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ABSTRACT

End milling is the most important milling operation due to its capability of producing complex geometric
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shapes with reasonable accuracy and good surface finish. This paper focuses on multiple response optimiza-
tion of cutting forces in end milling operation on AISiC metal matrix composites to get minimum forces in tangential(Fx), radial(Fy)
and axial(Fz) directions using response surface methodology. Cutting forces provide the basis for surface accuracy prediction and
improvement, tool wear rate, the energy consumption within the machine tool, depending on power consumption and operating time.
In this work, second-order quadratic models were developed for Fx, Fy and Fz considering the spindle speed, feed rate, depth of cut
and immersion angle as the cutting parameters, using central composite rotatable design. The adequacies of the models were checked
using ANOVA. The developed models were used for multiple-response optimization by desirability function approach in conjunction

with RSM to determine the optimum machining parameters.

1. Introduction

In the highly competitive manufacturing industries now a day,
the manufacturer’s ultimate goals are to produce high quality
product with less cost and time constraints. Due to the advances
in machine tool, CNC, CAD/CAM, cutting tool and high speed
machining technologies the volume and importance of milling
have increased in key industries such as aerospace, aeronau-
tical, biomedical, die and mold, automotive and component
manufacturing[1-3]. Only the implementation of automation
in end milling process is not the last achievement. It is also nec-
essary to improve the machining process and machining per-
formances continuously for effective machining and also for the
fulfillment of requirements of the industries. Despite the recent
advances in machining technology, productivity in milling is
usually reduced due to the process limitations such as high cut-
ting forces and less stability [4-5].

If milling conditions are not selected properly, the process may re-
sult in violations of machine limitations and part quality, or reduced
productivity. The usual practice in machining operations is to use
experience-based selection of cutting parameters which may not
yield optimum conditions. The cutting forces affect the quality and
the precision of the final component; therefore precise prediction of
milling forces becomes an important factor to improve machining
performance. Moreover, reliable quantitative prediction of cutting
forces is essential for further prediction of the necessary power and
torque, machine tool vibrations, work piece surface quality, geo-
metrical accuracy and process stability. Cutting forces provides a
basis for surface accuracy prediction and improvement, tool wear
rate, the energy consumption within the machine tool, depending
on power consumption and operating time [3]. So multi response
optimization of end milling is carried out for forces as responses to
optimize the machining parameters.

2. Literature review

C.Dhavamani(2011) et al.[9] gives review on latest optimization
techniques such as fuzzy logics, ant colony technique, Taguchi
method, scatter search technique, Response surface methodol-
ogy etc. Design of Experiment methods like Taguchi technique
and response surface methodology are being applied success-
fully in industrial applications for optimal selection of process
variables in the area of machining. Experimentation and mak-
ing inferences are the twin features of general scientific meth-
odology. Statistics as a scientific discipline is mainly designed to
achieve these objectives. Planning of experiments is particularly
very useful in deriving clear and accurate conclusions from the
experimental observations, on the basis of which inferences can
be made in the best possible manner [6].

3.1 Response Surface Methodology

RSM is a collection of mathematical and statistical techniques
that are useful for the modeling and analysis of problems in
which a response of interest is influenced by several variables
and the objective is to optimize this response. RSM is useful for

developing, modeling and optimize the response variables [21].
Itis a technique for determining and representing the cause and
effect relationship between the responses and input control
variables influencing the responses as a two- or three-dimen-
sional hyper surface. The accuracy and effectiveness of an ex-
perimental design depends on careful planning and execution.
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Fig.1: Procedure for response surface methodology

Cochran & Cox (1962) quoted Box and Wilson as having proposed
response surface methodology for the optimization of experiments.
There are mainly 2 types Design of Experiments for RSM. 1) Cen-
tral Composite Design. 2) Box Behnken Design. Box & Hunter
(1957) have proposed that the scheme based on central composite
rotatable design fits the second-order response surfaces very accu-
rately [6].

3.2 Central Composite Rotatable Design

Central composite designs (CCDs), also known as Box-Wilson de-
signs, are appropriate for calibrating full quadratic models. Total
design points in CCD are 2* factorial (cube) points + 2*k axial (star)
points + n_ centre points; where k is the number of factors in the
experiments. Factorial points in CCD contribute to the estimation
of the interaction terms. The factorial points do not contribute to the
estimation of quadratic terms. Axial points are added to estimate the
curvature. The axial points contribute in a large way to the estima-
tion of quadratic terms. Centre points provide an internal estimate
of pure error; contribute towards the estimate of quadratic terms
and has an influence on the distribution of variance in the region
of interest [22]. In the central composite rotatable design, standard
error remains the same at all the points which are equidistant from
the centre of the region.
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3.3 Experimental procedure

1. Identifying the important process control variables.

2. Finding the upper and lower limits of the control variables,
viz., spindle speed, feed rate, depth of cut and immersion
angle.

