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Abstract

The performance of a multilayer tungsten carbide tool was described using response surface methodology (RSM) when turning AISI
1045 steel. Cutting tests were performed with constant depth of cut and under dry cutting conditions. The factors investigated were cutting
speed, feed and the side cutting edge angle (SCEA) of the cutting edge. The main cutting force, i.e. the tangential force and surface
roughness were the response variables investigated. The experimental plan was based on the face centred, central composite design (CCD).
The experimental results indicate that the proposed mathematical models suggested could adequately describe the performance indicators
within the limits of the factors that are being investigated. The feed is the most significant factor that influences the surface roughness and
the tangential force. However, there are other factors that provide secondary contributions to the performance indicators. In the case of
surface roughness, the SCEA2 and the interaction of feed and SCEA provides these contributions whilst for tangential force, the SCEA2,
the interaction of feed and SCEA; and the cutting speed provides them.
© 2003 Published by Elsevier B.V.
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1. Introduction

Machinability of a material provides an indication of its
adaptability to be manufactured by a machining process. In
general, machinability can be defined as an optimal com-
bination of factors such as low cutting force, high material
removal rate, good surface integrity, accurate and consistent
workpiece geometrical characteristics, low tool wear rate
and good curl or chip breakdown of chips.

In machinability studies investigations, statistical design
of experiments is used quite extensively. Statistical design
of experiments refers to the process of planning the ex-
periment so that the appropriate data can be analysed by
statistical methods, resulting in valid and objective con-
clusions[1]. Design and methods such as factorial design,
response surface methodology (RSM) and Taguchi methods
are now widely use in place of one-factor-at-a-time exper-
imental approach which is time consuming and exorbitant
in cost.
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Thomas et al.[2] used a full factorial design involving six
factors to investigate the effects of cutting and tool parame-
ters on the resulting surface roughness and on built-up edge
formation in the dry turning of carbon steel. The Taguchi
method was used by Yang and Tarng[3] to find the optimal
cutting parameters for turning operations. Choudhury and
El-Baradie[4] had used RSM and 23 factorial design for pre-
dicting surface roughness when turning high-strength steel.
Thiele and Melkote[5] had used a three-factor complete fac-
torial design to determine the effects of workpiece hardness
and cutting tool edge geometry on surface roughness and
machining forces. The Taguchi method with multiple per-
formance characteristics was used by Nian et al.[6] in the
optimisation of turning operations. A polynomial network
was used by Lee et al.[7] to develop a machining database
for turning operations. On the other hand, Lin et al.[8] used
an abductive network to construct a prediction model for
surface roughness and cutting force. In combination, cutting
speed, feed rate and depth of cut were the primary factors in-
vestigated whilst tool nose radius, tool length, edge prepara-
tion of tool, workpiece length and workpiece hardness were
the secondary factors considered by the aforementioned in-
vestigators.
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Nomenclature

A first factor or input variable
investigated—cutting speed (m/min)

Adeq. precision adequate precision
Adj. R2 adjustedR2

B second factor or input variable
investigated—feed (mm/rev)

C third factor or input variable
investigated—SCEA (◦)

Cor. total totals of all information corrected
for the mean

CV coefficient of variation
d.f. degrees of freedom
Fc main cutting force, i.e.

tangential force (N)
Pred.R2 predictedR2

Prob. > F proportion of time or probability
you would expect to get the
stated F value

PRESS predicted residual error sum
of squares

Ra surface roughness of the turned
surface (�)

R2 coefficient of determination
SCEA side cutting edge angle (◦)
S.D. square root of the residual

mean square

One of the most important parameters in tool geometry is
the side cutting edge angle (SCEA). It serves two purposes
in that it protects the point from taking the initial shock of the
cut and it serves to thin out the chip by distributing the cut
over a greater surface[9]. In this study, the SCEA has been
taken into consideration along with cutting speed and feed as
the factors to be investigated in describing the performance
of coated carbide tools when turning AISI 1045 steel. This
is due to the fact that SCEA has not been investigated previ-
ously during modelling inspite of its importance. Emphasis
is however being placed towards studying the effects of neg-
ative SCEA in view of the fact that considerable research
has been done to investigate the effect of positive SCEA,
whereas published material on the performance of negative
SCEA is somewhat limited[10,11]. Noordin et al.[12] found
that the level of deformation of the chips is very low when the
tool with−5◦ SCEA is being used at low feed rate. RSM will
be used to identify the factors which influences the surface
roughness and the main cutting force. Additionally these re-
lationships will be quantified using mathematical modelling.

