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Abstract — Machining has been a core activity of the manufacturing industry. The effectiveness of

machining is controlled among other factors by the machinability of the material that is machined. At the
same time cost is also important factor in manufacturing industry. To decrease the manufacturing cost,
the power required to carry out the machining process should be reduced. So efforts are directed towards
achieving an empirical relationship with the independent variable’s effect on the dependent variable
(Power consumption). Analysis of variance technique is used to check the adequacy of the model and to
check the significance of the coefficient of the model. In this work the power consumption model is
developed for steel (work material) in milling operation. The models are helpful to reduce power required
for machining by proper selection of cutting parameters namely Speed, Feed, and Depth of cut.
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1. INTRODUCTION

The accelerated application of automation to
machining process has focused on the desirability of
reliable machinability data to ensure optimum
production from modern costly equipment. Even in
conventional production, much more should be done
to provide reliable data for manufacturing engineers
enabling them to set realistic standards of
performance for the different machining operations.
Different mathematical models can be used to
describe the functional relationship of the machining
measures of performance (response) and the cutting
conditions. As indicated in Figure 1 the measures of
performance investigated are power consumption
while the cutting conditions are cutting speed, feed
rate and depth of cut. It should be mentioned that the
selection of a mathematical model type must be made
on the basis of the physical behavior Of the system.

Cutting conditions Measures of Performance

Cuttmg spesd Machining

Process

Feed rate —
Depth of cut

= Power consumption

Fig.1 Inputs and Outputs of Machining Process

Here in our case power consumption is taken as
machining measure of performance to develop
mathematical model taking speed, feed and depth of
cut as cutting variables. The power consumption
estimates are wholly based on the experience of the
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machine operator most of the time. He sets
parameter values depending upon the various
materials to get the required power consumption.
There are number of factors affecting the power
consumption as listed below.

Factors affecting Power consumption

@) Cutting speed

(b) Feed

(c) Depth of cut

(d) Work piece material

(e) Machine tool rigidity and accuracy
)] Tool material

As per present day scenario cost is a critical factor.
Trial and error methods adopted in the past lead to
high cost of the end product. Where power
consumption is a critical factor, the above-mentioned
trial and error method lead to high machining cost
thereby increasing the product cost. In this
competitive environment high cost and low quality
products do not survive. Keeping in mind the above
condition (scenario) it is important to find an empirical
relationship between power consumption and various
factors affecting its outcome. Here in our case we
consider the cutting speed, feed and depth of cut as
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variables and their effect on the consumption of the
power.

2. CUTTING FORCES AND POWER DURING
CUTTING

Machineability rating based on the cutting force is
important, where it is necessary to limit the values of
the cutting force in keeping with the rigidity of the
machine and to avoid vibrations during machining. If
the cutting force is high and consequently the power
consumption is also high, a larger machine tool may
be required thus increasing the overhead cost and unit
cost of the parts produced. The higher the cutting
forces induced under a set of cutting conditions during
the machining of a material, the lower is its
machinability index. The determination of magnitude
and direction of cutting forces during machining is
important for design and selection of proper machine
tool, cutting tool and accessories.

Whenever a single point cutting tool is cutting the
metal, the resultant cutting force, P in oblique
directions can be resolved in three directions at right
angles.

> Vertical chip pressure (main or tangential
component Pz).

> Horizontal work pressures (axial component
Px).

> Horizontal feeding pressure (radial component
Py).

Out of these the first one that is Pz, is the most
predominant as regards power absorbed and the other
two although absorbing some power, are generally
neglected. In order to account for the friction to
overcome, generally 30% of the power is added to the
power calculated on the basis of Pz.

From the numerous experiments performed, the

following relation for the cutting pressure on a single
point has been established.

