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Abstract - Machines increases the efficiency of a
manufacturing plant in terms of time, quality or quantity. It
becomes very difficult to get both quality and quantity at the
same time SO We need a balanced value t0 attain maximum
efficiency. It is possible only if machining parameters are
optimized to do so. This paper puts an attempt t0 review
milling machining parameters optimization for surface
roughness, material removal rate, Production cost etc. using
various techniques like Taguchi, Genetic Algorithm (GA),
Response Surface Methodology (RSM) Artificial Neural
Network (ANN), ANOVA, Ant Colony Optimization (ACO),
Particle Swarm Optimization (PSO) and provide an idea how
input parameters are optimized using above techniques to
fulfill our objectives.
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l. INTODUCTION

Milling machine is one of the most common machines
used in industry and machine shops for machining parts
to precise sizes and shapes. A milling machine is
considered superior to other machines in terms of
accuracy and better surface finish. Every manufacturing
industry is trying to achieve the high-quality products in a
very short period of time with less input. In a milling
machine, there are many process parameters like spindle
speed, feed rate, depth cut, coolant, tool of geometry etc.
which affect required quality parameters and hence these
must be optimized. Optimization doesn’t mean to achieve
maximum or minimum values of something rather it is
that random wvalue corresponding which we get best
results. So in this paper, we had made an attempt to
review the literature available on optimization of milling
machining parameters using various techniques.

We observe that each pioneer was following some certain
steps for optimization which were similar to each other
and can be given as:

» Determination of optimization objective/objectives.

» Design of experimentation and Data Collection.
» Analysis using selected technique.

» Experimentation

» Confirmatory Test
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» Result Interpretation
Il. LITERATURE REVIEW

Many researchers have optimized various parameters
according to objectives of optimization using different
DOE technique sand analysis methods:

M.Tolouei Rad et.al [1] in 1997 focused on minimizing
production time and cost. Using constraints as machining
power, surface finish requirement and cutting force
permitted by the rigidity of tool. He used the method of
feasible directions as an optimization technique. The
method of feasible direction chosen by him was the
quickest method of solving optimization models till date.
He found that NC machines can reduce lead time
considerably but the machining time is almost the same as
in conventional machining when machining parameters
are selected from machining databases or handbooks.
That’s why he went for this optimization. After
optimization using proposed technique, he found 38%
cost saving 42% time saving and 350% increase in total
profit rate.
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Fig.2.1 Plot of method of feasible direction (Profit
Maximization)
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V.Tandon et.al [2] in 2002 focused on production cost
reduction using Particle Swarm Optimization (PSO)
coupled with Artificial Neural Network (ANN) as a
predictive model. According to them in order to increase
productivity process parameters should be assigned
according to the NC tool path in addition to the condition
of the part, tool, setup, and machine. To optimize the
cutting time and cutting cost he used cutting velocity,
feed per tooth and cutting force as constraints. After
experimentation, he found that cutting time reduced by
35% and the cutting cost dropped to 4.086%
corresponding to spindle speed of 1500RPM, the feed rate
of 122.39mm/min, the force of 0.3N and 12 effective
number of generation.

J.A.Ghani et.al [3]in 2007 have optimized spindle speed,
feed rate and depth of cut in order to achieve minimum
Surface Roughness(Ra) and cutting forces (Fc) on CNC
end milling. DOE used is Taguchi while analysis is done
using S/N ratio approach. Optimized values of parameters
are: cutting speed 355m/min (level 2), feed rate
0.1mml/tooth (level 0) and depth of cut 0.5 mm (level 1)
[for min. Ra], 0.3 mm (level 0) [for min. Fc]. According
to Pareto ANOVA confirmatory analysis, it was
concluded that for low values of Ra and Fc we should use
low feed rates, low depth of cut and high spindle speed to
remove more material. Order of significance can be given
as interaction between feed rate and depth of cut > spindle
speed > depth of cut > feed rate.

Julie Z. Zhang etal [4] in 2009introduced a new
optimization parameter i.e. noise with 3 levels similar to
as that of cutting speed, feed rate and depth of cut. The
analysis was done using Taguchi technique and optimized
values are found by plotting graphs of S/N ratio and
surface roughness VS optimization parameter. Results
were interpreted as 3500 rpm spindle speed (level 3), feed
rate 762mm/min (level 2) and depth of cut 0.60pum (level
3). The confirmatory test found surface roughness of
.58um after 15 confirmation which is very close to 0.60
pm found experimentally and also proved that if noise
factor tool wear would be negligible then another noise
factor that is temperature variation would be insignificant
too (certain range).

