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the operation process.  To detect the
tool breakage immediately, the indirect
sensing technology is recommended.

The detection of tool breakage in
the milling operations with sensing
technology has been widely studied in
previous research.  Most of the re-
search utilized the principle of vibra-
tion and cutting force signals to
diagnose the tool condition.

Vibration Signal
The acoustic emission (AE) sensor

is used to measure the air vibration
created during the cutting process.
Principe and Yoon (1991) used the AE
sensor and the revolution-oriented
processing approach (RORPA) to
detect the tool conditions. Vierck and
Tlusty (1992) proposed an adaptive
threshold by using the AE method to
judge the tool condition.  Takeshita and
Inasaki (1993) used the AE signals to
monitor chatter vibration, tool wear
and tool breakage.  Yan, El-Wardany
and Elbestawi (1995) applied the AE
method and developed an auto-
regressive (AR) model to diagnose the
tool breakage.

The accelerometer, which is used
to measure surface vibration, is also
used to detect the tool condition. W.
Chen, C. Chen and Gimmel (in press)
developed a Fast-Fourier Transform
(FFT) method which transformed the
data collected from the accelerometer
to judge tool conditions on-line.

Cutting Force Signal
Lan and Naerheim (1986) pro-

posed a time series autoregression
(AR) model of force to detect the tool
breakage.  A time series analysis
approach was also applied by Tansel
and McLaughlin (1993).  Altintas,
Yellowley and Tlusty used the method
of average force of each peak and

Dr. Chao-Yu Chou is an associate professor in the
Department of Industrial Engineering and Manage-
ment at National Yunlin Institute of Technology,
Touliu, Taiwan, R.O.C. He received a B.S. (1984) in
Industrial Engineering from Tunghai University
(Taiwan), an M.S. (1988) and a Ph.D. (1992) from
Auburn University. His research interests are in
applied probability and statistics, quality control,
and experimental designs. His is a member of the
Chinese Institute of Industrial Engineers (CIIE) and
the Chinese Society of Quality Control (CSQC).

A Statistical Approach in
Detecting Tool Breakage in
End Milling Operations
By Mr. Po-Tsang Huang, Dr. Joseph C. Chen, & Dr. Chai-Yu Chou

Introduction
In our fast-paced competitive

world, it is very important to recognize
the unmanned manufacturing system
(UMS) as an essential tool in manufac-
turing.  It can help us to reduce labor
cost, to avoid personal oversight, and to
enhance the productivity and quality of
products.  In order to insure efficiency
within the system, the provision of
monitoring facilities and algorithms for
the adaptation of the manufacturing
process should be executed accurately
(Altintas, Yellowley, and Tlusty, 1988).
To perform the UMS effectively in the
factory, one important method is to
detect the tool breakage automatically,
in-process.  However, in the actual
manufacturing world, most of the
computer numerical control (CNC)
machines cannot detect the tool
conditions in an on-line manner.
Because a broken tool may continue
functioning without being detected, the
materials costs will increase and the
quality of products will diminish as
errors are made by the broken tool in-
process.  To reduce the materials costs
and prevent damage to the cutting tool,
a detecting technology of an un-
manned, on-line tool breakage detec-
tion system is necessary (Lan and
Naerheim, 1986).

However, to be successful in
developing a detecting system, it is
necessary to implement sensing
technology.  There are two major
approaches using sensing technology
for detecting tool breakage:  one is the
direct method, which measures and
evaluates the volumetric change in the
tool, and the other is the indirect
method, which measures the cutting
parameters during the operation
process.  The indirect method can work
as an on-line technique because it
measures the cutting parameters during
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difference quasi-mean to generate a
model (Altintas, Yellowley and Tlusty,
1988; Altintas and Yellowley, 1989).
Tarng and Lee (1993) also developed
the average and median force per tooth
with a threshold method to judge the
tool condition.

The application of neural networks
in detecting the tool breakage has been
studied in recent years (Ko, Cho and
Jung, 1994. Tarng, Hseih and Hwang,
1994).  Tansel, Mekdeci and
McLaughlin used the Wavelet (1995)
Transformations and Neural Networks
(WT-NN) to detect the tool failure.  A
method of telemetering the cutting
forces was explained by Deyuan,
Yuntai and Dingchang (1995).  Chen
and Black (1997) designed the Fuzzy-
Nets system to distinguish the tool
condition.

Purpose of Study
Most of the previous research

possesses some disadvantages that are
summarized as follows:

1. Some researchers used soft
material, like aluminum T6061,
which made it difficult for tool
breakage to occur.

2. Some researchers used only one
broken or one good tool to do
the experiment, which is not
enough to explain that their
particular method can fit other
tool breakage situations.