2. Response surface methodology

RSM is a collection of mathematical and statistical tech-
niques that are useful for the modelling and analysis of

problems in which a response of interest is influenced by
several variables and the objective is to optimise this re-
sponse[1]. RSM also quantifies relationships among one or
more measured responses and the vital input factors[13].

The version 6 of the Design Expert software was used to
develop the experimental plan for RSM. The same software
was also used to analyse the data collected by following the
steps as follows[13]:

1. Choose a transformation if desired. Otherwise, leave the
option at “None”.

2. Select the appropriate model to be used. The Fit Summary
button displays the sequentialF-tests, lack-of-fit tests and
other adequacy measures that could be used to assist in
selecting the appropriate model.

3. Perform the analysis of variance (ANOVA), post-ANOVA
analysis of individual model coefficients and case statis-
tics for analysis of residuals and outlier detection.

4. Inspect various diagnostic plots to statistically validate
the model.

5. If the model looks good, generate model graphs, i.e. the
contour and 3D graphs, for interpretation. The analysis
and inspection performed in steps (3) and (4) above
will show whether the model is good or otherwise.
Very briefly, a good model must be significant and the
lack-of-fit must be insignificant. The various coefficient
of determination,R2 values should be close to 1. The di-
agnostic plots should also exhibit trends associated with
a good model and these will be elaborated subsequently.

After analysing each response, multiple response opti-
misation was performed, either by inspection of the inter-
pretation plots, or with the graphical and numerical tools
provided for this purpose.

It was mentioned previously that RSM designs also help
in quantifying the relationships between one or more mea-
sured responses and the vital input factors. In order to de-
termine if there exist a relationship between the factors and
the response variables investigated, the data collected must
be analysed in a statistically sound manner using regres-
sion. A regression is performed in order to describe the
data collected whereby an observed, empirical variable (re-
sponse) is approximated based on a functional relationship
between the estimated variable,yest and one or more re-
gressor or input variablex1, x2, . . . , xi. In the case where
there exist a non-linear relationship between a particular re-
sponse and three input variables, a quadratic equation,yest =
b0 + b1x1 + b2x2 + b3x3 + b4x1x2 + b5x1x3 + b6x2x3 +
b7x

2
1 + b8x

2
2 + b9x

2
3 + error, may be used to describe the

functional relationship between the estimated variable,yest
and the input variablesx1, x2 andx3. The least square tech-
nique is being used to fit a model equation containing the
said regressors or input variables by minimising the residual
error measured by the sum of square deviations between the
actual and the estimated responses. This involves the cal-
culation of estimates for the regression coefficients, i.e. the
coefficients of the model variables including the intercept or
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constant term. The calculated coefficients or the model equa-
tion need to however be tested for statistical significance. In
this respect, the following test are performed[14].

2.1. Test for significance of the regression model

This test is performed as an ANOVA procedure by calcu-
lating theF-ratio, which is the ratio between the regression
mean square and the mean square error. TheF-ratio, also
called the variance ratio, is the ratio of variance due to the
effect of a factor (in this case the model) and variance due
to the error term. This ratio is used to measure the signifi-
cance of the model under investigation with respect to the
variance of all the terms included in the error term at the
desired significance level,α. A significant model is desired.

2.2. Test for significance on individual model coefficients

This test forms the basis for model optimisation by adding
or deleting coefficients through backward elimination, for-
ward addition or stepwise elimination/addition/exchange. It
involves the determination of theP-value or probability
value, usually relating the risk of falsely rejecting a given
hypothesis. For example, a “Prob. > F ” value on anF-test
tells the proportion of time you would expect to get the stated
F-value if no factor effects are significant. The “Prob. > F ”
value determined can be compared with the desired prob-
ability or α-level. In general, the lowest order polynomial
would be chosen to adequately describe the system.