C.C.Taso [5] in 2009 optimized the cutting speed, feed
rate, depth of cut, different coatings, helix angle, primary
relief angle, cutter diameter and width of cut in order to
get low flank wear and surface roughness in end milling
process. Grey-Taguchi method was used for optimization.
He found order of significance of input parameters for
individual optimization objective parameter and from that
he concluded composite factor significance order as:
cutter diameter (50.3% significance)> feed rate
(15.3%significance)> helix angle (12.5%significance)>
primary relief angle (5.1%significance) while coating
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typing, spindle speed, width of cut and depth of cut were
having negligible significance. The optimization reduced
flank wear from 0.177mm to 0.0667mm and surface
roughness from 0.44pm to 0.24pm.

R. Jalili Saffar et.al [6] in 2009 added a new optimization
objective i.e. tool deflection along with surface roughness
and tool life. However, tool deflection was only
significant for the tools having a low diameter.
Determination of cutting forces and tool deflection was
done on the basis of conventional models and formulas.
Parameters were optimized using Genetic Algorithm with
0.8-6.3um range of surface finish, min tool life of 60-120
min, max 500N cutting force and max vibration
amplitude of 2um as constraints. The result found after
experimentations were: 23.56m/min cutting
speed,25mm/min feed rate,3mm axial depth of cut and
1.5mm radial depth of cut.

Fig.2.2 Effect of tool deflection on the machined surface
without using optimized results

O. Zarei et.al [7] in 2009 optimized the multi pass face
milling via harmony search algorithm. He found optimum
values for a number oOf passes, speed, depth of cut and
feed for each pass to yield minimum production cost.
Harmony search algorithm was compared with genetic
algorithm and results found were better than a genetic
algorithm. The values of parameters to be optimized by
HS algorithm found as: No. of passes = 3, feed per tooth
= 0.453 mm/tooth, spindle speed = 60.75mm/min, surface
roughness = 6.59 um and cost was 0.446$ and for GA
are: No. of passes = 4, feed per tooth = 0.319 mm/tooth,
spindle speed = 60mm/min, surface roughness = 3.2 pm
and cost is 0.536% Hence cost reduced by HS Algorithm.

Sanjit Moshat et.al [8] in 2010used Principle Component
Analysis (PCA) based Taguchi method for multi
objective optimization of CNC end milling process. They
used PCA based Taguchi as they found their optimization
objectives i.e. Surface roughness and Material Removal
Rate are highly co-related however Taguchi assume that
output is not co-related. Using PCA they converted the
correlated response to Principle components and out of 2
components one having Accountability Proportion (AP)
0.951 was taken into account and other (.049) was
neglected. The disadvantage of this technique is the
difficulty in interpreting principle components physically
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as if these are mathematical only. Optimized values of
input parameters were: spindle speed 300rpm (level 1),
feed rate 70mm/min (level 3) and depth of cut 0.8mm
(level 3).
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Fig.2.3 S/N Ratio plot (Evaluation of optimal setting)

R.Venkata Rao and Pawar [9] in 2010 focused over
maximization of production rate, as large industries have
attempted to introduce the FMS (flexible manufacturing
system) to sustain in the competitive market. The
optimization was done using artificial bee colony (ABC),
particle swarm optimization (PSO), simulated annealing
(SA) techniques with arbor strength, arbor deflection and
cutting power as their constraints. Feed rate, cutting speed
and depth of cut were optimized by them and results were
3.240 min, 3.240 min and 3.263 min for ABC, PSO and
SA respectively. Results concluded that ABC and PSO
required less iteration than SA.
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Fig.2.4 Optimization parameters for finishing case

M.R.Yazdi and A.Khorram [10] in 2010 used Response
surface methodology (RSM) and Artificial neural network
(ANN) for optimizing cutting speed, feed rate and depth
of cut to improve surface finish and material removal rate.
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They used 3 levels of factors for finishing and rough
machining. Results were interpreted using both
techniques and found to be very close to each other. For
rough machining case, both of them depicted that as
speed increases and feed decreases the value of surface
roughness goes down while with an increase in depth of
cut, feed ratio and their relation the MRR increases. For
the finishing case, both techniques show that with an
increase in feed rate, depth of cut and their relation MRR
increases. From their results, it can be concluded that data
coverage and accuracy of ANN is more than RSM.