P=Cdf
where,
p = pressure
d = depth of cut
f = feed
C = constant

And a and b are constants depending on the metal
being cut and other factors

-

Cutting Speed in rpm
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Fig.2 Graphs (Power consumption v/s
Parameters)

Effect of Cutting speed: Experimental studies have
revealed that at lower ranges of speed, the values of
all the three components of power consumption have
an upward trend. With increase in speed, the
components of the power consumption to drop after
reaching a peak value and become fairly stabilized at
higher speed ranges.

Effect of Feed: Experiments show that at lower
speed values, the power consumption changes
exponentially with feed and at higher speeds the
change is linear.

Effect of Depth of cut: If the depth of cut is doubled
power consumption also gets doubled. This straight
variation occurs when the ratio of depth of cut to feed
exceeds.

In order to be able to satisfy a wide range of
measuring requirements, micro picks-up can be
divided into three groups or skid tracing systems.

3. DESIGN OF EXPERIMENTS

Experiments occupy a central place in science.
Investigators perform experiments in virtually all fields
of inquiry usually to discover something about a
particular process or a system. Literally experiments
are set of actions, which he has to resort, in order to
ask nature questions to us. Design of Experiments is
a series of tests in which purposeful changes are
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made to the input variables of a process or system so
as to observe and identify the reasons for changes in
the output response.

The following features are of great importance while
designing the experiments.

> Striving to minimize the total number of trials.

> The simultaneous variation of all the variables
determining a process according to special
rules called algorithms.

> The wuse of a mathematical apparatus
formalizing many actions of the experiments.

> The selection of a clear-cut strategy permitting
the experimenter to make substantiated
decisions after each series of trials or
experiments.

A. Role of experimental design

Experimental design is a critically important tool in the
engineering world for improving the performance of a
manufacturing process. It also has extensive
application in the development of new processes. The
application of experimental design techniques early in
process development can result in

> Improved process vyields.

> Reduced variability and closure conformance
to nominal or target requirements.

> Reduced development time.
> Reduced overall costs.

Experimental design methods also play a major role in
engineering design activities, where new products are
developed and existing ones improved. Some
applications of experimental design in engineering
design include:

> Evaluation and comparison of basic design
configurations.

> Evaluation of material alternatives.

> Selection of design parameters so that the

product will work well under a wide variety of
field conditions, i.e., so that the product is
robust.

> Determination of key product design
parameters that impact product performance.

B. Factorial experiment

This project uses the factorial experiment model for
Design of Experiments. In factorial experiment the
effects of a number of different factors are investigated
simultaneously. The treatment consists of all
combinations that can be performed from different
factors. In the general case “an experiment in which all
the possible combinations of the factor levels are
realized is called a factorial experiment”.

The first step in designing an experiment for obtaining
a linear model is based on variations of the factors on
two levels. In this case, the number of trials required
for realization of all possible combinations of their
levels can be found using simple formula:

N=1"
where,
N— the number of trials
k — the number of factors

| — the number of levels

If the number of trials becomes too large, then
fractional factorial design is considered for minimizing
the number of trials. In this case the above formula
becomes.

N=1%"
where,

r — replication ( proper replication is chosen to
reduce the no of trials)

(For example, for %th i.e. 1/21 replication, r=1 & for
Yith i.e. 1/22 replication, r=2)

In this project the three optimization parameters are
Cutting speed, Feed and Depth of cut.

Assuming the three factors as X1, X2 and X3, each at
two levels as +1 and -1, the design is called 23
factorial design. The number of possible trials in this
case will be, N =23 i.e. 8

C. Selection of the levels

The selection of levels for the five independent control
variables depends upon various factors such as type
of machine tool, machine tool capacity, cutting tool
used and cutting material etc. For convenience of
recording and processing the experimental data, the
upper and lower levels of parameter are coded as +1
and -1 respectively. The coded values of any
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intermediate levels are calculated by using the
expression.