2.3. Test for lack-of-fit

As replicate measurements are available, a test indicat-
ing the significance of the replicate error in comparison to
the model dependent error can be performed. This test splits
the residual or error sum of squares into two portions, one
which is due to pure error which is based on the replicate
measurements and the other due to lack-of-fit based on the
model performance. The test statistic for lack-of-fit is the
ratio between the lack-of-fit mean square and the pure error
mean square. As previously, thisF-test statistic can be used
to determine as to whether the lack-of-fit error is significant
or otherwise at the desired significance level,α. Insignifi-
cant lack-of-fit is desired as significant lack-of-fit indicates
that there might be contributions in the regressor–response
relationship that are not accounted for by the model.

Additionally, checks need to be made in order to deter-
mine whether the model actually describes the experimental
data[14]. The checks performed here include determining
the various coefficient of determination,R2. TheseR2 co-
efficients have values between 0 and 1. In addition to the
above, the adequacy of the model is also investigated by
the examination of residuals[1]. The residuals, which are
the difference between the respective, observe responses
and the predicted responses are examined using the normal
probability plots of the residuals and the plots of the residu-

als versus the predicted response. If the model is adequate,
the points on the normal probability plots of the residuals
should form a straight line. On the other hand the plots of
the residuals versus the predicted response should be struc-
tureless, that is, they should contain no obvious patterns.

3. Experimental details

3.1. Cutting inserts

Coated carbide tools have been known to perform better
than uncoated carbide tools when turning steel[1–3,15–17].
For this reason, commercially available CVD coated car-
bide insert was used in this investigation. The inserts were
manufactured by Kennametal Inc., with the ISO designa-
tion of CNMG 120408-FN (80◦ diamond-shaped insert)
and TNMG 120408-FN (60◦ triangular-shaped insert). The
FN designation indicates that it has a chipbreaker for fin-
ishing with a negative, stable cutting edge style. The 80◦
diamond-shaped insert is one of the popular inserts used
with negative SCEA. With this configuration it can be used
for seven operations as compared to the square or trian-
gular shape. The use of a−5◦ SCEA enables both facing
and turning to be done with the same tool which is a big
advantage in a CNC machine tool[10]. In both instances
the grade of the coated carbide used is designated by KC
9010 and the nose radius is 0.8 mm. KC 9010 is a thick
alumina-coated grade with a moderately hard, deforma-
tion resistant substrate and it is CVD coated with TiCN
underlayer, followed by Al2O3 intermediate layer and TiN
outerlayer. The provision of a functional TiN outerlayer
reduces the tendency to built-up edges. Furthermore, the
generation of heat is less owing to the reduction of friction.
This resulted in less thermal cracks and increases tool life.
In addition, any wear pattern can be easily recognised with
the yellow TiN layer[18]. As the investigation involves the
performance evaluation of coated carbide tool having side
cutting edge angles (SCEA) of−5◦, −3◦ and 0◦, the inserts
were rigidly mounted on three different right hand style tool
holders designated by ISO as MCLNR 2525 M12, MTJNR
2525 M16 and MTGNR 2525 M16 thus giving side cutting
angle of−5◦, −3◦ and 0◦, respectively. In all instances, the
back rake angle and the side rake angle is−5◦.

