces in machining of
titanium.

v) Formation of serrated chips due to localization of shear strains in a narrow band
and thus fluctuations in cutting forces, especially in case of a-f alloys like Ti-6Al-
4V, combined with vibrational force and high temperatures exert micro fatigue
loading on cutting tool which is believed to be partially responsible for severe
flank wear [67]. Adiabatic shear localization and thermally driven phase
transformations at high speeds cause chip segmentation in dual phase titanium
alloys [68].

One of the ways to minimize these problems is by using proper cutting tools having
qualities like high hot hardness, good thermal conductivity, good chemical inertness,
toughness and fatigue resistance to withstand the chip segmentation process and high
compressive, tensile and shear strength [61]. Other way around, by designing special
tools or using non-conventional cutting methods can also offer solution to the above
stated problems [61]. Commercially these alloys are machined by non-conventional
electric discharge machining (EDM), which gives good material removal rate

however accuracy and surface finish are some problematic area [69-70].

The combined process of EDM with USM improved the machining efficiency and
accuracy [22]. The problem of length of unsupported section of drill has been solved
easily using USM. Here the portion of drill is no longer and still allows the chips to flow
unhampered out of the hole [71-72]. This permits application of maximum cutting pressure, as
well as rapid drill removal to clear chips and drill re-arrangement without breakage. Extensive
experimentation on TITAN 15 and TITAN 31 as work material with different slurries have been
performed on USM by Singh and Khamba [73].

1.7 CRYOGENIC TREATMENT AND ITS EFFECT

Cryogenic treatment is an inexpensive, one time, permanent treatment affecting the entire
section of component unlike coatings. NASA engineers first noticed the effects of cold
temperatures on materials. They discovered that many of the metal parts in the aircraft,
returned from the cold vacuum of space, became stronger than they were before flight.
Since then sub-zero treatment (-80° C) has been used for many years, but with
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inconsistent results. Many of the inconsistencies were reduced by longer soaking periods

and with deep cryogenic treatment (-190° C) [74].

Cryogenic treatment is an add on process over conventional heat treatment wherein
samples are cooled down to prescribed cryogenic temperature level at a slow rate,
maintained at this temperature for a long time and then brought back to room temperature
[75]. The process uses sub-zero temperatures down to —300°F to alter the micro-structure
of the material. Cryogenic treatment stimulates additional transformations in metals and
ultimately improves the performance of the metal. In tool steels cryogenic treatment is
known to convert retained austenite into martensite. Cryogenic treatment is an extension
of the heat-treating process that further improve material properties by relieving residual
stresses, promoting a more uniform micro-structure and precipitating carbides in steels for
increased resistance to wear. Appropriate heat treatment can transform 85-90% of the austenite
into martensite while cryogenic treatment can convert the additional 10-15% of retained austenite
into martensite to improve the mechanical properties of the materials. An important aspect of
cryogenic treatment is that it exhibits volumetric effect on the material. That means
changes are witnessed in the whole volume of the material which remain unaltered after
successive re-grindings. CT was thus found to be superior to TiN coatings in tool and die
steels [75].

Depending upon the lowest temperature to which the material is carried, cryogenic treatment is
classified as Shallow Cryogenic Treatment (SCT) or Deep Cryogenic Treatment (DCT). The
lowest temperature in the former is 193K which is near to temperature of dry ice while for the
later it is 77K, that is at the liquefying temperature of nitrogen. The ultra low temperatures in deep
cryogenic treatment are attained using well insulated computer controlled chambers and with the
help of liquid nitrogen. The efficacy of cryogenic treatment is also affected by the type of
treatment cycle adopted. Apart from the lowest temperature attained in the cycle, cooling rate that
is the rate at which drop in temperature is attained and period of soaking that is the time for which
material is kept at the low temperature significantly determines the effectiveness of cryogenic
treatment. Rate of re-heating to bring the work piece back to room temperature can also have
effect on the properties attained post cryogenic treatment. Accordingly the selection of an
appropriate cycle for carrying out cryogenic treatment is also important. Furthermore, Cryo-
processing is not a substitute for good heat treating, rather it is an add-on or a

supplemental process to conventional heat treatment to be done at the end of heat
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treatment and prior to tempering. Presence of extreme residual stresses after CT deprives
material of favourable fatigue properties and leads to development of cracks which
necessitates tempering for SCT as well as DCT samples [76].Some studies have also
advocated the execution of cryogenic treatment after tempering in the conventional heat
treatment cycle and then followed up by soft tempering for stress relieving. Tempering
tenmperature post cryogenic treatment has been reported as a higly significant parameters
affecting sample hardness [77-78]. Ray and Das [79] proposed that cryotreatment is most
effective when carried out after conventional hardening and prior to tempering though the
authors recommended some stress relieving for tools having higher cracking sensitivity.
Some of the common cryo-processing cycles used in the reported studies are shown in
Figl.7 [80] and Fig 1.8 [81].
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Figure 1.7 Cryogenic Treatment Cycle involving triple tempering on either side of

Cryogenic Treatment [80]

The improvement in mechanical properties of Tool steels post cryogenic treatment have
been attributed to transformation of retained austenite into martensite and precipitation of

smaller secondary carbides in the matrix [82-86].
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Figure 1.8 Cryogenic treatment carried out as intermediate step between hardening and
tempering [81]

Though several published studies have advocated the improvement in wear resistance of
tool steels post cryogenic treatment [80-81, 86-91], effect on toughness of the materials is
still not very clear as varied findings have been reported by several authors. Das and Ray
[89] reported a marginal reduction in fracture toughness of cryogenic treatment of D2
steel, Molinari et al. [92] found no change in impact toughness when cryogenic treatment
was carried out after tempering. However Prieto et al. [93] have reported an improvement
in impact toughness of SS420. Podgornik et al. [94] found that fracture toughness
improved in low carbon cold worked steel after cryogenic treatment due to formation of
martensite like fine needles alongwith deformation of primary martensite. The fracture
toughness, though, was found to reduce for higher carbon and vanadium content cold
worked steel due to presence of stable carbides which probably got adversely affected
after cryogenic temperature. A little increase in micro-hardness of Ni-Ti endodontic
instruments was reported by Kim et al. [95] which was attributed to may have been
caused by strain, resulting from deposition of nitrogen in interstitial spaces, within the
atomic lattice. An optimized cryosoaking period of 16 hours resulted in 18.5% decrease
in wear rate in SAE8620 Gear Steel due to presence of finer needles of tempered

martensite which got coarsened beyond this optimized soaking period [77].

CT has also been applied to non-ferrous materials with some success. Improvement in
physical and mechanical properties post-cryogenic treatment have been attributed to

changes in microstructure for materials such as aluminium, copper and magnesium.
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Significant improvement in static mechanical properties like tensile strength and hardness
was found for AZ31 magnesium alloy [96]. Improved tensile and yield strength was is
reported for extruded Mg-Gd-Y alloy coupled with significant microstructural changes
[97]. CT followed by tempering reduced the electrical resistivity of GRCop84 copper
alloy by reducing the softening effect caused by thermal cycling [98]. Some studies have
also been attempted on effect of CT on titanium and its alloys. Kim et al. [95] recorded
marginal improvement in micro-hardness of cryogenic treated nickel-titanium endodontic
instruments, although any change in crystalline phase composition was not detected.
Kumar et al. [99] reported improved MRR, microhardness and surface roughness of Ti-
5AIl-2.5Sn in electric discharge machining. The improvement in MRR and SR was
attributed respectively to improved conductivity and grain refinement. Vinothkumar et al.
[100] found longer soaking periods associated with reduced vicker hardness for shape
memory nickel titanium alloy. Cryogenic treatment prior to ageing at 650°C was found to
improve the plasticity of Ti-6Al-4V alloy by 22.7% though with minor reduction in
strength of the alloy without any significant change in microhardness [101]. The
microstructure of cryogenic treated material revealed transformation of metastable 3
phase into stable § and o phase. Vickers Hardness was found to increase with reduction in
temperature of cryogenic treatment and with longer soaking periods in Ti-6Al-4V.
Improved wear resistance of alloy post cryogenic treatment exhibited smoother worn
surfaces and shallower ploughed regions due to grain refinement and B-phase reduction
[102]. Improvement in machining characteristics of Ti6246 while drilling on EDM was
recorded for longer duration of machining times post deep cryogenic treatment of the
work material. The improvements were attributed to improved conductivity and reduced
thickness of TiC layer on machined surface [103].

1.8 OBJECTIVES AND ISSUES OF THE PRESENT STUDY

The study was aimed to carry out research on ultrasonic machining of titanium alloy (as
work material) using different tool materials and abrasive slurries to know their impact on
material removal rate (MRR), tool wear rate (TWR) and surface roughness to model these
characteristics for their application in manufacturing industry. The following issues have

been taken up during this research work.

1. To investigate the effect of various tool materials like; Stainless Steel, High Carbon

Steel, and Titanium in ultrasonic machining using titanium and its alloys as work material
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on the following machining properties like Material removal rate (MRR), Tool wear rate

(TWR), Surface roughness, Dimensional Accuracy and Tolerance grades.

2. To investigate the effect of various abrasive slurries like Alumina, Silicon carbide and
Boron Carbide and combination of different slurries using titanium and its alloys as work

material on machining properties as above.

3. To investigate the effect of cryogenic treatment (plain, shallow and deep) including
mechanist aspects on tool and work piece for machining of titanium and its alloys as work

piece material in ultrasonic machining process.

4. All the responses (TWR, MRR and SR) would be optimized together using multi-
response optimization methodology. Based upon statistical analysis, the results will be

modeled to develop an empirical relationship.

1.9 SCOPE OF THE WORK

Commercially available Titanium alloy Ti-6Al-4V (Grade 5) was chosen as work
material for the study. The alloy belongs to family of o+p titanium alloys and exhibits
superior comprehensive performances due to its unique physical and mechanical
properties such as low thermal conductivity, low modulus of elasticity, and high corrosion
resistance. The alloy is also characterized with its high strength at elevated temperatures
and strong chemical affinity. Because of its unique properties Ti-6Al-4V remains the
most widely applied among all the titanium alloys and finds wide applications in
aerospace industry, biomedical & surgical implantations, automobile and power
generation. The alloy is also extensively used in construction as well as petroleum
industries. However it still remains a difficult to machine material due to these very
unique properties. Sun and Guo [104] summarized serrated chips, elevated cutting
temperatures and tool stresses, poor tool life and uncertainity of surface integrity as the
major characteristics of titanium machining. So accordingly this material was selected to
explore its machinability with USM. Three different materials, viz High Carbon Steel
(HCS), Stainless Steel (SS) and Titanium (Ti), were chosen for making tools for the
study. The selection of tool materials was governed by several factors, those including the
influence of previous works reported on similar studies and the objectives of exploring a
wider range of mechanical properties with regard to hardness, ductility and toughness.

Abrasives of mesh size ranging from 220-800 are generally recommended for use in
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USM. Accordingly, the abrasive slurries in the mesh size of 220, 400 and 500 were
chosen in the present study for three different abrasives viz Aluminium Oxide (Al2O3),
Silicon Carbide (SiC) and Boron Carbide (B4C). Additionally to explore the effect of
mixing of these slurries, three more slurries of each of the three mesh size were prepared
by mixing Al2Os with SiC, SiC with B4C and B4C with Al>Os in identical grit size. The
500W USM machine tool supplied by sonic mill is provided with manual knob to adjust
power rating. Power rating in the present study was varied between 20% to 80% of the
rated power i.e between 100W to 400W. Effect of Shallow as well as Deep Cryogenic
Treatment was explored on tool as well as work material. Five response variables in form
of Material removal Rate (MRR), Tool Wear Rate (TWR), Surface Roughness (SR),
Dimensional Accuracy and Tolerance Grades have been established. The results obtained
have been optimized using Grey relational Analysis and Analytical Hierarchical Process

and have been modeled using Artificial Neural Network approach.

1.10 OVERALL METHODOLOGY OF THE STUDY

The overall research work was divided into following phases:

Q) Detailed literature survey
(i) Pilot experimentation
(ili)  Experimental Design
(iv)  Analysis of Results

(V) Empirical Modeling to develop a generalized mathematical equation for MRR,
TWR and SR.

(vi)  Multi-response optimization of process parameters

Reported literature on ultrasonic machining and its constituent aspects has been
extensively reviewed to understand the process, constituent process parameters and their
effect on response variables such as MRR, TWR, SR etc for titanium as well as several
other materials. The literature survey was focused on the various aspects of ultrasonic
machining covering economic and technical viability as well as other aspects in the
context of formulated problem such as cryogenic treatment, optimization methodologies

and modelling techniques.
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Material and Methods were finalized while designing the plan of study. Pilot
experimentation was carried out for preliminary study of USM on titanium alloys to build
familiarization with the equipment and to understand the machining behavior. The
various machining conditions, their ranges and levels were selected from the outcomes of
the pilot study. Cryogenic treatment of two degrees viz shallow cryogenic treatment and

deep cryogenic treatment was performed on work material as well as tool materials.

Final experimentation was carried out as per the layout generated using Taguchi’s Design
of Experiments. Lig OA was used to design the experiments for analyzing six process
parameters on response Vvariables under controlled environmental conditions.

Measurements were made to evaluate the values of MRR, TWR, SR and HOS.

Results obtained were analyzed using characterization techniques such as SEM,
established theories and available literature for establishing the correlation between
outputs and process parameters. Artificial Neural Network approach was used to model
the results and relations for various response variables were formulated. All the four
responses have been optimized together using Analytical Hierarchical Process for

multiobjective optimization.

1.11 ORGANIZATION OF THESIS

Chapter — I Introduction

First chapter of the thesis has focused on development and description of non-traditional
processes in general and ultrasonic machining in particular highlighting its constituent
components, working principle, constructional features and mechanism of material
removal involved. The chapter has also been aimed at briefly describing all the aspects of
the thesis such as machining issues in titanium and factors governing selection of a

process for the same, cryogenic treatment methodologies and effects.
Chapter — Il Literature Review

This chapter presents an extensive description of the available literature in the field of
ultrasonic machining in general and that of Titanium, in particular. While reporting the
literature reviewed focus has been maintained on putting forward the effect of process
parameters on response variables, experimentation details with regard to selection of

variables and optimization and modelling techniques adopted by the various researchers.
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Further this chapter also presents a review on effect of cryogenic treatment on different

materials, including titanium and its alloys, from the cited research work.
Chapter — 111 Design of Study

This chapter focuses on presenting the findings of Pilot Study and steps involved in
selection of Taguchi’s OA for final experimentation using Design of Experiments. The
selection of process parameters for the study, detailed methodology of the execution in

DOE has been presented with the aid of flow charts, wherever required.
Chapter — IV Experimentation, Results and Discussion

This chapter presents the results of response variables viz MRR, TWR, SR, HOS and TG
from the outcomes of final experimentation conducted as per Taguchi’s Lig OA. The
results obtained have been discussed and explained using requisite variation plots and
appropriate theories supported by SEM and optical micrographs.

Chapter — V Modelling of Results

Intricacies of Artificial Neural Networks, their structure, architecture and controllable
parameters have been elaborated and presented in this chapter. The four responses have
been modeled using ANN with appropriate network architecture. The correlation
coefficient and deviation of ANN predicted results from the experimental results has been

shown using appropriate graphs.
Chapter — VI Optimization of responses

Use of Analytical Hierarchical process for optimization has been discussed in this
chapter. Weights were generated, firstly for the four responses and subsequently for the
experimental outputs of all the responses as per the underlying theories of AHP. Finally

the four objectives have been optimized collectively using the process.
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Chapter — V11 Conclusions and Future Scope of Work

This chapter presents the summary of entire presented work in form of conclusions and
also provides necessary recommendations for extending the work for further explorations.
This chapter is then followed by the list of cited references.
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CHAPTER -2

LITERATURE REVIEW

Ultrasonic Machining is the solution to the expanding need for machining non-
conductive, hard and brittle materials such as single crystals, glasses and polycrystalline
ceramics. A lot of work has been reported for USM of such materials however very few
people have worked on ultrasonic machining of tough materials like Titanium alloys.
Researchers are actively engaged in experimentation related to USM process for
improving material removal rate (MRR), tool wear rate (TWR), process improvement and
surface quality work for various types of hard and tough metals and their alloys. Relevant
literature pertaining to USM and the machining characteristics of titanium and titanium
alloys by using USM and cryogenic treatment of tool materials has been reviewed as
given below. The reviewed literature has been classified under four sub-sections.
Literature related to machining of Titanium and the problems and challenges associated
with the same has been placed in first section; Literature related to Ultrasonic Machining
and its variants for machining of Titanium has been placed in second section while
reviewed articles related to ultrasonic machining of materials other than titanium have
been grouped in the third section. Relevant reviewed literature pertaining to cryogenic
treatment has been placed in the last subsection. Thus the four sub-sections constituted for
grouping of the articles are as follows:

e Machining of Titanium and Challenges

e Ultrasonic Machining and its variants for machining of Titanium

e Ultrasonic Machining of other materials

e Cryogenic Treatment

2.1 MACHINING OF TITANIUM AND CHALLENGES

Ezugwu and Wang (1997) in their review on machinability of titanium alloys
recommended some special machining techniques such as use of ledge and rotary tools
and other non-conventional machining methods for titanium as alternative to traditional
methods for better metal removal rate. Traditionally, these alloys have been termed as
difficult to cut materials due to high cutting temperature resulting because of poor thermal
conductivity of metal among other factors like short chip-tool contact length and thin

secondary zone. Also the cutting tool materials undergo severe thermal and mechanical
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loads during machining of titanium due to high temperatures near the cutting edge thus
greatly influencing wear rate and tool life. Additional problems of strong chemical
reactivity, chatter and much higher mechanical stresses in the immediate vicinity of
cutting edge make it furthermore difficult to machine titanium alloys with conventional
machining methods. It was also mentioned that a great care needs to be exercised to

maintain the surface integrity to prevent mechanical failure. [61]

Wansheng et al. (2002) studied the effect of Ultrasonic vibrations in Electric Discharge
Machining of small and deep holes. EDM though quite suitable for machining titanium, is
not ideal for small and deep holes in these alloys. A machining taper occurs in deep and
small holes machined by EDM because the evacuation of debris becomes difficult with an
increase in depth/diameter ratio and if the working fluid is not renewed duly, the metallic
debris accumulates easily and thus resulting into arc discharge and causing the wall of
hole to be taper. Introduction of ultrasonic vibration along the tool axis is proposed as an
efficient means to improve liquid status in hole. It was concluded that bringing ultrasonic
vibrations into micro-hole EDM improves the liquid flow behavior substantially and thus
avoids the erosuion products sediment and thus improves machining efficiency, stability

and quality. [20]

Rahman et al. (2003) reviewed the machinability of titanium with conventional and
advanced cutting tool materials. The review revealed that titanium and its alloys are hard
to cut materials largely because of their low thermal conductivity and high chemical
reactivity. The study also revealed in case of advanced tool materials like CBN and PCD,
the high chemical reactivity of titanium with the binder materials in tool causes a lot of
tool wear which is not the case with BCBN tool free from binders and thus gives better

results with regard to tool wear. [58]

Che-Haron and Jawaid (2005) explored the machining of titanium alloy Ti-6Al-4V
using uncoated carbide tools to determine the surface integrity of the machined
workpiece. Poor machinability caused surface damage of the alloy and alongwith
indication of microstructure altercations, plastic deformation and formation of hard white
layer at the machined surface especially towards the later stages of machining with tool
wearing out. Hardness at top layer of machined surface was found to be higher compared

to average hardness of workpiece due to work-hardening. [105]
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Zhang et al. (2008) presented a review on Mechanical Drilling Processes for Titanium
alloys and discussed the important aspects in titanium drilling. The paper extensively
covered the work done by various authors on titanium with twist drilling, vibration
assisted drilling and USM and RUM etc. The authors found that twist drilling, though
predominantly the most extensively used process for drilling on titanium alloys in aircraft
industry, suffers from higher manufacturing cost owing to poor tool life and large cycle
time. The authors found that not much work has been reported about manufacturing
applications of USM for drilling titanium due to possibilities like difficulty in slurry
circulation for horizontally oriented holes and lack of portability which is so important for

aircraft manufacturing. [106]

Arrazola et al. (2009) compared the machinability studies of Ti555.3 with Ti6Al4V for
aeronautical applications and found that diffusion process cause formation of a layer of
adhered material on rake face of the tool while machining both the materials. The layer
was found to caused by Ti and TiC which suggests diffusion of carbon from cutting tool
inserts to workpiece. Cutting forces were found to be higher with the former as compared
to Ti6AI4V. [107]

Crawforth et al. (2012) carried out precision turning trials on titanium alloy Timetal 834
(Ti-834) by varying cutting speeds in the range of 50 to 120m/min. Severe plastic
deformation comprising of slip and twinning was observed at greater depths. These sites
may act as nucleus for crack intitiation during cyclic loading and hence are referred to as
damade during critical service applications. The average depth and frequency of
appearance of twins increases with increase in cutting speed. Increased strain rate
corresponding to higher surface speed caused increased sub surface damage, while
formation of unstable built-up edge ahead of tool caused damage at lower cutting speeds.

Optimum speed of 70m/min was found to be associated with minimum damage. [108]

Khanna and Davim (2015) investigated the effect of machining control factors such as
cutting speed and feed rate to ascertain the machinability of different titanium alloys
measured in terms of cutting and feed force and tool temperature using Taguchi’s Design
of Experiments. Poor heat conductivity, high chemical reactivity and low modulus of
elasticity were listed as factors causing high tool wear and lower production rates due to
thus necessitated use of lower machining speeds. It was inferred that the optimum

selection of the chemical composition is required to ascertain the affable evolution of
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microstructure for maximum machinability which was found to be with Ti-6Al-4V

among the selected variants for the study due to lower content of B phase stabilizers.

[109]

Gupta and Laubscher (2016) have presented an elaborative review on sustainable
machining of titanium and its alloys and have concluded that economically viable and
quality in machining of titanium and its alloys is feasible by use of optimized machining
conditions, suitable cutting tool materials and their geometries with appropriate
lubrication strategies even though there are inherent difficulties attached with machining
of these alloys. The authors have proposed use of certain coated tool materials to
minimize the wear, MQL and cryogenic cooling based lubrication methods, assisted
machining methods comprising of Laser and Ultrasonic vibration assistance and
combination of these strategies as some of the viable solutions for further improving the

machinability of the alloys. [59]

Thus it can be inferred from the published literature that despite of extensive use of
titanium and its alloys for specialized applications in the sectors associated with
aerospace, medical and general industry due to their superior mechanical and physical
properties such as strength-to-weight ratio and corrosion resistance, the machining of
these alloys still remains a challenge. Literature shows extensive work has been done, and
still being done, on identification of advanced cutting tools such as PCD and CBN.
Coated tools having coatings such as those of TiAIN, TiN, Al20s3, and AICrN have shown
good results to reduce the tool wear. The strong chemical reactivity of Ti alloys demands
careful selection of any tool material. Use of advance manufacturing strategies such as
MQL and cryogenic machining has also been explored and results have been displayed
with their own merits and de-merits. Some researchers have explored the possibility of
ultrasonic and laser assistance in conventional machining, such as turning operations, and
non-conventional machining such as electric discharge machining with reasonable
success. Some studies have also been reported on use of different variants of ultrasonic
machining such as stationary and rotary USM for machining of titanium and is

particularly useful for micromachining of these alloys.
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2.2 ULTRASONIC MACHINING AND ITS VARIANTS FOR MACHINING
TITANIUM

Despite of the great advancements in cutting tools’ development like coated carbide,
ceramics, CBN and polycrystalline diamond, none have had successful implementation in
machining of titanium with conventional machining methods [110]. Though straight
tungsten carbide cutting tools have proven their superiority in almost all machining
processes of titanium alloys but still there is a great scope for improvement in machining
efficiency [110]. Resultant work hardening after conventional drilling makes it difficult to
re-establish the cut, so the conventional drilling is unable to provide good machining
characteristics [111]. Non traditional methods like EDM and LBM have been applied to
machining of titanium but even they have showed limitations with regard to accuracy and
surface finish [69-70, 112]. Problem of debris elimination and unstability of machining
status is encountered during drilling of deep and small holes in titanium alloys using
EDM [20]. Presence of thinner zone affected by machining and efficient and generous
flow of abrasive slurry resulting in better heat dissipation, as required for low thermal
conductivity titanium, makes USM a suitable candidate for machining titanium [113].
Also the depth of cut can be maintained due to rigidity of tool fixed in tool holder, and
chemically active medium can be used to transfer heat efficiently and reduce cutting
forces between the tool and work piece. Loss of fatigue strength and hence surface
integrity is another important issue in machining of Ti. In USM, favourable compressive
surface stresses caused by repeated impacts of abrasive grains improve the fatigue life
and surface integrity of Ti components [114]. Singh [115] has also reported that no major
fatigue problems were encountered during machining of Ti with HSS, WC and SS tool in
USM. Application of USM for Ti and its alloys have been proposed by a few researchers.
Singh [115], Singh and Khamba [33,41,71-72,116-119], Kumar and Khamba [120] and
Kumar et al. [110,121] have explored the USM of Ti in recent years. The detailed review
of the work done on Titanium with Ultrasonic Machining in its different variants is

presented as follows:

Churi et al. (2005) investigated the feasibility of machining titanium alloys with rotary
ultrasonic machining and compared the results of machining responses with those of
diamond grinding. The process was found to be capable of drilling holes in titanium alloy
Ti-6Al-4V and a significant reduction in tool wear rate, cutting forces and surface

roughness was reported compared to conventional diamond drilling. [12]
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Singh and Khamba (2006) presented a review on ultrasonic machining of titanium and
its alloys and concluded that it is possible to drill holes ultrasonically in titanium without
causing excessive surface integrity damage and without causing deformation of
workpiece microstructure. The study revealed the effect of design of parameters like
power supply, static load. Abrasive slurry, amplitude and tool horn design on MRR, TWR

and surface finish. [4]

Churi et al. (2007) investigated Rotary Ultrasonic Machining of titanium alloys. Four
tools with different specifications (diamond grit size, diamond concentration and metal
bond type) were used to drill holes in titanium alloy work pieces and their cutting force,
surface roughness on machined area and tool wear rate were compared. It was concluded
that cutting force was reduced significantly as the diamond concentration increased from
80 to 100, while with a change of grit size from #60/80 to 80/100 the cutting force was
reduced to 50%. Surface roughness also decreased significantly as the grit size changed
from #60/80 to 80/100, however surface roughness was directly proportional to diamond
concentration. Tool wear rate increased slightly with a change in mesh size from #60/80
to 80/100. Tool wear also increased slightly with an increase in diamond concentration.
[11]

Singh and Khamba (2007) conducted experiments in two setups in in their investigation
on ultrasonic machining of titanium and its alloys to determine the effect on Ti 15 and Ti
31 work piece of H.S.S tool using slurry of 320 grit size with 25% concentration in
distilled water and slurry of 100 grit size on 500 W USM at 30, 60 and 90% power rating
and concluded that MRR and TWR reduced with an increase in grit size, though surface
finish increased with increase in grit size because of fineness of abrasive particles. Tool
wear and MRR patterns with power rating were also presented in the study. The study
indicated that higher hardness of work piece is not the criteria for higher material removal
rate in Titanium alloys rather it is combination effect of material composition relative of

tool resulting in work hardening of work piece or tool. [116]

Singh and Khamba (2007) studied the relationship between MRR and controlling
machining parameters and proposed a model to predict MRR in stationary USM based
upon the macro modelling approach. Based upon Signal-to-noise ratio as a function of
different input parameters and F-test values, it was deduced that the best settings of USM

for the MRR were obtained using an SS tool at 90 percent power rating with boron
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carbide slurry and the result agreed with experimental observations made by other means.
For TWR the optimized results were obtained with an SS tool at a 90 percent power
rating and a grit size of 500. [117]

Dvivedi and Kumar (2007) performed drilling on pure titanium and Ti-6Al-4V to
investigate the effect of process parameters on surface roughness using Taguchi’s design
of experiments. USM was proposed as an effective way to obtain good surface quality on
titanium and its alloys. Concentration of abrasive slurry and abrasive grit size were found
to be the most significant parameters affecting surface roughness in the study. Higher
concentrations and coarser abrasives were found to be associated with poor surface finish

on the work surface. [122]

Singh and Khamba (2008) in their experimental research on production of 5mm
diameter holes in pure titanium (TITAN 15 ASTM Gr 2) and titanium alloy (TITAN 31
ASTM Gr5) with three slurries comprising of silicon carbide, boron carbide and alumina
and using tools of stainless steel, titanium and High Speed Steel under six different setups
observed that MRR of TITAN 15 is overall lower than TWR while using SS tool with
Alumina slurry. However in machining of TITAN 31 with SS tool the MRR and TWR
were different due to strain hardening of work piece/ tool material at specific ultrasonic
power based upon its mechanical/chemical composition. For machining of TITAN 31
with SS tool the best parameter setting was observed at 300 W with Boron Carbide slurry.
[118]