Coded variable X ; = ( X-X,,,) / V.L.
where,
X i — required coded value of variable X
X — natural variable
Xavg— average variable
V. |. —variation interval
Kavg = Kinax+ Xpuin )/ 2 & VoL = ( Xpax— X )/ 2
The design matrix or the set of trials, which are
obtained considering the three independent variables,
is shown in the following table:
Suffix h — Higher value
Suffix | — Lower value
X | — Speed (v) X5 — Feed (1)

X 5 — Depth of cut (d)

Table 3.1: Representation of Design matrix

Sl X, X X; Speed | Feed th:.l: o
No. It 1] @
1 -1 > -1 \ F D,
2 +1 -1 -1 Vi F Dy
3 -1 +1 -1 \ Fr D,
4 +1 +1 -1 Vi Fr Dy
5 -1 -1 +1 Vi F Dy
6 +1 -1 +1 Vi Fi Dy
7 -1 +1 +1 M Fr Dy
8 +1 +1 +1 Vh Fn Dy

4. REGRESSION ANALYSIS

In regression analysis, our purpose is modeling or
predication. Our goal is the development of a statistical
model that can be used to explain variability and to
predict values of the dependent variable or response
variable (called the Y variable because, its values are
plotted on the vertical Y-axis). The development of this
model is based upon the values of at least one
explanatory variable or independent variable (denoted
by X since it is plotted on the horizontal Xaxis of a two
dimensional graph).

a. Developing the simple linear regression model

In a scatter diagram, we can usually get a rough idea
of the nature of relationship that exists between two

variables. The mathematical form of this relationship
can range from simple to the complex. In general the
statistical model can be expressed as;

Response = Model + Error

We attempt to fit a mathematical function to the
relationship between the variables. Since the variables
are rarely perfectly related and measurement is rarely
made without error, almost without exception, we are
faced with the fact that there will be ‘error’ in our
prediction model. In other words, there will be a
difference between the value of the response variable
predicted by the model and the actual observed Y
value. This difference is called ‘Residual’.

The simplest form of a mathematical model or
relationship between two variables has a straight-line
or linear relationship.

]'fl: = hl‘;l :'_ in
where,

Yi = the fitted or predicted value of Y for observation
i

bU =the Y intercept or regression constant

b - t he slope of Y with X or the regression
coefficient

b. Multiple regression

In a simple regression model, the focus was on a
model in which one independent or explanatory
variable X was used to predict the values of a
dependent or response variable Y. In multiple
regressions two or more explanatory variables can be
used to predict the value of the dependent variable.

Assuming a linear relationship between each
independent variable X and the dependent variable
Y, the regression equation representing the fit for this
multiple regression model (a plane is fitted to the data

plotted in 3D space) with two independent variables
would be,

Y; =by+b; X+ b2 Xy;
where,

Y- the predicted value of Y for observation i

bU =the Y intercept or regression constant
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bl = the regression coefficient for variable X1 which

represents the slope of Y with X1 holding variable X5
constant

b2 = the regression coefficient for variable X2 which
represents the slope of Y with X2 holding variable X1
constant.

The models for a multiple regression analysis are
similar to the simple linear regression model except
that they contain more terms. For e.g. suppose we
think that the mean time E(y) required to perform a
data-processing job increases as the computer
utilization increase and that the relationship is
curvilinear. Instead of using a straight-line model E(y)
= b0 + bl X i to the model we might use quadratic
model.

Y; = b, + b;X; + b,X,?

where,

X is a variable that measures computer utilization. A
quadratic model is referred to as a second order linear
model. Graph is like a parabola and allows for some
curvature in the relationship in contrast to a straight
line or first order linear model.

For our example, we would accept curvature in the
response surface and would use a second order linear
model.

Yi = b(] + lel + b2X2 + b3X|X2 + b4X12 + b5X22
c. Model building in regression analysis

The first step in construction of regression model is to
hypothesize the form of the deterministic portion of the
probabilistic model. This model building or model
construction stage is the key to success (or failure) of
regression analysis. If the hypothesized model does
not reflect at least approximately the true nature of the
relationship between response and the independent
variables X 1, X 2... etc, the modeling effort will usually
be unrewarded.

