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Introduction
Surface finish is a key machining

process integral to evaluating the
quality of a particular product. Many
different attributes of the product,
including surface friction, wearing,
heat transmission, the ability to
distribute and hold a lubricant, the
ability to accept a coating, and the
ability to resist fatigue, are at least
partially distinguished by how well the
surface finish is produced, due to the
fact that surface roughness affects
several functional attributes of prod-
ucts. Consequently, the desired surface
roughness value is usually specified for
an individual part, and specific pro-
cesses are selected in order to achieve
the specified finish. Surface specifica-
tion can also be a good reference point
in determining the stability of a
production process, because the
stability of the machine is contingent
on the quality of the operating part.

Being one of the most basic and
traditional metal removal processes,
single-point turning operations have
historically received a great deal of
attention in research relating to surface
roughness recognition (Dickinson,
1968; Sundaram & Lambert, 1981;
Miller et al., 1983). In this research,
surface finish in turning operations is
influenced in varying amounts by a
number of factors, such as feed rate,
workpiece material characteristics,
workpiece hardness, built up edge
(BUE), cutting speed, depth of cut,
time of cut, tool nose radius, tool wear,
side and end cutting edge angles of the
tool, rigidity of the machine tool and

workpiece set-up, chatter, and use of
coolants, among others. Thus, predict-
ing surface finish during the machining
operation is extremely difficult unless
some measurement of the product-
finish can be obtained from sensor
devices.

Before modern surface texture
measurement techniques were devel-
oped, two tools, one optical and one
mechanical, were used to check
machined parts. These parts were the
eyeball and the fingernail. Human
visual acuity in judging the product
finish was limited in consistency of
judgment by varying light sources as
well as part configurations, such as flat
surfaces, outside diameters, or curved
surfaces, factors which can reflect
different amounts of light. Results
based on eyesight were often inconsis-
tent, but another test with the fingernail
did help to achieve some greater
consistency in judging surface finish.
The fingernail test relied on the friction
produced by the actual surface rough-
ness rather than on geometric features.
The sensitivity of the method was
limited by the size of the inspector’s
fingernail in addition to that person’s
ability to remember and compare
tactile sensations from “testing” to
“testing”. Both methods failed com-
pletely as a result of this disadvantage.

One of the major goals researchers
in the area of surface roughness
prediction techniques have is to
develop models able to predict the
surface finish of a workpiece under a
variety of machining conditions,
conditions which are dictated by
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interrelated, interdependent variations
in cutting factors such as feed, speed,
tool nose radius, and others. Reliable
models would not only make manufac-
turing process planning and control
more simplified, but would additionally
contribute to the optimization of the
machinability of materials.

In literature reviewed relating to
this topic (Jen, 1996; Kim & Klamecki,
1997), current techniques and sensors
are not commercially feasible due to
their consistently high cost and lack of
consistent accuracy. An obvious need
has surfaced to develop an effective
and inexpensive in-process surface
recognition system that would enable
implementation of adaptive control in
modern manufacturing environments.
For this reason, this research seeks to
determine the feasibility of using an
accelerometer sensor to provide a
signal-input of the workpiece condition
for a recognition methodology. As the
workpiece is being cut, the accelerom-
eter senses the vibration created by the
machine motor, insert, and other
sources. After collecting the dynamic
vibration data from the accelerometer
sensor during the turning operations in
a lathe machine, an adequate expert
system for machining learning and
recognition capabilities could be
adapted, primarily to reach the goal of
inexpensive in-process surface rough-
ness recognition, and secondarily to
increase production rates and product
quality.

Purpose of this study
Before the surface roughness

prediction system can be established in
turning operations, the accelerometer
must be positioned on the machine
where the best signal can be detected.
This paper describes a systematic
method to identify the location of the
sensor for the surface roughness
prediction system in turning operations.

Experimental Design
Experimentation was carried out

by using the Enterprise Mysore
Kihoskar 1550 Lathe (Figure 1). The
acceptable feed rate range is between
0.1 ipm (inches per minute) and 20
ipm, and the normal operational
spindle speed is 1280 revolutions per

collected under each specified machin-
ing condition remarked above.

Experimental Setup
In order to determine which sub

vibration signal is the key factor influ-
encing surface roughness, an accelerom-
eter was mounted on the tool holder in
X, Y, Z directions separately, so that
Vibration X, Vibration Y and Vibration Z
could be collected one by one. The X, Y,
and Z directions are shown in Figure 2.
In order to collect the vibration data
resulting from every revolution, a
proximity sensor was used to measure
the rotations of the spindle. An Omega
Das-16000 analog-to-digital (A/D)
converter needed to transform analog
signals into digital signals was installed
to aid in collecting the vibration and
revolution data.