3.2. Workpiece materials

The cutting performance tests were performed on AISI
1045 steel bars. Its composition is 0.45%C, 0.72%Mn,
0.20%Si, 0.015%P, 0.018%S, 0.10%Cu, 0.09%Ni and
0.07%Cr. The hardness of the bar is 187 HB. The work-
piece material used has a dimension of 300 mm in length
and 100 mm in diameter. This material is suitable for a
wide variety of automotive-type applications[19]. Axle
and spline shaft are two examples of automotive compo-
nents produced using this material where the turning is the
prominent machining process used.
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Table 1
Factors and levels for response surface study

Factor Low level (−1) High level (+1)

A–cutting speed (m/min) 240 375
B–feed (mm/rev) 0.18 0.28
C–SCEA (◦) −5 0

3.3. Cutting conditions and experimental plan

In this particular investigation three factors are being stud-
ied and their low and high levels are given inTable 1. Cut-
ting tests were carried out on a 9.2 kW Harrison M500 lathe
machine under dry cutting conditions. High feed rates were
also considered for high productivity reasons. Machining
was performed dry as dry machining has been considered
as the machining of the future due to concern regarding the
safety of the environment[20]. A low depth of cut (d) of
1 mm was used for near net shape manufacturing and was
kept constant throughout the tests. The conditions were se-
lected after considering the recommendations given in the
tool manufacturer’s catalogue[21,22].

The turning process was studied with a standard RSM de-
sign called a central composite design (CCD) whereby the
factorial portion is a full factorial design with all combina-
tions of the factors at two levels, the star points are at the
face of the cube portion on the design which corresponds
to an α-value of 1 and this is commonly referred to as a
face-centred, CCD and the centre points, as implied by the
name, are points with all levels set to coded level 0—the
midpoint of each factor range and this is repeated twice. The
response variables investigated are the surface roughness of
the turned surface,Ra and the main cutting force, i.e. the
tangential force,Fc. Based on the foregoing input and upon
editing the completed design layout produced by the soft-
ware so as to reflect the actual midpoint values to be used, i.e.
300 m/min for cutting speed and−3◦ for SCEA, the revised
design layout is as shown inTable 2. It has been shown that
small discrepancies in the required factor levels will result
in very little difference in the model subsequently developed
and the practical interpretation of the results of the experi-
ments would not be seriously affected by the inability of the
experimenter to achieve the desired factor levels exactly[1].

3.4. Experimental techniques

As shown inSection 3.3, the cutting performance tests
involved 16 trials and the response variables measured were
the main cutting force,Fc and the surface roughness. The
cutting force was measured using a three-component dy-
namometer (Kistler, Type 9265B), a multichannel charge
amplifier (Kistler, Type 5019A) and a data acquisition
system. The surface roughness of the turned surface was
measured using a portable surface roughness tester (Rank
Taylor Hobson, Surtronic 3+). For each experimental trial,
a new cutting edge was used. Due to the limited number of

Table 2
Completed design layout

Std. run
no.

Run Block Factor

A—cutting
speed (m/min)

B—feed
(mm/rev)

C—SCEA
(◦)

1 8 1 240 0.18 −5
2 9 1 375 0.18 −5
3 12 1 240 0.28 −5
4 15 1 375 0.28 −5
5 13 1 240 0.18 0
6 3 1 375 0.18 0
7 11 1 240 0.28 0
8 2 1 375 0.28 0
9 14 1 240 0.23 −3

10 16 1 375 0.23 −3
11 6 1 300 0.18 −3
12 7 1 300 0.28 −3
13 1 1 300 0.23 −5
14 4 1 300 0.23 0
15 10 1 300 0.23 −3
16 5 1 300 0.23 −3

inserts available, each experimental trial was repeated twice
and each surface turned was measured at three different
locations. As far as possible the trials were performed in a
random fashion.

4. Results and discussion

The results from the machining trials performed as per
the experimental plan are shown inTable 3. These results
were input into the Design Expert software for further anal-
ysis following the steps outlined inSection 2. Without per-
forming any transformation on the response, examination of
the Fit Summary output revealed that the quadratic model
is statistically significant for both responses and therefore it
will be used for further analysis.