Wen-an Yang [11] in 2011 optimized the multi pass face
milling by using particle swarm intelligence. In order to
reduce production time and decrease the cost of
production and enhance profit rate by controlling
parameters like Machine power, Cutting Force, Feed rate
and surface roughness. Yang concluded the results in
comparison to experiment performed by Shanmugam,
Saha, An chen by using the values of total stock removal
of 8mm & 15 mm, so by comparing and plotting results,
he concluded that results were better using Particle
Swarm Optimization technique.
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Fig.2.5 S/N Ratio plot for various input parameter

Tao Fu et.al [12] in 2012 focused three directional cutting
forces (feed force, radial force and tangential force)
optimization objective. In their experimentation, they
evaluated spindle speed, feed per tooth and depth of cut
using Taguchi method and grey relational analysis
coupled with PCA. They used grey relational analysis to
reduce multi objective problem to single objective
problem and PCA was used to find weightage factor.
After experimentation, Reduced 3 directional cutting
forces were found for values corresponding to spindle
speed 2400 rpm, feed per tooth 0.10mm per tooth and 0.2
mm depth of cut.

Milon D.Selvam etal [13] in 2012 used Taguchi
Technique for experiment design and analysis was done

1JSPR | 159



INTERNATIONAL JOURNAL OF SCIENTIFIC PROGRESS AND RESEARCH (1JSPR)
Issue 115, Volume 40, Number 04, 2017

using S/N Ratio first and then by Genetic Algorithm for
face milling. Results obtained by Taguchi and Genetic
Algorithm for surface roughness was 0.975 pm with
4.308% error and 0.88um with 4.625% error from
predicted value respectively. Genetic Algorithm served
the purpose to fine tune the results obtained by Taguchi
and confirms the results as both the values were very
close. Parameters optimized by them according to their
significance order was spindle speed> no. of passes> feed
rate> depth of cut. Optimum values for these parameters
were: 3 for no. of passes, 0.1162 for depth of cut,
1999rpm for spindle speed and 497.7mm/min for feed
rate.

Thepsonthi et.al [14] in 2012 worked for multi objective
optimization of micro milling. It was seen that most of the
parameters which were insignificant in the macro milling
became significant for micro milling like vibration,
temperature, tool deflection, micro structure of work
piece etc. They used titanium alloy as work piece which
is difficult to process but have wide applications in
medical devices and implant. He has taken surface
roughness and burr formation as optimization objective
and concerned to lower the both Particle Swarm
optimization (PSO) is used as an optimization technique.
Burr formation was measured with burr width and it was
more in up milling than down milling. Optimized result
has shown that it is better to go with spindle speed tested
(60k rpm) and at the highest feed per tooth (50 pum).The
significance of parameters can be given in order of Axial
Depth of Cut (ADOC)> Feed Rate> Spindle Speed.
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Fig.2.6 Main effect on grey relational coefficient for each
factor
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Jihong Yan and Li [15] in 2013 apart from traditional
optimization focused on non-conventional optimization as
they considered cutting energy as one of the optimization
objectives. They presented factors analysis affecting the
cutting energy, material removal rate and surface
roughness at face milling. For these optimization
objectives, spindle speed, feed rate, depth of cut and
width of cut were evaluated and optimized using Grey-
Taguchi Method and optimized values were 1000rpm for
spindle speed(level 1), 300mm/min for feed rate(level 3),
15mm for width of cut(level 3) and 0.4mm for depth of
cut(level 3). After optimization they found that
parameters were significant according to order: Width of
cut> Depth of cut> Feed rate> Spindle speed. Using this
optimization technique they were able to reduce the
cutting energy by 18.1% as compared to traditional
objective optimization.

Lohithaksha et.al [16] in 2013 worked over reducing
surface roughness and increasing material removal rate
for end milling process. They wused Taguchi for
experiment planning, grey analysis for
combining multiple responses into one numerical score
and to determine the optimum value of evaluated
parameters. ANOVA was used by them as a confirmatory
test and to find a most significant factor. Cutting speed,
feed rate and Depth of cut were the parameters optimized
by them. They found optimum values as: 75m/min for
spindle speed (level 3), 0.06mm/tooth for feed rate (level
1) and 0.4mm for depth of cut (level 2). Corresponding to
these optimum values Surface Roughness was found to be
0.19um and 7.21cu.mm/sec. Experimentation after using
optimized values found 64.8% improvement in MRR and
9.52 % improvement in surface roughness. Order of
significance was concluded as cutting speed> feed rate>
depth of cut.
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Fig.2.7 S/N Ratio plot for various input parameters