Kumar and Khamba (2008) reported the optimization of process parameters on
machining characteristics viz Tool Wear Rate and Surface Roughness on titanium
(ASTM Grade I) work piece taking tools of HCS, HSS, cemented Carbide, titanium and
titanium alloy with three types of abrasive slurries i.e. SiC, alumina and boron carbide of
grit size 220, 300 and 500 using Taguchi Method. It was found that TWR was minimum
with titanium alloy tool followed by titanium and HSS tool while cementite carbide
exhibited maximum TWR. Higher power rating and higher grit size had an adverse effect
on TWR as it became more. The optimum process conditions for TWR and Surface
Roughness was found to be with 500 grit size alumina slurry and 100 W power and with

Titanium alloy as tool material. [120]
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Kumar et al. (2008) in their investigation conducted experiments to assess the effect of
tool material, grit size of slurry and power rating of USM on machining characteristics of
titanium (ASTM Grade 1) using ultrasonic machining and concluded that titanium is fairly
machinable with USM. The experiments concluded that High Carbon Steel as tool
material resulted in better machining performance as compared to titanium in terms of
MRR due to higher hardness of HCS. The MRR and TWR were found to be more with
coarseness of grain size of abrasive slurry because of more energy input by coarser grains
on impact with tool and work piece. Best results for MRR were obtained at 220 grit size
of alumina slurry at 400 W with High Carbon steel tool while the best results for TWR

were obtained at grit size 500 at 200 W with titanium alloy as tool material. [110]

Kumar et al. (2009) used dimensional analysis and Buckingham’s pie theorem to
develop micro-model for tool wear rate from the results obtained in ultrasonic machining
of titanium by applying Taguchi design. Dependence of tool wear rate on Ultrasonic
power, elastic modulus of tool, grit size and slurry hardness was considered to develop a
relation of these variable with TWR. Whereas a 3" degree polynomial equation has been
reported for Boron Carbide and Silicon carbide slurry, a fifth degree polynomial equation
with elastic modulus was recorded for alumina slurry at 400W power and 220 grit size.
[121]

Pujana et al. (2009) performed ultrasonic vibration assisted drilling on Ti-6Al-4V alloy.
The use of ultrasonic assistance was found to significantly reduce the feed force and
resulted in increased process temperatures in comparison to conventional drilling process
and the magnitude of these improvements was found to increase with amplitude of
assisted vibration. However the vibration assistance seemingly did not have any effect of
chip geometry. [26]

Dhuria et al. (2011) have presented a review of ultrasonic machining of titanium and its
alloys with specific focus on fundamental principles of USM and work done with regard
to investigation of operating parameters on machining response such as MRR, TWR and
surface finish with titanium as work material. The authors have concluded that Ti can be
machined by USM and has a specific advantage over EDM with regard to surface finish
requirements. It was also concluded that selection of operating parameter levels is critical
in order to achieve acceptable productivity and combined effect of material composition

(hardness of work piece) relative to the tool and work piece determines the MRR. The
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authors found from their review that MRR and TWR vary, among other things, with static
load, work material, tool material, tool size, type of abrasive and its grain size, machining
time and depth of hole drilled. [123]

Kumar (2013) has presented an extensive review on ultrasonic machining and concluded
that the process has enormous potential to establish economical viable machining
solutions for relatively tough metals such as alloys of titanium and nickel. Propagation
and intersection of cracks induced by indentation of abrasive grains on work surface
cause material removal in the process. The material removal mechanism is composed of
mixture mode of brittle fracture and plastic deformation during machining of tough
materials such as titanium alloys. Change in tool shape at the frontal surface and increase
in microhardness of the machined surface especially during machining of tough materials
are some of the several findings of the extensive review. [124]

Patil et al. (2013) found that ultrasonic assistance resulted in considerable reduction in
the stresses on tool during approach, contact and unloading. However the magnitude of
reduction decreased with increase in cutting speed, thus making the use suitable for low
speed machining. Cutting temperatures and surface roughness was also found to improve
in assisted machining compared to conventional turning. The significance of effect on
cutting temperature was also reduced with increase in cutting speed. The matte surface
resulted in ultrasonic assisted turning had lesser value of average surface roughness as

compared to glossy surface generated in conventional turning. [125]

Muhammad et al. (2014) presented a novel hybrid machining process using ultrasonic
assistance in hot turning. Presence of high temperature in hot machining reduces the shear
strength and rate of strain-hardening especially in high-strength materials due to thermal
softening. Ultrasonic Vibration assistance further cause reduction in cutting forces. The
results when compared with conventional turning brought a significant reduction in

cutting forces in the novel hybrid process with improvement in surface roughness. [126]

Roy and Silverschmidt (2014) have presented a couple of case studies on application of
hybrid technology to turning of Titanium alloys. Their experimentation involved
comparison of conventional turning, ultrasonic vibration assisted turning and application
of ultrasonic vibration assistance to hot turning. The results displayed improvement in

surface topography and reduction in cutting forces in the presence of vibration assistance.
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The authors have recommended the use of specially designed advance cutting tools with
regard to geometry and coatings for applications related to vibration assisted machining.
[127]

Kumar (2014) investigated the effect of USM parameters on surface quality and micro-
hardness of the machined region in ASTM Grade — | pure titanium and proposed that the
mode of material removal in USM is a function of rate of energy input. Plastic
Deformation was observed at lower rates of energy input while brittle fracture was
noticed at severe rates of energy input. It was found that lower values of power coupled
with fine abrasives and a tough and ductile tool material resulted in finer surface after
machining. The micro hardness gain was found to be linked to rate of machining. Lower

rates of machining were observed to create more gain in micro-hardness. [128]

The published articles suggest that the ultrasonic machining alongwith its other variant
RUM is capable of machining the difficult to machine group of materials comprising of
titanium and its alloys with some merits and demerits. Low MRR and relatively higher
TWR is an issue that remains to be solved with the use of USM for machining of these
alloys even though the process is capable of generating very good surface finish. Use of
finer grits can further improve the surface quality and reduce the tool wear but also results
in reduced machining rates. So the process needs to be optimized with a focus on

minimizing the tool wear and maximizing the machining rates.

2.3 ULTRASONIC MACHINING OF OTHER MATERIALS

Adithan and Venkatesh (1976) studied the effect of USM parameters in production
accuracy which was measured in terms of hole oversize and form accuracy measured by
out of roundness and conicity of the drilled hole. Glass was the work material and mild
steel tool was used alongwith boron carbide abrasives of #280 size. Abrasive grit was
found to be the most influential parameter in determining the machining accuracy, and
hence oversize, while static load and amplitude of vibration were found to be relatively
less significant in establishing dimensional accuracy. Finer grit size resulted in minimum
oversize which was also found to be reduced with increased machining time and static
load due to wear and crushing of abrasives, respectively. Hole oversize was found to be
higher at entry as compared to exit due to continuous wear of progressive tool and
maximum effect of transverse vibrations at the start of cut, thus resulting in taper of the
hole. [129]
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Komaraiah et al. (1988) investigated surface roughness and accuracy of machining in
four different brittle materials using USM with various tools. Machining rates were found
to be related with ratio of hardness to modulus of elasticity (H/E). A higher H/E ratio
means a reduction in resistance towards crack propagation in such materials which
increased rates of machining which was also associated with increased surface roughness.
Abrasive grain size was found to affect the surface finish and accuracy significantly and a
finer grains was found to improve the two variables. Higher static load was also found to
be associated with better accuracy owing to suppression of lateral vibrations of tool as
well as crushing of abrasive particles. A higher hardness to modulus of elasticity ratio
(H/E) was found to be associated with more out of roundness of the drilled holes due to

reduced resistance to propagation of radial cracks. [15]

Koamaraiah and Reddy (1993) investigated the effect of work material properties such
as hardness and toughness on machining rates in stationary and rotary USM. Five
different brittle materials such glass, porcelain, ferrite, alumina and tungsten carbide were
selected for investigation. Measurements of cracks caused by indentation were used to
establish fracture toughness values. It was found that fracture toughness is an important
parameter in establishing material removal rates in brittle material and the same should be
incorporated in various models. MRR was found to decrease with increase in workpiece

hardness and toughness for both variants of USM. [14]

Guzzo et al. (2004) investigated the ultrasonic abrasion of different work piece materials
like alumina, zirconia, quartz, glass, ferrite and LiF with a rectangular shaped tool and
Silicon Carbide slurry at a stationary USM and concluded through SEM micrographs that
brittle micro cracking was the primary mechanism involved with material removal in case
of hard and brittle materials. In case of LiF single crystal, brittle cleavage is the major
mechanism contributing to improve the surface quality. The experimental results
concluded that rate of material removal abruptly decreased with machining depth for
work piece materials in which hardness is of same order of magnitude than the hardness
of abrasive grits used (SiC) as was in case of Alumina, Zirconia and quartz. However in

glass, ferrite and LiF material removal rate was independent of depth of machining. [52]

Jadoun et al. (2006) conducted ultrasonic machining studies on three different types of
alumina based ceramic composites with different composition of constituent materials

using tools of high carbon steel, high speed steel and tungsten carbide. The cutting ratio
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which was defined as ratio of rate of material removal from workpiece and tool was
found to decrease with increase in alumina content of the composite material while
tungsten carbide tool resulted in best cutting ratio among the three tool materials owing to
minimum tool wear rate of this material. Rate of material removal though was highest
with HSS but it also lead to high tool wear. Cutting rate was highest with finer grit size

abrasives while cutting ratio increased linearly with USM power. [131]

Jadoun et al. (2006) studied the effect of process parameters on TWR of ultrasonic
drilling on alumina based engineering ceramics with silicon carbide abrasives and
concluded that tool material, abrasive grit size, power rating and slurry concentration
significantly affect Tool wear Rate using Taguchi’s Loz OA. Tungsten carbide tool with a
power rating of 200W and a grit size of 500 gave the optimum results for Tool Wear
Rate. [132]

Kumar and Khamba (2009) studied the effectiveness of use of USM for machining
Stellite 6 cobalt alloy using Taguchi’s design of experimentation. Power rating of the
machine tool was found to be the most significant and contributing parameter followed by
abrasive grit size and tool material while abrasive type and slurry concentration were
found to be less significant parameters for establishing MRR and TWR. Taguchi’s
methodology was used to optimize the process simultaneously for the two conflicting

response variables. [133]

Jadoun et al. (2009) presented the effect of USM parameters such as tool material, power
rating, grit size and slurry concentration alongwith workpiece material on production
accuracy during ultrasonic drilling of alumina based ceramics. Dimensional accuracy
which was measure in terms of hole oversize and form accuracy was found to be affected
due to influx of abrasive particles causing enlargement of the hole compared to tool
diameter. Abrasive grit size was found to be the most significant parameter affecting hole
oversize and form accuracy and bigger grit size resulted in poor accuracy due to
correspondingly larger influx gap. Tool material was a significant parameter affecting
form accuracy which was found to be the best with tungsten carbide tool. HCS tool

resulted in maximum form inaccuracy. [134]

Lalchhuanvela et al. (2012) performed ultrasonic drilling to machine hexagonal shaped

holes in high alumina ceramic workpiece material. Effect of process parameters was
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studied and RSM based models for MRR and SR were proposed. Higher concentration of
slurry, coarser abrasives and high USM power were associated with higher MRR whereas
on contrary surface finish was improved with finer abrasives and lower values of power.
Due to conflicting nature of the response variables, the results were therefore modeled

using multi-objective optimization. [135]

Lalchhuanvela et al. (2013) studied the influence of USM process parameters on profile
accuracy of the machined holes in alumina ceramics. Measurements were made for
angular deviations at corner angles and dimensional deviations across corners and flats in
US generated hexagonal profiled holes. Abrasive grit size was found to have significant
effect of profile accuracy and the effect of the grit size was found to be more dominant on
dimensional deviation across corners and less across flats. However there was not any
significant angular deviation across corners with different abrasive grit sizes. Finer
abrasives resulted in better profile accuracy. Long duration machining and higher slurry
concentrations adversely affected profile accuracy due to higher interaction of abrasives
on lateral surfaces. USM power was not found to have significant effect on the accuracy
while either extremes of feed rates resulted in poor accuracy and only moderate values

were recommended for the same. [136]

Bhosle et al. (2014) proposed that amplitude is a significant parameter affecting response
variables like MRR, TWR and surface roughness while machining of alumina zirconia
ceramic composites. An increase in amplitude was found to enhance the tool wear rate
and surface roughness due to higher energy corresponsding to increased intensity of
vibrations. Though MRR was found to be reduced with increased amplitude from 70% to
100% and the reduction was attributed to formation of work hardened layer due to large
plastic deformation. Slurry concentration and slurry type were also found to be significant

paramteres affecting the response variable. [137]

Kataria et al. (2015) presented the effect of USM parameters related to machine, tool
and workpiece on the hole quality in drilling on WC-Co composites. Dimensional
accuracy was largely affected by size of abrasive particles in the slurry with coarser
particles causing higher oversize. Moderate values of USM were associated with
minimum oversize with higher values causing lateral vibrations and lower values causing
increased machining time resulted in poor accuracy. Higher cobalt content in workpiece

improved dimensional accuracy due to increased fracture toughness, thus reducing lateral
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machining. Similar trend was also observed for profile accuracy with abrasive grit size

and cobalt content of the work material. [138]

Cheema et al. (2016) have developed a three dimensional mathematical model for tool
wear by quantifying the 2-D linear wear. The tool wear model has been developed for
longitudinal, lateral and edge rounding wear and was verified by experimentation on
ultrasonic machining of glass using tungsten carbide tool. The depth, taper and rounding
of corners of the machined microchannels were governed by longitudinal, lateral and
edge rounding wear respectively. Higher power rating and higher slurry concentration
were associated with increased tool wear owing to increased impact energy and increased
interaction of tool with abrasive respectively. The form accuracy was maximum with
moderate size of abrasive, with either extreme causing poor accuracy due to accumulation

of finer particles and large indentations by bigger particles. [130]

Kataria et al. (2016) carried out their studies on ultrasonic machining of WC-Co
composites and studied the effect of parameters such as amount of cobalt content in the
composite, thickness of the workpiece, tool profile and material, grit size and USM power
on machining response of MRR and TWR using Taguchi’s Lss OA and optimized the
results using GRA. Increased cobalt content and workpiece thickness were associated
with reduction in MRR owing to improved fracture toughness and difficulty in
propagation of abrasive particle respectively for the two parameters. Hollow tools due to
their improved inertia cause effective distribution of slurry particles and possess lesser
surface area and hence resulted in improved rates of machining. Tools of higher hardness
were found to cause deeper indentations and thus improved machining rates. Higher

power and coarser grains also resulted in improved rate of machining. [139]

The reviewed literature on USM of different materials suggest that the tool material and
workpiece material properties significantly determine the machining performance in
USM. Hardness to modulus of elasticity ratio, fracture toughness and plasticity determine
the extent of plastic deformation and fracture behavior in machining with USM and thus
determine material removal and tool wear rates. Abrasive grit size, slurry concentration
and hardness of abrasive particles alongwith USM power rating are some of the
controllable parameters that establish the machining performance with USM. Use of solid
and hollow tools also have their own merits and demerits and hence the selection for the

same has to be made based on nature of application.
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2.4 CRYOGENIC TREATMENT

Barron (1974) proposed that besides the transformation of the retained austenite into
martensite, the improvement in wear resistance of tools was also caused by presence of
hard and small carbide particles well distributed among the larger carbide particles within
the martensite that resulted due to cryogenic treatment. Before the cryogenic treatment
the microstructure showed relatively large carbides of the order of 20 um dispersed in the
matrix, however, after the cryogenic treatment, carbide particles as small as 5 um were
found. The carbide refinement could in such a way have also contributed to the
improvement of the wear resistance which was evident from the experiments that the tool
steels submitted to cryogenic treatment showed improved performance during machining.
[82]

Marquardt et al. (2000) collected, compiled and correlated property information for
materials used in cryogenics and found thermal conductivity, thermal expansion and specific
heat of various materials including Ti-6Al-4V alloy across four temperature scale ranges i.e.
less than 4K, 4 K to 77 K, 77 K- 300 K and 300 K to melting point. [140]

Hong and Ding (2001) applied the cryogenics to conventionally machine Ti-6Al4V
alloys. The study was carried out to evaluate cutting temperatures in these difficult to
machine alloys under different set of cooling conditions. A jet of liquid Nitrogen (LN2)
was used to provide the cooling at cutting interface and results of various cooling
approaches were found. The study concluded that applying LN2 in close proximity to the
tool cutting edge can significantly reduce the tool temperature. It was also found out that with
cryogenic cooling, titanium’s diffusivity to tool materials, a characteristic responsible for

most tool wear in Ti6-4 machining, becomes negligible. [67]

Sekhar Babu et al. (2005) studied the effect of cryogenic treatment on wear resistance of M1
(Molybdenum High Speed Steel), EN 19 (chromium molybdenum constructional steel) and H
13 (chromium/molybdenum hot die steel) tool steels. The samples were first heat treated and
re-tempered after cryogenic treatment which was carried out at 0°C, -20°C, -40°C, -80°C and
-190°C. The results were highly significant as improvement in wear resistance under deep

cryogenic treatment ranged from 315% in EN 19 to 382% in M1 samples. [74]

Silva et al. (2006) carried out experiments after deep cryo-treatment of M2 high speed
steel Lathe tool, twist drill and milling cutter tools to verify the effect of cryogenic

treatment. It was found that the retained austenite after treatment was near 0%. The
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Laboratory tests on lathe tools didn’t indicate any effect on hardness of treated tools
under X-ray diffractometer and it was found to be same as that of untreated tools, while
on rapid facing tests it was discovered that cryogenically treated tools presented longer
tool lives at different spindle speeds and feed rates. The laboratory tests on twist drills
also indicated higher tool life of cryogenically treated tools. However shop floor tests on
coated HSS milling cutters showed adverse effects of cryogenic treatment on tool life

when shaping the teeth of gear rings. [80]

Das et al. (2007) investigated the effect of cryogenic treatment on D2 tool steel when
carried out in between conventional heat treatment and tempering. Holding period of 36
and 84 hours was explored for the effect on hardness and wear resistance of the steel. It
was found that cryogenic treatments leads to formation and increase in volume of refined
secondary carbides and cause their uniform distribution. he results showed a marginal
increase of 5% in hardness of cryogenic treated specimens compared to conventionally
heat treated specimens which was attributed to conversion of retained austenite to
martensite. Further, the duration of soaking period did not appear to have any effect of
hardness. At lower loads, there was immense improvement in wear resistance of
cryogenic treated samples. However the magnitude of improvement was reduced at
higher loads which could have been due to stress induced transformation of retained
austenite in conventionally treated specimens into martensite that reduced the gap of
difference in wear resistance of two categories of the samples. [81]

Dhokey and Nirbhavne (2009) investigated the effect of multiple tempering post
cryogenic treatment on material properties in D3 tool steel. Five categories of samples
were prepared that included conventional heat treated, cryogenically treated and
cryogenically treated with varied number of tempering ranging from 1 to 3 at 150°C. Tool
steel exhibited coarsening of carbides post multiple tempering which could have been due
to Oswald ripening. The samples with single tempering exhibited best wear resistance
which was more than conventional treated as well as only cryogenic treated. However
with increase in number of tempering to 2 and then to 3, the wear resistance actually

dropped down which attributed to coarsening of carbides. [141]

Akhbarizadeh et al. (2009) studied the effect of deep (-185°C) and shallow (-63°C)
cryogenic treatment (including cryogenic temperature, cryogenic time and stabilization)

on wear behavior of D6 tool steel by performing wear tests using a pin-on-disk wear
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tester. The findings revealed that cryogenic treatment decreased the retained austenite and
hence improved the wear resistance and hardness. The improvement was significant in
DCT due to more homogenized carbide distribution, the retained austenite elimination
and higher chromium carbide percentage in comparison with SCT. [142]

Gill et al. (2009) discussed the wear behavior of cryogenically treated tungsten carbide
inserts under dry and wet conditions and concluded that performance of cryogenically
treated carbide inserts depends a lot on cutting conditions. The fact that tungsten carbide
inserts retained superior properties induced by cryogenic temperature for a relatively
longer time during wet machining was attributed to the application of coolant which
reduces tool-work-piece interface temperature. In USM the slurry continuously flows
between tool-work-piece and thus the cryo-treatment may be able to provide the retained
properties for a longer duration of time. [143]

Amini et al. (2012) proposed that there is an optimum duration of holding time for
cryogenic treatment that correspond to most homogeneous distribution of carbides and
having a higher holding period than this optimum values doesn’t contribute to any further
improvement in the desired properties such as microhardness, carbide distribution and
particle size among others. The study was carried out on 1.2080 steel by varying the
holding time duration from 24 hours to 120 hours. Carbide percentage was found to
increase upto 36hours of holding time and same was the case with microhardness.
Formation of bigger carbides beyond this time prohibited the further formation of fine
carbides. [91]

Senthilkumar and Rajendran (2012) presented the effect of four parameters viz
hardening temperature, soaking period, tempering temperature and duration, through
Taguchi’s L27 OA on wear loss of 4140 steel. The results were optimized for minimum
wear loss. Among the four factors, hardening temperature was the most significant
followed by tempering temperature though some factor interactions were more significant
than this tempering temperature. Too high temperature tempering caused formation of
cementite and coarser alloy carbides whereas tempering at 200° resulted in formation of

transition carbides that improved wear resistance of the steel. [90]

Gu et al. (2013) investigated the effect of cryogenic treatment on tensile behavior and

microstructure of Ti-6Al-4V alloy. Work-pieces were divided into nine groups to study
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the effect of different combinations of treatments involving cryogenic with and without
aging. Cryogenic treatment alone caused slight reduction in strength but increase in
elongation. Cryogenic treatment prior to aging at 650°C caused maximum improvement
in plasticity of the alloy though alongwith reduction in strength. There was not any
appreciable effect on microhardness. Transformation of metastable p phase into stable 3
and o phase was noticed post cryogenic treatment. Aging after cryogenic treatment

caused increase in dislocation densities and formation of twins. [101]

Prieto et al. (2014) investigated the effect of cryogenic treatment on impact toughness
and hardness and analyzed microstructural changes in martensitic AISI 420 stainless
steel. Microstructure evaluation showed precipitation of small carbides due to increased
strain state and their homogeneous size distribution post cryogenic treatment that caused
improvement in mechanical properties such as hardness and impact toughness.
Stabilization and longer soaking were not found to be of significance because of very

little retained austenite presence. [93]

Gu et al. (2014) investigated the effect of cryogenic temperature and soaking period on
wear resistance of Ti-6Al-4V alloy used for biomedical applications. Vicker hardness of
the alloy was found to increase slightly with lower temperature of cryogenic treatment
and prominently with the duration of holding time due to resultant increase in dislocation
densities and twins. There was not any phase transformation after the cryogenic
treatment. However refinement of grains and reduced B phase was detected and caused
improved wear resistance of the alloy which was evident from the smooth and shallow

plowing in the worn surface. [102]

Vinothkumar et al. (2015) carried out investigation of effect of dry cryogenic treatment
(CT) temperature and soaking period on Vickers hardness and wear resistance of
nickel-titanium (NiTi) martensitic shape memory alloy. The comparisons were made for
different degrees of cryogenic treatment at -185°C and -80°C at soaking periods of 24 hr
and 6hr each. The results shows that here was a significant drop in wear resistance and
hardness of the shape memory alloys post dry cryogenic treatment carried out at -185°C
for 24 hrs soaking period. [100]

Akincioglu et al. (2015) have presented a detailed review on cryogenic treatment of

cutting tools highlighting the various aspects of treatment process such as rate of cooling,
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soaking period, soaking temperature and post treatment tempering and their effect on
material properties. The review highlights that the treatment can be effectively used for
reducing machining costs associated with tool wear and can be applied to a variety of tool
material ranging from tool steels, carbides and coated tools. The review also recommends
use of optimum cycle with regard to soaking temperature, cooling rate and holding time
for extracting maximum advantage from the process. Tool wear resistance arising out of
cryogenic treatment has been attributed to improved mechanical properties and the
improvement is volumetric that is homogeneously throughout the material unlike
coatings. Homogenization of carbide distribution and transformation of retained austenite
has been reported as the driving forces for improvement in mechanical properties of tool
steels. In carbides improved thermal conductivity of tools due to higher particle size and
reformed particle boundaries of cementite carbides caused lesser tool wear post cryogenic
treatment. Additionally crystal structure changes have also been reported in the binder

phases as responsible for improvement in wear behavior of tungsten carbide tools. [144]

Kumar et al. (2016) investigated the effect of shallow and deep cryogenic treatment on
machining performance of Ti-6Al-2.5Sn in electric discharge machining. Cryogenic
treatment was found to exhibit a considerable improvement in response variables of
MRR, TWR, SR and microhardness as compared to machining of untreated samples. The
increase in MRR was attributed to improved conductivity and hence rate of heat
absorption and dissipation while reduction in tool wear rate was attributed to restricted
penetration of carbon at electrode surface due to modification in microstructure post
cryogenic treatment. Surface roughness was also found to be reduced owing to smaller
crater formation due to faster heat dissipation in the cryogenic treated workpiece because
of it improved thermal conductivity. [99]

Ray and Das (2016) have reviewed state of cryogenic treatment in tool steels and the
corresponding effect on mechanical properties such as wear resistance and
microstructural modifications including the effect of retained austenite and secondary
carbides. Lowest temperature of cryoprocessing was recommended to be close to 77K
with cooling and heating rates as the fastest possible without causing cracking of the
material. The authors found that improvement in wear resistance is of higher magnitudes
when mode and mechanism of wear is different in conventional and cryo treated samples

which otherwise is only a few times better under similar mode and mechanism of wear.
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The treatment significantly influences the precipitation of secondary carbides without
altering the nature of carbides. Precipitation of carbides was found to be governed by two
hypotheses, first based on enhanced diffusion of carbon atoms due to defects and crystal
imperfections and second on formation of atomic clusters due to plastic deformation of

martensite which then act as nucleating sites for carbide precipitation. [79]

Cryogenic treatment has been used extensively especially for improving the wear resistance
in tool steels. However the degree of improvement varies across materials. The primary
reason for improvement in steels has been conversion of retained austenite to martensite and
refinement of carbides. The efficacy of the treatment depends on, among other things, the
treatment cycle which has attributes such as holding time and cooling rates as well as the
positioning of the cryogenic treatment in the entire heat treatment cycle with different degrees
of results having been reported by carrying out the treatment before and after tempering.
Though significant improvements in wear resistance and marginal improvements in hardness
have been almost uniformly reported by many researchers, effect on fracture toughness has
still not been fully understood. Further, the effect of cryogenic treatment in non-ferrous
materials is still not completely established and varied degrees of reporting has been made on

materials such as Titanium and aluminium alloys.

2.5 SUMMARY AND GAPS IN LITERATURE REVIEW

From the literature reviewed, it can be inferred that the excellent combination of high specific
strength and corrosion resistance makes titanium an excellent choice for applications such as
those in aerospace industry, surgical implants, nuclear and marine applications among several
others. Despite of the great advancements in cutting tools’ technology like coated carbide,
ceramics, CBN and polycrystalline diamond, none have had successful implementation in
machining of titanium covering all the desirable aspects with conventional machining
methods and the machining of titanium is still considered to be a challenging issue owing to
several inherent properties of titanium and its alloys. Problem of machining efficiency with
straight tungsten carbide cutting tools, work hardening in conventional drilling are some
of the issues in even best of the methods whereas problem of debris elimination is
encountered during drilling of deep and small holes in titanium alloys using EDM.
Presence of thinner zone affected by machining and efficient and generous flow of
abrasive slurry resulting in better heat dissipation, as required for low thermal
conductivity titanium, makes USM a suitable method for machining titanium. A few

researchers have presented their work on Ultrasonic machining of titanium in past and
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results have been modeled for different tool materials, slurry types, grit size and power
ratings for different grades of Titanium. However no work hitherto has been reported
about impact of cryogenic treatment of titanium and tool materials on ultrasonic
machining. Cryogenic treatment, as suggested by several researchers, has been found to
improve wear behavior and machining characteristics of certain materials under
conventional machining. Effect of the same at different temperatures ranging from
without cryogenic treatment to shallow and deep cryo-treatment can be studied to know
the impact on parameters like TWR, MRR and Surface Roughness in ultrasonic
machining of titanium. Hitherto very little work has been reported on dimensional
accuracy and tolerances in ultrasonic machining of titanium. Phenomenon of dish
formation in the tool has been reported by some researchers due to plastic deformation at
the centre of tool face. This will have some impact on dimensional accuracy of the hole.
Variation in the size of abrasive grains will determine the tolerance for the diameters of
the drilled holes in USM. All the work that has been done on ultrasonic machining
involves slurries of Boron Carbide, Alumina or Silicon Carbide. Mixing of certain
additives and chemicals or blending of different slurries may have different effect on
material removal and other related parameters but very scarce work has been reported in
ultrasonic machining of titanium. The same may be explored to see if any improvements
can be attained. Accordingly in the light of the above, the current study was envisaged to
undertake following objectives:

1. To investigate the effect of different tool materials in ultrasonic machining using
titanium and its alloys as work material on the machining variables such as Material
removal rate (MRR), Tool wear rate (TWR), Surface roughness, Dimensional Accuracy

and Tolerance grades.