Table 3
Experimental results

Std. run no. Surface roughness,
Ra (�)

Tangential
force, Fc (N)

1 1.68 395.98
2 1.40 372.24
3 3.18 550.14
4 2.95 525.85
5 1.20 372.83
6 1.42 366.48
7 3.80 559.22
8 3.25 553.50
9 2.14 443.10

10 2.08 432.27
11 1.14 351.14
12 2.99 540.77
13 2.17 440.92
14 2.32 465.40
15 1.76 436.10
16 1.74 428.88



50 M.Y. Noordin et al. / Journal of Materials Processing Technology 145 (2004) 46–58

Table 4
ANOVA table (partial sum of squares) for response surface quadratic model (response: surface roughness,Ra)

Source Sum of squares d.f. Mean square F Prob. > F

Model 9.71 9 1.08 35.59 0.0002 significant
A 0.080 1 0.080 2.62 0.1564
B 8.77 1 8.77 289.44 <0.0001
C 0.038 1 0.038 1.24 0.3075
A2 0.050 1 0.050 1.66 0.2449
B2 0.018 1 0.018 0.60 0.4678
C2 0.16 1 0.16 5.43 0.0586
AB 0.065 1 0.065 2.16 0.1922
AC 0.0028 1 0.0028 0.091 0.7729
BC 0.24 1 0.24 7.86 0.0310

Residual 0.18 6 0.030
Lack-of-fit 0.18 5 0.036 181.67 0.0563 not significant
Pure error 0.0002 1 0.0002
Cor. total 9.89 15

S.D. 0.17 R2 0.9816
Mean 2.20 Adj.R2 0.9540
CV 7.91 Pred.R2 0.7502
PRESS 2.47 Adeq. precision 19.16

4.1. ANOVA analysis

It was previously mentioned that test for significance of
the regression model, test for significance on individual
model coefficients and test for lack-of-fit need to be per-
formed. An ANOVA table is commonly used to summarise
the tests performed.Table 4shows the ANOVA table for
response surface quadratic model for surface roughness.

The value of “Prob. > F ” in Table 4for model is less than
0.05 which indicates that the model is significant, which is
desirable as it indicates that the terms in the model have a
significant effect on the response. In the same manner, the
main effect of feed (B) and the two-level interaction of feed
and SCEA (BC) are significant model terms. Other model
terms can be said to be not significant. These insignificant
model terms (not counting those required to support hierar-
chy) can be removed and may result in an improved model.
The lack-of-fit can also be said to be insignificant. This is
desirable as we want a model that fits.

By selecting the backward elimination procedure to au-
tomatically reduce the terms that are not significant, the re-
sulting ANOVA table for the reduced quadratic model for
surface roughness is shown inTable 5. Results fromTable 5
indicate that the model is still significant. However, the main
effect of feed (B), the second-order effect of SCEA (C2)
and the two-level interaction of feed and SCEA (BC) are the
significant model terms. The main effect of SCEA (C) was
added to support hierarchy. The main effect of feed (B) is the
most significant factor associated with surface roughness.

This is expected because it is well known that for a given
tool nose radius, the classical surface roughness is primarily
a function of the feed[23]. Additionally, the results show
that the SCEA2 and the interaction between the feed and
SCEA terms provide secondary contribution to the surface
roughness. The lack-of-fit can still be said to be insignifi-

cant. TheR2 value is high, close to 1, which is desirable.
The predictedR2 is in reasonable agreement with the ad-
justedR2. The adjustedR2 value is particularly useful when
comparing models with different number of terms. This
comparison is however done in the background when model
reduction is taking place. Adequate precision compares the
range of the predicted values at the design points to the aver-
age prediction error. Ratios greater than 4 indicate adequate
model discrimination. In this particular case the value is well
above 4.

The same procedure is applied on responseFc and the
resulting ANOVA table for the reduced quadratic model is
shown inTable 6. For Fc, the main effects of cutting speed
(A) and feed (B), the second-order effect of SCEA (C2) and
the two-level interaction of feed and SCEA (BC) are the sig-
nificant model terms. As before, the main effect of SCEA
(C) was added to support hierarchy. Interestingly, signifi-
cantly better statistics were obtained. The feed factor is the
most significant factor associated with the tangential force.
This can be explained by the fact that the undeformed chip
thickness increases with increasing feed and the tangential
force is proportional to the undeformed chip thickness. Ad-
ditionally, the results show that the SCEA2, the interaction
between the feed and SCEA; and the cutting speed provide
secondary contributions to the tangential force.