3. Development of design matrix using central composite de-
sign and conducting the experiments as per the design ma-
trix.

4. Recording the responses of Forces in tangential, radial and

axial directions.

Development of second-order quadratic model.

6. Determining the coefficients of the second-order polynomi-

als.

Checking the adequacy of the models developed.

Testing the significance of the regression coefficients.

Presenting the main effects and the significant interaction ef-

fects of the process parameters on the responses in two (con-

tour) and three dimensional (surface) graphical form.

10. Determination of optimized machining process parameters for
the multiple responses.

4.1 Mathematical modeling

Through the use of the design of experiments and applying re-

gression analysis, the modeling of the desired response to sev-

eral independent input variables can be gained. If all variables
are assumed to be measurable, the response surface can be ex-
pressed as follows:

v

0 o N

Y,=f(X, X, X,..X)+¢e 1)

Where, Y, is the corresponding response function (or response
surface), X, X, X,...X, are coded values of the machining process
parameters, and ¢ is the fitting error of the u™ observations. In
this study a second-order polynomial regression model, which
is called quadratic model, is proposed. The quadratic model of
Y can be written as follows:

-:.—'_\;‘.'-._.1:_ SR b+ S b e

The coefficient bo is the free term, the coefficients bi are the lin-
ear terms, the coefficients bij are the interaction terms and bii
are quadratic terms.

Using the results presented in Table.2, the derived quadratic
model for Fx, Fy and Fz in  terms of coded factors are given
as:

F_ = 22.55- 0.225A + 2.739B - 0.040C + 0.321D + 0.424AB +
0.99AC + 0.022AD +0.238BC - 0.230BD +0.441CD -0.024A%
0.985B%+ 0.059C -0.050D? 3)

F = 45.93 - 0.707A + 6.587B - 0.099C + 0.757D + 1.206AB +
0.723AC - 0.328AD + 0.378BC - 0.852BD+ 1.868CD - 0.104A? -
6.007B% + 0.118C% - 0.082D? (4)

F = 13.66 — 0.116A + 5.516B — 0.011C +0.876D + 0.289AB
+0.533AC — 0.344AD + 0.569BC + 0.129BD + 0.613CD -0.139A?
+0.442B%-0.055C2-0.187D? (5)

4.2 Model adequacy checking by ANOVA

The adequacies of the models are checked using the analysis of
variance (ANOVA) technique. The analysis of the experimental
data was done to statistically analyze the significance of the
parameters depth of cut(D), feed(F), speed(V) and immersion
angle(A) on the response variables tangential F, radial F and
axial F, forces respectively. The model has been developed for
95% confidence level.

As per this technique the F value of model Fx 9.07[tab.3] implies
that the model is significant. There is only a 0.01% chance that
a model F-Value this large could occur due to noise. Values of P
less than 0.0500 indicate model terms are significant. In this case
B,B~“are significant model terms. Values greater than 0.1000 indi-
cate the model terms are not

Table. 1: Factors and their Levels selected for central com-
posite design:

Sl. | Parameters | Units |No- | Factor Levels
No msl2 1 Jo 1 ]2
1 |Depth of mm D 4 |.8 1.2 |16 |2
cut
2 | Feedrate mm/ |F 3 |.6 9 1.2 |15
sec
3 | Cutting m/min | V 56 |84 |112 |140|224
speed
4 |Immersion |degree |A 90 (120 (180 | 270|360
angle
Table.2: Four factor Three response Central Composite De-
sign Matrix:
Bun Dmm) Flmsses) Vipmin)  Sidegres) PN F(8 FIN
1080 060 $4.00 1200 19488 HEE e
1 160 .60 500 120,00 19048 35075 BI43
3 0ED 120 500 12000 13583 4760 17388
4 180 120 $4.00 120.00 3388 47355 17543
5080 060 1400 1200 18718 303916 4,703
£ 160 LT 140,00 12000 1547 4343
T 080 120 14000 12000 1404 19 101
i1 120 14040 10m Han 19505
¥ 0D .50 500 27000 1051 10455
10 160 .50 500 27000 1750 SinEEd
11 080 120 §4.00 217040 ! . 12061
12 1460 1.20 £4.00 mm 147 059
13 08D .50 140.00 2700 2089 10,023
14 160 060 14000 17000 . 10413
15 080 120 14000 27000 20 0655
16 160 120 140.00 17000 . 12073
17 040 080 112.00 1000 1101 12303
1§ 200 080 1120 5000 136 12,746
19 120 030 1120 15000 11585 18
010 130 11240 190w m 18
no1m o 5 00 12000 14M 12851
Fr b | 090 168 00 18000 1508 13038
1 080 11240 #5 11508 13168
M4 1 080 112.00 Ja0.00 1143 12405
FA I | 090 11200 18000 1108 12475
% 120 090 1120 15000 bad 3} 12515
. | 090 1120 130,00 1 13073
WO LT 11200 12000 o3 1] 13548
Mo 090 11200 i 00 1nm 163 1455
FI I 780 1120 Fit iige R 1438