2. To investigate the effect of different abrasive slurries and combination thereof using

titanium and its alloys as work material on machining properties as above.

3. To investigate the effect of cryogenic treatment (plain, shallow and deep) including
mechanist aspects on tool and work piece for machining of titanium and its alloys as work

piece material in ultrasonic machining process.
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4. Simultaneous optimization of responses such as TWR, MRR and SR using multi-
response optimization methodology. Based upon statistical analysis, the results will be

modeled to develop an empirical relationship.
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CHAPTER -3

DESIGN OF STUDY

Ultrasonic machining originated out of the need to carry out machining operations on
hard and brittle and difficult to machine materials such as ceramics, glass, tungsten
carbide and titanium. Selection of machine and tool is first important step in executing a
manufacturing process. Further, the performance of machining, which could be measured
in terms of response variables such as rate of machining, tool wear rate, quality of surface
generated and dimensional accuracy depends on setting of process parameters, also
referred to as control variables. Selection of appropriate process parameters and their
various levels play a major role in establishing the value of response variables. Levels
here refer to the various values that a control variable attains during experimentation.
Each process parameter can be varied across a range of values that usually is determined
by the machine capability, if it is a machine related parameter. For different work and tool
materials, the selection of levels depends upon the constraints associated with materials.
An exhaustive experimentation will be the one that involves exploration of maximum
number of process parameters and their levels varied over a reasonably wide range with
each experiment corresponding to certain specific value of level of each controlled factor.
However given the time and economic constraints, it is generally very difficult to explore
that many number of factors as this would require carrying out a large number of
experiments. Therefore, the selection of adequate number of factors, and their levels, to
improve machining performance is a challenging task for researchers. This requires a
meticulous planning in designing the study to obtain desirable accuracy in the outcomes.

Accordingly, with a focus on the above stated points, a two-phase experimentation was
planned for the present study. A preliminary pilot experimentation wherein various input
factors were varied at several levels using one factor at a time (OFAT) approach. In
OFAT approach, only one factor is varied at different levels and the variation in response
is attributed to that factor as all other parameters are kept constant. However when a
number of factors are involved and when there is inter-dependency of some factors, one
factor at a time approach is neither economical nor conclusive. Factorial experimental
designs, suggested by Sir Ronald A. Fisher in the decade of 1920s has since gained

prominence among researchers. Use of factorial designs has got several merits over
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conventional OFAT approach. In contrast to large number of experiments required to be
performed with OFAT approach, fewer experiments are required for almost similar
precision in the estimation of effects using factorial designs. OFAT approach misses out
on evaluation of combined effect of different parameters and interaction among them and
instead is focused only on each individual parameter. With the inherent methodology
involved, OFAT approach can, at times, even miss out on determining optimal setting of
control variables. Thus, a very useful approach, referred to as Design of Experiments
(DOE) is extensively being preferred over OFAT approach. There are several methods
and types of DOE approach available which is a powerful statistical tool to simplify,
without significant loss of accuracy and precision, the experimentation when effect of
multiple control variables is to be explored simultaneously. Fisher established the
elementary principles of DOE using Analysis of Variance (ANOVA) for analyzing the
associated data. Several DOE techniques such as orthogonal arrays (OA’s), response
surface methodology (RSM), full factorial and fractional factorial designs are popular
amongst researchers. Orthogonal arrays are employed in Taguchi’s approach to vary and
explore the effect of different levels of process parameters on one or more response

variables.

The DOE process is sectioned into three major phases viz planning phase, conducting
phase and analysis phase [145]. Dr. Genechi Taguchi carried out enormous research with
DOE in late 1940s in Japan and the standardized version of Taguchi’s DOE, popularly
known as Taguchi method or Taguchi approach was introduced in early 1980s. The much
sought after need of economically viable approach of problem solving and process design
optimization has been facilitated by the use of DOE. The detailed use of Taguchi’s
methods is illustrated in section 3.3.

3.1 PILOT EXPERIMENTATION

To meet the proposed objectives, the entire study was accomplished in two phases. The
first phase comprised of pilot experimentation wherein one factor at a time approach was
used to study the effect of various process parameters. The approach involves change of
only one factor across different levels when all the remaining factors are kept constant.
Pilot experimentation is an important stage in scientific study as it enables the researcher
to identify the critical to process parameters as well as the range and the levels that need
exploration. At the same time it lends hands-on familiarization with the equipment,

material and process involved. Parameters such as power rating, abrasive grit size and
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slurry type were selected for examination during the pilot stage. The complete sequence
of events for experimentation is shown in Figure 3.1.

Selection of OA using DoF
of factors and their levels.

Figure 3.1 Experimental Layout
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The experiments were performed on Ultrasonic drilling machine AP-500 supplied by
Sonic Mill, USA available at Thapar University, Patiala. A typical ultrasonic machining
set up is shown in Fig 3.2. The sinker ultrasonic machine tool supplied by Sonic Mill,
USA (Model No. AP 500) was used for experimentation work. The USM setup, shown in
Figure 3.2, consists of an ultrasonic spindle kit comprising of a power supply system and
an ultrasonic spindle mounted system having a cylindrical horn of ¢25.4 mm, a constant

pressure feed system and an abrasive slurry pump.

The machining set up has variety of applications and is capable of, among other things,
drilling small, single as well as multiple, holes and machining features into various
substrates and machining round discs used for manufacturing of power diodes [40]. The
different constituent parts of the USM machine tool used for present investigation are
elaborated briefly as under [40]:

The z-axis assembly of the machine tool (Figure 3.2) has a machined aluminum tool
carrier which rides on roller bearings that run smoothly two hardened and ground steel
shafts. The bearing-shaft unit ensures repeatable tool placement on the workpiece. These
are protected from abrasion through use of rubber boots. The assembly is equipped with a
depth gauge to control cut with an accuracy up to .0lmm. The dial movement aids visual
indication of machining process. A complete slurry recirculating system is also included

with the machine.

The power supply unit of the machine converts line voltage into 20kHz at maximum
power of 500W. A built-in overload protector prevents the machine during the period of

higher power supply than normal.

The transducer part or the converter of the machine tool (Figure 3.2) is a piezo-electric
wafer that converts electrical impulses of the power supply into mechanical motion.
Unlike ferrite or iron core-type converters, this wafer will last almost indefinitely unless
abused. Unlike ferrite converters, this does not require a fan or water and is totally
enclosed to ensure protection from any external damage including that caused by

abrasives.

Amplitude couplings (Figure 3.2) can be customized to increase the flexibility of machine
by varying the amplitude from half to 21/2 times normal motion, thus can provide

optimum cutting ratio.
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The machine tool is equipped with replaceable titanium horns which often are the most
economical tooling and are thread fastened to the machine unit. The experiments in the

present study were performed with standard 25.4mm (1-inch) tool horn.

Ti-6Al-4V (Titanium Grade V) was used as work material for preliminary pilot study
while stainless steel and high carbon steel were used as tool materials. Effect of power
rating and abrasive grit size alongwith tool material was explored on the three response
variables namely MRR, TWR and SR. USM power was varied from 20% to 80% of the
maximum rated value of 500W while abrasive grit size of #220, #320, #400 and #500 of
aluminium oxide and silicon carbide was chosen for pilot study. MRR and TWR were
measured in terms of volumetric reduction in workpiece and tool, respectively, per unit
time (mm3/min) after machining with USM while average value R, for surface roughness
was measured using Mitutoyo surface roughness tester. Silicon Carbide slurry with a
concentration of 20% by weight of abrasive particles in abrasive-water mixture at a near
constant flow rate of 8| was used during the experimentation alongwith other machine

related parameters.

3.1.1 Results of Pilot Experimentation

Pilot experimentation was performed in four rounds. For these preliminary rounds,
untreated tool and untreated work material were used for machining. First and second
round were aimed at exploring the effect of Power Rating using HCS and SS tool,
respectively, on MRR, TWR and Surface Roughness in ultrasonic machining of Ti-6Al-
4V.

Table 3.1 Findings of Round 1 and 2 of Pilot Experimentation

Fixed Slurry Type: SiC #400 Slurry Type: SiC #400
Parameters | Tool - HCS Tool - SS
— Slurry Concentration: 20% Slurry Concentration: 20%
Flow Rate : 8I/min Flow Rate : 8l/min
USM MRR TWR SR MRR TWR SR
Power (mm?®min) | (mm3min) | (micron) | (mm*/min) | (mm?3min) | (micron)
100 0.188 0.228 1.04 0.215 0.204 1.06
150 0.180 0.245 1.10 0.224 0.238 1.11
250 0.278 0.304 1.29 0.311 0.275 1.25
350 0.323 0.371 1.34 0.365 0.384 1.33
400 0.405 0.44 1.39 0.44 0.464 1.36
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z-axis 8§
assembly |

USM Setup

Figure 3.2USM Set up [40]
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Similarly, 3 and 4™ round were carried out to explore the effect of abrasive slurry grit
size using HCS and SS tool respectively. USM power was changed from 250W to 350 W
while shifting to 4" round of preliminary study. The results of pilot experimentation have
been presented in Table 3.1 and 3.2.

Table 3.2Findings of Round 3 and 4 of Pilot Experimentation

Fixed Slurry Type: SiC Slurry Type: SiC
Parameters | Tool — HCS Tool - SS
—_— Slurry Concentration: 20% Slurry Concentration: 20%
Flow Rate : 8I/min Flow Rate : 8I/min
USM Power: 250W Power: 350W
Slurry MRR TWR SR MRR TWR SR
gritsize | (mm®min) | (mm3min) | (micron) | (mm*/min) | (mm3min) | (micron)
#220 0.325 0.38 1.56 0.431 0.472 1.60
#320 0.302 0.355 1.38 0.385 0.415 1.45
#400 0.278 0.304 1.29 0.365 0.384 1.33
#500 0.195 0.274 0.90 0.306 0.318 0.98

Exploration of effect of parameters on MRR

Figure 3.3 presents the effect of USM power on MRR. The USM power was varied from
100W to 450W. Machining efficiency gets very low at less than 100W, therefore lower
values were not used for exploration. It was also observed that at very high power rating
of 450W, machining status became highly unstable and a cylindrical whirl of slurry was
created around the tool pin due to higher intensity in lateral vibrations. Impact of
energized abrasive slurry even led to erosion from the face of tool shoulder. Therefore the
use of 450W power was discontinued after some time and observations were recorded for
variation of power between 100-400W. The variation in the graph indicates that an
increase in USM power results in increase in MRR except at very low values when there
was not any appreciable change in MRR. The increment, though, occurs with different
slope indicating that the MRR does not increase uniformly across power incremental

values.
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Figure 3.3Variation of MRR with Power (SiC Figure 3.4 Variation of MRR with Power (SiC
slurry, #400 grit size, HCS Tool) slurry, #400 grit size, SS Tool)

Variation in MRR using SS tool for machining is shown in Figure 3.4 that also indicates
almost linear increase in MRR with USM power. The increment in this case is not as
steep as was with HCS tool across certain regions. However, variation pattern was found
to be more linear with SS tool. A comparison of the two plots indicate relatively higher
values of MRR for SS tool. It is worth mentioning here that discrete individual readings
of the pilot experimental outcome have been joined with a curve to indicate a trend. These
however may or may not reflect the true relationship that exist between response at

various parametric settings.

To determine the effect of abrasive grit size, four sizes of abrasives of silicon carbide
were used for pilot experimentation. To compensate for inevitable variations in the
volume of circulating slurry and fluctuations in slurry flow in the working gap between
tool-workpiece, a large volume of all the slurries was prepared by keeping a fixed ratio of
1:4 by weight for abrasive and water respectively. The variation recorded in MRR for
these slurries is shown in Figure 3.5 and 3.6. It can be seen from the Figure 3.5 that MRR
varies inversely with grain fine-ness number. Coarser abrasive grits of #220 were
associated with higher MRR while finer abrasive particles of # 500 recorded lower MRR
due to difference in momentum associated with the particles. Coarser particles strike the
work piece with higher impact energy and hence cause ploughing of bigger craters at
work surface as compared to finer particles. The reduction in MRR was more dominant as
grit size reduced from #400 to #500.
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Figure 3.5 Variation of MRR with grit size Figure 3.6 Variation of MRR with grit size

(SiC abrasive slurry, HCS Tool, 250W power) (SiC abrasive slurry, SS Tool, 350W power)

Figure 3.6 shows effect of abrasive grit size with the use of SS tool at 350W power. This
also indicates that MRR reduces with finer grains and increases with increase in particles

size of abrasives.

Exploration of effect of parameters on TWR

A higher MRR is necessary for maintaining adequate rates of production for any
manufacturing scenario. However minimizing the tool wear is also a very important
criterion since a worn tool incurs cost of replacement as well as cost of lost time during
changeover. Therefore for any manufacturing situation it is of ample importance to
reduce the tool wear rate. Pilot study conducted herein also aimed at exploration of effect

of change of parameters on TWR by one factor at a time approach.
Figure 3.7 to 3.10 represent the effect of process parameters on TWR.

Figure 3.7 shows the effect of USM power on TWR when machining was carried out
using HCS tool and SiC abrasive slurry of #400 grit size. Tool Wear increases almost
linearly with increase in power rating. The wear at tool surface is caused by the energized
abrasives under the ultrasonic vibrations. Higher power rating leads to transfer of more

energy to abrasives causing higher tool wear.
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Figure 3.7 Variation in TWR with USM Power Figure 3.8 Variation in TWR with USM
(SiC slurry, #400 grit size, HCS Tool) Power (SiC slurry, #400 grit size, SS Tool)

Fig 3.8 shows variation in TWR with the use of SS tool alongwith SiC slurry of #400 grit
size. The pattern of variation is similar to what was observed with HCS tool though the

increment in tool wear values was not as linear as was with HCS tool.

Figure 3.9 shows variation of TWR with abrasive grit size using HCS tool at 250W
power. Coarser particles lead to higher transfer of energy to the tool owing to larger
associated momentum and hence cause more erosion at the tool surface compared to finer

particles. It +can also be seen that points of peak MRR also correspond to high TWR.

Figure 3.10 shows variation of TWR with abrasive grit size using SS tool at 350W power.
The trend of reduced TWR with finer particles can be seen in this case too though the

reange of tool wear was very narrow as compared to that was achieved with HCS tool.

Exploration of effect of parameters on SR

Surface roughness is measure of irregularities in the form of peaks and valleys on the
work surface caused due to impact of abrasive particles under the effect of ultrasonic
vibrations transferred through tool. Figure 3.11 to 3.14 show the effect of various process
parameters on surface roughness during the pilot study.
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Figure 3.9 Variation of TWR with grit size Figure 3.10 Variation of TWR with grit size

(SiC abrasive slurry, HCS Tool, 250W power) (SiC abrasive slurry, SS Tool, 350W power)

Figure 3.11 shows the effect of power rating on surface roughness obtained in ultrasonic
machining of Ti when power was varied from 100W to 450W using HCS tool and SiC
slurry of #400 grit size. Surface roughness is caused by irregularities at the surface due to
machining caused by ploughing of work material by the abrasive particles. Higher USM
power caused deeper impacts on work surface causing higher values of roughness.

Surface roughness thus reduces with lower values of USM power.

Figure 3.12 shows variation of surface roughness with USM power using SS tool with
SiC slurry of #400 grit size. Almost similar trend of variation has been observed with this
set of experiments as was with HCS tool and higher power ratings were found to cause

higher surface roughness.

Experiments were also carried out to determine variation of surface roughness with
abrasive grit size. Figure 3.13 shows that surface roughness of the machined region
decreases remarkably as the abrasive grit size reduced. Finer particles caused small
craters on work surface and resulted in smoother surface compared to coarser abrasive
particles. Accordingly, the use of #220 abrasive particles was associated with higher
surface roughness as compared to finer particles of #400 and #500 when machining was

carried out using HCS tool with SiC slurry at 250W power.
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Figure 3.11 Variation of SR with Power (SiC  Figure 3.12 Variation of SR with Power (SiC
slurry, #400 grit size, HCS Tool) slurry, #400 grit size, SS Tool)

Similar trend of variation in surface roughness with abrasive particle size was also
observed with the use of SS tool at 350 W. A sharp improvement was recorded in surface
finish when abrasive grit size was changed from #400 to #500 as shown in Figure 3.14.

It is evident from the outcomes of pilot experimentation that there is significant change in
response variables of MRR, TWR and SR with variation in controlled parameters like
power rating and slurry grit size. Further it can also be seen that zones of desirable high
MRR also get overlapped with zones of high tool wear rate and high surface roughness,
thus making it all the more critical to control the parameters for an optimized output.
Higher power and coarser abrasives impart higher momentum at work surface and hence
cause higher MRR but at the same time lead to formation of deeper craters, causing poor

surface finish.

3.2 TAGUCHI METHOD AND STEPS IN IMPLEMENTATION

A robust parameter design for product as well as process design with major focus on
minimization of variation and sensitivity towards noise was propounded by Dr. Genichi
Taguchi as stated in previous section. Taguchi’s approach for DOE offers a powerful and
highly efficient method of designing for consistent and optimum performance under a

variety of conditions [145-146].
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Figure 3.13 Variation of SR with grit size (SiC Figure 3.14 Variation of SR with grit size (SiC
abrasive slurry, HCS Tool, 250W power) abrasive slurry, SS Tool, 350W power)

The focus in Taguchi’s approach has been that of achieving the target with minimum
variability instead of the traditional definition of quality that emphasizes on achieving
conformance to specification [147]. In contrast to OFAT, the Taguchi’s method involves
experimentation by statistical design techniques and use of orthogonal arrays to vary
several factors simultaneously and has been used extensively by researchers to solve
diverse design and manufacturing problems [99,109-110,117,132-133,148,149]. There
are two types of factors that characterize the process in Taguchi’s technique and classified
as controllable or design factors and uncontrollable or noise factors. While the former are
adjusted on the machine, the latter are the source of variation in the process associated
with the operational environment. The noise here refers to variation caused due to

operating conditions or due to manufacturing imperfection.

The controllable factors on the other hand are classified into those affecting average
levels of response variable, variability in the response and those controlling economic
requirements. Accordingly they are referred to as target control factors (TCF), variability
control factors (VCF) and cost factors. A perfect Taguchi design aims at minimizing the
variability by controlling VCF without affecting performance by adjusting target control
factors. Figure 3.15 shows these factors encountered in Taguchi Design. The various
stages in creating a complete and effective design of experiments as suggested by
Taguchi are shown in Figure 3.16. Working on the methodology given in Figure 3.16, the

steps were implemented for the present study:
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Figure 3.15 Taguchi’s Factor Ladder

3.2.1 Statement of intent of study

A clear and precise statement, if developed, gives an insight into the proposed work and
facilitates the experimentation by proper visualization of goal through this statement.
Accordingly, the objective of the present study is to investigate the effect of cryo treated

tool and work material in ultrasonic machining of Titanium Alloys.
3.2.2 Objectives

Once the problem has been stated now the detailed objectives to accomplish the goal of
solving the problem need to be listed. At first the quality characteristics and measurement
systems need to be identified. Material Removal Rate (MRR), Tool Wear Rate (TWR),
Surface Roughness (SR), Dimensional Accuracy and Tolerance Grades were identified as
performance characteristics (responses) in the present study. Subsequently all the factors
that may affect the performance variables were identified using Cause and Effect
diagram. Based on pilot study and available literature, the factors selected for analysis in
the study were identified and their range of variation was determined. Accordingly in the
present study, USM Power Rating, Abrasive Grit Size, Abrasive type, Tool Type and type
of cryogenic treatment given to tool and work piece were selected as the process
parameters whose influence on the response variable was to be determined. A detailed
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account of process of selection of factors has been given in Section 3.4. After finalizing
the factors to be explored, the range and the levels were decided by performing pilot

experimentation using OFAT approach.

Clear and precise statement facilitates experimental investigation

Clear identification of response variables which should be measureable characteristics

e Should be done by involving people familiar with the process, to identify
controllable and uncontrollable parameters.
e Identify process factors, their range and levels using preliminary experimentation

and available literature

Once the factors and levels are decided, now look for appropriate Orthogonal Array
Allocate columns for interaction effect, if required

Conduct experiments in random order using OA with adequate replications to minimize
error

e Use statistical tools such as ANOVA, regression to analyze response data
e Optimal levels are determines and performance is predicted at optimum conditions

Confirmatory experiments are required to establish the findings of DOE

Figure 3.16 Stages in Design of Experiment process
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3.2.3 Selection of Orthogonal Array

Robust Design of Taguchi Methodology is attributed to utilization of a mathematical tool
called as Orthogonal Arrays. Use of these arrays considerable reduces the number of
experimental trials required to establish the effect of process parameters on response
variables especially when a large number of factors and their levels are involved that
make full factorial experimentation infeasible and un-economical. The earliest usage of
orthogonal arrays, a mathematical approach, dates back to 1897 and is credited to French
mathematician Jacques Hadmard. Plackett and Burman, British statisticians further

explored the use of these arrays in the post world war Il era [150-151].

Orthogonal arrays may be termed as ‘fractional factorial designs’ that consist of
symmetrical subsets of all the possible combinations of various levels of input process
parameters corresponding to full factorial designs. Selection of an appropriate OA is of
immense importance for success of experimental investigation and the selection process
is governed by several criterion, the prominent among them being the number of factors
and their levels to be explored and the possible interactions among the various factors that
need to be incorporated in the design of experimentation. Subsequently those values
which indicate a major shift in the value of response variable are selected for inclusion
into design of experiment. Available literature on the related studies can also aid in
determining levels of factors for DOE. Second aspect in designing the experimentation is
determining the interaction effect. A number of two level interactions are possible in a
given situation. Selection of appropriate interactions generally depends upon the previous
experience of the researcher and is also influenced by the available literature and data on
the similar studies conducted in the past. A hit and trial approach may also be used to
identify the appropriate interactions affecting the response variable in a given

experimental design.

Once the factors, their levels and the interactions to be explored are established, the next
step is to identify and select appropriate OA for designing the study. Several standard
arrays are available such as Lsg, Li2, Lis, L3 for two-level factors while for Lo, Lo7 may be
used for 3 level factors. Several options of arrays are also available when there are
multiple factors with different number of levels for example one factor with 2 level and
some factors with 3 level then Lig can be used. The final selection however is governed

by quantification of degrees of freedom (DOF) in a given study. In statistical terms, DOF
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is associated with estimation of information from the data and determines the minimum
number of treatment conditions. The total degrees of freedom for a given array are
determined by summation of DOF of each individual factor and of interactions being
studied. While the DOF of each factor may be obtained by subtracting one from number
of levels of the factor, DOF of a 2-factor interaction is obtained by multiplying the DOF
of individual factors involved in the interaction. Approximation of total DF involved in a
study resolves the minimum number of experiments required to be conducted to
adequately investigate the factors involved. DOF of OA is equal to one less than the
number of experiments involved in an array. Several solutions may be possible with
regard to selection of array based on DOF. The final selection is then attempted with an
array that has more suitability from economical and accuracy point of view [150]. The
array which leads to minimum error in results and minimum cost of experimentation
could then be selected for designing the experimentation. A control log table is prepared
by assigning the level of each factor corresponding to all the experiments in the OA. Each
row of the matrix table thus formed contains the factor-level setting corresponding to
each experiment of the OA and is thus called a run or treatment of experiment. The
experiments are conducted in random order, not following any sequence, and repetitions

are performed to eliminate the error.

3.2.4 Analysis and Interpretation of Results

The results obtained from experimentation conducted based on Design of Experiments
need to be analyzed and interpreted so as to improve the quality characteristics and
establish the relative importance of each factor on the process performance. Analysis of
Variance (ANOVA) is an important statistical tool extensively used to determine total
variability of the observed outcomes which is the summation of variance due to various
input parameters under control and experimental error. The ANOVA also leads to
identification of significant and non-significant parameters of the study and percentage
contribution of each of them on the response variable value. Performing the F-test
establishes the extent of significance of each parameter which is determined by
comparing the F-value corresponding to each parameter with tabulated F-value at some

confidence interval corresponding to the requisite degree of freedom.
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3.2.5 Signal to Noise Ratio

An important aspect of Taguchi’s philosophy is signal to noise (S/N) ratio. Quality
characteristic during experimentation under different values of controlled factors is bound
to vary and the variation that is attributed to change in a factor value is referred to as
signal and represents a desirable part. However at the same time there could be influence
of some uncontrolled parameters on quality characteristics which were actually not part of
the factors being explored. This effect due to external factors in response characteristic is
referred to as noise and therefore represents undesirable value. S/N ratio, thus is actually a
measure of sensitivity of quality characteristic, under investigation in controlled
conditions, to uncontrollable external influencing (noise) factors and hence represents
extent of variation in measured performance characteristic. Accordingly, a higher value of
S/N ratio represents more controlled experimentation wherein signal value is much higher
than undesirable noise value. Highest S/N ratio thus yields optimum quality at minimal
variance [152]. Depending upon the type of response, a performance characteristic can be
categorized into higher-the-better, lower-the-better and nominal-the-best like the case of
volume of production, cost of manufacturing and dimensional accuracy respectively in
reference to a manufacturing industry scenario. Appropriate selection of S/N ratio for
each of the three situations is mandatory for accurate solution of optimization of response
variables. Calculation of S/N ratio for the stated three types of situations may be

described as follows:

Higher-the-better S/N ratio, n = —1Olog10% ?zlyiz Eq.3.1
ij
Lower-the-better S/N ration, n = —101logy, %Z?ﬂyizj Eg. 3.2

G2
Nominal-the-best S/N ratio, n = 101log;, [35'—2] Eq.3.3
where yjj is the ith experiment at jth test and no. of trials in each experiment have been

represented by n while y is mean of samples when s is sample size.
S/N ratio is measured in decibel (dB) units and is represented by #.

Among the four responses measured in the presented study MRR is listed as a higher-the-
better characteristic while TWR, SR and dimensional accuracy measured in terms of hole
oversize have been categorized as lower-the-better type characteristic.
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3.2.6 Confirmatory Experiment

The final phase of DOE process consists of conducting the confirmatory experiment for
validation of conclusions drawn from the analysis of the study. A confirmatory test is
performed by conducting the experiment at as specific combination of factors and their
levels as recommended by fulfilment of the objective of the study. For example if the
objective is to maximize the MRR, then confirmatory experiment is carried out at that
combination of process parameters which lead to maximum MRR as per DOE and then

validation is made from the outcome of the confirmatory test.

3.3 SELECTION OF INPUT PROCESS PARAMETERS FOR FINAL DESIGN OF
EXPERIMENTATION

From the analysis of pilot experimentation presented in Section 3.2, it is evident that a
lower value of power rating resulted in better performance with regard to tool erosion
which was minimum at lower values. Surface roughness values were also found to be
desirable at lower value of power ratings and with the use of finer abrasive particles.
Accordingly, 100W power and #500 abrasives resulted in desired values of outcomes for
TWR and SR among the chosen levels of parameters for pilot study. However this also
meant a compromise on machining rates as these machine/abrasive settings were found to
be associated with lowest rates of material removal from work surface. So lower values of
USM power and abrasive particle size are desirable from TWR and SR viewpoint but not
from MRR view point. Similarly, higher power values of USM power ranging towards
400W and coarser abrasive particles of #220 mesh size resulted in much improved rates
of machining but also caused poor surface texture and were associated with increased cost
of tooling due to frequent wear and changeover. So for combined optimization of all the
parameters, the power rating was varied across three levels from ranging from either
extremes of 100W to 400W and 250W being the intermediate value and similarly for
abrasive grit size #400 was chosen as the intermediate abrasive particle size among the
extremes of #220 and #500. During pilot experimentation only Silicon Carbide slurry was
used for experimentation and all the trials were conducted using this slurry only.
However, two additional slurries in form of Aluminium Oxide and Boron Carbide were
also selected each in grit size of #220, #400 and #500 for final experimentation thus
giving rise to nine such abrasive slurries. The idea of using different types of slurry
emanated from difference in knoop hardness and thus the cutting ability of these slurries.

The published related literature on USM of titanium also indicates use of these three types
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of slurries [110,116-117,122,133,139]. Since coarser and finer grains impacted differently
on work material and accordingly different mesh sizes were chosen to explore their effect.
However, hitherto very little work has been reported on use of mixture of two different
types of slurries and accordingly the present study was also focused at exploring the
effect of hybridizing the slurries by creating mixtures of identical grain size in equal
proportions to determine their effect on machining variables. This has also got economic
aspect associated with it considering the large difference in cost associated with boron
carbide and other two slurries.