The following equations are the final empirical models in
terms of coded factors for:

• Surface roughness,Ra:

Ra = 1.97+ 0.94B + 0.06C + 0.36C2 + 0.17BC (1)

• Tangential force,Fc:

Fc = 437.96− 6.93A + 87.39B + 3.23C

+22.15C2 + 7.76BC (2)
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Table 5
Resulting ANOVA table (partial sum of squares) for reduced quadratic model (response: surface roughness,Ra)

Source Sum of squares d.f. Mean square F Prob. > F

Model 9.47 4 2.37 62.07 <0.0001 significant
B 8.82 1 8.82 231.11 <0.0001
C 0.037 1 0.037 0.98 0.3445
C2 0.45 1 0.45 11.85 0.0055
BC 0.24 1 0.24 6.22 0.0298

Residual 0.42 11 0.038
Lack-of-fit 0.42 10 0.042 209.70 0.0537 not significant
Pure error 0.0002 1 0.0002
Cor. total 9.89 15

S.D. 0.20 R2 0.9576
Mean 2.20 Adj.R2 0.9421
CV 8.87 Pred.R2 0.8976
PRESS 1.01 Adeq. precision 22.35

Table 6
Resulting ANOVA table (partial sum of squares) for reduced quadratic model (response: tangential force,Fc)

Source Sum of squares d.f. Mean square F Prob. > F

Model 7.86E+04 5 1.57E+04 168.78 <0.0001 significant
A 482.40 1 482.40 5.18 0.0462
B 7.62E+04 1 7.62E+04 817.91 <0.0001
C 104.33 1 104.33 1.12 0.3149
C2 1668.17 1 1668.17 17.90 0.0017
BC 485.13 1 485.13 5.21 0.0457

Residual 931.90 10 93.19
Lack-of-fit 905.84 9 100.65 3.86 0.3769 not significant
Pure error 26.06 1 26.06
Cor. total 7.96E+04 15

S.D. 9.65 R2 0.9883
Mean 452.18 Adj.R2 0.9824
CV 2.13 Pred.R2 0.9714
PRESS 2279.00 Adeq. precision 35.91

While, the following equations are the final empirical models
in terms of actual factors for:

• Surface roughness,Ra:

Ra = −2.714+ 22.228 feed+ 2.88× 10−4 SCEA

+0.0583 SCEA2 + 1.372 feed× SCEA (3)

• Tangential force,Fc:

Fc = 57.237− 0.103 cutting speed+ 1902.95 feed

+4.737 SCEA+ 3.543 SCEA2

+62.05 feed× SCEA (4)

The normal probability plots of the residuals and the plots
of the residuals versus the predicted response for surface
roughness and tangential force are shown inFigs. 1–4, re-
spectively. A check on the plots inFigs. 1 and 3revealed
that the residuals generally fall on a straight line implying
that the errors are distributed normally. AlsoFigs. 2 and
4 revealed that they have no obvious pattern and unusual
structure. This implies that the models proposed are ade-

quate and there is no reason to suspect any violation of the
independence or constant variance assumption.

The 3D surface graphs for surface roughness and tangen-
tial force are shown inFigs. 5 and 6. Both have curvilinear
profile in accordance to the quadratic model fitted. The con-
tour for the response surface for surface roughness is shown
in Fig. 7. It is clear fromFig. 7 that at any particular feed,
the best surface finish is obtainable when the SCEA is some-
where at middle of the SCEA range experimented. This is
consistent with the fact that the SCEA2 term is significant.
Also at lower feeds, better surface finish is obtainable at 0◦
SCEA compared to−5◦ SCEA. However at feeds above
approximately 0.22 mm/rev, the reverse happens, i.e. better
surface roughness is obtainable at−5◦ SCEA compared to
0◦ SCEA. This is as a result of the contribution of the interac-
tion effect between the feed and SCEA which was one of the
significant model term (seeFig. 8). It is also clear fromFig. 7
that the surface roughness increases with increasing feed.
The same observation can also be made for tangential force.
However, as the cutting speed was also a significant factor,
the tangential force is also dependent on it. Response sur-
face contours at any particular cutting speed can be obtained.
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Fig. 1. Normal probability plot of residuals forRa data.