By model building we mean, writing a model that will
provide a good fit to a set of data and that will good
estimates of the mean value of Y and good predictions
of future values of Y for given values of independent
variables.

To illustrate, suppose you want to relate the demand Y

for a given brand of personal computer to advertising
expenditure X, and the second order model.

Y = by + b, X + b, X2
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would permit you to predict Y with a very small error of
prediction unfortunately, if the first order is chosen
erroneously.

Y=b0+le

The errors of predictions for the second order model
are relatively small in comparison to those for the first
order model.

5. STATEMENT OF THE PROBLEM

To derive an empirical formula for the power
consumption of steels by multiple regression method.
The empirical formula is a relation between dependent
(power consumption) variable and independent
(various factors) variables. The variables (factors)
selected in the experiment are cutting speed, feed,
depth of cut, The experiment conducted is based on
the principles of Design of experiments. Adequacy of
the model is tested by Fisher's test. Significance of
regression coefficients of the model is tested by
student’s t test. The model developed is helpful to
select the optimal values of cutting parameters during
machining to fulfill the objectives of the metal cutting.

6. OBJECTIVES

> To derive empirical formula for the power
consumption of steel by multiple regression
method.

> The empirical formula is a relation between

dependent variable (power) and independent
variables (various factors).

> The variables (factors) selected in the
experiment are cutting speed, feed and depth
of cut.

> The experiment conducted is based on the

principles of design of experiments.

> The model developed is helpful to select the
optimal values of cutting parameters during
machining to fulfill the objectives of the metal
cutting

7. METHODOLOGY

The following methodology was adopted,;

> The high and low values (two levels) of the
cutting variables were selected based on the
general condition during metal cutting.

> The numbers of experiments to be conducted

(on Automatic lathe) were decided based on
the principles of Design of experiments.
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> The required numbers of work-pieces were Table 8.3 Power Consumption Values
made ready.
X1 X2 X3 P1 P2
> Turning operation was carried out on StNo . b kwh | Kwh
Automatic Lathe for all possible combination of a = a
machining parameters (Design matrix). ! 250 “ 05 0.035 0025
+1 -1 -1
. - 2 0.10 0.08
> The Power consumption of the machined work 630 40 05
pieces were measured and recorded using , -1 +1 -1 oors bos
energy meter. 250 100 05 - )
+1 +1 -1
i i 4 0.04 0.035
> The results obtained by the experiments were &0 100 o8
.. . . - - +
used to develop an empirical relation using 5 0.03 0.035
i i 250 40 1.0
multiple regression method. = A o
6 0.05 0.06
630 40 1.0
8. EXPERIMENTAL SET UP a + +
7 0.015 0.012
. . 250 100 1.0
Tool, work piece and equipment’s used +1 +1 +1
B 0.025 0.020
630 100 1.0
> Energy meter
Table 8.4 Considering Interaction Effects
> Column and knee type horizontal milling
machine . . .
Sl No Xi Xz Xs Lables Yi=
(P1+P2) /
> End mill cutter :
1 - - _ I 0.03
> Cast iron Work-pieces
2 + _ _ a 0.09
Table 8.1 Variables and its test levels s . ) s
Designation Testlevels | X, | V.1 4 + + - ab 00375
Paramete | Units
rs 5 _ _ + [ 0.0325
Natura | Code | Low | Hig | (H+ (H-
1 d h L2 | Lr
form form 6 + _ + ac 0.055
7 _ + + be 0.0135
Cutting rpm v X, 250 630 440 190
speed
8 + + + Abc 0.0225
Feed mm/r F X, 40 100 70 30
ev
Formulaes:
Depth of mm D X3 0.5 L0 | 075 | 0.25
fut b,=a=1/4n [ a- (1) + a b —b+ ac-c +abc -bc |
Table 8.2 Design Matrix
9 b,=b = 1/4n | b+ab+bc+abc-(1)-a-c-ac]
::ial Design Matrix Variable Settings b3= c= 1/4[] [ C+aC+bC+abC-(l)-a-b-ab]
Cutting feed Depth
Xl X | X speed | (mmfrev) | of cut b,,=ab =1/4n [abc-be+ab-b-ac+c-a+ (1)]
v f d (rpm) (mm)
1 a | a | a 250 40 0.5 b3 =ac = 1/4n [(1)-a+b-ab-c+ac-bc+abc]
2 B Y B 630 40 0.8 b;3 =bc = 1/4n [(1) +a-b-ab-c-ac+bc+abc]| c
3 -1 +1 -1 250 100 0.5 ._;
4 al e | a 630 10 05 by,; = abe =1/4n [abc-be-ac+c-ab+b+a-(1)] 9
c
5 -1 -1 1 250 40 1
. by = 0.037 b, = 0.02175 b, = -0.014875 by = 0.0010625 En
6 w1 | -1 | o+ 630 40 1 3
7 -1 +1 +1 250 100 1 bi; =-0.006375, b3 =-0.006375 by;= 0.002 by;; = 0.003 §
8 +1 +1 +1 630 100 1 —
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Yi=by b X;+by Xy +b3X5+b X Xo b 13X X3+b23 X, X5+
b2:X:X,X;