Pilot study indicated a significant difference in the output response variables when using
tools of two different materials. High carbon steel and stainless steel were used as tool
materials in pilot study. The selection of tool materials was governed by the objective of
exploring a wider range of mechanical properties with regard to hardness, ductility and
toughness and accordingly a third a tool material of titanium was also selected for the
study owing to its altogether different mechanical properties compared to the two ferrous
based tool materials. The available literature on similar studies also indicates use of tool
steels, carbides, stainless steel and titanium as tool materials [110,116,117,122]. Thus
tools made of HCS, SS and Ti were selected with a focus on exploring their effect on
response variables. The study was aimed at investigation of cryogenic treatment on tool
and work material in ultrasonic machining of titanium alloys. Therefore, to make the
comparison, tools and work material were grouped into three categories comprising of
untreated (UT) set wherein no cryogenic treatment was involved, shallow cryogenic
treatment (SCT) wherein the material was soaked at a temperature of -80°C and deep

cryogenic treatment (DCT) carried out at a soaking temperature of -196°C.

In the light of above discussion, following selection was made for parameters and their

levels:

Abrasive Type: Aluminium Oxide (Al>Oz) , Silicon Carbide (SiC), Boron Carbide (B4C),
Mixture of Aluminium Oxide and Silicon Carbide in equal proportion (Al2Os + SiC) ,
Mixture of Silicon Carbide and Boron Carbide in equal proportion (SiC + B4C) and
Mixture of Aluminium Oxide and Boron Carbide in equal proportion (Al203 + B4C)

Tool Material: High Carbon Steel (HCS), Stainless Steel (SS), Titanium (Ti)
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Power Rating of USM: 20% of rated power (100W), 50% of rated power (250W) and
80% of rated power (400W)

Abrasive Grit Size: mesh size #220, #400, #500

Type of cryogenic treatment given to tool: Untreated (UT), Shallow Cryogenic Treated
(SCT), Deep Cryogenic Treated (DCT)

Type of cryogenic treatment given to workpiece: Untreated (UT), Shallow Cryogenic
Treated (SCT), Deep Cryogenic Treated (DCT)

So it is evident that one factor i.e. abrasive slurry type was varied over six levels while all
the other 5 factors were varied over 3 levels each. Whereas power rating and grit size are
numerical factors, the remaining four are categorical factors and thus can take only the

discrete values as specified in the table.
The factors, levels and coding of the selection is given in Table 3.3.

Now if we plan to carry out experimentation using one factor at a time approach for
exploring the effect of parameters at the levels as specified, it will require (6 * 3° = 1458)
number of runs for completing task, thus making it very time consuming as well as

expensive. To overcome this issue, Taguchi’s method for Design of Experimentation was

adopted.
Table 3.3 Factors and their levels under study
Factor Factor Levell Level2 Level3 Level4d Level5 Level6
Code

. Al,Os + SiC + Al,Oz +
Slurry Type A Al;03 SiC B4C sic B.C B.C
Tool B HCS ss Ti - - -
Material
Power C 100W  250W  400W - - -
Rating
Abrasive D 1220 #400 #500 - - -
Grit Size
Treatment E ut SCT  DCT = = =
to Tool
Treatment
to Wipiece F uT SCT DCT - - -
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3.4 SELECTION OF ORTHOGONAL ARRAY

In the current study a total of six factors have been selected for exploration as shown in
Table 3.3. Except one factor, all other are varied over 3 levels each and the single factor
has been varied over six levels each. Degree of freedom corresponding to each factor is
one less than no. of levels. Thus a total of 15 degree of freedom are there for the current
plan of experimentation. For selecting an appropriate OA, degree of freedom of the array
should be more than or equal to DOF of the experimentation plan. One of the most
suitable outcome here becomes Lig orthogonal array since it has adequate number of
degrees freedom as well as can adequately accommodate the mixed nature of levels of
factors. The said OA can accommodate, alongwith one factor at six levels, upto 6 factors
at 3 levels each. Factor with six level has been accommodated in first column and other
factors have been assigned to column 2-6. The selected array is shown in Table 3.4 where

numbers 1,2,3...6 correspond to levels of process factors A to F.

Table 3.4 Standard Mix Type of Lig orthogonal array

Factors and their Levels

Exp. No. A B C D E F
1 1 1 1 1 1 1
2 1 2 2 2 2 2
3 1 3 3 3 3 3
4 2 1 1 2 2 3
5 2 2 2 3 3 1
6 2 3 3 1 1 2
7 3 1 2 1 3 2
8 3 2 3 2 1 3
9 3 3 1 3 2 1

10 4 1 3 3 2 2
11 4 2 1 1 3 3
12 4 3 2 2 1 1
13 5 1 2 3 1 3
14 5 2 3 1 2 1
15 5 3 1 2 3 2
16 6 1 3 2 3 1
17 6 2 1 3 1 2
18 6 3 2 1 2 3
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Each row of the OA table gives the plan for conducting the experimentation and thus the
eighteen rows provide the parametric setting for conducting the requisite 18 number of
experiments which should be performed in an entirely random order with a minimum of
two repetitions to counter the effect of uncontrollable factors, if any. At the end of every
experiment, measurements are made to evaluate the response parameters which in this
case are MRR, TWR, SR and HOS (Hole oversize). Subsequently tolerance grades are
also established on the basis of dimensional accuracy measured in terms of hole oversize.

Table 3.5 shows the various response variables measured in the present study and their

measuring characteristic as per the explanation cited in Section 3.3.5

Table 3.5 Investigated response variables

Response Measuring Response
S. No. Parameter Units Characteristic Type
1 Material Removal Rate mm3/min Higher-the-better
2 Tool Wear Rate mm3/min Lower--the-better
3 Surface Roughness microns (Ra) Lower--the-better
4 Hole-oversize mm Lower--the-better
5 Tolerance Grades Grade No. Lower-the-better
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CHAPTER -4

EXPERIMENTATION, RESULTS AND DISCUSSION

4.1 MACHINE TOOL, MATERIAL AND MEASUREMENT

4.1.1 Machine Tool
The sinker ultrasonic machine tool supplied by Sonic Mill, USA (Model No. AP 500),

shown in Figure 4.1, was used for experimentation work. The USM setup comprised of
three major units: The main machining unit that houses z-axis moving assembly
comprising of converter, coupler and acoustic horn (Figure 4.1b) alongwith constant
pressure feed system; power supply unit to convert conventionally available power into
20 kHz electrical energy; and the slurry pump unit installed in tank for circulation of
abrasive slurry. The details of the equipment have already been furnished in Section 3.1.1
and figure 3.2 shows the main components of the z-axis assembly unit of the USM setup
used for the study. The machine feed rate or the descending rate of the head assembly is
adjusted through the vertical round cylinders controlled by the levers provided at their
bottom (Figure 4.1c). The cylinder nearer to front of machine caters to descending rate
while the rear one controls the feed rate. Too fast feed results in trapping of slurry
particles between tool and workpiece and hampers machining rate. Constant feed rate was
adjusted to ensure continuous long duration machining. Abrasive concentration of 20%
by weight in the mixture of abrasive particles and water and slurry flow rate of 8I/min

were maintained constant during experimentation.

() (b)
Figure 4.1 USM Set-up used for the present study
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4.1.2 Work and Tool Material

Ti Grade 5 (Ti-6Al-4V) was selected as work material for the study. A round bar of
50mm was taken and samples of 8mm thickness were cut from the bar for the presented

work. The composition and properties of the work material are listed in Table 4.1.

Table 4.1Work material composition

Chemical Composition (%) Mechanical Properties

@) N C |Fe |Al |V |Ti Hardness | Density | UTS

TiGr.5]0.15(0.05|.07 |.25 | 595 | 4.1 | Bal. 323VHN | 4.43g/cc | 895MPa

Three different materials viz High Carbon Steel (HCS), Stainless Steel (SS) and Titanium
(Ti) were selected for making the tool. The composition of the tool materials is listed in
Table 4.2. The tools were made as a single piece, machined from round bars of
appropriate diameter, and were threaded into the USM 4horn. The tools were prepared in
accordance with the guidelines of Sonic Mill and were made to keep their weight as close

to 50gm as possible.

Table 4.2 Tool Materials Composition

Material Chemical Composition (%)
C Si |[Mn|P Cr. Mo |V |Fe |Ti Hardness
Stainless Steel | 0.17 [0.6 | 0.7 | 0.05|13.1 | -- -- Bal. | --- 48 HRC
HCS 1.5 0.3 103 |0.03|122 |10 |04 |Bal |-- 61HRC
Ti 99.6 | 282VHN

Due to variation in density of tool material, the weight was maintained almost constant by
altering the thickness of the shoulder part and maintaining the constant value for threaded
part and protruding tool tip. The tool shape and drawing is represented in Figure 4.2.The
weight of the tool was controlled by altering the dimension specified by ‘m’ in the
diagram. Three sets of multiple tools of each of the three material were prepared. One set
each for Un-treated group of samples (UT), Shallow Cryogenic Treatment (SCT) and
Deep Cryogenic Treatment (DCT). Multiple tools of each type were prepared to cover the

risk of breakage or failure of tool during the experimentation. The tendency of dish
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formation of tools after experimentation necessitates that after each experiment the tools

were subjected to facing on conventional lathe machine.

Bl

Threaded

26.5
©

4.1.3 Cryogenic Treatment

Figure 4.2 USM Tool Drawing

Hardened and tempered tools of High Carbon Steel (HCS) and Stainless Steel (SS) along-
with Ti tools made from the rolled bar of Titanium were subjected to cryogenic treatment
as per the treatment cycle shown in Figure 4.3 for Shallow Cryogenic Treatment (SCT)
and Deep Cryogenic Treatment (DCT), at temperatures of -80°C and -196°C respectively.
Low temperature double tempering was carried out after both types of cryogenic
treatments to remove the stresses induced, if any. Same process was used for cryogenic

treatment of workpiece.

4.1.4 Abrasive Slurry

Aluminium oxide, silicon carbide, boron carbide were selected as abrasives for preparing
one slurry each in mesh size of #220, #400 and #500 thus giving rise to nine such
abrasive slurries. In addition to these, nine more slurries were prepared out of mixture of
similar grit size of aluminium oxide and silicon carbide, aluminium oxide and boron
carbide and silicon carbide and boron carbide. Thus in total there were 18 different types
of slurries prepared for the study. The slurry concentration was fixed as 20% by weight

with water as the dissolving media.
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Cryogenic Treatment Cycle

250
200
150
100

50

-50
-100
-150
-200

Temperature (°C)

Time (hr.)

SCT DCT

Figure 4.3 Cryogenic Treatment Cycle used for current study
4.1.5 Measurements

To determine MRR and TWR, the workpiece and the tool were weighed before and after
each experiment to determine the rate of material removal on a digital electronic
weighing balance having an accuracy of 0.1mg. Since the entire machining was carried
out in flowing slurry, it was important to ensure that tool and work material were
completely dry before weighing. The MRR and TWR were the determined using
equations 4.1 and 4.2 respectively:
MRR = My1 — My, Eq. 4.1
Pw X tm
where
MRR = Material Removal Rate in mm®/min
Muw1 = Mass of work piece before machining (g)
Muw2 = Mass of work piece after machining (g)
tm = Machining time (min)
pw = Density of work piece (g/mmq)
Mi; — My, Eq. 4.2
Pt X ty

TWR =

where
TWR = Tool Wear Rate in mm?®/min

Mt = Mass of tool before machining (g)
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Mt = Mass of tool after machining (g)
tm = Machining time (min)

pt = Density of tool (g/mm?)

Surface roughness, average value Ra, was measured using Mitutoyo surface roughness
tester (Model SJ-300). SR was measured on three separate locations in each machined
zone resulted from 54 experimental runs. The three readings were averaged to establish

the SR for that experiment.

Hole diameter at the entry was measured on three separate locations for each of the
machined region using coordinate measurement machine (CMM). Dimensional accuracy
was measured in terms of hole oversize (imm) which was calculated by subtracting tool
diameter from the average diameter at hole entry (equation 4.3) as shown in Figure 4.4.

HOS = (@hote — Proot) Mm Eq. 4.3

where @, = Hole diameter at entry (mm); @;,01 = Tool tip diameter (mm)

Lateral Gap Tool Ultrasonic Vibration

N7 g3
A

Work Piece '.Pen
R ol

Bo8s 2, b

Frontal Machining
Zone ‘

Tool Boundry

Actual Hole Edge
__Theoretical Edge

Figure 4.4 HOS and interaction of abrasive particles between tool and work-piece

The results of dimensional accuracy were used to determine the tolerance unit n which is
required for establishing tolerance grades. Tolerance unit n actually derives from standard
tolerance factor i (measured in micrometers) as defined in ISO standard UNI EN 20286 —
1 (1995) [153] and is given by Equation 4.4:
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i=0.45 X D1/3 4+ 0.001 xD Eq. 4.4
‘D’ (in mm) in Equation 4.4 represents geometric mean of range of nominal size

For similar manufacturing processes, the relationship between magnitude of
manufacturing error and the basic size approximates to a parabolic function forms the

proposition for the empirically derived formula for i.

The values of standard tolerance are not determined individually for each nominal size
but rather are for a range of nominal size. For the generic nominal dimension Djn , when
Dywm is the measured dimension, the value of tolerance unit n is calculated as follows in

Equation 4.5:
n=[1000 x (Dyy — Dym)] /i =k/i Eq. 45
where k = 1000 * (Djy — D)

4.2 EXPERIMENTATION

Experimentation for the present study was conducted using Taguchi’s DOE methodology. As
stated in previous chapter, selection of a particular orthogonal array is governed by the
number of factors and their levels and number of interactions that are to be investigated
[145,150]. The current study was aimed at finding the effect of abrasive slurry, tool
material and cryogenic treatment of tool and workpiece on MRR and TWR in USM of Ti
alloy Ti-6Al-4V. Accordingly all these parameters, varied at different levels, were chosen
for conducting the experimentation. In addition to Slurry Type and Grit Size, Tool
Material and type of Cryogenic Treatment given to tool and work-piece, another
parameter Power Rating of USM was also included in the study thus making it a total of
six process parameters. The 500W Sonic Mill USM was used across three power ratings
of 20%, 50% and 80% thus accounting for 100W, 250W and 400W of power
respectively. Other parameters such as slurry flow rate, feed rate, frequency and
amplitude were not altered during the entire experimentation and were kept fixed
according to machine guidelines. Based on the levels of the factors involved for study as
shown in Table 3.1, Taguchi’s Lig Orthogonal Array capable of handling, as required, one
factor at 6 levels and 5 factors at 3 levels, was selected for Design of Experiments. The

experiment pattern of Lig Array is shown in Table 4.3.
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Table 4.3 Design of Experimentation based on Taguchi’s L18 Orthogonal Array

Bor | Aoratve | UL | G| e | Tramament | Trasumens
(B) © (D) of Tool (E) | of Work (F)
1 Al203 HCS 20% #220 uT uT
2 Al203 SS 50% #400 SCT SCT
3 Al203 Ti 80% #500 DCT DCT
4 SiC HCS 20% #400 SCT DCT
5 SiC SS 50% #500 DCT uT
6 SiC Ti 80% #220 uT SCT
7 B4C HCS 50% #220 DCT SCT
8 B4C SS 80% #400 uT DCT
9 B4C Ti 20% #500 SCT uT
10 Al,03+ SiC HCS 80% #500 SCT SCT
11 Al;Os3+ SiC SS 20% #220 DCT DCT
12 Al2O3+ SiC Ti 50% #400 uT uT
13 SiC + B4C HCS 50% #500 uT DCT
14 SiC + B4C SS 80% #220 SCT uT
15 SiC + B4C Ti 20% #400 DCT SCT
16 Al,O3+ B4C HCS 80% #400 DCT uT
17 Al,03+ B4C SS 20% #500 uT SCT
18 Al,O3+ B4C Ti 50% #220 SCT DCT
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L1g orthogonal array possesses a special attribute that the two way interactions among the
parameters are partially confounded with some columns. Therefore the effect on
assessment of the main effects of the parameters gets minimized. Accordingly, even
though it is not possible to estimate the effect of possible two factor interactions in this
array, but the main effects of different process parameters can be estimated with sufficient

accuracy [154].

Each experimental run was replicated twice and experiments were carried out in a random
order. Each experimental run comprised of an ultrasonic drilling operation carried out for
a duration of 70 minutes. The time duration was fixed so as to get an adequately
detectable change in weight of tool and work-piece prior to and after the drilling

operation.

The eighteen set of experiments, as per plan given in Table 4.3, were replicated three
times thus resulted in performing of (18x3) 54 experimental runs. Multiple runs were
performed on same work piece. A typical geometry of the workpiece after machining of
several experimental runs is shown in Fig 4.5. Response variables of MRR, TWR, SR,
HOS and TG were measured across all the runs and have been plotted in Tables 4.4-4.21.

SECTION C-C
SCALE1:1

Figure 4.5 Workpiece Geometry

Table 4.4 shows control log for experiment no. 1 which was performed with aluminium

oxide slurry, high carbon steel tool, 100W power, #220 grit size and with untreated tool
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and work material. Five response variables of MRR, TWR, SR, HOS and TG are listed in

the table for the three runs of the experiment.

Table 4.4 Control Log and Observations for Experiment No. 1

Control Log

Slurry | Tool Type Power Rating | Grit Size Cryo Tool | Cryo

Type Work

Al203 HCS 20% 220 uT uT

Observations

Run No. MRR TWR SR HOS Tol. Grade

(mm?3/min) (mm?3/min) (microns) (mm)

1 0.1089 0.2045 1.18 0.275 IT 14

2 0.0854 0.212 1.19 0.31 IT 14

3 0.1268 0.2454 1.29 0.318 IT 14

Second experiment was performed using shallow cryogenic treated tool and work
material at moderate USM power of 250 W and intermediate grit size of #400. Stainless
steel and aluminium oxide were the tool and slurry material respectively for this

experiment. Results obtained have been shown in Table 4.5.

Table 4.5 Control Log and Observations for Experiment No. 2

Control Log

Slurry | Tool Type USM Power | Grit Size Cryo Tool | Cryo

Type Work

Al203 SS 50% 400 SCT SCT

Observations

Run No. MRR TWR SR HOS Tol. Grade

(mm?3/min) (mm3/min) (microns) (mm)

1 0.1285 0.1058 1.12 0.228 IT 14

2 0.1597 0.1354 1.09 0.194 IT14

3 0.1387 0.098 0.97 0.221 IT 14

Titanium tool was used with aluminium oxide slurry of finest grit size of #500 at the
highest selected USM power of 400W for third experiment. Tool as well as work material

were subjected to deep cryogenic treatment. Observations of the response variables for
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MRR, TWR, SR, HOS and Tolerance Grade for three repetitive runs of the experiment

are shown in Table 4.6.

Table 4.6 Control Log and Observations for Experiment No. 3

Control Log
Slurry _ o Cryo
Tool Type Power Rating | Grit Size Cryo Tool
Type Work
Al203 Ti 80% 500 DCT DCT
Observations
MRR TWR SR HOS
Run No. ) ) ) Tol. Grade
(mm3/min) (mm3/min) (microns) (mm)
1 0.1365 0.1473 0.6 0.134 IT12
2 0.1423 0.1624 0.54 0.135 IT 12
3 0.1126 0.1123 0.51 0.121 IT12

Table 4.7 shows the control log and observations corresponding to experiment no. 4
which was carried out with SiC slurry of #400 abrasive particle size at 100W of USM
power using HCS tool material. The tool material was subjected to shallow cryogenic

treatment while deep cryogenic treatment was given to work material.

Table 4.7 Control Log and Observations for Experiment No. 4

Control Log
Slurry ] o Cryo
Tool Type Power Rating | Grit Size Cryo Tool
Type Work
SiC HCS 20% 400 SCT DCT
Observations
MRR TWR SR HOS
Run No. ) ) ) Tol. Grade
(mm?3/min) (mm3/min) (microns) (mm)
1 0.1834 0.2365 0.86 0.223 IT 14
2 0.1521 0.1775 0.97 0.196 IT 14
3 0.168 0.192 0.93 0.202 IT 14

Parametric setting for fifth experiment in the DOE was chosen as shown in Table 4.8. The

machining was performed using stainless steel tool and SiC slurry of #500 grit size.
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Whereas the tool material was subjected to deep cryogenic treatment, workpiece used was
untreated. The results obtained for MRR, TWR, SR, HOS and Tolerance Grades during
the three runs of the experiment are tabulated in the Table 4.8.

Table 4.8 Control Log and Observations for Experiment No. 5

Control Log
Slurry _ o Cryo
Tool Type Power Rating | Grit Size Cryo Tool
Type Work
SiC SS 50% 500 DCT uT
Observations
MRR TWR SR HOS
Run No. ] ] _ Tol. Grade
(mm3/min) (mm3/min) (microns) (mm)
1 0.186 0.1934 0.79 0.102 IT 12
2 0.1915 0.1678 0.87 0.12 IT 12
3 0.1687 0.1412 0.89 0.108 IT 12

Highest USM power of 400W and coarse SiC slurry of #220 was used for carrying out
experiment no. 6. Whereas the tool material of Ti was not subjected to cryogenic
treatment in this experiment, the work material was subjected to shallow cryogenic

treatment. The control log and results of experiment are shown in Table 4.9.

Table 4.9 Control Log and Observations for Experiment No. 6

Control Log
Slurry ) o Cryo
Tool Type Power Rating | Grit Size Cryo Tool
Type Work
SiC Ti 80% 220 uT SCT
Observations
MRR TWR SR HOS
Run No. ] ] _ Tol. Grade
(mm3/min) (mm3/min) (microns) (mm)
1 0.3505 0.3343 1.44 0.299 IT 14
2 0.3143 0.3978 1.46 0.271 IT 14
3 0.2754 0.3548 1.33 0.297 IT 14
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Very coarse Boron carbide abrasive slurry consisting of #220 size particles was used at
250W power to perform machining corresponding to experiment no. 7. Deep cryogenic
treated HCS tool was used to machine shallow treated work material and the results
obtained for response variables of MRR, TWR, SR, HOS and Tolerance Grade for three

repetitive runs of the experiment are shown in Table 4.10.

Table 4.10 Control Log and Observations for Experiment No. 7

Control Log
Slurry ) o Cryo
Tool Type Power Rating | Grit Size Cryo Tool
Type Work
B4C HCS 50% 220 DCT SCT
Observations
MRR TWR SR HOS
Run No. ) ) ) Tol. Grade
(mm?3/min) (mm?3/min) (microns) (mm)
1 0.3354 0.4465 1.46 0.292 IT 14
2 0.368 0.3654 1.55 0.316 IT 14
3 0.3745 0.4177 1.52 0.313 IT 14

Table 4.11 shows the results and control log corresponding to three repetitions of
experiment no. 8. This experiment was performed with stainless steel tool using #400 size
boron carbide abrasive slurry at 400 W power. Tool material was not subjected to

cryogenic treatment while work material underwent deep cryogenic treatment.

Table 4.11 Control Log and Observations for Experiment No. 8

Control Log
Slurry ) o Cryo
Tool Type Power Rating Grit Size Cryo Tool
Type Work
B4C SS 80% 400 uT DCT
Observations
MRR TWR SR HOS
Run No. ] ] ] Tol. Grade
(mm3/min) (mm3/min) (microns) (mm)
1 0.5488 0.5872 1.3 0.262 IT 14
2 0.5945 0.6067 1.17 0.292 IT 14
3 0.5333 0.6578 1.28 0.265 IT 14
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Ninth experiment of DOE was performed with shallow cryogenic treated titanium tool
material using #500 particle size boron carbide abrasive slurry at 100W USM power.
Table 4.12 shows the control log and observations for response variables of MRR, TWR,
SR, HOS and Tolerance Grade for three repetitive runs of the experiment.

Table 4.12 Control Log and Observations for Experiment No. 9

Control Log
Slurry ) o Cryo
Tool Type Power Rating Grit Size Cryo Tool
Type Work
B4C Ti 20% 500 SCT uT
Observations
MRR TWR SR HOS
Run No. _ _ _ Tol. Grade
(mms/min) (mm3/min) (microns) (mm)
1 0.124 0.1172 0.48 0.154 IT 13
2 0.1087 0.0987 0.46 0.16 IT 13
3 0.1426 0.1432 0.56 0.172 IT 13

Table 4.13 shows control log and results of three runs of experiment no. 10. This
experiment was performed using a mixture of identical grit size slurry of aluminium
oxide and silicon carbide of #500 grit size with HCS tool at 400W power. The tool as
well as the work material were subjected to shallow cryogenic treatment.

Table 4.13 Control Log and Observations for Experiment No. 10

Control Log
Slurry ) o Cryo
Tool Type | Power Rating Grit Size | Cryo Tool
Type Work
Al2O3+ SiC HCS 80% 500 SCT SCT
Observations
MRR TWR SR HOS
Run No. ] ] _ Tol. Grade
(mm3/min) | (mm?3min) (microns) (mm)
1 0.2245 0.3005 1.05 0.199 IT 14
2 0.2335 0.2675 0.96 0.184 IT 14
3 0.1987 0.2345 0.93 0.205 IT 14

Identical grit size mixture of aluminium oxide and silicon carbide slurry but of #220

particle size was used with stainless steel tool to carry out experiment no. 11. The tool as
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well as work material were subjected to deep cryogenic treatment and the power was
maintained at 100W during the experiment. The results obtained for the five response
variables across three repetitions of the experiment and control log are given in Table
4.14.

Table 4.14 Control Log and Observations for Experiment No. 11

Control Log
Slurry _ o Cryo
Tool Type | Power Rating Grit Size Cryo Tool
Type Work
Al;Os3+ SiC SS 20% 220 DCT DCT
Observations
MRR TWR SR HOS
Run No. _ ] ] Tol. Grade
(mm3/min) | (mm?3min) (microns) (mm)
1 0.1782 0.1845 1.16 0.286 IT 14
2 0.1527 0.1143 1.13 0.26 IT 14
3 0.16 0.1378 1.04 0.258 IT 14

The control log for experiment no. 12 is given in Table 4.15 which was carried out with
#400 size slurry of aluminium oxide and silicon carbide mixture at 250W USM power.
The titanium tool as well as work material were not subjected to any type of cryogenic
treatment. The response variables for the three runs of the experiment have been recorded
in the Table 4.15.

Table 4.15 Control Log and Observations for Experiment No. 12

Control Log

Slurry Tool Type | Power Rating Grit Size Cryo Tool Cryo

Type Work

Al2O03+ SiC Ti 50% 400 uT uT
Observations
Run No. MRR TWR SR HOS Tol. Grade
(mmé/min) (mm?3/min) (microns) (mm)

1 0.1405 0.1112 0.95 0.157 IT 13

2 0.1687 0.1166 1.04 0.184 IT 13

3 0.1278 0.1345 1.07 0.187 IT 13
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Mixture of Silicon Carbide and Boron Carbide abrasive slurry was created in three
different grit sizes for execution of experiment no. 13 to experiment no. 15. HCS tool was
used for experiment no. 13 at 250W power using untreated tool material and deep cryo
treated work material as given in Table 4.16. #500 grit size mixture was used for

experiment no. 13 and the response variables have been recorded in the table.

Table 4.16 Control Log and Observations for Experiment No. 13

Control Log

Slurry Tool Type | Power Rating Grit Size Cryo Tool Cryo

Type Work

SiC + B4C HCS 50% 500 uT DCT
Observations

Run No. MRR TWR SR HOS Tol. Grade
(mm?3/min) (mm?3/min) (microns) (mm)

1 0.2769 0.3974 0.76 0.151 IT13

2 0.3168 0.35 0.82 0.175 IT 13

3 0.287 0.3323 0.85 0.148 IT13

Stainless steel tool material alongwith 400W USM power and coarser abrasive particles
of #220 were used for carrying out experiment no. 14. The control log for
experimentation involving shallow cryo treated tool and untreated work material and

results obtained for the five response variables are given in Table 4.17.

Table 4.17 Control Log and Observations for Experiment No. 14

Control Log
Slurry Tool Type | Power Rating | GritSize | Cryo Tool Cryo
Type Work
SiC + B4C SS 80% 220 SCT uT
Observations
Run No. MRR TWR SR HOS Tol.
(mm3/min) (mm?3/min) (microns) (mm) Grade
1 0.5551 0.5117 1.68 0.364 IT 15
2 0.4888 0.4954 1.59 0.341 IT 15
3 0.5234 0.5565 1.56 0.35 IT 15
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Effect of deep cryogenic treatment on tool material and shallow cryogenic treatment on
work material was explored in experiment no. 15 using titanium tool material at 100W
power and with #400 grit size of abrasive slurry comprising of mixture of boron carbide
and silicon carbide. The control log and observations for MRR, TWR, SR, HOS and

Tolerance Grades for the three runs of the experiment are given in Table 4.18.