significant. If there are many insignificant model terms model
reduction may improve the model. The Lack of Fit F-value of
7.65 implies the Lack of Fit is significant. There is only a 1.83%
chance that a Lack of Fit F-value this large could occur due to
noise. Insignificant lack of fit is good; so we want the model to
fit. Adequacy Precision measures the signal to noise ratio. Ara-
tio greater than 4 is desirable. The ratio of 13.127 indicates an
adequate signal. This model can be used to navigate the design
space.

4.3 Residual analysis for responses

The developed response surface models for Fx, Fy, & Fz have
been checked using residual analysis.The residual plots for
response parameters Fx, Fy & Fz are shown in fig.2,3,& 4 re-
spectively. In normal plot of residuals the data are spread ap-
proximately in a straight line, which shows a good correlation
between experimental and predicted values for responses.

4.4 Parametric influences and analysis

Based on RSM model the effects of parameters on forces can be
seen from the graphs also. The effects of feed rate (F) and depth
of cut (D) on F, while keeping the other parameters at the cent-
er level are shown in fig.5. The non linear nature of variation of
F_with respect to F is observed and F_increases with increase
in feed and Fx increase linearly as depth of cut increases but not
much significant as feed rate.
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The variation of Fx with respect to speed and immersion angle
while keeping other two parameter at there center are

Table.3: ANOVA for response surface quadratic model for

Fv
Sumaf Mean 1} palie
S Suares i Smr  Viw  Inb:f
Mol 1T 14 150 W <D0l smifica
A0 ] l 12 e 4
B 18108 I 100 e <00 ol
v I3 l I3 1{BAT F: 17
-4 i l 14 a1
3 % l 18 0268
A (L1 l (L1 0761
A T THEE [ TTHEND 1873
i LY l L] (470
m (4] l ] 447
D in l i 1%
& s l 1] L
B %Al l Xfl 00 smifeat
¢ 007 I 1.0 (364
[k m l 17 {E2]
TmiE il I3 B
Lk ofFi uH 10 14 16 0B smifi
Py 13 j (5]
CorTodd Hin !

Table.4: ANOVA for response surface quadratic
model for F,

Sumof Mean F P-value
Siuree Sunares if Squane Valie  Prob:F
Mode! 0786 [ AR 0% <0l signifiant
AD 1201 I 1201 081 (383
BF 1ML16 I 1416 08 <0000 sigmfiat
GV (4 I (4 1) 1
D-A 137 I 137 (LR
AB B3 I B3 13 00
AC §.36 I §.36 036 0465
AD 1N I 1N (A (YA
B o) I o) 05 0700
B 1160 I 1160 07 03003
(D iR I iR W m
A 030 I 030 000 08893
B amasl [ 6645 <0000 sigmficant
¢ 038 I 038 05 08
)i 019 I 019 05 0
Residual M3l 15 1490
Lack of it 21849 10 18 nno 0ms o spmfieat
PureEmor 48 j 096
Cor Toal WLy .

}‘abll:e.S: ANOVA for response surface quadratic model
or
z

shown in fig.6. The graph shows Fx increases slightly with in-
crease in speed and immersion angle but not much affect as
feed rate. Similar effect of parameters on response F._is shown
in fig.7& 8. The non- linear nature of variation of F, with respect
to feed is observed and F_ increases with increase in feed. After
optimization it's shown that there is a slight decrease in forces
as speed and immersion angle increse at higher levels.

The variation of F, with respect to feed rate and depth of cut
while keeping the other parameters at their center levels are
shown in fig.9. Axial force increases with increase in depth of

cut but not much effect as that of feed rate on F, Increase in
speed and immersion angle slightly increase the axial force as
shown in fig. 10.
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5.1 Multi response optimization by desirability function

A single-response optimization algorithm provides optimal so-
lution for only one response. In multi response optimization, si-
multaneous optimization of more than one response is carried
out and optimum solution is obtained. To overcome the prob-
lems of conflicting response of single response optimization
multi response optimization is carried out
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Fig.5: Tangential force V/s feed rate & depth of cut
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by desirability function approach popularized by Derringer and
di—0 ioa ki
b= [li = L) = L)) LEieT, (10)

d—1 iaT,

To minimize a response, the individual desirability is calculated

parameters that will give high value of composite desirability
(ranged from 1 to 0.568), and the values of predicted responses
obtained are also given.