Yi = 0.03740.2175[(v-Xo\pV)  VI,]-0.014875[(1-X,,.0) /
VI]-0.0010625[(d-X,,.d) / VI4]-0.006375[(v-
Ny VY VLI [(E-Xo ) / VI 0.006375 [(v-X,y,v) / VL ][(d-

NXpged) [ VIH0.002[(F-Xoel) 7 VI[(d-Xpypd) /
\’Id|+0.003|(\-’—Xmg.\') ! V1] I(f-Xmg.l)/ VI |(d-X,,\g.d) /
Vg

= 0.037+0.02175](v-440)/190]-0.014875[(£-70)/30] -
0.0010625[(d-0.75)/0.25]-0.006375[(v-440)/190] [(£-70)/30]-
0.006375[(v-440)/190][(d-0.075)/0.25]+0.002  [(£-70)/30]
[(d-0.075)/0.25]+0.003[(v-440)/190][(£-70)/30] [(d-
0.75)/0.25)

= 0.037 + 0.000114405v - 0.05035125 - 0.00049533f +
0.0346587 —  0.00425d + 0.0031875 - 0.0000011166vf +
0.000078130725v + 0.00049144556f — 0.0344307056 -
0.00013413vd + 0.000100597v + 0.0590325d — 0.04427437
+ 0.00026664fd - 0.0001998f - 0.018664d + 0.013998 +
0.0000020829vfd - 0.0001472589vd - 0.0001674fd +
0.0648107d - 0.00000157642vf + 0.0001103022v +
0.0006938055f - 0.04854555

Y, = 0.0887756306 +  0.000403435425v  +
0.0004899335625f + 0.10092924d - 0.000002693054vf -
0.0002813889vd - 0.000650fd + 0.00000208296vfd

9. CONCLUSION

The mathematical empirical models for power
consumption for cast iron material give following
conclusions.

> The models are more adequate only when
interaction effects are considered.

> The model is helpful to select the optimized
values of the cutting parameters for lower
power consumption.

> The model is helpful to calculate the power
consumed for the given values of cutting
parameters.

> The model is helpful to in automation

industries.

The model is more adequate only when interaction
effects are considered. The mathematical model,
which is developed using Design of experiments and
multiple regressions technique, is helpful to select the
optimized values of the cutting parameters.

10. SCOPE FOR FUTURE WORK

> The Power consumption models for different
work pieces and tool combination and for
different operation can be developed.

models for other
cutting like surface

» Similarly mathematical
responses of metal

roughness, tool life and metal removal rate
can be developed.

> The objectives of the metal cutting can be
used for the models (different responses like
tool life, material removal rate and surface
roughness) and cutting parameters can be
optimized using C-programming concept.
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