Table 4.18 Control Log and Observations for Experiment No. 15

Control Log
Slurry Tool Type | Power Rating Grit Size Cryo Tool Cryo
Type Work
SiC + B4C Ti 20% 400 DCT SCT
Observations
Run No. MRR TWR SR HOS Tol. Grade
(mm3/min) (mm3/min) (microns) (mm)
1 0.1354 0.0976 0.72 0.192 IT13
2 0.0954 0.1605 0.78 0.174 IT13
0.111 0.1258 0.69 0.168 IT 13

Table 4.19 shows control log and observations for the five response variables
corresponding to experiment no. 16 which was carried out at 400W power using HCS
tool and #400 grit size of abrasive slurry formed from mixture of aluminum oxide and
boron carbide. Tool material was given deep cryogenic treatment while work material did

not undergo any type of cryogenic treatment.

Table 4.19 Control Log and Observations for Experiment No. 16

Control Log

Slurry Tool Type | Power Rating Grit Size Cryo Tool Cryo

Type Work

AlOs+ B4sC | HCS 80 400 DCT uT
Observations
Run No. MRR TWR SR HOS Tol. Grade
(mm3/min) | (mm3min) (microns) (mm)

0.3461 0.3768 1.23 0.254 IT 14

0.3905 0.3576 1.32 0.248 IT14

0.3268 0.3154 1.35 0.269 IT14

Mixture of fine grit size of #500 of aluminum oxide and boron carbide abrasives was used

for experiment no. 17. Untreated stainless steel was tool material and the machining was
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carried out at 100W power when shallow cryogenic treatment was imparted to work
material. Detailed control log and the results obtained for all the response variables of are

given in Table 4.20.

Table 4.20 Control Log and Observations for Experiment No. 17

Control Log
Slurry Tool Type | Power Rating | Grit Size | Cryo Tool Cryo
Type Work
Al>,O3+ B4C SS 20 500 uT SCT
Observations
Run No. MRR TWR SR HOS Tol.
(mm3/min) | (mm3/min) (microns) (mm) Grade
1 0.1511 0.1932 0.68 0.196 IT14
2 0.152 0.1345 0.7 0.182 IT 13
3 0.1854 0.1781 0.6 0.177 IT13

Table 4.21 shows the control log for experiment no. 18. The results obtained for MRR,
TWR, SR, HOS and Tolerance Grade corresponding to three replications of the
experiment are shown in this table when experiment was carried out using shallow
cryogenic treated titanium tool #220 grit size slurry of aluminium oxide and boron
carbide mixture. USM power was maintained at 250W while deep cryogenic treated work
material was used. The analysis of variance (ANOVA) was performed on measured
values to determine total variability of the observed outcomes which is the summation of

variance due to various input parameters under control and experimental error.

Table 4.21 Control Log and Observations for Experiment No. 18

Control Log

Slurry Tool Type | Power Rating Grit Size Cryo Tool Cryo

Type Work

Al,Os+ B4C Ti 50 220 SCT DCT
Observations

Run No. MRR TWR SR HOS Tol. Grade
(mm?3/min) (mm3/min) (microns) (mm)

0.2595 0.2232 1.01 0.235 IT 14

0.2145 0.1782 1.12 0.237 IT 14

0.237 0.186 1.14 0.217 IT 14
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The ANOVA also leads to identification of significant and non-significant parameters of
the study. In the presented study, ANOVA was performed on raw as well as S/N data and
significance of parameters was determined from F-value at 95% confidence level by
comparison with tabulated F-value. The analysis of each of the response variables is

presented in following sections.

4.3 MATERIAL REMOVAL RATE (MRR)

Material removal rate corresponding to three runs of each experiment was calculated
using Equation 4.1. Figure 4.6 shows average value of MRR for each of the eighteen

experiments.

Variation of Average MRR
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Figure 4.6 Average MRR across 18 sets of experiments

S/N ratio for material removal was calculated using Equation 3.1 since MRR is a higher
the better quality characteristic. MINITAB 17 was used to calculate S/N ratios and
perform ANOVA. Table 4.22 displays the ANOVA output for the corresponding S/N

data.
Table 4.22 ANOVA Table for MRR (S/N ratios)

Analysis of Variance for SN ratios (MRR)

Source DF Seq SS Adj SS Adj MS F P
Slurry Type 5 109.842 109.842 21.9683  28.05
0.035"

Tool Type 2 41.197 41.197 20.5986 26.30
0.037"

Power Rating 2 155.945 155.945 77.9726 99.57
0.010"

Abrasive Grit Size 2 26.465 26.465 13.2324 16.90
0.056"

Cryogenic Treatment Tool 2 4.161 4.161 2.0807 2.66 0.273
Cryogenic Treatment Work 2 5.309 5.309 2.6545 3.39 0.228
Residual Error 2 1.566 1.566 0.7831

Total 17 344.485
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DF:Degree of Freedom; Seq SS: Sequential Sum of Squares; Adj SS: Adjusted Mean Square Error
*Significant Prameters

The highest and lowest value of MRR detected from the total of 54 runs was 0.5845
mm3/min and 0.0874mm%min. As is evident from the F-column of Table 4.22 and
corresponding p-value, slurry type, tool type and power rating are the most significant
parameters affecting MRR while grit size is slightly less significant. The variation of
MRR data means and S/N ratios across different abrasive slurries is shown in Figure 4.7.
Higher machining rates corresponding to boron carbide abrasive slurry are due to the
highest knoop hardness associated with this abrasive slurry among the selected ones for
the study which causes enhanced cutting ability of these particles leading to higher rates

of work-piece removal.

Effect of Slurry Type
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Figure 4.7 Variation of MRR with use of different abrasive slurries

In contrast, the aluminium oxide abrasives being the softest among the selected abrasives
lead to lowest rates of machining. The mixture slurries have performed according to the
relative cutting ability of the constituent slurries and there does not appear to be any
adverse detrimental effect of mixing on the cutting ability of individual type of abrasive

particles.
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Effect of Power Rating
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Figure 4.8 Variation of MRR with USM Power
The three pure slurries could be ranked in decreasing order of MRR from boron carbide
to silicon carbide and then to aluminium oxide. Figure 4.8 and Figure 4.9 show the effect
of power rating and tool type on MRR. USM power primarily accounts for mass of tool-
horn combination that can be actually utilized for a given application and hence higher
power ratings are associated with increased momentum transfer to workpiece
[3,110,114,133,155] by the abrasive particles of the slurry impinging on the workpiece.
MRR, therefore, was found to increase steadily with increase in percentage power rating
of USM from 20% of the rated power (100W) to 80% (400W). Among the three tool
materials used in the study, Stainless Steel tool resulted in maximum MRR while
Titanium tool caused the lowest value of MRR when machining the alloy work-piece.
HCS tool resulted in marginally lesser MRR compared to SS tool but resulted in
significantly more MRR in comparison to Ti tool. MRR in USM is a function of relative
tool-workpiece hardness and work-hardening ability. In some of the previously conducted
studies of similar type, Kumar and others [110,114] have advocated a harder tool
resulting in higher MRR, however Singh and Khamba [117] have found stainless steel as

a better tool material for MRR due to superior tool-workpiece combination.
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Effect of Tool Type
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Figure 4.9 Effect of Tool Material on MRR

The use of stainless steel has also resulted in superior MRR in the present case as
compared to a relatively harder HCS and softer Ti tool thus substantiating that it is not
just the hardness of the tool but the relative tool-workpiece combination which

determines the extent of strain hardening of work material resulting in plastic deformation

of the material before fracture.
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Figure 4.10 Variation of MRR with Abrasive Grit Size

Highest MRR was associated with the coarse abrasive slurry of particle grit size #220
among the three particle sizes explored in the study. Since the major mechanism of
material removal in USM is that of hammering of abrasive grains, therefore coarser
particles were associated with a larger hammering effect at localized regions under the
tool causing higher impact energy owing to larger associated momentum and accordingly
caused higher rates of material removal from the work surface. Figure 4.10 shows that

MRR increases approximately linearly with increase in abrasive grit size from #500 to
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#200. Deep cryogenic treatment of tool has been found to be associated with lower MRR
while that for workpiece has been found to be associated with higher MRR as shown in
Figure 4.11 and 4.12 respectively. However, this variation has been found to be
statistically insignificant from the ANOVA Table 4.22, and might be attributed to some

reduction in resistance to fracture for the alloy work-piece.

Effect of Cryogenic Treatment on Tool
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Figure 4.11 Effect of CT to Tool on MRR

From the findings of the current study it is apparent that the USM power rating is the
most significant of all the parameters considered because it directly determines the extent
of energy with which the abrasive particles strike the work-piece. A comparison with the
reported studies of similar nature indicates some similarity with regard to pattern of
variation across the various levels of parameters. Kumar and Khamba [114] also reported
similar trend of variation across power rating, grit size and abrasive type for MRR. Singh
and Khamba [117] have reported similar trend of variation across three different types of
slurries while Titanium based tool material owing to its peculiar fracture toughness and
work hardening characteristics resulted in lowest MRR among the chosen tool material in
both the studies. Kataria et al. [139] have also reported a linear trend in variation of MRR
with power rating and abrasive grit size with coarser abrasives and higher power rating
resulting in higher MRR. However tool hardness was found to be directly affecting the
material removal rate [139] whereas in present study and those conducted by Singh and
Khamba [117] it is the relative combination of tool-workpiece that determines favourable
extent of work hardening responsible for superior material removal rate. It has been found

that a harder tool may not result in more MRR.
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Effect of Cryogenic Treatment on Workpiece
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Figure 4.12 Effect of CT to work piece on MRR

From the analysis of the main effect plots for MRR, the parametric setting corresponding
to the highest value of MRR is obtained at AsB2CsDi1E1Fs which corresponds to boron
carbide slurry, stainless steel tool, 400W power rating, 220 grit size, untreated tool and

deep cryo treated work-piece.

Titanium and its alloys owing to their superior fracture toughness undergo considerable
plastic deformation prior to fracture in ultrasonic machining. Accordingly, material
removal mechanism has been found to vary from being ductile to that of brittle mode
during various experimental conditions under different values of control parameters while
largely being a combination of the two modes. SEM micrographs of machined region
indicate this variation. Figure 4.13 (a-b) show SEM micrographs of machined region
corresponding to experiment no. 8 that was performed with Boron carbide slurry and

stainless steel tool at a power rating of 400W.
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(b)
Figure 4.13 SEM Micrographs of Machined Region corresponding to Experiment No. 8 at
magnification of a) 500X and b) 1000X
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Impact of hard boron carbide abrasive particles striking with enormous momentum at the
work surface cause shear and propagation of fracture into the work-surface. The fracture
pattern is quite uniform across the workpiece and fracture boundaries indicate
propagation of cracks into the surface causing cleavages indicating largely brittle mode of

fracture with signs of plastic deformation
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Figure 4.14 SEM Micrographs of Machined Region corresponding to Experiment No. 15 at
magnification of a) 500X and b) 1000X

However as is evident from Figure 4.14 (a-b) and Figure 4.15 (a-b) corresponding to
experiment no. 15 and experiment no. 1 respectively, there are dimples and depressions
indicating large amount of plastic deformation with little indication of cracks. The
fracture pattern thus indicates that of being predominantly of ductile mode.
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Figure 4.15 SEM Micrographs of Machined Region corresponding to Experiment No. 1 at
magnification of a) 500X and b) 1000X

Under the low power of USM finer and not so strong abrasive grains repeatedly hammer

the work surface causing enough of plastic deformation prior to fracture in micro shear
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planes similar to chipping of worksurface leading to failure mode similar to that in case of
ductile fracture. Similar trend of extensive plastic deformation has also been observed in

machined zone corresponding to experiment no. 9 whereiin under the repeated impacts of
very fine boron carbide particles at low momentum associated with 100W USM power,

work material underwent strain hardening.
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Figure 4.16 SEM Micrographs of Machined Region corresponding to Experiment No. 9 at
magnification of a) 500X and b) 300X

Evidence of adequate plastic deformation is visible from the micrographs shown in Figure
4.16 (a-b). Cracks and depressions are sparingly distributed in machined zone indicating a
combination of brittle and ductile fracture mode owing to mixture of aluminium oxide
and boron carbide slurry with large difference in knoop hardness corresponding to

experiment no. 16 as shown in Figure 4.17 ( a-b).
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Figure 4.17 SEM Micrographs of Machined Region corresponding to Experiment No. 16 at
magnification of a) 500X and b) 300X

Owing to finer particle sizes of relatively higher hardness being pushed hard into the

workpiece by harder high carbon steel tool, a mixed fracture mode dominated by brittle

97



fracture with fine cracks travelling beneath the surface were observed corresponding to

experiment no. 13 as shown in Figure 4.18 ( a-b).
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Figure 4.18 SEM Micrographs of Machined Region corresponding to Experiment No. 13 at
magnification of @) 1000X and b) 500X

Big and deep craters with deep indents and cleavages are visible in the machined zone
owing to strong and hard coarse abrasives hammered with large momentum into the

workpiece corresponding to experiment no. 14 as shown in Figure 4.19 (a-b).
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Figure 4.19 SEM Micrographs of Machined Region corresponding to Experiment No. 14 at
magnification of a) 500X and b) 300X

4.4 TOOL WEAR RATE (TWR)

Tool wear rate was measured as volumetric loss of material from the frontal tool tip
surface transferring energy to work surface through abrasive slurry media and was
determined across the different runs of 18 experiments using Equation 4.2. Figure. 4.20
represents the variation of Average TWR across 18 experimental runs while table 4.23
displays ANOVA results for S/N data. S/N data was calculated using Equation 3.2 since
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TWR is a lower the better characteristic. MINITAB 17 software was used to calculate
S/N data and perform ANOVA on raw as well as S/N data.

Variation of Average Tool Wear Rate
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Figure 4.20 Variation of average TWR across 18 experimental runs
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From the raw data of 54 experimental runs, it is evident that the variation of TWR was in
the range of 0.096 — 0.646mm?min. It can be deduced from Table 4.23 that the slurry

type, grit size, power rating and tool type are all highly significant parameters while

cryogenic treatment of tool material is slightly less significant parameter to establish

TWR.

Table 4.23 ANOVA Table for TWR (S/N ratios)

Analysis of Variance for SN ratios

Source DF
Slurry Type

Tool Type

Power Rating

Abrasive Grit Size
Cryogenic Treatment Tool

DD DN DN DN O

Cryogenic Treatment Work
Residual Error 2
Total 17

(TWR)

Seqg SS
91.797
77.088
132.377
38.465
22.538
3.249

1.742

367.257

Adj SS
91.797
77.088
132.38
38.465
22.538
3.249
1.742

Adj MS
18.3594
38.5440
66.1885
19.2325
11.2691
1.6247
0.8711

F
21
44

.08
.25
75.
22.
12.

98
08
94

1.87

O O O O o o

.046"
.0227
.013”
.043"
L0727
.349

DF:Degree of Freedom; Seq SS: Sequential sum of square; Adj SS: Adjusted mean square error

*Significant Parameters

Higher USM power results in impacting of abrasive particles on the tool surface with

higher momentum. Abrasive particles rebound from the work surface with higher

intensity and cause erosion of tool surface [116,130], more so on periphery while exiting

the machining zone, thus resulting in dish formation at the tool surface. Accordingly a

nearly linear variation with power rating, as shown in Figure 4.21, indicates that higher
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power results in higher tool wear as was the case with MRR. The increase became even

steeper as power increases from 250W to 400W indicating the increased influence of

momentum at higher power.

Effect of Power Rating
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Figure 4.21 Variation of Tool Wear with Power

The tool material itself is a very important aspect for determining TWR as can be seen
from Figure 4.22. Ti has a favourable characteristic with regard to relative tool-workpiece
hardness which is an important consideration in determining the loss of material from

either of the tool and work-piece.
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Figure 4.22 Effect of Tool Type on Tool Wear

In addition to this, superior work-hardening characteristics and better fracture toughness

ensures that Ti undergo immense plastic deformation prior to failure, therefore Ti tool
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performed better among the three tool materials as far as TWR was concerned while HCS

tool had maximum rate of wear.
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Figure 4.23 Effect of grit size on TWR

Among the abrasive slurries, higher cutting ability of boron carbide abrasives owing to its
higher knoop hardness resulted in maximum tool wear while bigger particle size
associated with #220 slurry led to more wear of tool as was the case with material
removal from work piece due to higher associated impact energy. Figure 4.23 and 4.24

validates this pattern of effect of abrasive grit size and slurry respectively.

Effect of Slurry Type
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Figure 4.24 Variation of TWR with slurry type
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In a similar study conducted on USM of pure titanium Kumar et al. [121], reported
titanium alloy to be the best performing tool with regard to tool wear owing to its superior
work hardening and fracture toughness properties and outperformed harder tools such as
cemented carbide. Kataria et al. [139] have also reported similar trend of variation for
abrasive grit size and power rating for establishing tool wear rate. Cryogenic treatment is
known to improve the wear resistance in tool steels. Figure 4.25 show micrographs of
tools and workpiece, respectively, post cryogenic treatment. The precipitation of fine
secondary carbides (SC), appearing as small white dots, after cryogenic treatment
alongwith distribution of primary carbides (PC), comprising of bigger white regions, in
HCS tool causes improvement in wear resistance. Cryogenic treatment has resulted in
refinement of grains in stainless steel as shown in Figure 4.25 (b). Gu et al. [101] found
the reduction in B-phase particles in Titanium alloy after cryogenic treatment and
attributed the same for improvement in plasticity. Consequently, cryogenic treatment has
been associated with reduction in tool wear owing to these transformations in the
materials. However, in USM fracture toughness is a more important property as it also
affects the extent of work hardening. Effect of DCT has been found to be favourable for
reducing tool wear rate as is indicated by S/N ratio plot shown in Figure 4.26, which
means that DCT could have also marginally improved the fracture toughness of the steel
based tool materials. However, the favourable characteristics of the extent of plastic
deformation and work hardening with Ti tool on Ti-6Al-4V work-piece seems to have

become the dominant property for reducing the tool wear in the present case.

102



(d)

Figure 4.25 Optical micrographs at 400x of Materials post cryogenic treatment (a)
HCS (b) SS (c) Titanium tool (d) Ti-6Al-4V workpiece

There are conflicting reports available in literature related to effect of cryogenic treatment
on impact toughness of steels. While Das and Ray [89] reported a marginal decrease in
fracture toughness of cryogenic treatment of D2 steel, Molinari et al. [92] found no
change in impact toughness when cryogenic treatment was carried out after tempering as
in this case. However Prieto et al. [93] has reported an improvement in impact toughness
of SS420. So the results of present study indeed indicate that it is the relative tool-work-
piece combination and extent of work-hardening which is a significant determinant of
material removal from tool as well as work-piece. A favourable combination for MRR
will be the one which will reduce the strain hardening of work material while a

combination that results in extensive work hardening prior to fracture of tool will reduce

the TWR.
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Figure 4.26 Variation of tool wear with CT
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The most favourable setting for Tool Wear as determined from analysis of Main Effects
plots (Figures 4.21-4.24, 4.26-4.27) from Taguchi Design of Experiments (S/N ratio
analysis) is at A1BsCiDsEsF1. This is in accordance with fundamental principles of USM.
In USM, the machine settings which contribute to higher MRR also cause higher TWR

and vice versa [114,116]. The same is apparent from the peaks of variation plots.

Effect of Cryogenic Material on Work Material
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Figure 4.27 Effect of CT to workpiece on TWR

So lower values of power rating, finer grains and relatively softer abrasives are
recommended for improving the TWR in USM. The confirmatory experiments conducted
at best settings of MRR and Tool wear as per DOE, do establish the validity of the
findings as the values for MRR and TWR have been found to be 0.6358mm?®min and

0.0975mm3/min respectively which are the highest and lowest values within the

experimental space.

4.5 SURFACE ROUGHNESS (SR)

Surface roughness was measured in terms of arithmetic mean roughness, Ra, using
Mitutoyo surface roughness tester with a sampling length of 2.5 mm. The average value
of SR for each of the 18 experimental trials is represented in Figure 4.28.
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Average Surface Roughness
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Figure 4.28 Average Surface Roughness Values

The main effects plot for S/N ratio and raw data are shown in Figure 4.29-4.33 and Figure
4.35. From the ANOVA table 4.24 and from main effects plots it is evident that Grit Size
is the most important and the most influential parameter that determines the SR of
machined area in ultrasonic machining. It can be deduced from table 4.24 that the
percentage contribution of Grit Size towards determining SR is maximum at 62.46%.
Bigger abrasive particle size associates with larger momentum transfer to the work piece
and accordingly the crater size on the work piece is increased because of larger chunk of

material removal thus hampering the surface finish.

Table 4.24 ANOVA Table for S/N Ratio for Surface Roughness

Analysis of Variance for SN ratios

Source SeqSS AdjSS AdjMS F P
Slurry Type 3.255 3.2553 0.6511 4.91  0.178'f
Tool Type 21.224 21.2238 10.6119 80.06 0.012"

24.168 24.1680 12.0840 91.16 0.011"
88.103 88.1025 44.0513 332.33 0.003™
1.396  1.3960 0.6980 5.27 0.160'"
2.646 26460 1.3230 9.98 0.091°
0.265 0.2651 0.1326

141.057

Power Rating

Abrasive Grit Size
Cryogenic Treatment Tool
Cryogenic Treatment Work
Residual Error

Total

- O
S S L SIS NG

** Highly Significant ~ *Significant ~ fLess Significant  1Not significant

According to Kumar [128], bigger particle size also results in increased friction between
abrasive particle and work-piece due to lateral movement of the former under the
vibrating tool which coupled with downward movement results in creation of irregular
and rough surface. The dominating significance of abrasive grit size has also been

reported by several researchers in the past [15, 52, 110 ].
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Effect of Abrasive Grit Size
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Figure 4.29 Variation of SR with Grit Size

However, power rating and tool type were also found to be significant parameters in
establishing the surface finish in the present study and it can be deduced from Table
4.24 that the two account for 17.13% and 15.05% contribution, respectively, towards
establishing the SR of the machined zone. USM power directly determines the

momentum with which abrasive particles strike the work surface

Effect of Power Rating
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Figure 4.30 Effect of USM power on SR

A higher power results in higher momentum transfer to the abrasive particles causing
them to strike the work surface with greater force. This results in deeper and wider craters

and hence adversely affects the surface finish. Tool hardness also determines the energy

of impact of abrasive particles to the work surface.
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Effect of Tool Material
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Figure 4.31 Variation of SR with tool material

The worst surface has been generated by high carbon steel tool because of its higher

hardness whereas titanium being softest of the three tool materials resulted in best surface

finish.
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Figure 4.32 Effect of slurry type on SR

However, the surface finish of the tool is also responsible for quality of surface generated
at the work-piece and that is precisely the reason why prior to start of every experiment
facing operation was carried out on the tool surface to give identical finish to tool at start

of each experiment. Apart from tool hardness, its toughness and resistance to fracture also
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affects surface integrity of tool during machining and hence quality of surface generated

at work-piece.

Effect of Cryogenic Treatment on Tool Material
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Figure 4.33 Effect of CT to tool on SR
Fracture at tool surface on titanium tool is hampered by its superior toughness which
protects the surface from easy deterioration under the impact of abrasive grains and hence
the Ti tool significantly outperformed the other two tool materials. Cryogenic treatment is
known to improve the wear resistance in the steels largely due to conversion of retained

austenite into martensite and precipitation of secondary carbides [80-81, 92].

Figure 4.34 Optical Micrograph of the HCS tool at 500X (a) Untreated (b) Deep cryogenic
treated

Figure 4.34 shows precipitation of fine secondary carbides as effect of DCT on
microstructure of HCS tool. DCT improves the wear resistance of the tool and therefore
the DC treated tools were able to retain their shape and contributed towards improved

surface finish. However the phenomenon of material removal from tool in USM is more
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complicated than just a sliding wear problem and also involves the effect of plastic
deformation prior to fracture and strain hardening which probably was the reason behind
the little significance of the parameter in this study. It can be observed from the main
effects plot that there is marginal difference in surface finish between untreated samples
and SCT samples while studying the effect of cryogenic treatment on work-material,

however there is a markedly improved surface finish in DCT samples.

Effect of Cryogenic Treatment on Work Material
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Figure 4.35 Effect of CT to workpiece on SR

Micro-hardness evaluation of samples prior and after the CT didn’t reveal much
difference. So the improved surface finish was probably not due to change in hardness but
could be the result of some change in mechanical properties of the Ti alloy post deep
cryogenic treatment. A comparison of SEM micrographs (Figure 4.36) of the machined
region in DCT and UT samples indicate a difference in the cleavage of material from the
work piece surface in the two types of samples. Figure 4.36 (a-b) correspond to untreated
Ti-6Al-4V work-piece machined with higher power ratings and rather coarser grains
while Figure 4.36 (c-d) correspond to DCT samples machined with low to moderate
power with relatively finer grains. The deep and uneven cleavages in the former indicate
total brittle fracture with cracks travelling deep beneath the surface while the presence of
comparatively uniform and small micro-cavities indicate some ductile mode of fracture at

surface in the later.
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Figure 4.36 SEM micrographs at 1500X corresponding to a) Exp. 14 b) Exp. 16 c¢) Exp. 13 d)
Exp. 4

Ti-6Al-4V consists of a and B phases comprising of hexagonal closed pack and body
centered cubic structure respectively, while the alloying elements stabilize the two
phases. A careful glance at optical micrographs of the untreated and deep cryogenic
treated samples of Ti-6Al-4V indicate a reduction in B-phase particles as shown in Figure
4.37. Gu etal. [101-102] have also reported improvement in plasticity, yield strength and
hence ductility of the alloy after cryogenic treatment and have attributed the same to the
phase transformations wherein metastable B-phase gets transformed to stable o and f
phase due to variation in concentration of stabilizing alloying element. Superior plasticity
and ductility of the material could have changed the fracture pattern of the material under
the impact of grains and the mode of fracture may shift slightly from brittle towards
ductile and thus leading to reduction in the size of indentation on the work-surface and
hence improving the finish.

From the main effects plots of Figure 4.29-4.33 and Figure 4.35, it can be seen that the
best setting for minimum SR, and hence maximum surface finish, can be obtained at
A1B3CiD3EsFs which corresponds to aluminium oxide slurry, Ti tool, 100W power,
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abrasive grit size of 500 and deep cryogenic treated tool and workpiece. The confirmation
experiment conducted at this setting resulted in an average SR of 0.28um which is global

minimum within the experimental space.

50 i |

Figure 4.37 Optical micrographs at 500X of Ti-6Al-4V a) Untreated b) Deep Cryogenic Treated
4.6 DIMENSIONAL ACCURACY (HOLE OVERSIZE)

Hole oversize and thus dimensional in-accuracy is caused by influx of abrasive slurry

between the tool and work-piece lateral surface as shown in Figure. 4.4.

Average Hole Oversize v/s Experiment No.
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Figure 4.38 Average value of HOS corresponding to 18 experimental conditions
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The average HOS corresponding to 18 experimental runs is shown in Figure 4.38. A
glance at Table 4.25 indicates that Grit Size is the most significant and dominating factor
in establishing the dimensional accuracy. The prominence of abrasive size in establishing
dimensional accuracy has also been highlighted by other researchers in past [129, 130,
134]. HOS increases almost linearly (Figure 4.39) as the abrasive grit size changes from
finer #500 size to coarser #220 size owing to relatively large difference in average

particle sizes.

Table 4.25 ANOVA for Data Means (HOS)

Analysis of Variance for Means

Source DF Seq SS Adj SS Adj MS F P
Slurry 5 0.003662 0.003662 0.000732 3.00 0.269
Tool 2 0.006949 0.006949 0.003475 14.22 0.066%*
Power Rating 2 0.007865 0.007865 0.003932 16.10 0.058%*
Grit Size 2 0.054189 0.054189 0.027094 110.91 0.0009t
Tool CT 2 0.001707 0.001707 0.000853 3.49 0.223
Workpiece CT 2 0.001077 0.001077 0.000539 2.20 0.312
Residual Error 2 0.000489 0.000489 0.000244

Total 17 0.075937

+ Highly Significant * Significant

A coarser grit size leads to bigger gap between the tool surface and inside surface of the
machined hole. These findings are in accordance with several published results on
dimensional accuracy [15, 54, 129, 134, 155].