The optimum parametric conditions are obtained by the com-

d=0 i~ K posite desirability function as shown in the ramp diagram given
d=lH~-)H-T" T<i<H (11) infig.11.
d __I i N 'r'l The optimum parameter combinations obtained for minimum
Al SesT o ] forces are: 1.18mm depth of cut, 0.31mm/sec feed, 223.9m/min
x ) desirability is calculated as: speed and 174.10 degree immersion angle. The minimum forces
e t:"' A "I L obtained are: Tangential force 11.52N, radial force 5.19N and
di =1 i = (12) axial force -1.88N.
Where, Table 6: Constraints
i predicted value of i*" response Tipper Lower  Uppr  Lawes
y, targetvalue for i* response Hame Ll Lissii Lissis Weighi  Weight Impsaiome
L, lowest acceptable value for i* response AD T—— Y . i 3
H, highest acceptable value for i* response BE 8 in Mi 0 15 1 3
d, desirability for i"" response v is in range 56 24 1 ]
r, weight of desirability function of i response f-*"‘ 15 In ran g I)‘U - -‘;f'i” _ ; ¥
Table.6 shows the constraints of input parameters and that of :: ::::::::; 111'.-|".~<:= _l‘: : } ]
responses and the goal and weights assigned to each parameter.
Table.7. shows the values of 21 levels combinations of process
Table 7: Solutions
Number D F v A Fx Fy Fz Desirahil
1 118 0.31 223 .59 174.10 115197 3.18725 -1.87602 1.000 Selactad
2 0.52 0.30 171.08 126.90 113892 2.72669 0720305 1.004
3 1.06 0.31 162.90 2018 106787 0890193 -07E2468 1.000
4 0.51 0.31 204 35 108.44 108694 -1.76376 -6. 10372 1.000
3 0.41 0.31 187.57 101.03 114034 -0.162825 -4 98313 1.004
& 147 0.30 3844 3578 115608 -234347 08351303 1.000
7 1.06 0.33 172.67 122.01 114773 4. 15092 0302294 1.000
8 1.26 0.30 211.35 177.53 114965 4447 07832 1.000
9 0.57 0.31 N5 Q820 10109 -4 51619 -202949 1.000
14 0.80 0.30 166.43 9967 110757 0.851612 -1.56339 1.000
11 0.9 0.33 134 103.98 101818 -14071 -4 60074 1.004
2 2.00 0.30 227 321.30 115757 -138523 0063023 1.000
13 154 0.30 3600 35978 115913 -243478 0918739 0.999
14 2.00 0.30 7261 262.17 116037 0.672013 1.48481 {.994
15 2.00 0.30 T6.12 7214 116151 0_816291 1.37967 05999
16 2.00 0.30 6768 23558 116177 0. 4496568 147449 05999
17 2.00 0.30 3671 23585 11707 0123706 1.23989 0.997
18 2.00 0.31 6431 346.57 117692 -071933% 0472351 0.995
19 0.440 0.30 105 .89 9240 143769 11.1985 317448 0922
20 0.440 0.30 7072 9000 161333 1735317 743572 0.772
21 0.4 0.91 224.00 8000 200473 10281 241199 0.568

6. CONCLUSION

A second order quadratic model was developed for each re-
sponse; tangential, radial and axial forces by central composite
design of RSM. Adequacy of the model was checked by ANOVA.
Significant parameters for each model were identified. Feed
rate is the most significant parameter for F, F and F,. With the
increase in feed rate there is a considerable increase in forces

and with the increase in cutting speed, depth of cut and immer-
sion angle there is a slight increase in forces F, F and F, are
shown in graphs. After optimization it was observed that forces
decreases with increasing cutting velocity at higher speed and
slight decrease in force with increase in immersion angle which
will increase the productivity. Among the three force compo-
nents tangential force component has the most important affect

IJSR - INTERNATIONAL JOURNAL OF SCIENTIFIC RESEARCH 129




Volume : 2 | Issue : 5 | May 2013 « ISSN No 2277 - 8179 Research Paper

on machining process. Radial force is very low and axial force is
negligible if optimum cutting conditions are selected. Optimum
machining conditions were found out by desirability function
at which machining parameters were observed as depth of cut:
1.18 mm, feed: 0.31mm/sec, speed: 223.9m/min and immer-
sion angle: 174.10degre and optimum forces found as: 11.52N,
5.19N and -1.88N at tangential, radial and axial directions re-
spectively. Using these results power consumption for mini-
mum cost can be calculated.
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