In order to collect the data from the
experimental design, three different

Figure 1. Experimental Setup

Figure 2. X, Y and Z Direction in
Experiment

minute (rpm) for this machine. The
workpiece is a 1018 steel cold rolled
finished bar 0.97 inches in diameter
and 2.5 inches long, and the tool is a
carbide diamond cutting insert. The
experimental spindle speed was set at
1280 rpm, a very common setting in
industry. Feed rate was considered to
be the key surface roughness influence
factor according our experience and
literature review (Sundaram & Lam-
bert, 1981). The following feed rates
were chosen for the experiment (all in
inches per minute): 2, 4, 5.8, 7.9, 9.5,
12.4, 14.3, 15.7, 17.3, 19. The surface
roughness (Ra) was measured in micro
inches (m²) by a stylus-based
profilometer.

The relationship between vibration
and surface roughness (R

a
) was also

studied. As the lathe cuts the
workpiece, vibration from the machine
influences the surface roughness. The
vibration signal can be interpreted as
the accumulation of three sub-vibra-
tions in three different directions (X, Y,
and Z) as illustrated in Figure 2. The
three directional signals can be denoted
Vibration X, Vibration Y, and Vibration
Z. Which of these is central to influenc-
ing the surface roughness of the
workpiece is extremely important to
on-line surface roughness prediction.
In order to determine this, data relating
three directional vibrations (Vibration
X, Vibration Y, and Vibration Z) were
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locations have been utilized for experi-
mentation. Each location has 10 different
conditional cuts. A total of 5333 data
were received from the experimental
setup each cut. For example, 10 groups
of data were collected for each direction,
(X, Y, and Z).

Figure 3 shows an example of the
revolution data collected in the X
vibration series with a spindle speed of
1280 rpm and a feed rate 2 ipm. The
square line represents the revolution
data and the erratic line represents the
X vibration. The arrow line indicates
the range of one revolution. These two
sets of data can be combined to obtain
the mean of d (d = X, Y, and Z direc-
tions) vibration data in each revolution
using the following formula:

    (1)

where i (= 1,2,…,10) represents 10
revolutions, n represents the total
number of data in each revolution (in
this case n=500), j indicates the
vibration data set within the revolution
number i. For example, if i = 1, then j
represents from 101 to 600.

Using the above formula, the
means of X, Y, and Z Vibration of each
revolution under a specified feed rate
can be calculated and also listed in
Tables 1, 2, and 3, respectively.

The vibration means for each
cutting condition can be obtained using
the following formula:

where k indicates the cutting condi-
tions, d indicates the vibration direction
of X, or Y or Z.

Results And Discussion
Each vibration data set was

collected in a period of more than ten
spindle revolutions. Since a proximity
sensor was collecting revolution data
simultaneously, the vibration data
could be identified and thus separated
into revolutions. Ten vibration data sets
per revolution for each separate feed
rate were randomly selected and
calibrated by setting their algebra sum
to zero. These data sets were taken as
absolute values after calibration. The Table 1. Vibration data for X location

Figure 3. Original X Vibration under feed rate 2 ipm

mean value of each data set was then
computed. The ten mean values from
the same feed rate were calculated for a
grand mean and deviation. This grand
mean was the Vibration Amplitude
Average (VAA) for that feed rate. The
surface roughness was measured as a
Roughness Average (Ra) with the
Surface Roughness Gage as soon as a
cutting was finished. Three measure-
ments were taken for each feed rate,
and the mean and the standard devia-
tion were then computed.

The relationship between the VAA
and fed rate in the three sensor
locations was shown in Figure 4. A
linear regression analysis was con-
ducted for each data-pairs and was

shown in the Figure 4 as well.  The
square of the linear regression coeffi-
cients (R2) are 0.0001, 0.813 and
0.2282 for X, Y and Z locations,
respectively.  The relationship be-
tween Ra and VAA was plotted in
Figure 5. Both the linear correlation
coefficient (R2) and the Pearson
product moment correlation coeffi-
cient (r ) analyses were conducted.
The R2 values are 0.0562, 0.6369 and
0.0653 for X, Y and Z locations,
respectively, as shown in each plot.
The Pearson product moment correla-
tion coefficient was calculated using
Equation 2. The r values for X, Y and
Z locations were 0.2134, 0.7180 and
0.2299, respectively.
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    (2)

V - vibration amplitude average
(VAA); V is the grand mean of VAA
R - roughness average (Ra); R is the
grand mean of Ra.
s - standard deviation
N - number of data sets

According to the above results,
The Y location is obviously the best in
respect to obtaining vibration informa-
tion to detect the surface roughness of
the work piece. At the Y location, not
only did Ra have the highest R2 and r
values against VAA, but the VAA also
had the highest R2 values against feed

rate. At the X and Z locations, all the
R2 and r values were low. In regard to
the VAA, both Y and Z locations had
similar greater values (Figure 4).
However, the VAA data from the Y
location possesses greater correlation
to both feed rate and Ra (higher R2 and
r  values). Interestingly enough, the Y
location did not receive the strongest
vibration signal, though it collected the
most corresponding information to the
surface roughness of the work material.
This implies that the strongest vibration
signal is not necessarily the most useful
for determining surface roughness.