Effect of Abrasive Grit Size
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Figure 4.39 Variation of HOS with Abrasive Grit Size

The material removal mechanism in the lateral gap between tool surface and machined
walls of the drilled hole (Figure 4.4) comprises of abrasion of slurry against the two

surfaces and rolling of abrasive particles in the gap. Magnified intensity of lateral
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vibrations at higher power rating resulted in increased transfer of the momentum through
the oscillating energized tool to the abrasives. Due to this increased momentum
associated with abrasive particles in the lateral gap, there is hammering of abrasives
against the workpiece surface in lateral gap which cause higher oversize. However the
variation with power was not found to be linear (Figure 4.40) as was the case with grit
size. Lower power ratings are associated with low rate of material removal in the frontal

zone between tool and workpiece because of reduced momentum available with abrasive

particles.
Effect of Power Rating
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Figure 4.40 Effect of Power Rating on HOS

This slow down the machining in frontal zone. However the abrasive particles in lateral
gap remain in action during this period and cause oversize. The minimum oversize is
produced at moderate power ratings. These findings are in conformance with some of the
similar studies [138]. Tool material has also been observed to affect the dimensional

accuracy significantly.
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Effect of Tool Material
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Figure 4.41 Effect of Tool Material on HOS

Figure 4.41 indicates that tools of HCS and SS due to their higher hardness resulted in
more oversize owing to higher momentum transfer to abrasives in the lateral direction.
Titanium on the other hand with relatively lesser hardness, also possesses superior
fracture toughness and thus resists the tool wear and therefore displayed markedly
improved results in reducing oversize and hence improving dimensional accuracy. An
increased tool wear has been associated with poor dimensional accuracy by researchers in
the past as well [129,134].
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Figure 4.42 Effect of Slurry Type on HOS

Among the other parameters, improved accuracy with deep cryogenic treatment can also
be attributed to reduced tool wear post cryogenic treatment. B4sC abrasive slurry with
maximum knop hardness resulted in maximum oversize (Figure 4.42) due to stronger
cutting action, although the effect on dimensional deviation due to change in slurry was

not of much significance as has also been reported by Kuo et al. [54].
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Effect of Cryogenic Treatment on Tool Material
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Figure 4.43 Variation in HOS with CT of Tool

However as was the case with power rating, relatively weaker abrasive slurry of Al2Os
resulted in slower rate of material removal under the frontal surface of tool and thus
engaged the particles in lateral zone. The best result was thus obtained with SiC slurry
having an optimum knop hardness from dimensional accuracy view point. However
variation due to these parameters was statistically insignificant as was the case with

cryogenic treatment of tool and work material (Figure 4.43-4.44).

Effect of Cryogenic Treatment on Work Material
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Figure 4.44 Effect of CT to Workpiece on HOS

Among the six parameters chosen for study, abrasive grit size, power rating and tool type
were the statistically significant parameters for determining the hole oversize. From the
above discussion, it is apparent that hole oversize is a function of abrasive particle size as

well as rate of machining in frontal region. Factors contributing for higher machining
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rates such as grit size and high power rating also lend an increased momentum transfer in
lateral direction. However at low power ratings when the machining rates were relatively
lesser, abrasive particles continue to act in lateral direction causing oversize. The range of
oversize obtained in the present study varied between 3.5 times to 8.5 times of the
average particle size as against the theoretical value of twice the average particle size.
Though the magnitude of hole oversize was more for coarser particles than finer particles
but it was interesting to observe that when compared with respect to average particle size,
mean hole oversize (mean HOS/Avg. particle size) was slightly more for finer particles as
compared to coarser particles. This can also be attributed to slow machining rates
associated with finer particles that keep several layers of these particles engaged in the
lateral machining space between tool and workpiece. HOS in the present study ranged
from 0.352mm to 0.109mm during the 18 set of experiments. The maximum HOS was
observed corresponding to Experiment No. 14 while the least was found to occur during
Experiment No. 5. The best setting for the three significant parameters for minimum

oversize was recorded at abrasive grit size of 500 with Ti tool at 50% power rating.

SEM images of the machined zone indicated a good round profile corresponding to all the
experimental conditions. The hole edges were found to be generally free from cracks and
with minimal of burring. Typical edge quality can be seen from Figure 4.45

corresponding to Experiment 12.

Figure 4.45 SEM images corresponding to entry of machined zone (Experiment No. 12)

A careful control of process parameters can minimize the hole oversize and can improve
the edge quality as well. The effect of stringent lateral vibrations which are maximum at
entry to hole, larger grit size and tool hardness on edge quality can be seen from the
Figure 4.46. A finer grit size and optimum power rating generates a fine detailing at hole

edge in comparison to higher power rating and coarser grit size.
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Figure 4.46 Edge quality corresponding to Experiment No. 4, 5 and 6.
At higher power ratings machining behavior sometimes becomes unstable and causes
spattering of abrasive particles especially while using a harder tool due to excessive
momentum transfer to the abrasive slurry as shown in Figure 4.47. Appropriate fixture is
highly necessary to generate a true profile accordingly a suitable fixture was designed to

ensure the work-piece doesn’t slip away. The effect of slipping, which is especially

dominating at the entry, in the absence of an appropriate fixture can be seen from Figure
4.48.

Figure 4.47 Spattering (Exp. 16) Figure 4.48 Effect of in-appropriate fixture

4.7 TOLERANCE GRADES

ANOVA table 4.26 and response table 4.27 indicate that abrasive grit size is the most
significant factor in establishing the tolerance unit, and hence the tolerance grade,
followed by power rating and tool type while the variation due to other parameters is
statistically insignificant. Response Table indicates that least error in dimension, and thus
maximum accuracy, corresponded to finer grit size of #500 while coarser grit size of #220

resulted in maximum oversize.
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Table 4.26 ANOVA for Tolerance Unit n (raw data)

Analysis of Variance for Means

Source DF Seqg SS Adj SS Adj MS F P
Slurry Type 5 4860 4859.8 972.0 3.00 0.269
Tool Type 2 9223 9223.4 4611.7 14.22 0.066"
Power 2 10439 10438.5 5219.3 16.10 0.058"
Grit Size 2 71923 71923.2 35961.6 110.91 0.009"
Cryo tool 2 2266 2265.6 1132.8 3.49 0.223
Cryo Work 2 1430 1429.9 714.9 2.20 0.312
Residual Error 2 649 648.5 324.3

Total 17 100789

* Significant Parameters

This is due to the inclusion of bigger gap between tool and workpiece while using coarser
grains and the findings are in accordance with the established theories of ultrasonic
machining [15,136,138,156-157]. Adithan and Venkatesh [129] have also reported
abrasive grit size as the most influential parameter in determining the machining accuracy
wherein finer grit size resulted in minimum oversize which was also found to be reduced
with increased machining time due to abrasive wear and increased static load due to
crushing of abrasives. Increased momentum transfer associated with higher intensity of
lateral vibrations at 80% of power rating resulted in stronger impact of abrasive particles
on the hole surface which led to oversize and higher tolerance unit in the present study.

Table 4.27 Response Table for Tolerance Unit n (Means)

Response Table for Means

Slurry
Level Type Tool Type Power Grit Size Cryo tool Cryo Work
1 247.7 273.6 249.6 335.3 265.2 260.6
2 232.4 269.1 229.3 250.3 261.3 262.8
3 284.6 223.5 287.4 180.7 239.7 242.9
4 245.5
5 264.1
6 258.1
Delta 52.2 50.1 58.1 154.6 25.5 19.9
Rank 3 4 2 1 5 6

The optimum power rating from dimensional accuracy view point was at 50% while slow
machining that kept abrasives engaged in tool-workpiece gap on lateral direction was
responsible for poor accuracy at relatively lesser power ratings. Relatively harder tools of
HCS and SS resulted in higher momentum transfer and resulted in higher oversize on the
hole periphery while titanium owing to its peculiar mechanical properties exhibits
superior fracture toughness and resists erosion on the lateral side which led to minimum

oversize.
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Figure 4.49 SEM image for machined zone Figure 4.50 Edge profile of machined region

Figure 4.49 shows SEM images at the entrance of machined zone corresponding to high
power of 400W, hard tool of HCS and medium abrasive size of 400 corresponding to
Experiment 16 while Figure 4.50 shows edge profile corresponding to finer abrasive
particles of 500, lower power of 100 W and titanium tool material (Experiment 9). Both
the image indicate a good round profile at machined region and the hole edges were
found to be free from cracks and burrs. Hole edge depicts a smooth surface and

continuous profile.
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CHAPTER -5

MODELLING OF RESPONSE VARIABLES

5.1 ARTIFICIAL NEURAL NETWORK MODELLING

Estimation of response variables such as MRR, TWR and SR with variation in input
process parameters is of prime importance for a manufacturing engineer to enable setting
up of appropriate/optimal level values within a range for a required response value. The
task becomes all the more difficult when the dependency is on a number of control factors
as in ultrasonic machining. However, there are indicators which enable the experienced
manufacturers to set the control values to requisite limits and attain results close to target.
A more common approach that is followed by researchers is development of empirical

relationships using extensive experimentation.

A good model or theory should satisfy two important criterion, firstly it should be able to
describe a large set of observations corresponding to few arbitrary parameters and second,
the predictions made out of the theory should be verifiable [158]. Physical models such as
those of Shaw, Miller satisfy both the requirements [31] by basic analysis of theory of
material removal from work surface with careful observation of phenomenon and physics
involved in the process. In contrast, level one empirical relations such as a linear
regression equation necessitate as many parameters as the variable number for description
of experimental data with an uncertainty on physical justification. Data values are best
fitted to some specific relationship, generally linear in nature. Regression analysis suffers
from a couple of difficulties due to selection of relationship before analysis and the
equation, once derived, is applied to entire span of input space which may not be too
reasonable to assume [158]. Neural network based relations are however considerably
advantageous over regression equation and are extremely useful in situations where
physical models do not exist. The method also avoids the difficulties listed with

regression analysis.

Neural Networks are the result of extensive research in Artificial Intelligence that
attempts to model the human brain behavior. Barr and Feigenbaum [159] defined Al as
the part of computer science concerned with designing intelligent computer systems that

exhibit characteristics associated with intelligence in human behavior. Thus Al aims at
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making computers ‘think’ to enable them solve the problems requiring human human
intelligence. Expert Systems, Neural Networks and Fuzzy Logic systems are three major
technologies of Al. While the expert systems operating symbolically on a macroscopic
scale need knowledge of relationships irrespective of their development, Neural networks

use sub-symbolic processing at microscopic scale [160].

Some people may argue that neural network is just a technique of curve fitting as happens
with any other empirical modelling method. However there are some notable differences
between conventional empirical models and neural networks. The most prominent among
them is that neural networks possess better filtering capacity due to micro feature nature
of every node that encodes only a micro part of overall input-output pattern. The
networks are massively parallel resulting in independent operation of every node. These
networks are more adaptive compared to their counterparts in empirical modelling and are
truly multiple-input, multiple-output (MIMQ) systems thus making them far more

effective and versatile.

Neural networks aim at mapping a given set of input patterns corresponding to a specific
set of output patterns and this goal is accomplished by, firstly, learning from a series of
available data sets of output parameters corresponding to given input parameters and
subsequently, the developed network applies the learning to a new input pattern for
predicting corresponding output. This is similar to what happens in human brain wherein
the neurons within the nervous system have interaction in a very complex manner. The
input signal through some sensory stimulus is transferred to brain exciting the other
neurons and causing interaction amongst them. Brain responds with an output after
reaching a conclusion based on interaction of neurons. The microscopic interactions
among neurons, though invisible, but cause identifiable behavior. A simple example to
explain this can be thought of in terms of brain’s response when humans touch a hot
surface. The sensory stimulus of touch in this case transfers the signal to brain where it is
processed within the neurons and output is generated in form of instruction to withdraw
the hand immediately. Thus the input and output, touching the hot surface and
withdrawing the hand respectively, happened because of complex invisible interaction

among the neurons.

Neural Networks also use similar neuronal structure in computer modelling of intelligent

behavior. Artificial Neural Networks (ANN) are massive parallel systems composed of
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several simple processing units called neurons. An ANN is a multilayered architecture
having neurons grouped into three sets of input, hidden, and output layers. Input layer is
where the information is received from an external source and then is passed on to
network for further processing. This information is processed “quietly” in the hidden
layer and the results are sent out to external receptor from the output layer. The neurons
in adjacent layers are connected through certain weights that have to be established
during ANN training. Characterization of ANN is done through their architecture,
allocated weights and adjoined biases, and activation (transfer) functions which are used
in the processing layers. Direct ANNSs with supervised training and backpropagation (BP)

are in common use to solve most of the practical problems.

5.1.1 Mathematical model of a neuron

An artificial neural network may be viewed as a function which shall map input variables
into output variables. An artificial neuron is an information processing unit and is key
towards operation of neural networks. The basic model of a neuron is as shown in figure

5.1 [161]. This Model forms the basis of an artificial neural network design.

Input 1

!
Network
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o— X,
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Figure 5.1 Basic neuronal model [161]

The three main elements of a neuronal model include a set of connecting links possessing
some weights, an adder for summation of input signals and an activation function which
will limit the amplitude of output neuron [162]. The summation function generates the net
input coming to a cell by adding the weighted sum of inputs and is given by following

equation:

Eq. 5.1

n
IPi = ZWUX]-I- Wpi
i=0

where IP; is weighted sum of input values, i and j are processing elements w;; is weights

associated with connections between processing elements, n is number of processing
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elements and x; refers to output of jth processing element. In addition to this the network

also has an externally applied bias denoted by w;;which has the effect of controlling the
net input to activation function, increasing or decreasing, depending upon its additive or
subtractive character. Transfer function then, through an algorithm, converts the
generated data of summation function into a real output. Logistic sigmoid, hyperbolic,
step/signum, tangent sigmoid etc. are some of the commonly used transfer functions in
ANN.

5.1.2 Network Architecture

Neural Network Architecture refers to arrangement of neurons in layers and pattern of
synaptic connections within the neurons and among the layers. A layered network
comprises of input layer of source nodes, computational nodes forming an output layer
and one or more number of hidden layers of neurons between these two layers. Based on
the connections between neurons, the two major classes of neural network architectures
are Feed Forward Neural Networks and Recurrent Neural Networks. While in the former
signal flow occurs in one direction between the layers without any connection between
neurons of same layer, the later type of networks involve atleast one feedback loop
containing unit delay operator making it a dynamic system with presence of both kinds of

connections.

5.1.3 Learning Paradigms

Learning in in neural networks is a process of modifying the synaptic weights in the
network corresponding to a specified input. Learning paradigms in Neural Networks can
be classified into Supervised and Unsupervised mode. Supervised learning involves
modification of synaptic weights to minimize the variation between actual and desired
network output when network is presented with a training situation comprising of an
input and desired output. However, unsupervised networks do not have any desired
output. The synaptic weights are continuously modified till the time the network provides

an output that is a good representation of input statistics.

5.2 MODELLING OF RESPONSE VARIABLES USING ANN

Use of artificial intelligence and soft computing in manufacturing for modelling and
optimization has gained considerable momentum in last decade. Neural networks, genetic

algorithms, particle swarm optimization etc. are being increasingly used with
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considerable success to create empirical relations and identify global optimal solutions.
Complex problems with non-linear behavior have been successfully modeled with the use
of single hidden layer with adequate number of neurons using ANN technique. Use of
AHP for qualitative decision making is very popular and is in use for several years.
However AHP has also been used successfully for arriving at quantitative decision
making involving a number of decision variables. Kumar and Sait [163] have made the
use of ANN for modelling the results of turning operation on bidirectional CFRP
(bisphenol) pipe using carbide tool. ANN with BPNN algorithm was adopted for
modelling and the number of layers and neurons in the layer were selected based on
random trials with different combinations. A 3-25-25-1 network architecture was able to
effectively model the results of cutting force with variation in feed, depth of cut and
speed. Kara et al. [164] have suggested the use of 3-7-1 and 3-6-1 architecture for
predictive modelling of cutting force and feed force during orthogonal turning of AISI
316L stainless. A 4-9-1 neural network architecture with feed forward back propagation
algorithm was able to effectively model the surface roughness in dry cutting of AISI 1060
steel when logsig was used as activation function for hidden layer while tansig activation
function was used for output layer Kant and Sangwan [165]. The model outperformed
regression and fuzzy logic based models on account of better mapping between predicted
and experimental values of the response variable [165]. ANN proved to be instrumental to
fill the gaps of available experimental response data from Taguchi analysis in optimizing
CO:- laser welding parameters to establish penetration depth and zone width for fused and
heat affected zones [166]. Rao et al. [167] have proposed ANN-GA hybrid models for
predicting and optimizing surface roughness in electric discharge machining of the four
materials including Ti-6Al-4V selected for the study. Feed forward neural network was
used for modelling with 3 hidden layers in the architecture. Developed model was within
the agreeable limits of error and significant reduction in MSE was obtained when GA was

used to optimize the network.

A number of studies reported hitherto on ultrasonic machining, in general, and that of
titanium, in particular, have made use of Buckingham — m theorem of dimensional
analysis for modelling of response variables such as MRR and TWR [9,147,168]. An
effort here has been made to model the response variables of this study viz MRR, TWR,
SR and HOS by making use of ANN.
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5.2.1 Modelling for Surface Roughness

An ANN model has several parameters such as number of layers, number of neurons in
the layers, type of learning algorithm and transfer function that determine the overall
architecture of the network and affect the modeling process. Prior to training a network
these factors related to network architecture and structure which have to be determined to
ensure a healthy and statistically controlled output from the network. An optimum
combination is the one which will generate an output with minimum of error and hence

maximum of correlation between training and test data

A number of published studies in use of ANN in manufacturing have sufficed the use of
one hidden layer for modelling [162,164,169]. To complete the architecture, the number
of neurons in the hidden layer were selected by trial and error method. Several networks
with different number of hidden neurons were explored and the network that resulted in
minimum mean square error was chosen which was found to be the network with 7
neurons in the hidden layer. Accordingly in the present study, an ANN model with one
hidden layer comprising of 7 neurons has been chosen to model six input parameters for
SR measurement thus giving a 6-7-1 architecture as shown in Figure 5.2. w1, W2, Wa....W7
are the weights between hidden layer and output layer comprising of a single neuron.
Additionally, biases are assigned to all the neurons of hidden and output layer. b, is bias
to output layer while by, b2, bs...b7 are biases to hidden layer neurons.

Hidden layer

bo

STH L

\\ X F ”r"

-

c—>® -"‘\/""-C’l

>. "‘:’j A‘v e > Output layer SR
D—> /"%"_‘ ) \

L2}

\,’ . AN

Figure 5.2 Neural Network 6-7-1 architecture used for modeling SR

Weights are assigned to each of the connecting link, 42 in number, between input layer

and hidden layer neurons. The activation function used for the hidden layer is log-sigmoid
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while pure linear function is used for output layer and the two functions are characterized
by the Eq. (5.2) and (5.3) respectively.

1 Eq. 5.2
AT T eV
P Eq. 5.3
Zy = ZZiwi + by

where z; is the ouput of ith neuron in hidden layer and z, is final result of output layer

while p is number neurons in hidden layer.

Modeling is based on values of weights and bias given to the neurons in the two layers.
The weights and bias are determined by training the network with input values of
parameters and corresponding output values using neural network toolbox in MATLAB
R2014a. The categorical factors in input parameters have been scaled to nominal value
using 0-1 scale and accordingly the levels of slurry were coded as 1 to 6, while those of
tool type and cryogenic treatment type were coded as 1 to 3.The training was carried out
using Levenberg Marquadt (LM) algorithm that corresponds to trainlm function in
MATLAB and works on back propagation network. The weights and biases thus
determined from ANN training have been used to create mathematical model for surface

roughness and is given below:

Surface Roughness, SR Eq.5.4
= 0.24989z, + 0.26656z, + 0.44295z; + 0.1289z,
+ 0.0.61601z5 — 0.76117z4 + 1.1346z, — 1.1681

where 21, 2».......z7 are the outputs of hidden layer neurons and are determined by equation

5.1. Accordingly each of the zj value is characterized by the following relations:

A ! Z, = L Za = L Za = L
17 14em 27 1tem2 37 1+ems3 47 1tema
Ze = ! Ze = L Z, = L

57 1+ems 67 1+e s 77T 1t em7
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where mz, m2, mz .... m7 are net inputs to hidden layer neurons and their values are
determined by Egs. (5.5-5.11):

my = 0.92815x; — 2.1128x, — 0.022459x3; — 1.5067x, + 2.3882x5 Eq. 5.5
+ 0.48948x, — 4.3768

m, = 0.42728x; + 0.45904x, + 2.1991x3; — 3.6322x, — 0.28857x5 Eq. 5.6
+ 1.8132x4 — 1.3769

ms = 1.5969x; + 0.97421x, + 0.97559x; — 2.0656x, + 2.6021xs Eq. 5.7
+ 0.16981x4 — 1.3945

m, = —2.0861x, — 0.25188x, — 1.6503x; + 0.79422x, — 1.3264x;  EQ.5.8
+ 1.9661x, — 0.5957

mg = —2.461x; — 1.7965x, + 2.7711x5 + 0.63393x, + 1.002xs Eq.5.9
+0.52142x, — 0.61831

mg = 0.98399x; — 0.53745x, — 0.80443x3 + 2.8098x, + 2.7759x5 Eq. 5.10
+ 2.6456x4 + 1.2892

m, = 1.7335x; — 3.4562x, — 0.57404x; — 0.5535x, — 1.3206x5 Eq.5.11
+ 0.30262x4 + 4.9501

where X1, X2, X3...... Xe are values of input process parameters corresponding to slurry type,
tool type, power rating, grit size and cryogenic treatment given to tool and workpiece

respectively.
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Based on the ANN modelling the predicted and actual values of SR are compared on line

graph as shown in Figure 5.3 for the 54 outcomes of SR values and a highly close relation

is evident from the coinciding line graphs. The model validation is evident from the

correlation coefficients of test and validation data which stand at 0.99608 and 0.99388,

respectively, as shown in Figure 5.4 (a-b) while the overall coefficient of the model is
0.9866 as shown in Figure 5.4 (c).
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Figure 5.3 Comparison of experimental and predicted values of SR

To check the model for experimental validation, the average value of SR of eighteen

experimental sets was plotted against the ANN predicted values as shown in Figure 5.5.
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Corresponding values for percentage error percentage error and comparison of average
SR and average value of ANN predicted SR are given in Table 5.1 The percentage error
was calculated using Eq (5.12).

%age prediction error
Eq. 5.12

(Experimental Value — Predicted Value) 100
= k

Experimental value

Experimental Average SR V/s Predicted SR

1.8

1.2

O. “ “ || II || || “ || “ || II || II “ II “
0 II II
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

m Experimental Average SR ® Predicted SR

)]

Figure 5.5 Comparison of experimental average and predicted SR

The maximum %age prediction error was found to be -4.14% corresponding to
experiment no. 13, which indicates that the model is sufficiently accurate and hence can

be used to predict the SR effectively.

Table 5.1 Comparison of experimental average SR and predicted average SR

Exp. No. 1123|456 |7 |8]9 10|11 12|13 |14 |15 |16 |17 |18

Avg. SR
(Expt.)

1.22|1.06|{0.55(0.92|0.85]1.41|1.51|1.25|0.50{0.98|1.11|1.02|0.81|1.61|0.73|1.30|0.66|1.09

Avg. SR
(Predicted)

1.22|1.08|0.53|0.92|0.87(1.42(1.50{1.27{0.51{1.00{1.13|1.03|0.84|1.60|0.72|1.28|0.67 |1.09

%age error |0.36]-2.34|3.28|-0.29|-2.14|-0.44/0.91 -1.29|-2.50[-1.77|-1.61]-0.55-4.14/ 0.85| 1.67| 1.63|-0.90}-0.45

5.2.2 Modelling of MRR

From the ANOVA table 4.23, it can be seen that Material Removal Rate (MRR) was
found to be significantly affected by abrasive grits size, USM power, abrasive type and

tool material while the variation due to cryogenic treatment to tool and work material

129



relatively less significant. An ANN model was formulated by selecting the similar 6-7-1
neural network architecture as was in the case of surface roughness (Figure 5.2). The data
of 54 experimental runs was used for modelling of MRR. 70% of the data amounting to
approximately 38 runs was used for training while 15% each was used for testing and
validation that accounted for 8 experimental runs for each category. Mean Square Error
(MSE) was selected as performance function to compare the modeled values with those
of experimental ones. To minimize the variability within input data sets due to large range
the variables were normalized using the following relationship:

Yij Eq.5.13
Max y;j

* —
Vij =

where y;; is the normalized value of the data set y;; and maximum value in the data set is

Max y;;.

The activation function used in the hidden layer was log-sigmoid while pure linear
function was used for output layer with LM algorithm and back propagation network.
Accordingly, the following model for MRR resulted with satisfactory performance with

regard to minimizing the error between experimental and predicted values.

Material Removal Rate, MRR Eqg.5.14
= (—0.6397p, + 1.615p, — 0.39273p; + 1.5072p,
+ 0.76816ps + 1.1719p, — 0.49792p, — 2.0127

where pi1, p2.......p7 are the outputs of hidden layer neurons and are determined by
equation 5.1. Accordingly each of the pi value is characterized by the following relations:

_ 1 _ 1 _ 1 _ 1
P1= T e P2 = T ok P3 = T ek Ps = e ka
_ 1 _ 1 _ 1
Ps = T ks Pe = Tieke P7 = ek
where ki, k2, ks .... k7 are net inputs to hidden layer neurons and their values are

determined by Eqgs. (5.15-5.21):
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k, = 0.82743a, — 3.0505a, + 0.30744a5 + 0.63553a, + 2.0272a;  Eq.5.15

+0.25124a, — 3.7845

k, = 0.19333a, + 1.1859a, — 1.4122a; — 2.6346a, — 2.277as Eq.5.16

+0.36751a, + 1.8917

k; = —1.3399a, + 1.0419a, — 2.4674a3 + 1.1972a, — 1.8193a; Eqg.5.17

+ 1.7348a, + 0.76614

k, = —0.21036a, — 2.9247a, + 2.6394a; + 1.229a, + 0.55221as4 Eg.5.18

+ 0.44784a¢ — 0.7165

ks = 1.1954a, + 2.2809a, + 3.0434a; — 1.8681a, + 0.61101ay Eg.5.19

+ 1.1437a¢ + 0.19063

ke = 0.8047a, — 1.7411a, — 1.0961a; + 2.5916a, + 1.0301as Eg. 5.20

— 2.1213a, — 3.4343

k;, = 1.9289a, + 1.1547a, — 2.2639a3 + 1.3653a, + 0.51811ag Eq.5.21

where a1, a2, as

+ 0.5796a¢ + 3.9692

....ae are normalized values of input process parameters corresponding to

slurry type, tool type, power rating, grit size and cryogenic treatment given to tool and

workpiece respectively.

The best validation performance of the model was found at epoch 7 when Mean Square
Error became 0.00041846 as shown in Figure 5.6.
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Based on the developed model, the predicted and actual values of MRR are compared on
line graph as shown in Figure 5.7 for the 54 outcomes of MRR values and a highly close
relation is evident from the coinciding line graphs. The model validation is evident from
the correlation coefficients of test and validation data which stand at 0.98283 and
0.93623, respectively, as shown in Figure 5.8 (a-b) while the overall coefficient of

correlation for the model is 0.98792 as shown in Figure 5.8 (c).

Best Validation Performance is 0.00041846 at epoch 7
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Figure 5.6 Best Validation performance for MRR model

Experimental validation of the model was checked by comparing the average value of
MRR of the eighteen experimental sets against the ANN predicted values as shown in
Figure 5.9. Corresponding values for percentage error and comparison of average SR and
average value of ANN predicted SR are given in Table 5.2. The percentage error was

calculated using Eq (5.12).

132



Experimental VV/s ANN Predicted Values of MRR
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Figure 5.7 Experimental and Predicted Values of MRR

Test: R=0.98283 Validation: R=0.93623 All: R=0.98792
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The maximum %age prediction error was found to be 9.73% corresponding to experiment
no. 16, which indicates that the model is sufficiently accurate and hence can be used to
predict the MRR effectively.
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Table 5.2 Comparison of experimental average MRR and predicted average MRR

m Experimental Average MRR

Figure 5.9 Comparison of experimental average and predicted MRR

Exp.No. | 1|2 |3|4 5|6 |7 8|9 (1011|1213 |14 15|16 |17 |18
Avg. MRR
(Expt) 0.11|0.14|0.13|0.17|0.18|0.31|0.36|0.56|0.13|0.22|0.16|0.15/0.29(0.52|0.11|0.35|0.16 | 0.24
Xpt.
Avg. MRR
) 0.11/0.13|0.14{0.17|0.19|0.33|0.35/0.53|0.13]0.21|0.16(0.15|0.28(0.52|0.10(0.35|0.17|0.24
(Predicted)
%age error |0.00(6.11}-6.85/0.05}-3.67|-6.06|2.12|4.57|0.00|3.33|2.22]-6.13/3.96|0.00(9.42|0.00 |-3.60{ 0.00

5.2.3 Modelling of TWR

Table 4.24 indicates that TWR is significantly affected by USM power, abrasive grit size,

abrasive type, tool material, type of cryogenic treatment imparted to tool and less

significantly by type of cryogenic treatment given to workpiece. Six nodes in the input

layer corresponding to six input parameters and one node in the output layer

corresponding to tool wear rate constitute 6-7-1 architecture to model the tool wear rate

with seven neurons in the hidden processing layer. Four categorical factors were scaled

on nominal scale and thus the levels of slurry were coded as 1 to 6, while those of tool

type and cryogenic treatment type were coded as 1 to 3.