Fig. 2. Plot of residuals vs. predicted response forRa data.
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Fig. 3. Normal probability plot of residuals forFc data.

Fig. 4. Plot of residuals vs. predicted response forFc data.
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Fig. 5. 3D surface graph for surface roughness.

Fig. 6. 3D surface graph for tangential force.
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Fig. 7. Ra contours in feed–SCEA plane at cutting speed of 300 m/min.

Fig. 8. Graph showing the interaction between feed and SCEA (� for 0◦, � for −5◦) for Ra (� are design points).
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Fig. 9. Tangential force contours in feed–SCEA plane at cutting speed of 240 m/min.

Figs. 9 and 10are the said contours at cutting speeds of 240
and 375 m/min. The two contours are almost similar except
that at 375 m/min the tangential forces are lower than those
at 240 m/min. Both the contours are also similar to those for
surface roughness and therefore the comments given previ-
ously for surface roughness hold true for tangential force.

Overlay plots can also be produced by superimposing the
contours for the various response surfaces. By defining the
limits of the surface roughness and forces desired, the shaded
portion of the overlay plot, as shown inFig. 11, defines the
permissible values of the dependent variables.

4.2. Confirmation test

In order to verify the adequacy of the model developed,
six confirmation run experiments were performed (Table 7).

Table 7
Confirmation experiments

No. SCEA Feed Cutting speed Surface roughness Tangential force

Actual Ra PredictedRa Residual Error (%) ActualFc PredictedFc Residual Error (%)

1 −3 0.18 300 1.13 1.07 0.06 5.31 356.60 353.13 3.47 0.97
2 −3 0.23 375 2.06 1.98 0.08 3.88 440.78 431.26 9.52 2.16
3 −5 0.28 375 2.98 3.04 −0.06 −2.01 528.21 529.57 −1.37 −0.26
4 0 0.28 300 3.46 3.51 −0.05 −1.45 569.37 559.25 10.12 1.78
5 −3 0.18 375 1.16 1.07 0.09 7.76 343.56 345.42 −1.87 −0.54
6 −5 0.28 300 2.91 3.04 −0.13 −4.47 545.81 537.28 8.53 1.56

The test condition for first three confirmation run exper-
iments were among the cutting conditions that were per-
formed previously whilst the remaining three confirmation
run experiments were conditions that have not been used
previously but are within the range of the levels defined pre-
viously. Using the point prediction capability of the soft-
ware, the surface roughness and the tangential force of the
selected experiments were predicted together with the 95%
prediction interval. The predicted values and the associated
prediction interval are based on the model developed pre-
viously. The predicted value and the actual experimental
value were compared and the residual and the percentage
error calculated. All these values were presented inTable 7.
The percentage error range between the actual and predicted
value for Ra and Fc are as follows:Ra ∼ −4.47 to 7.76%
andFc ∼ −0.54 to 2.16%.
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Fig. 10. Tangential force contours in feed–SCEA plane at cutting speed of 375 m/min.

Fig. 11. Overlay plot.
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It can be said that the empirical models developed were
reasonably accurate, particularly forFc. All the actual val-
ues for the confirmation run are within the 95% prediction
interval. The 95% prediction interval is the range in which
we can expect any individual value to fall into 95% of the
time.

5. Conclusions

This paper presents the findings of an experimental in-
vestigation into the effect of feed rate, SCEA and cutting
speed on the surface roughness and tangential force when
turning AISI 1045 steel. The ANOVA revealed that feed is
the most significant factor influencing the response variables
investigated. The SCEA2 and the feed and SCEA interac-
tion factors provided secondary contribution to the responses
investigated. Additionally, the cutting speed also provided
secondary contribution to the tangential force. The reduced
quadratic models developed using RSM were reasonably ac-
curate and can be used for prediction within the limits of
the factors investigated.
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