Moreover, the multiple regression
model was seldom used to detect the
tool conditions. Especially used to
build the model with peak force and
cutting parameters.  Therefore, in this
research, multiple tools with the same
pattern were selected to cut the hard
material in the CNC machine, and a
multiple regression model using the
cutting parameters was built as a
decision-making system to detect the
tool breakage on-line.

Methodology
To build a regression model able to

detect the tool conditions,  the principle
of cutting force during the milling
process and the theorem of multiple
regression must both be understood.

Force of Cutting Process
Milling is an interrupted cutting

process.  When a tooth enters and
leaves the cutting material, it generates
a cyclic cutting force from zero to
maximum force and returns to zero for
each tooth in one direction.  The cyclic
force looks like a peak.  By expanding
the principle to the resultant force
generated on both x- and y- axes, and
the number of peaks in each revolution
is found to be equal to the number of
teeth found on the milling tool.  There-
fore, if the tool is in good condition,
the peak force of each tooth should be
the same for one revolution of the
cutting process.  Comparatively, if one
tooth is broken, the broken tooth will
generate a smaller peak force due to a
smaller chip load causing the following
tooth to obtain a larger peak force than
normal.  The maximum peak force in
each revolution should be different
between the good tool and the broken
tool, and the maximum peak force of
the broken tool should be larger than
that of the good tool.  Figure 1 shows
the difference between cutting patterns
of good and broken tools in end milling
operation.

Multiple Regression Analysis
Multiple regression is a methodol-

ogy for studying relationships between
variables.  It is implemented to deter-
mine the relationship between indepen-
dent and dependent variables and may
be used to analyze data and generate a
model.  From the multiple regression
model,  one can obtain the predictive
variables and determine the relation-
ship between the criterion variable and
the predictive variable (Jennrich,1995).
Therefore, multiple regression will be
useful when predicting the dependent
variable such as maximum cutting
force of each revolution via indepen-
dent variables such as spindle speed,
feed rate, and depth of cut.

Experiment Design
The objective of the experiment is

to detect tool breakage.  The following
five steps were executed in order to
meet the desired objective.

Step 1.  Experimental setup
This experiment used a Fadal CNC

vertical machining center for test-
purposes.  A Kistler 9257B 3-compo-
nent dynamometer was mounted on the
table to measure the cutting force, and
the steel AISI-1018 (BHN 100) was
then mounted on the dynamometer as
the workpiece.  A proximity sensor was
built in near the spindle to confirm the
data in each revolution.  Four ¾ inch
doubt-end four-flute high speed steel
cutters were used.  In each cutter, one
side of the tool was in proper working
order and the other side was broken.
The broken side of the tool possessed
varying degrees of breakage. The
experimental setup was shown in
Figure 2.  The cutting parameters were
set as below:

spindle speed - 450, 500, 550, 600,
650 (rpm)

feed rate - 10, 12, 15, 18, 20 (ipm)
depth of cut : 0.06, 0.07, 0.08, 0.09,

0.1 (inch)

Step 2.  Data collection
The cutters were selected ran-

domly to execute the experiment.
Cutting force was measured in voltage
by the Charge Amplifier and trans-
formed to Newtons (N) by the com-

Key Cutting Parameters
a = force signal spindle speed = 600 rpm
b = revolution signal feed rate = 15 ipm

depth of cut = 0.08 inch

Figure 1. Cutting pattern of good and
broken tool
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yi = a i + b1x1i + b2x2i + b3x3i

+ b4x1ix2i + b5x2ix3i + b6x3iX1i +
b7x1ix2ix3i

puter.  The resultant force, Fr
i
, gener-

ated from x- and y-axes and the
maximum resultant force in each
revolution, Fa, were used in this
experiment.  They can be expressed as

    (1)

Where Fx
i
: the force in X-

direction of point i in each
revolution

Fy
i
: the force in Y-direction of

point i in each revolution

Fa = max { Fr
i
 }                  (2)

The training data were selected
randomly within the range of cutting
parameters.  Each cutting parameter
was tested three times with the same
tool to build the prediction model. The
sample size of training data for the

multiple regression model is equal to
105.  All the cutting parameters and Fa
are shown in Table 1.

Step 3.  Build the multiple r egression
model and do the hypotheses test

The multiple regression model of
cutting force is a three-way interaction
equation:

    (3)

Where yi: predictive max. resultant
force of each revolution in good tools
(N)

x1i: spindle speed (rpm)
x2i: feed rate (ipm)
x3i: depth of cut (inch).