Data available from the 54 experimental runs was used to develop the network by

involving 70% of it for training and 15% each for testing and validation. The network

architecture was similar to the one used for SR and MRR and hence is replica of Figure
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5.2. The experimental input data was normalized to minimize the variability using

equation 5.13. The resultant developed model for TWR is designated as follows:

Tool Wear Rate, TWR Eq. 5.22
= (0.1514g, + 1.3435g, — 0.26613g; — 1.9844g,
+ 0.28758g5 + 1.5664g, — 0.7803g, — 1.051)

where g1, 02.......07 are the outputs of hidden layer neurons and are determined by
equation 5.1. Accordingly each of the gi value is characterized by the following relations:

_ 1 _ 1 _ 1 _ 1
91 = 1+ e—S1 92 = 1+ e~S2 9s = 1+ e~S3 9a = 1+ e~ 54
_ 1 _ 1 _ 1
95 = Tiess 96 = Tie—se 97 = 5o
where si, Sz, S3 .... S7 are net inputs to hidden layer neurons and their values are

determined by Eqgs. (5.23-5.29):

s; = 0.43815a, + 2.3624a, + 0.9516a; + 0.7235a, — 1.244as Eg.5.23
— 2.8313a, — 3.5848

S, = —3.4994a, — 0.1008a, — 1.4267a3 — 2.4173a, — 1.9096as; Eqg.5.24
— —0.9889a4 + 2.2101

s3 = —1.8203a, + 1.7821a, + 1.1966a3 — 1.7507a, — 1.5172ay Eg. 5.25
+ 1.4258a4 + 1.2411

S, = —2.6845a, — 0.55296a, — 1.509a; + 0.4489a, — 0.6624as Eq. 5.26
— 3.2268a4 + 0.1178
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ss = —1.9553a; — 2.1799a, + 2.343a; + 1.1715a, — 0.1588as Eq.5.27
+0.31903a, — 1.0704

s¢ = 1.7496a, — 1.4642a, + 1.2566a; + 1.8341a, — 1.3926as Eq. 5.28
— 2.038a, + 3.4354

sy = 1.4025a, + 0.5839a, — 0.8481az + 1.8127a, — 1.5815a5 Eqg. 5.29
+ 3.143a¢ + 3.6542

where az, az, as...... as are normalized values of input process parameters corresponding to
slurry type, tool type, power rating, grit size and cryogenic treatment given to tool and

workpiece respectively.

The best validation performance of the model was found at epoch 6 when Mean Square
Error became 0.0027398 as shown in Figure 5.10. Based on the developed model, the
predicted and actual values of MRR are compared on line graph as shown in Figure 5.11
for the 54 outcomes of MRR values and a highly close relation is evident from the

coinciding line graphs.

Best Validation Performance is 0.0027398 at epoch 6
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Figure 5.10 Best validation performance for TWR Model
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The model validation is evident from the correlation coefficients of test and validation
data which stand at 0.96181 and 0.95146, respectively, as shown in Figure 5.12 (a-b)
while the overall coefficient of correlation for the model is 0.98051 as shown in Figure
5.12 (c). Experimental validation of the model was checked by comparing the average
value of MRR of the eighteen experimental sets against the ANN predicted values as

shown in Figure 5.13.
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Figure 5.11 Experimental and Predicted Values of TWR
Test: R=0.96181 Validation: R=0.95146 All: R=0.98051
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Corresponding values for percentage error and comparison of average SR and average
value of ANN predicted SR are given in Table 5.3. The percentage error was calculated
using Eq (5.12).
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Figure 5.13 Comparison of experimental average and predicted TWR

Table 5.3 Comparison of experimental average TWR and predicted average TWR

Exp. No.

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

Avg. TWR
(Expt.)

0.22

0.11

0.14

0.20

0.17

0.36

0.41

0.62

0.12

0.27

0.15

0.12

0.36

0.52

0.13

0.35

0.17

0.20

Avg. TWR
(Predicted)

0.23

0.11

0.13

0.20

0.19

0.34

0.43

0.60

0.12

0.25

0.16

0.12

0.40

0.53

0.11

0.35

0.17

0.19

%oage error

-3.66

0.00

7.72

0.00

-15.5

4.90

-5.42

3.29

0.00

6.17

-10.7

0.00

-10.4

-2.47

12.71

1.10

0.00

5.00

The maximum %age prediction error was found to be -15.5% corresponding to
experiment no. 5, which indicates that the model is sufficiently accurate and hence can be

used to predict the MRR effectively.

5.2.4 Modelling of HOS

Dimensional accuracy in ultrasonic machining of titanium in the present study was
measured in terms of hole oversize from the diameter of the tool. It is evident from Table
4.26 that abrasive grit is the biggest contributing factor for establishing the hole oversize
while tool type and USM power also had significant effect on the HOS. Remaining three
factor did not have much effect in determining HOS. So it is proposed to create a model
with only three input variables viz Abrasive grit size, tool type and USM power for

predicting HOS. Use of one hidden layer has been found adequate in previous models
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and accordingly here also only one hidden layer is considered. 7 Neurons were fixed in
hidden layer using trial and error method by exploring several combinations for minimum
mean square error. Thus, a three layer 3-7-1 architecture, where the numbers refer to
neurons in the input layer, hidden layer and output layer respectively, was selected for

modelling in the present study as shown in Figure 5.14.

Figure 5.14 Neural Network 3-7-1 architecture used for modeling HOS

As shown, w1, w2, Ws....w7 are the weights associated with connecting links between
hidden layer and output layer. Bias is assigned to all the neurons of hidden and output
layer. bo is bias applied to output layer while b, by, bs...b7 are biases given to hidden
layer neurons. Weights are also assigned to each of the 21 connecting links between input
and hidden layer neurons. The activation function used for the hidden layer is log-sigmoid
while pure linear function is used for output layer and the two functions are characterized
by the Eq. (5.2) and (5.3) respectively.

Modeling is based on values of weights and bias given to the neurons in the two layers.
The weights and bias are determined by training the network with input values of
parameters and corresponding output values using neural network toolbox in MATLAB
R2014a. Based on the ANOVA results for S/N rations, three critical-to-process
parameters viz tool type, power rating and abrasive grit size were selected for modelling.
Tool type being a categorical factor was initially assigned nominal value and Ti tool, SS
tool and HCS tool were rated arbitrarily as 1, 2 and 3 respectively. With the operating
range of process parameters being entirely different, it becomes important to scale or

normalize the data. Normalization ensures effective training of the network and prevents
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any skewness in the results. Normalization in this case was done by mapping each term
between -1 and +1 using Eq. (5.30).
(R - Rmin) * (Nmax - Nmin) Eq' 5.30

N = + Ny
(Rmax - Rmin) e

where R stands for real value of the parameter and N refers to normalized value and
subscript min and max refer to minimum and maximum values, respectively, in the
sequence. Accordingly Nmax and Nmin are equal to +1 and -1, respectively. Training was
carried out using Levenberg Marquadt (LM) algorithm that corresponds to trainim
function in MATLAB and works on back propagation network. The weights and biases
thus determined from ANN training have been used to create a model for hole oversize

and is given below in Equation (5.31).

Hole Oversize, HOS Eq.5.31
= 0.99465h, + 0.10367h, + 0.25726h; + 0.37978h,
— 1.2103h5 — 0.88047hg + 0.31026h, + 0.23864

where hi, ho......h7 are the outputs of hidden layer neurons and are determined by

equation 1. Accordingly each of the z; value is characterized by the following relations:

1 1 1 1

h, = h, = h, = h, =
17 14ewm 27 {te w2 37 1teus 47 qteua
1 1 1
he = he, = h, =
57 1+eus 67 1treUs 77 1tews

Where uz, Uz, U3 .... U7 are net inputs to hidden layer neurons and their values are
determined by Egs. (5.32-5.38):

uy = 0.37233r; + 2.9328r, — 4.4093r; — 5.7949 Eq. 5.32
u, = 0.82271r, — 4.4276r, — 2.5748r; — 3.1973 Eq. 5.33
us = 4.7033r; + 3.6465r, — 0.431961; — 0.72824 Eq. 5.34
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u, = 4.9608r, + 0.81179r, + 1934675 + 1.8154 Eq.5.35

us = —0.3978r; — 2.1962r, + 5.3282r; — 2.7877 Eq. 5.36
ug = 2.35461; + 5.11087, + 0.071367; + 3.4364 Eq.5.37
u; = 1.7421r; + 3.7108r, + 2.94097; + 5.595 Eq.5.38

where r, ro and rs are normalized values of input process parameters corresponding to tool

type, power rating, and grit size respectively.

Experimental VV/s ANN Predicted Values of HOS
0.45

0.3

0.15

BExperimental Value  @ANN Predicted Value

Figure 5.15 Comparison of Actual and ANN Predicted values of HOS

Based on the ANN modelling, the predicted and actual values of hole oversize are
compared on bar graph as shown in Figure 5.15 for the 18 outcomes of average hole

oversize values and a highly close relation is evident from the nearly identical bars.

The model validation is evident from the correlation coefficients of test and validation
data which stand at 0.99773 and 0.99999, respectively, while the overall correlation
coefficient of the model is 0.99399 as shown in Fig 5.16.
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Figure 5.16 Correlation Coefficients for ANN Model of HOS

To check the model for experimental validation, the average value of HOS of eighteen

experimental sets plotted against the ANN predicted values in Figure 5.15 were examined

for the percentage error using Eg. 5.39 and the results have been tabulated in Table 5.4.

(Experimental Value — Predicted Value)
= *

%age prediction error

Experimental value

100

Eq.

5.39

The error of prediction was found to lie between 0.15% to 13% and the mean percentage

prediction error was found to be 2.9%.

Table 5.4 Comparison of experimental average HOS and predicted average HOS
Exp. No. 1 12|34 |5|6]|7]|S8 10 |11 |12 | 13 | 14 | 15 | 16 | 17 | 18
Avg. HOS
0.30] 0.21] 0.13] 0.21] 0.11] 0.29 0.31| 0.27| 0.16| 0.20 0.27| 0.18| 0.16| 0.35 0.18| 0.26| 0.19 0.23
(Expt.)
Avg. HOS
) 0.30] 0.21] 0.11] 0.21] 0.11] 0.29 0.31| 0.26| 0.15| 0.20 0.28| 0.18| 0.14| 0.35 0.18| 0.27| 0.18| 0.23
(Predicted)
%age error | 1.35 0.4913.03| 0.20-0.55/-0.23| 0.15| 3.98| 4.59-0.33|-4.86/-0.81|13.94| 0.33| 0.87]-4.11| 2.66| 0.42
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CHAPTER -6

OPTIMIZATION OF RESPONSE VARIABLES

All the manufacturing processes operate on a particular principle and make use of certain
material properties which lend them suitability for some application while at the same
time putting limitations on their use. The processes are characterized by large number of
process variables (parameters) making it crucial to have appropriate selection of the
parameter setting for desired response output as each parameter may considerably affect

the output.

Since, generally, a large number of process parameters are involved in any investigation,

their random selection within the available range does not serve the purpose.

The situation becomes critical if more than one objectives (response variables) are
involved in the process and even more so if the multiple objectives are conflicting in
nature which means that increment in a parameter is favourable for one of the objectives
and unfavourable for another one. It becomes imminent in such cases to look for an
optimal setting for optimal outcome of involved response parameters. There are some
methods available for optimization of parameters in such scenarios. One way of doing
this is by converting multiple responses into a single objective function which could be
minimized or maximized, as the need be. Here again there could be two different
approaches. One approach is that of assigning equal preference or weightage to all the
response parameters involved. Simple Grey relational analysis is one such method of
doing the optimization. However many a times in one process certain parameter is more
preferred over the other and selection here depends upon the desirability index of the
different outcomes. For example in case of rough turning on a lathe machine the priority
goal is that of increased production rates and surface finish is not of much importance. So
the more weightage can be given to MRR for optimizing the process variables. However,
same turning process if carried out for finishing operations, now require a good surface
finish and the parameters need to be controlled accordingly. The optimization of
parameters in such case will require more focus, and hence more weight, for surface
finish as process and comparatively lesser weightage to MRR as response variable.
However assigning of weights to a particular characteristic is not such a simple decision

making criterion at all the time. For example in regular production scenario one has to
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make overall economic decision by minimizing tool wear rate for reducing production
cost, minimize surface finish and dimensional inaccuracy to avoid rejections and at the
same time have acceptable production rates to meet the consumer demand. The criterion
of different objectives here has to be weighted after critical examination. Several
techniques of assigning weights to variables have been reported by the researchers. In
Grey Relational Analysis, use of measurement of entropy within the data sets has been
made for deciding the weights [148,170]. In Analytical hierarchical process the judgment
of experts may be used for fixing the priorities. Several studies have been reported with
the use of multi response signal to noise ratio for converting multiple responses into
weighted single response for multi objective optimization. Use of soft computing
techniques such as genetic algorithms, artificial bee colony method, ant colony
optimization, particle swarm optimization etc. has gained lot of momentum in past decade
in use for optimization of responses in manufacturing processes. Two approached for
optimization have been demonstrated in this thesis in the ensuing sections. Firstly the two
responses MRR and TWR have been optimized using Entropy Based Grey Relational
Analysis. The process is hybridized here with Taguchi’s Design of Experiments by
incorporation of S/N ratios for determining the grey relational grades. Subsequently, in
the second approach, all the four responses viz MRR, TWR, SR and HOS have been
together optimized using Analytical Hierarchical Process.

6.1 ENTROPY BASED GREY RELATIONAL ANALYSIS TO OPTIMIZE MRR
AND TWR

6.1.1 Calculation of Entropy based Grey Relational Grade

In any machining operation it is very important to determine the optimal parameter
setting for the desired machining output especially when the responses are of conflicting
nature as in case of USM. It can be observed from the Main Effects Plots shown in
Figures 4.6-4.9 and Figures 4.20-4.23 that the conditions favourable for higher MRR also
lead to an increased TWR. Accordingly becomes pertinent to determine the optimal
machine settings for a befitting solution for acceptable values of MRR and TWR. Grey
Relational Analysis has been used by many researchers to determine the optimal solution
of machining parameters. Here an entropy weight based GRA has been used to
simultaneously optimize the conflicting machining responses. Sivasankar and Jeyapaul
[170] have made use of entropy method for assigning weights to five response

characteristics for optimization using grey relational analysis in electric discharge
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machining of hot pressed ZrB>. Pre-processing of data was followed by generation grey
relational coefficients. Weights were assigned to five response characteristics using
entropy measurement method that determines the variability within data sequence to
establish weight of a characteristic and subsequently grey relational grades were
calculated for optimization. Jangra et al. [148] used Grey relational analysis together
with Taguchi method and entropy measurement for optimizing the four machining
characteristics viz MRR, SR, angular error and radial overcut in WEDM of WC-5.3% Co
composite. Normalized S/N values were processed for generating grey relational
coefficient. Grey relational grades were then calculated using entropy measurement
method for assigning weight to all the machining characteristics and subsequently optimal
setting was determined for all the four response characteristics together. The detailed
procedure for the application of weight based GRA is shown in the Flow Chart in Figure
6.1.

N\

eConversion of experimental data into S/N values

J

N\

eNormalization of S/N Values

eCalculation of Grey Relational Coefficients

eGeneration of Entropy Weights

eCalculation of Grey Relational Grade

€<KECCE<

Figure 6.1 Steps in Entropy Weight based GRA

The calculated data for S/N ratios of MRR and TWR has been presented in 2nd and 3™
columns, respectively, of Table 6.1. Due to absence of comparability in the sequences of
S/N ratios of MRR and TWR, normalization is carried out to convert the original
sequence into measureable space. Since a higher value of S/N ratio is always a desirable
feature, therefore normalization is accomplished using following equation (Eq. 6.1)

recommended for higher the better problem:

x{ (k)—min x{ (k) Eq.6.1
max x{ (k) —min x{ (k)

x; (k) =
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where x; (k) is the sequence generated as result of data pre-processing, x? (k) is the
original sequence of S/N ratio and i and k denote no. of observations in each sequence
and no. of sequences, respectively. Max x/ (k) and min x?(k) are the maximum and

minimum values of kth sequence.

Subsequently Grey Relational coefficients are calculated to determine the correlation

among the optimal and actual normalized observation values using equation 6.2:

Apin + €. DAax Eg. 6.2
AO,i(k) + Z Amax

Yo,i(k) =

where 0 <y,;(k) <1 is the Grey Relational coefficient for ith observation and kth
sequence; Ag;(k) is the deviation sequence given by absolute difference between
reference sequence x; (k)and comparability sequence x; (k); Ain IS equal to min (min
Api(k)) and A,q, is equal to max(max Ag;(k)); ¢ is distinguishing coefficient that
displays relational degree between reference and comparability sequence and is such that

¢ € [0,1]. ¢is taken as 0.5 in the present study.

The average value of Grey Relational Coefficients is used to generate Grey Relational
Grade. However this method results in giving equal importance to each response
characteristic. In real life practical situations this is not very often. At times some of the
response characteristics are more important than other. To address this issue, the concept
of entropy measurement and subsequent weight generation for each response variable is
accomplished based on relative importance and then grey relational grade is calculated by
assigning the relative weight of each response variable to its Grey Relational coefficient
[170]. The weight calculation is accomplished by entropy method. In information theory,
and in thermodynamics, entropy is largely a measure of disorganization and randomness
of the system. While applying the same concept of entropy for measurement of weights in
the Grey Relational Analysis, a response attribute with higher entropy means the one
having more diversity in responses and hence has more significant influence. Accordingly
a higher weight will be assigned to such response variable. The mapping function used
for entropy is fi : [0, 1]—[0,1] such that fi(0) = 0, fi (x) = fi (1-x) and the function f; (x) is
monotonic increasing in x € (0, 0.5) [178]. Accordingly, equation 6.3 is used for entropy

measure as a mapping function:
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w, (x) =xel™ + (1 —x)e* -1 Eq. 6.3
We(X) attains a maximum value of 0.6487 at x= 0.5.
Table 6.1 Calculation of Grey Relational Grade for MRR and TWR
Pre- Pre- GRC |GRG Ranking
Exp. | SNRA1 | SNRA2 | processing | processing | GRC - | — with based
No. | MRR TWR MRR TWR MRR TWR | entropy | on GRG
Reference Sequence x; (k) 1.0000 1.0000
1 |-19.7564 | 13.0985 0.0000 0.6081 0.3333 | 0.5606 | 0.4470 18
2 |-17.0401 | 18.8460 | 0.1851 1.0000 0.3803 | 1.0000 | 0.6902 1
3 |-17.8278 | 16.9406 0.1314 0.8701 0.3653 | 0.7937 | 0.5796 8
4 |-15.5786 | 13.8264 0.2847 0.6577 0.4114 | 0.5936 | 0.5025 15
5 |-14.8340 | 15.4517 | 0.3354 0.7685 0.4293 | 0.6836 | 0.5565 9
6 |-10.2047 | 8.7955 0.6509 0.3147 0.5888 | 0.4218 | 0.5053 14
7 -8.9216 | 7.7181 0.7383 0.2412 0.6564 | 0.3972 | 0.5268 13
8 -5.0811 | 4.1809 1.0000 0.0000 1.0000 | 0.3333 | 0.6666 2
9 |-18.2140 | 18.3383 0.1051 0.9654 0.3584 | 0.9352 | 0.6469 4
10 | -13.2572 | 11.4097 0.4429 0.4929 0.4730 | 0.4965 | 0.4847 17
11 | -15.7764 | 16.5696 0.2712 0.8448 0.4069 | 0.7631 | 0.5850 7
12 |-16.9026 | 18.3316 | 0.1945 0.9649 0.3830 | 0.9344 | 0.6588 3
13 | -10.6876 | 8.8511 0.6180 0.3185 0.5669 | 0.4232 | 0.4950 16
14 | -5.6746 | 5.6493 0.9596 0.1001 0.9252 | 0.3572 | 0.6411 5
15 | -19.1308 | 17.6860 | 0.0426 0.9209 0.3431 | 0.8634 | 0.6033 6
16 | -9.0794 | 9.0970 0.7276 0.3352 0.6473 | 0.4293 | 0.5383 12
17 | -15.8799 | 15.3692 0.2641 0.7629 0.4046 | 0.6784 | 0.5415 11
18 | -12.5838 | 14.1203 0.4888 0.6778 0.4944 | 0.6081 | 0.5513 10

Further, to ensure the value of entropy to rest between 0 tol, the modified function for

entropy measurement was defined by Wen and Chang [171] , given as in equation 6.4:
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Eq.6.4

1 m
W= = we(®)
i=1

The next step is calculation of weights for each of the response quality characteristic.

Sum of Grey relational coefficients corresponding to each sequence of response variables

IS given by equation 6.5:

m Eq. 6.5
Dk = nZyl(k),k = 1,2,3, e
i=1
The normalized coefficient is then calculated as:
1 1 Eq. 6.6

K = =
(e%5—1)xm (0.6487 xm)

Entropy of each response quality characteristic is given by

B Zm yi (k) Eq. 6.7
ey =s . We |~

and the sum total entropy thus becomes

n Eq. 6.8
E = z (59%
k=1
Weight of each response variable is then calculated as follows:
1 1—-e0) Eq.6.9
n—F
Wy 1
n

k=17 —f (1 —ex)

Grey Relational Grade is then calculated by summation of resultant obtained by
multiplication of grey relation coefficient with the corresponding weight of each response

characteristic and is given by:

n Eqg. 6.10
[o; = Z Wy Vo,i(k) ,i=123..m:;k=123,..n
k=1
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In the current study m is equal to 18 as the no. of observations for each sequence and n is
2 as the number of sequences. From the above equations the calculated value of entropies
for MRR and TWR are 0.21399 and 0.21363 respectively and the relative weights for
MRR and TWR are 0.4998 and 0.5001 respectively. Using these weights the value of
grey relational grade is calculated and is presented in Table 6.1. It is evident from the data
presented in Table 6.1 that the highest value of grey relational grade corresponds to
Experiment 2. And therefore, from the point of view of optimizing both MRR and TWR,
this experimental setting shall give the most optimum result. The average value of MRR
and TWR found experimentally at the most optimum setting as suggested by GRG was

0.142mm®/min and 0.113mm?3min, respectively.

6.2 USE OF ANALYTICAL HIERARCHICAL PROCESS FOR OPTIMIZATION

A decision involve measurement of tangibles as well as intangibles, which though have to
be measured, for evaluation of extent of purpose served for the decision maker. This
requires allocation of different priorities to involved variables. Analytic Hierarchy
Process (AHP) is an established theory of measurement developed by Prof. Thomas L.
Satty in the 1970s. The process is based on pairwise comparisons of entities involved for
measurement. The comparisons for deriving priority scales, which actually are a measure
of degree of intangibility, are based on the judgment of experts. Use of absolute scale of
judgment is made for drawing out the comparisons that represent dominating preference
of one attribute over the other. Making of a good decision requires complete knowledge
of the problem including various criterion of decision making, purpose of decision and
available alternatives. Effort is then made to find the best alternative among the available
alternative decisions. Similarly while dealing with resource allocation, it is required to
establish priorities for the alternatives so as to allocate appropriate share of resources
[172]. Evaluation of an entity, be it an object or a process, can be made either by studying
it in absolute terms and drawing conclusions from the observations or other way around
by studying it in relative terms by making comparisons with behavior of other entities of
similar nature [172]. This is the fundamental aspect of the AHP which relies on pairwise
comparisons among the different entities involved in decision making. To generate
priorities for making an organized decision, the decision needs to be decomposed into the
steps. AHP is a powerful tool for decision making and is used for many optimization
problems related to manufacturing engineering. Bhattacharya et al. [173]Jused AHP to

optimize MRR, TWR and SR during powder mixed electric discharge machining of three
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different work materials. The hierarchical tree was constructed with the goal to select
parameter setting corresponding to each work material subject to criterion of optimizing
MRR, TWR and SR by using different alternatives which were obtained by pairwise
comparison of performance characteristics for each work material corresponding to
different parametric setting. Pairwise comparison matrix for the three criterion was
formulated based on the judgment of the experimenter while pairwise comparison
matrices for alternatives were constructed on the basis of actual results obtained, thus
bringing more objectivity to the problem. The process is capable for application to
qualitative as well as quantitative attributes of measurement. The formulation of problem
into a hierarchical structure facilitates deep insight into the problem. Several criterion and
sub criterion can be accommodated simultaneously into the process. Any given decision
making problem is decomposed into hierarchical criterion alongwith possible alternatives.
Pairwise comparisons are made to establish relative importance of one criteria over the
another and subsequently arranged in a hierarchical tree. Relative ranking of the available
alternatives is then made by using expert judgment by deriving weights and establishing
priorities. The process is summarized in the steps as mentioned here-under: [172-173].

1. Define the objective or goal of the problem

2. ldentify the factors and criterion that directly or indirectly affect the decision
making process

3. Construction of hierarchy structure with the objective being at the top level

4. Criterion and the sub-criterion that influence the decision making are placed in the
next levels of the hierarchy in appropriate order

5. Lowest level comprises of available alternatives.

6. Construction of pairwise comparison matrix which is accomplished by comparing
an element with the elements of next higher levels to find out the local priority

weights.

A pairwise comparison matrix, [M], can be constructed as shown in equation 6.11:
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a1l a‘lZ a13 ' ' a'ln
a'21 a22 a23 ' ' a2n
[M]=
Eq. 6.11
L a, 4d, . . . a,, |

where the values ajj (for i, j = 1, 2, 3,...n) is the magnitude of preference of a; over a;

corresponding to criterion (aij = ai/aj), aji = 1/ajj and aii = 1 for all values of i and j.

Table 6.2 Fundamental pairwise comparison scale [179]

Rating Preferential Judgment

Extremely preferred; The support in favour of one over
another is of the highest possible magnitude.

8 Between Very strong to extreme preference

Very strongly preferred; A decision favoured very

7 strongly over another and dominance demonstrated in
judgment.
6 Between strong tadmino very strong preference

Strongly preferred; Experience strongly favour one over

another

4 Between moderate to strong preference

3 Moderately preferred; one activity slightly favoured
over another

2 Between equally important to moderate preference

1 Equally preferred; Not a difference. Two activities

equally important to the objective.

Satty’s fundamental scale of absolute numbers for pairwise comparison (Table 6.2) is
used to establish magnitude of preference, i.e. values of ai and a; in the matrix A. for
example if a1 has moderate preference over az, then ai2 will become 3/1 = 3 and if a; is
very strongly preferred over as, then azz will be 7/1 = 7. Since aji = 1/ajj, therefore, a1

and az1 will accordingly take the value of 1/3 and 1/7 respectively.
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Once all the priorities are established and thus the pairwise matrix is complete, it is now
important to check the matrix for consistency. The pairwise comparison matrix qualifies
for being consistent if ajj X ajx = aik for all values of i, j, k. Therefore for consistent
matrices ajj = ai/a; for all values of i and j. For example a14 = ai1/as = a1/az X as/las = aiz X

asa.

If we consider the example just cited above, strength of preference of a; over a, was 3/1
and az over az was 7/1, which means priority of a; over az should be 21/1 = 21 which is
not possible since the pairwise comparison scale being used here has highest value of 9
only. Therefore in this example, a3z # ai> X a3 and hence the comparison is not

consistent.

Infact the matrix [M] is seldom consistent in most of the situations. Priority weight in
such situations is then calculated by solving the eigen value equation (Eq. 6.12) given

here-under:
Mw=Aw= (M- ADw =0 Eq.6.12
where W = (W1, Wz, Ws....wn)"

Equation 6.12 exhibits a non-zero solution when 1 is the eigen value of A such that there
is at least one non-zero eigen value alongwith maximum eigen value Amax = n where n is

order of the matrix [M].
Consistency index for the pairwise matrix is then calculated as:

i A — . .
Consistency Index, Cl = % Eq.6.13

Degree of inconsistency for an inconsistent matrix is determined by the value of

consistency ratio (CR) which is ratio of Cl and random index (RI) such that
CR = CI/RI Eq. 6.14

Random index value corresponding to given order of matrix n can be determined from
Table 6.3. For the assigned priority weights in the matrix to be acceptable CR< 0.1 that

is CR has to be less than or equal to 10%.
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Table 6.3 Random Order (RI) corresponding to matrix order (n)

n 2 3 4 5 6 7 8 9 10

RI 0 0.56 0.9 1.12 1.25 1.34 1.42 1.45 1.51

Normalized eigen vector for maximum eigen value (imax) is then selected for priority
weight (local weight) of the alternatives in the pair wise comparison matrix. The priority
weights are thus obtained by raising the matrix to large powers and adding the elements
of each row and subsequently dividing the sum obtained by the sum total of all the rows
(normalization) [172]. Finally global weights are established by multiplying priority
weights of every alternative for different criteria with the criteria weight which is actually
the pairwise comparison matrix of the criteria. The optimum decision corresponds to

maximum value of global weight.