1JSPR | 160



INTERNATIONAL JOURNAL OF SCIENTIFIC PROGRESS AND RESEARCH (1JSPR)
Issue 115, Volume 40, Number 04, 2017

Emel Kuramet. al. [17] in 2013 optimized tool wear,
forces on tool and surface roughness by varying spindle
speed, feed per tooth and depth of cut. First, the
experiments were carried out using a micro mill on
aluminum alloy. The design of experimentation was done
using Taguchi’s L9 orthogonal array. In the second stage,
S/N ratio analysis was done in order to reduce the signal
to noise ratio. Then single optimization of parameters was
done using ANOVA (Analysis Of Variance). However, in
order to achieve multi optimization of the parameter, grey
relational analysis was used and significance of these
results was done from ANOVA results. It was concluded
that spindle speed was a most significant factor for all
responses except surface roughness. From surface
roughness, the feed rate was a more significant factor.
From multi objective optimization results it was found
that best combination values minimizing tool wear, FX,
Fy and Ra were spindle speed of 10,000 rpm, feed per
tooth of 0.5um and depth of cut of 50pum.

Ali R .Yildiz [18] in 2013introduced a new optimization
technique that is hybrid differential evolution algorithm.
He optimized the machining parameters using this
technique and compared the result with other techniques.
Like other researchers, his objective function is also
production time and cost and constraints were: Machining
power, Cutting force permitted by tool rigidity and
surface finish requirement. Using proposed approach
results were found to be better than other techniques like
Method of feasible direction, Genetic algorithm etc. Final
values for reduced cutting cost, time and overall cutting
rate were 10.90$, 5.00 min, 2.82/minute respectively.
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Fig.2.8 GRG Variation to find optimized values and
significance of various factors

Reddy Sreenivasulu [19] in 2014 studied the effect of
cutting speed, feed rate and depth of cut on delamination,
damage factor and surface roughness using end milling.
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He had used Taguchi technique for desirability function
analysis. He found that as spindle speed increases
desirability factor decreases, desirability first decrease
and then increase as feed rate increases and for increasing
depth of cut desirability factor increase and from here he
concludes that optimum parameter combination for least
delamination and surface roughness were: 1000rpm for
cutting speed(level 1), 200mm/min for feed rate(level 1)
and 1.5 mm for depth of cut (level 3).Order of
significance was concluded as feed rate> depth of cut >
cutting speed.

Abhishek Kumbhar et.al [20] in 2015has optimized the
parameters of CNC end milling using Grey Taguchi
method. Parameters that were chosen for optimization
include spindle speed, feed rate and depth of cut and these
all were optimized to get low values of surface roughness
(Ra) and high material removal rate (MRR). After
applying Grey relational analysis result were plotted on
the basis of grey relational grade (GRG). The optimized
values of parameters are: cutting speed 75m/min (level 2),
feed rate 0.15mm /rev (level 1) and depth of cut 1.5mm
(level 3). Confirmatory tests were satisfactory and reduce
Ra by 24.86% and MRR by 23.99%. Conclusion showed
that depth of cut was the most significant factor followed
by feed rate and cutting speed.

I1ll.  CONCLUSION

1. It was found that Taguchi technique coupled with other
analysis techniques like Grey Relational Analysis, PCA
etc. is very helpful for researchers. As research getting
advanced the optimization techniques shifts from
conventional (LPP, Factorial method etc.) to non-
conventional (PCA, Artificial bee colony etc.) and found
better than conventional ones.

2. The results obtained by using PCA and Artificial bee
colony (ABC) are found more accurate even with less
number Of iterations as compare to others.

3. Most of the researchers have considered spindle speed,
feed rate and depth of cut as input parameters and some
of the researchers had also considered tool geometry
parameters like helix angle, diameter, relief angle etc. as
the input parameter.

4. It was found that as depth of cut and feed rate increases
simultaneously tool deflection increases.

5. It was found that the tool geometry and cutting force
parameters were more Significant as compared to other (n,
f, and d)parameters.

6. Order of significance for parameters to be optimized is
not certain. It varies for optimization objectives, different
tools, and work piece material.
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7. Most of the researchers have done research by taking
surface roughness (quality factor) and material removal
rate (quantity factor) as optimization objectives.
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