The major cutting force impacts at
the Y direction as shown in Figure 2.
The total cutting force of a turning

operation accounts for about 99% of
the power required by the process,
while the feed force (at the Z location)
accounts for only about half of the
cutting force (DeGarmo et al., 1997).
Even though the force at the Z location
is less than that at the Y location, it
causes a stronger vibration (Figure 4).
This is probably due to the effect of the
difference of the tool orientation at the
two different locations. Because of the
way this experimental setup is de-
signed, the tool must cut into the
material in the Y direction at a sharp
angle. Chips can then be easily formed
in the Y direction so that resistance to
the cutting force is reduced. The feed
force feeds the tool in the Z direction to
make a continuous cutting possible. No
chip is formed in the Z direction. The
tool is just forced to insert into the
work piece to make room for a new
cut. The resistance to the feed force is
thus strong. This, in turn, causes the
strongest vibration.

In a milling operation, Kim &
Klamecki (1997) found that the change
of rotation frequency of the spindle is a
reliable source to predict the machining
performance. In turning operations, the
spindle is the work piece and the
change of the rotation frequency
generates direct vibration in the cutting
direction, or the Y direction. This study,
therefore, confirms what Kim and
Klamecki found in their study. It is
further confirmed that the change of
cutting force carries information
associated with the finished surface
roughness. Thus, the vibration caused
by this force is closely associated with
the finished surface roughness. The
square of the correlation coefficient
value in this study (r VR

2 = 0.5155),
indicates that the proportion of vari-
ance in surface roughness is associated
with variance in vibration amplitude.
Or, in other words, 51.55% of the
vibration signal is associated with
surface roughness.

Conclusion
The Y location, even though it does

not receive the strongest vibration
signal, is the prime location for detect-
ing surface roughness information from
the vibration signal regardless. The
cutting force is very likely the carrier

Table 3. Vibration data for Z location

Table 2. Vibration data for Y location
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of the valid signal for detecting surface
roughness of finished products.
Therefore, the Y location should be
used to detect vibration signals in
further study of machining perfor-
mance, in particular for the roughness
prediction systems.

With this experiment and statistical
results, the authors found Y location the
right location for the sensor to be set up
at in order collect data for developing
the on-line surface roughness recogni-
tion system in turning operation.  By
enlarging the number of factors incorpo-
rating with some expert systems (such
as fuzzy logic, neural networks), the on-
line roughness recognition system could
be developed and implemented in the
industry.  The authors also believe that
this study can be used for industrial
technology curriculum to help graduates
understand the nature of surface
roughness inspection technique, turning
operation nature, and the statistical tools
for research.

References
DeGarmo, E. P., Black, J. T. &

Kohser, R. A. (1997). Materials and
processes in manufacturing(8th Ed.).
p.607. Upper Saddle River, NJ:
Prentice-Hall, Inc.

Dickinson, G. R. (1968). A survey
of factors affecting surface finish.
Proceedings of Conference on Proper-
ties and Metrology of Surfaces,
182(3K), pp.135 - 147.

Jen, M. U. (1996). The Dynamic
Interaction of the Cutting Process,
Workpiece and Lathe’s Structure in
Facing. Journal of Manufacturing
Science and Engineering, 118, pp.348
- 358.

Kim, S., & Klamecki, B. E.
(1997). Milling cutter wear monitor-
ing using spindle shaft vibration.
Journal of Manufacturing Science and
Engineering, 119, pp.118 - 119.

Machinability Handbook. (1988).
Machining Data Handbook Vol. 2,
pp.18-3 - 18-15.

Miller, J. C., DeVor, R. E., &
Sutherland, J. W. (1983). Surface
roughness characteristics for turning
380 and 390 aluminum casting alloys.
Proceedings, North American Manu-
facturing Research Conference,
pp.282 - 288.

Moon, K. S. (1994). The origin
and interpretation of spatial frequen-
cies in a turned surface profile.
Journal of Engineering for Industry,
116, pp.340 - 347.

Shaw, M. S. (1966). Study of
machined surface. Proceedings,
OECD Conference. September.

Shiraishi, M. (1987). A consider-
ation of surface roughness measure-
ment by optical method. Journal of
Engineering for Industry, 109, pp.100
- 105.

Shiraishi, M. (1990). Dimensional
and surface roughness control in a
turning operation. Journal of Engi-
neering for Industry, 112, pp.78 - 83.

Sundaram, R. M., & Lambert, B.
K. (1981). Mathematical models to
predict surface finish in fine turning of
steel, part I and II. International
Journal of Production Research, 19,
pp.547-564.

Figure 4. The relationship between the
vibration amplitude average (VAA) and

the feed rates at different sensor
locations.

Figure 5. The relationship between the
surface roughness (Ra) and the vibra-

tion amplitude average (VAA) at
different locations.