6.2.1 Application of AHP to the current problem

The study presented here involved measurement of four response variables viz MRR,
TWR, SR and HOS. The responses need to be optimized to determine the best setting that
will give optimum performance from collective point of view of the four response
variables. AHP was applied sequentially as per the procedures and steps mentioned in the
preceding section. The average value of the four response variables as measured from the

experimentation carried out using Taguchi’s L18 OA are shown in Table 6.4

Table 6.4 Average response values obtained in the experimentation performed

El)él.Ot' Avg. SR Avg. MRR Avg. TWR Avg. HOS
1 1.22 0.1070 0.2206 0.3007
2 1.06 0.1423 0.1131 0.2144
3 0.55 0.1305 0.1407 0.1300
4 0.92 0.1678 0.2020 0.2066
5 0.85 0.1821 0.1675 0.1096
6 1.41 0.3134 0.3623 0.2891
7 151 0.3593 0.4099 0.3065
8 1.25 0.5589 0.6172 0.2726
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9 0.50 0.1251 0.1197 0.1620
10 0.98 0.2189 0.2675 0.1959
11 1.11 0.1636 0.1455 0.2677
12 1.02 0.1457 0.1208 0.1756
13 0.81 0.2936 0.3599 0.1581
14 1.61 0.5224 0.5212 0.3521
15 0.73 0.1139 0.1280 0.1775
16 1.30 0.3545 0.3499 0.2571
17 0.66 0.1628 0.1686 0.1853
18 1.09 0.2370 0.1958 0.2299

The first step required here was to develop pairwise comparison matrix for the four
response criterion involved in the study as per the relative preference of one over another
using the Satty’ comparison scale shown in Table 6.2. Now to establish the pairwise
comparison matrix, the subjective judgment of priority of one variable over another has to
be established. The machining of titanium has been a prime concern owing to the specific
properties of the material as has already been discussed in section 1.3. Therefore MRR is
the foremost thing of prime importance. Cost of machining directly depends, among other
things, upon the rate of tool wear. So that can also not be neglected. However MRR
definitely has moderate preference over TWR and accordingly the rating of 2 has been
selected as preference of MRR over TWR. Similarly, MRR has been decided to be
slightly strongly preferred over surface roughness and accordingly the index of preference
has been selected as 4. Working on the similar lines, judgment has been used to decide
preference of one variable over another and the complete priority matrix has been
prepared as shown in Table 6.5. Criteria weight has been calculated as per the laid
procedures specified in section 6.2 after checking the consistency of matrix which in this

case was well below the upper limit of 0.1.
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Table 6.5 Pairwise comparison matrix for the four criterion

Criteria
MRR TWR SR HOS Weight
MRR 1 2 4 6 0.4948
TWR 1/2 1 3 5 0.3102
SR 1/4 1/3 1 3 0.1336
HOS 1/6 1/5 1/3 1 0.0614
Amax = 4.0792 Cl =0.0264 CR =0.0293

Now the experimental plan had 18 experiments and orthogonality meant that
corresponding to every level under each factor the number of trials/experiments would be
same. For example if we consider the too material, there were three tool materials
involved and corresponding to each tool material there were six experiments. Similarly
there were six types of slurries and corresponding to each type of slurry there were 3
experiments within the DOE space. Once the criterion (response variable in this case) and
their criterion weights have been determined, next is to identify the alternatives and their
priority weights. Here since the problem has specifically been designed to understand the
effect of cryogenic treatment, therefore we have selected cryogenic treatment given to the
tool as the base over here and accordingly the goal has become selection of optimium
paramters for each type of cryogenic treated tool. Thus three different settings will be
obtained, one each for Untreated, Shallow Cryogenic Treated and Deep Cryogenic
Treated tool material for optimizing the process parameters. The experimental space had
six trials corresponding to each of the treatment condition given to the tool material.
Therefore for each type of treatment given to tool material there are six alternatives
available, that have been labeled as G1 to G6, in the given experimental design that will
take us to three optimal solutions, one for each type of the treatment. The grouping of the
18 experimental trials for the purpose is shown in Table 6.6. The hierarchical structure for
the present case designed here is thus shown in Figure 6.2 as suggested by Bhattacharya
etal. [173].
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Table 6.6 Grouping of experimental trials corresponding to type of cryogenic treatment given to

tool material.
Type of . Power . Type of
cT Exp. Alternative Slurry Type Tool_ Rating G-I’It CT
t0 Tool No. code Material (%age) Size to _
workpiece
1 Gl Al2O3 HCS 20 220 uT
G2 SiC Ti 80 220 SCT
uT 8 G3 B4C SS 80 400 DCT
12 G4 Al;03+ SiC Ti 50 400 uT
13 G5 SiC + B4,C HCS 50 500 DCT
17 G6 Al;O3+ B4C SS 20 500 SCT
2 Gl Al,O3 SS 50 400 SCT
G2 SiC HCS 20 400 DCT
scT 9 G3 B4C Ti 20 500 uT
10 G4 Al2O3+ SiC HCS 80 500 SCT
14 G5 SiC + B4C SS 80 220 uT
18 G6 Al;,Os+ B4C Ti 50 220 DCT
Gl Al;O3 Ti 80 500 DCT
G2 SiC SS 50 500 uT
DCT G3 B4C HCS 50 220 SCT
11 G4 Al2Osz+ SiC SS 20 220 DCT
15 G5 SiC + B4C Ti 20 400 SCT
16 G6 Al,Os+ B4C HCS 80 400 uT
This way, selecting the alternatives from within the experimental design ensures the

involvement of all the control parameters for finding the optimum solution. Another

aspect here is that instead of using subjective judgment for pairwise ranking for

comparisons within the alternatives, results obtained through actual experimentation for

each of the response variable were used to formulate the pairwise comparison matrices,

thus providing an objective evaluation of the alternatives and minimizing the subjectivity

at this level of the hierarchy.
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Selection of optimal parametric setting
corresponding to type of cryogenic
treatment given to tool material

Criterion

Alternatives

Figure 6.2 Hierarchy structure of the study

Accordingly a pairwise comparison matrix corresponding to each of the four response
variables viz MRR, TWR, SR and HOS was constructed for each of the three levels of
type of treatment given to tool materials viz UT, SCT and DCT. Thus there are 12 such
comparison matrices which were formulated by comparing the results of experiment. For
example corresponding to Untreated Tool and measurement of MRR from the table 6.6,
there are six experiments corresponding to untreated tool in the experimental array. The
priority of MRR for first over second is obtained by dividing the actual value obtained in
the first experiment to that obtained in the second and then rounding off to nearest
fraction from the data values provided in table 6.4. The procedure was repeated for all the
six experiments and each result of the experiment was compared against every other
result, thus leading to 15 such comparisons. The results were compiled in a matrix form
and 6 x6 matrix have the comparisons listed along the rows and columns. The diagonal of
the matrix comprises of all ‘1s’ indicating the comparison of an alternative with itself.
Thus, 3 matrices each were constructed for each of the four response variables. A
MATLAB program was written to obtain the 12 comparison matrices.

Subsequently priority weights need to be calculated. This can be done by calculating the
the normalized eigen vector for maximum eigen value (Ams). Steps involved in

computation of the required eigen vector are as follows:
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Square the pairwise comparison matrix of alternatives.

Summation of all the elements within the row of the squared matrix.

Sum of the elements of the resultant column generated for normalization.

Normalize the elements generated in step 2 above.

Repeat the process from step one onwards, his time starting with the square matrix

obtained at the first step, till the normalized elements stop showing any further

change (In this case evaluation has been done upto four decimal places to

establish the maximum eigen value and hence the required priority weights)

Check the consistency of the matrix by determining value of CR as per the

procedure laid in preceding section.

Following these steps, the pairwise comparison matrices with priority weight and

CR values have been formulated are shown here from Table 6.7 to 6.18.

Table 6.7 Pairwise comparison matrix for alternatives on SR using Untreated Tool Material

Priority
Gl G2 G3 G4 G5 G6 Weight
Gl 1 1 1 1 2 2 0.1994
G2 1 1 1 2 2 2 0.2261
G3 1 1 1 1 2 2 0.1994
G4 1 1/2 1 1 1 2 0.1622
G5 1/2 1/2 1/2 1 1 1 0.1131
G6 1/2 1/2 1/12 1/2 1 1 0.0997
Amax = 6.0811 Cl=0.0162 CR=0.013
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Table 6.8 Pairwise comparison matrix for alternatives on MRR with Untreated Tool

Priority

Gl G2 G3 G4 G5 G6 Weight
G1 1 1/3 1/5 1 1/3 1/2 0.0677
G2 3 1 1/2 2 1 2 0.1912
G3 5 2 1 4 2 3 0.3537
G4 1 1/2 1/4 1 1/2 1 0.0900
G5 3 1 1/2 2 1 2 0.1912
G6 2 1/2 1/3 1 1/2 1 0.1061
Amex = 6.038 Cl=0.0077 CR =0.0061

Table 6.9 Pairwise comparison matrix for alternatives on TWR with Untreated Tool
Priority

Gl G2 G3 G4 G5 G6 Weight
Gl 1 1/2 1/3 1/2 1/2 1 0.1061
G2 2 1 1/2 3 1 2 0.1912
G3 3 2 1 5 2 4 0.3537
G4 1/2 1/3 1/5 1 1/3 1 0.0677
G5 2 1 1/2 1 1 2 0.1912
G6 1 1/2 1/4 1 1/2 1 0.0900
Arax = 6.0384 Cl1=0.0077 CR =0.00613

Table 6.10 Pairwise comparison matrix for alternatives on HOS with Untreated Tool
Priority

Gl G2 G3 G4 G5 G6 Weight
Gl 2 2 2 0.2222
G2 2 2 2 0.2222
G3 1 1 1 2 2 2 0.2222
G4 1/2 1/2 1/2 1 1 1 0.1111
G5 1/2 1/2 1/2 1 1 1 0.1111
G6 1/2 1/2 1/2 1 1 1 0.1111
Amx =6 Cl=0 CR=0

159



Table 6.11 Pairwise comparison matrix for alternatives on SR using SCT Tool Material

Priority
Gl G2 G3 G4 G5 G6 Weight
Gl 1 1 2 1 1/2 1 0.1553
G2 1 1 2 1 1/2 1 0.1553
G3 1/2 12 1 1/2 1/3 112 0.0817
G4 1 1 2 1 1/2 1 0.1553
G5 2 2 3 2 1 2 0.2972
G6 1 1 2 1 1/2 1 0.1553
Amax = 6.008 Cl=0.0016 CR =0.0012

Table 6.12 Pairwise comparison matrix for alternatives on MRR using SCT Tool Material

Priority
G1 G2 G3 G4 G5 G6 Weight
Gl 1 1 1 1/2 1/4 1/2 0.0936
G2 1 1 1 1 1/3 1 0.1259
G3 1 1 1 1/2 1/4 1/2 0.0936
G4 2 1 2 1/2 0.1665
G5 4 3 4 1 0.3538
G6 2 1 2 1/2 0.1665
Amax = 6.068 Cl=0.014 CR=0.011

Table 6.13 Pairwise comparison matrix for alternatives on TWR using SCT Tool Material

Priority
G1 G2 G3 G4 G5 G6 Weight
G1 1 1/2 1 1/2 1/5 1/2 0.0770
G2 2 1 2 1 1/3 1 0.1497
G3 1 1/2 1 1/2 1/4 1/2 0.0802
G4 2 1 2 1 1/2 1 0.1603
G5 5 3 4 1 3 0.3831
G6 2 1 2 1/3 1 0.1497
Amax = 6.023 Cl =0.0046 CR =0.0037
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Table 6.14 Pairwise comparison matrix for alternatives on HOS using SCT Tool Material

Priority

G1 G2 G3 G4 G5 G6 Weight

Gl 1 1 2 1 1/2 1 0.0770

G2 1 1 1 1 1/2 1 0.1497

G3 1/2 1 1 1 1/2 1 0.0802

G4 1 1 1 1 1/2 1 0.1603

G5 2 2 2 2 1 2 0.3831

G6 1 1 1 1 1/2 1 0.1497
Amex = 6.054 Cl=0.011 CR =0.008

Table 6.15 Pairwise comparison matrix for alternatives on SR using DCT Tool Material

Priority
G1 G2 G3 G4 G5 G6 Weight
Gl 1 1/2 1/3 1/2 1 1/2 0.0924
G2 2 1 1/2 1 1 1/2 0.1420
G3 3 2 1 1 2 1 0.2363
G4 2 1 1 1 2 1 0.1977
G5 1 1 0 1/2 1 1/2 0.1105
G6 2 2 1 1 2 1 0.2211
Amex = 6.083 Cl=0.0167 CR =0.0134

Table 6.16 Pairwise comparison matrix for alternatives on MRR using DCT Tool Material

Priority

G1 G2 G3 G4 G5 G6 Weight

Gl 1 1 1/3 1 1 1/3 0.1050

G2 1 1 1/2 1 2 1/2 0.1355

G3 3 2 1 2 3 1 0.2728

G4 1 1 1/2 1 1 1/2 0.1200

G5 1 1/2 1/3 1 1 1/3 0.0938

G6 3 2 1 2 3 1 0.2728
Amax = 6.059 Cl=0.0118 CR =0.0095
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Table 6.17 Pairwise comparison matrix for alternatives on TWR using DCT Tool Material

Priority
Gl G2 G3 G4 G5 G6 Weight
Gl 1 1 1/3 1 1 1/2 0.1118
G2 1 1 1/2 1 1 112 0.1200
G3 3 2 1 3 3 1 0.2943
G4 1 1 1/3 1 1 1/2 0.1118
G5 1 1 1/3 1 1 1/3 0.1047
G6 2 2 1 2 3 1 0.2573
Amex = 6.037 Cl=0.0073 CR =0.0059

Table 6.18 Pairwise comparison matrix for alternatives on HOS using DCT Tool Material

Priority
Gl G2 G3 G4 G5 G6 Weight
Gl 1 1 1/2 1/2 1 1/2 0.1105
G2 1 1 1/3 1/2 1/2 1/2 0.0924
G3 2 3 1 1 2 1 0.2363
G4 2 2 1 1 2 1 0.2211
G5 1 2 1/2 1/2 1 1 0.1420
G6 2 2 1 1 1 1 0.1977
Amex = 6.083 Cl=0.0167 CR =0.0134

Next, priority weights of experiments for each of the four response variables (MRR,

TWR, SR, HOS) were assigned to four columns of a priority matrix [P]. The resultant 6 x

4 matrix is then multiplied by the single column criterion weight matrix [C], obtained

from the criterion weights compiled in Table 6.5, to generate a single column global

weight matrix (6 x 1) such that
[P1 X [C] = [C]

Eq. 6.15

where [G] is the required global weight matrix in which G(i, 1) represents the global

weight of ith experiment.

6.2.2 Sample Calculation to determine the global weight of MRR corresponding to

untreated tool material:

6.2.2.1 Calculation of Priority Weight

Six response values of MRR for UT Tool constitute a response array R such that
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R ={0.10703 0.3134 0.55887 0.14567 0.29357 0.16283}" Eq. 6.16

Pairwise comparison matrix can be formed by calculating various elements M (i, j) such
that M (i, i) = 1; M (1,2) = R(1)/R(2) = 0.10703/0.3134 = 1/3 where R; is the ith element
in the response array [R]. Similarily M(1,3) = R(1)/R(3) = 0.10703/0.55887 = 1/5;
M(3,4) = R(3)/R(4) = 0.5588/0.1456 = 4/1 and all the elements of the pairwise
comparison matrix can be calculated to complete the matrix. The bottom half of the
matrix i.e. elements A(j, i) will be formed by inversing the elements of upper half i.e.
A(j,i) = 1/A(i,)) as A(4,3) = 1/A(3,4) = 1/4 and so on. This makes the following pairwise

comparison matrix for MRR in case of Untreated Tool:

1 1/3 1/5 1 1/3 1/2]

3 1 1/2 2 1 2

5 2 1 4 2 3 Eq.6.17
[M] =

1 1/2 1/4 1 1/2 1

3 1 1/2 2 1 2

2 1/2 13 1 1/2 1 |

Once the pairwise comparison matrix is formed, next the priority weight will be
computed as per the procedure listed above. First the matrix [M] is squared and the rows

are added and normalized which results in following calculation.

[B] = [M] * [M] =

Sum of Normalized

Squared Pairwise Matrix Rows Val.
59998 2.1499 1.14995 4.6332 2.1499 3.9332| 20.01595| 0.067492806
175 59999 3.2666 13 5.9999 11 56.7664 | 0.191413529
32 11.1665 5.9999 24 11.1665 20.5| 104.8329 | 0.353491419
8.25 2.8333 1.5333 6 2.8333 5.25 26.6999 | 0.090030759
175 59999 3.2666 13 5.9999 11 56.7664 | 0.191413529
9.6665 3.3332 1.8166 7.3332 3.3332 5.9999 31.4826 0.10615779

TOTAL 296.56415
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[B] * [B] =
Square of the Squared Pairwise Matrix Sum of Rows Normalized

224.2867 77.77564 42.09392 167.9366 77.77564 142.3933 | 732.261795 | 0.067736
633.1057 219.5954 118.8374 474.142 219.5954 402.043 | 2067.31902 | 0.191233
1170.981 406.1203 219.7897 876.9196 406.1203 743.5213 | 3823.45222 | 0.353682
297.9786 103.3564 55.9342 223.1882 103.3564 189.2136 | 973.027405 | 0.090008
633.1057 219.5954 118.8374 474.142 219.5954 402.043 | 2067.31902 | 0.191233

351.2872 121.8408 65.93529 263.0461 121.8408 223.0891 | 1147.03931 | 0.106104

TOTAL  10810.41879

A further iteration will not show any change in the normalized values and therefore the
process of determination of eigen vector is terminated here. The last column of
Normalized values is the priority weight array of the MRR for Untreated Tool. Thus,

Priority Wt. = {0.06774 0.19123 0.35368 0.09001  0.19123 Eq.6.18
0.10611}

To check the consistency, consistency ratio has to be calculated which in this comes out
to be 0.006 which is less than 0.1 as required for the matrix to be consistent.

Now global weights are to be calculated. This is explained using the case of Untreated
Tool Materials. Priority Weights Matrix corresponding to all the four response parameters
for Untreated tool material is multiplied with criteria weight matrix to generate global

weights as specified in equation 6.15.

s weR Twe wos G cooa
0.1994 0.0677 0.1061 0.2222 0.14748
0.2261 0.1912 0.1912 0.2222 0.4948 0.21037
0.1994 0.3537 0.3537 0.2222 0.3102 0.26928
0.1622 0.09 0.0677 0.1111 X 0.1336 = 0.12404
0.1131 0.1912 0.1912 0.1111 0.0614 0.14764
0.0997 0.1061 0.09 0.1111 0.10109
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The maximum global weight of 0.26928 corresponds to experiment No. 8 in the Design

of experiments.

Working on similar lines the global weight matrices are prepared for all the three types of

treatment conditions to the tool material viz Untreated, shallow cryogenic treated and

deep cryogenic treated and the results are given in Table 6.19 to 6.21.

Table 6.19 Global weights for alternatives of Untreated Tool

) SR MRR TWR HOS
Alternatives  Expt. o o o o Global
Priority Priority Priority Priority )
for UT Tool No. ) ) ) ) Weight
weight Weight Weight Weight
Gl 1 0.1994 0.0677 0.1061 0.2222 0.1475
G2 6 0.2261 0.1912 0.1912 0.2222 0.2104
G3 8 0.1994 0.3537 0.3537 0.2222 0.2693
G4 12 0.1622 0.09 0.0677 0.1111 0.1240
G5 13 0.1131 0.1912 0.1912 0.1111 0.1476
G6 17 0.0997 0.1061 0.09 0.1111 0.1011
Table 6.20 Global weights for alternatives of SCT Tool
Alternatives SR MRR TWR HOS
Expt. o o o o Global
for SCT Priority Priority Priority Priority ]
No. ] ] ] ] Weight
Tool weight Weight Weight Weight
Gl 2 0.1553 0.0936 0.077 0.1630 0.1262
G2 4 0.1553 0.1259 0.1497 0.1418 0.1446
G3 9 0.0817 0.0936 0.0802 0.1280 0.0880
G4 10 0.1553 0.1665 0.1603 0.1418 0.1586
G5 14 0.2972 0.3538 0.3831 0.2836 0.3254
G6 18 0.1553 0.1665 0.1497 0.1418 0.1572
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Table 6.21 Global weights for alternatives of DCT Tool

Alternatives SR MRR TWR HOS
Expt. o o o o Global
for DCT Priority Priority Priority Priority ]
No. ) ) ) ) Weight
Tool weight Weight Weight Weight
Gl 3 0.0924 0.105 0.1118 0.1105 0.1000
G2 5 0.142 0.1355 0.12 0.0924 0.1340
G3 7 0.2363 0.2728 0.2943 0.2363 0.2554
G4 11 0.1977 0.12 0.1118 0.2211 0.1636
G5 15 0.1105 0.0938 0.1047 0.142 0.1065
G6 16 0.2211 0.2728 0.2573 0.1977 0.2405

6.2.3 Results of Optimization using AHP

The optimal solution is the one that corresponds to maximum global weight
corresponding to given condition of the tool material. Accordingly, from Table 6.19, the
maximum global weight of 0.2693 corresponds to experiment no. 8, from Table 6.20, the
maximum global weight of 0.3254 corresponds experiment no. 14 and from Table 6.21,
the maximum value of 0.2554 of global weight corresponds to experiment no. 7. Thus it
can be concluded that experimental conditions corresponding to experiment no. 8, 14 and
7 deliver the optimum results for MRR, TWR, SR and HOS when the tool is untreated,

shallow cryogenically treated and deep cryogenically treated, respectively.
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CHAPTER -7

CONCLUSIONS AND RECOMMENDATIONS

7.1 CONCLUSIONS

The current study was carried out to investigate the effect of cryogenic treated tool and
work material in ultrasonic machining of Ti-6Al-4V. The machining characteristics were
measured in terms of material removal rate, tool wear rate, surface roughness, hole
oversize and production tolerance grades. Six process parameters associated with
machine tool, abrasive slurry, tool material and type of cryogenic treatment were selected
for investigation. Experiments were carried out using Taguchi’s Design of Experiments
with L18 orthogonal array. The results obtained were modeled using artificial neural
network approach and optimized with entropy weight based GRA and analytical
hierarchy process. SEM analysis was carried out to determine surface topography of the

machined region. Following conclusions can be drawn from the study:

1. USM power rating, type of abrasive slurry, tool material and abrasive grit size
were found to be the significant parameters affecting material removal rate in
ultrasonic machining of Ti-6Al-4V in the order of percentage contribution starting
from highest. Large momentum associated with higher power and coarser
abrasives resulted in higher value of MRR while hard and strong boron carbide
abrasives resulted in effective erosion from work surface. Stainless steel tool with
the most favourable work hardening characteristics owing to superior tool-
workpiece combination was found to result in maximum MRR. Accordingly the
optimum combination resulted from the design of experiments for maximum
MRR corresponded to 400W of USM power, Boron Carbide Slurry, Stainless
Steel tool material with #220 abrasive grit size using untreated tool material and
cryogenic treated work material and was found to be 0.6358 mm3/min.

2. SEM Micrographs indicate the fracture pattern at the work surface comprising of
ductile and brittle modes with the presence of dimples and depressions indicating
plastic deformation making ductile mode as the dominant one corresponding to
experimental conditions involving lower power ratings and finer abrasive
particles, whereas craters of varying depth were observed indicating presence of

brittle fracture with larger power and coarser abrasive particles.

167



3. Tool wear rate in USM was found to be strongly determined by relative tool work-
piece hardening. The factors causing higher MRR were also responsible for larger
TWR and accordingly higher USM power, stronger and coarser abrasive particles
were found to be associated with higher tool wear rate. Further it was also found
that the tool material that forms a superior pair with regard to relative work
hardening resulted in minimum tool wear. Titanium, though the softest among the
three tool materials used, was thus found to be the most effective for minimizing
the tool wear. Cryogenic treatment of tool material enhanced wear resistance,
caused grain refinement and improved plasticity and thus resulted in reduction of
tool wear. The optimum setting for minimum tool wear rate was thus obtained
corresponding to aluminium oxide slurry, titanium tool, 100W power, #500
abrasive grit size, deep cryogenic treated tool material and untreated work
material and was found to be 0.0975mm?min.

4. Slurry grit size was found to be the most significant parameter affecting surface
finish followed by power rating, tool type and cryogenic treatment of work
material respectively. Coarser abrasives under the high impact energy at higher
USM power and harder tool material resulted in deeper craters and hence
maximum surface roughness while the improved finish with deep cryogenic
treated work-piece could be because of improved ductility of the work material.
Minimum surface roughness, and hence the best surface quality, was obtained
when machining with aluminium oxide slurry, titanium tool, 20W power rating,
#500 grit size and deep cryogenic treated tool and work-piece.

5. Abrasive grit size was observed to be the most significant and dominating
parameter affecting dimensional accuracy. Coarser particles led to higher
magnitude of HOS as compared to finer particles. USM Power rating and tool
material also significantly affected the dimensional accuracy measured in terms of
hole oversize. The hole oversize obtained in the study ranged from a minimum of
3.5 to a maximum of 8.5 times the average abrasive particle size. Hole oversize
was found to depend on rate of machining. Factors such as high power and coarser
abrasives that lead to increased MRR also resulted in increased HOS. On the other
hand HOS was also relatively more corresponding to lower power rating as
compared to moderate values due to slow rate of machining. This means an
optimum machining rate is essential to obtain minimum HOS. The optimum

condition for best dimensional accuracy and thus minimum oversize was obtained
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with DCT workpiece using SiC slurry and deep cryogenic treated Ti tool at 250W
power with an abrasive grit size of #500.

. Abrasive Grit Size owing to directly involved in the lateral gap between tool and
workpiece was the most significant factor in establishing the tolerance grades
while USM power and mechanical properties of tool material also significantly
affected the tolerance grade. Coarse grains, high power and hard tool material
were associated with poor tolerance grades. The obtained tolerance grades ranged
from IT 12 to IT 15. The best condition for the closest tolerances was obtained
using SiC based slurry of 500 abrasive grit size on deep cryogenic treated work
material with 50% of the rated USM power and untreated SS tool.

. ANN is capable of modelling complex manufacturing problems involving large
number of controlling process parameters with relative ease, simplicity and
substantial accuracy and thus provides a good alternative to conventional
modelling techniques. Single hidden layer 6-7-1 neural network architecture based
on LM algorithm using log-sigmoid and pure linear activation function for hidden
and output layer respectively was able to effectively model the MRR, TWR and
SR. Being a range based model, the modelling results were found to be
sufficiently accurate within the given extreme values of process parameters which
necessitates a careful selection of the extent of the varied parameters. The
validation coefficient of determination for the ANN Models for MRR, TWR, SR
and HOS was found to be at 0.936, 0.951, 0.993 and 0.999 respectively while test
data correlation coefficient was found to be at 0.982, 0.961, 0.996 and 0.997
respectively thus indicating that the results obtained from ANN modelling are
within the acceptable error limits.

. Optimization of the results obtained was carried out using Grey Relational
Analysis and Analytical hierarchy process. Weights were generated using entropy
method, wherein entropy was measured across the S/N ratios of MRR and TWR.
Thus a hybrid Taguchi-Entropy Weight based GRA method was used to
determine the most optimum setting for conflicting for the two responses which
was found to correspond with Experiment no. 2 from the Lig OA constructed for
the study having highest Grey relational Grade of 0.6902. AHP was used to find
an optimal solution for all the four response variables. The pairwise comparisons

were obtained first, for response variables and then for available alternatives.
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7.2 SCOPE FOR FUTURE WORK

While mixing the slurries for exploration of the effect of the mixture, the study was
carried out with equal proportions of slurries blended together in similar grit size. A
further exploration can be carried out by preparing mixture of varied proportions and
different grits sizes especially from economic point of view to get the leverage associated
with strong abrasives such as boron carbide. Effect of parameters involved in cryogenic
processing cycle such as holding temperature, cooling rates and post treatment tempering
and positioning of cryogenic processing in the heat treatment cycle, can also be explored
to determine optimum treatment cycle to yield maximum benefit. Use of magnetic
abrasives has not found a mention in literature with regard to ultrasonic machining.
Magnetic Abrasives together with applied magnetic field can assist stagnation of slurry in
the machined zone and hence has the potential for improving the machining

characteristics since the time of action of abrasives will improve.
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