In this model, the dependent
variable is the maximum resultant force

of each revolution of good tools and
the independent variables are spindle
speed, feed rate, and depth of cut.
Because the independent variables are
the controllable cutting parameters of
the CNC machine, they can be used to
predict the cutting force prior to the
cutting process. Through a comparison
of the predictive force and the actual
force, the tool condition may be
detected during the milling process,
which could prevent damage to the
tool, raw material, and machine.

The Statistical Analysis System
(SAS) was used to build the full
regression model listed in equation (1)
where the significance level a was set
at 0.05 by using the training data.  The
t-statistic for the null hypotheses (H

o
)

of each coefficient of variable was
necessary to test after we built the
model.  If the p-value of the coefficient
is larger than the significant level, we
could say that this variable would
accept the null hypotheses and would
not affect the dependent variable
significantly.  Therefore, we should
erase the variable and rebuild the
regression model until all independent
variables accept the alternative hypoth-
esis, H

a
.  The hypotheses was shown as

where j = 1,2,…,7  (4)

After we deleted the insignificant
independent variables, the multiple
regression model was built as

y
i
 = 1767.1229 - 1.12368x

1i
 -

94.74684x
2i
 - 14177.31222x

3i
 +

2103.51337x
2i
x

3i
                         (5)

where yi represents the predictive
maximum resultant force in each
revolution, F

p
.

The ANOVA table and parameter
estimation table were shown in Table 2
and Table 3.  From Table 2, because the
F value of this model is larger than the
F distribution with 4 and 100 degrees
of freedom, the null hypotheses

was rejected.  Therefore, at least one of
the coefficients in this model are not
equal to zero.

Figure 2. The experimental setup
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Step 4.  Calculate the percentage
error (eeeee)

Since the actual maximum result-
ant force in each revolution, Fa, was
collected by the sensor and the predic-
tive maximum resultant force in each
revolution, Fp, was measured by the
equation (5),  we could use the percent-
age error (e

i
) to judge the tool condi-

tions.  The percentage error (e
i
) was

defined as

    (6)

Where Fa
i
: actual max. force in

each revolution of sample i
Fp

i
 : predictive max. force in each

revolution of sample i.

Step 5. Set the threshold (lllll ) to detect
the tool conditions

An appropriate parameter, l , was
selected as a threshold by experience to
detect the tool conditions.  If e

i
 is

smaller than l , the tool is in a good
condition.  Otherwise, the tool is
broken. In this experiment, the value of
l was set at 10% to judge the tool
conditions.  The method of detecting
the tool conditions was defined as

If e
i
 < 10%, then the tool is in
good condition.

If e
i
 > 10%, then the tool is broken.

Results
From this multiple regression

model, we find that the feed rate (x
2
)

and the depth of cut (x
3
) have more

significant influence on the cutting
force than other cutting parameters.
The coefficient of determination (R2)
for the regression model in equation (5)
is 0.9604 to represent that 96.04% of
the total variation can be ascribed to
the linear relation.

Since step 2 allows determination
of the predictive force, F

p
, and the

actual force, F
a
, and the predictive

force, F
p
, may be determined by step 3,

step 4 can be used to calculate the
percentage, and finally, step 5 to detect
the tool breakage. Some testing results
of using the training data were shown
in Table 4.  However, these results
derive from the same cutting param-

Table 1. The Training Data Set

Table 2. ANOVA Table

eters as used for the training.  In
evaluating the performance of the
system, 90 testing data sets using
different cutting conditions from the
training data are conducted, and the
partial results of the testing data are
shown in Table 5.  From the experi-
mental results, the accuracy of the
training data is about 95%, and the

accuracy of the testing data is about
91%.

Conclusions
The use of the multiple regression

model in detecting the tool breakage is
adapted for the resultant cutting forces
in end milling operations.  This level of
accuracy denotes that the regression

e
i
 =                               x 100%

Fa
i
 - Fp

i

Fa
i
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model could detect the tool conditions
efficiently.  It also tells us that the feed
rate and depth of cut are particularly
influential to the force in the regression
model.

This research has assumed that all
the cutting parameters were in control
and were the same as those set in the
CNC machine.  However, in the actual
manufacturing system, several condi-
tions are difficult to control in the
milling process, such as the depth of
cut of material.  Therefore, in the
further research, using fuzzy logic or
neural networks to solve the uncertain
conditions could enhance the accuracy
of the system.
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