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Real-Time Tool Condition Monitoring Using Wavelet
Transforms and Fuzzy Techniques
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Abstract—In this paper, wavelet transforms and fuzzy tech-
niques are used to monitor tool breakage and wear conditions
in real time according to the measured spindle and feed motor
currents, respectively. First, the continuous and discrete wavelet
transforms are used to decompose the spindle and feed ac servo
motor current signals to extract signal features so as to detect
the breakage of drills successfully. Next, the models of the rela-
tionships between the current signals and the cutting parameters
are established under different tool wear states. Subsequently,
fuzzy classification methods are used to detect tool wear states
based on the above models. Finally, the two methods above are
integrated to establish an intelligent tool condition monitoring
system for drilling operations. The monitoring system can detect
tool breakage and tool wear conditions using very simple current
sensors. Experimental results show that the proposed system can
reliably detect tool conditions in drilling operations in real time
and is viable for industrial applications.

Index Terms—Current signals, fuzzy logic, tool condition moni-
toring, wavelet transforms.

I. INTRODUCTION

REAL-TIME tool condition monitoring is one of the most
important techniques to be developed in the automatic cut-

ting processes as it can help to prevent damages of machine tools
and workpieces. Researchers and engineers have been looking
for ways to monitor tool conditions, but very few reliable mon-
itoring systems exist nowadays in industry [1]. Direct measure-
ment of tool wear using optical methods can only be applied
when cutting tools are not in contact with the workpiece [2]. In-
direct methods that rely on the relationship between tool condi-
tions and measurable signals (such as force, acoustic emission,
vibration, current, etc.) for detecting tool conditions have been
extensively studied. Among the indirect methods, the method
based on sensing motor current is considered as one of the major
methods. Mannanet al.[3] discussed the feasibility of the motor
power and current sensing for adaptive control and tool condi-
tion monitoring. Mannanet al. [4] described the use of current
signals measured from spindle motor and feed motor to esti-
mate static torque and thrust for monitoring tool conditions. The
major advantage of using the measurement of motor current to
monitor tool conditions in cutting processes is that fixed current
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sensors do not disturb machining processes, and the cost of the
sensors is very low [5].

Signal processing is a very important step for tool condi-
tion monitoring. Recently, wavelet transforms (WT) has pro-
vided a significant new technique in signal processing, because
it offers solutions in the time-frequency domain and is able to
extract more information in the time domain at different fre-
quency bands. There have been many research activities in the
applications of wavelet transforms for tool condition monitoring
[6]–[13]. In [6], Li discusses the use of wavelet transforms to
decompose acoustic emission signals and the root mean square
(RMS) values of the decomposed signals are taken as tool wear
monitoring features. Gonget al. [7] proposed to use wavelet
transforms to analyze cutting force signals and wavelet trans-
form coefficients are taken as recognition parameters of flank
wear states. The experimental and analytical results show that in
monitoring the flank wear states during turning operations, the
wavelet analysis is more sensitive, more reliable and faster than
the Fourier analysis. Wuet al. [9] introduced a new method of
feature extraction and assessment using a wavelet packet trans-
form for monitoring of machining processes. Zhouet al. [10]
used neural networks and wavelet techniques to propose a new
tool-life criterion. Kasashimaet al. [11] described an applica-
tion of the discrete wavelet transform (DWT) to detecting tool
failures in face milling operations. Tanselet al. [12] applied
wavelet transform to compress cutting force signal. Tanselet al.
[13] proposed encoding of thrust force signals of microdrilling
operations with wavelet transformations for detection of severe
tool damage just before complete tip breakage occurs. There has
hence been much interest in the wavelet transform method for
tool condition monitoring. In this paper, wavelet transforms are
applied to detect the breakage of drills.

Most of the indirect approaches have been developed for
fixed cutting conditions. In practical applications, however,
cutting conditions are not fixed. Spindle and feed speed might
change due to control strategies (e.g., reducing the feed before
approaching corner points to avoid over cut). Therefore, a
wear estimation strategy that operates under varying cutting
conditions is needed [14].

In this paper, wavelet transforms and fuzzy technique are
used to monitor tool condition with spindle motor and feed
motor current signals. In Section II, the spindle and feed ac
servo motor current signals are decomposed by continuous and
discrete wavelet transforms, the signal features of tool breakage
are extracted from the decomposed current signals and tool
breakage is successfully monitored by the signal features. In
Section III, regression and fuzzy classification are used to
model the relationship between the measured current value and
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the tool wear states over a wide range of cutting conditions.
Based on the models, tool wear condition can be estimated by
the known cutting parameters and cutting current signals. In
Section IV, tool breakage detection with wavelet transforms and
tool wear estimation with fuzzy classification are integrated to
establish an intelligent tool condition monitoring system for
drilling operations, and the validity of the monitoring method
is verified by means of experimental results.

II. TOOL BREAKAGE DETECTION USING WAVELET

TRANSFORMS

A. Wavelet Transforms

Wavelet transformation has become well known as a useful
tool for various signal processing applications [15]. Given a
time-varying signal , a wavelet transform consist of com-
puting coefficients that are inner products of the signal and a
family of wavelets. To consider the continuous wavelet trans-
form, the wavelet corresponding to scaleand time location
is [16]

(1)

where and are the dilation and translation parameters, re-
spectively.

The continuous wavelet transform is then defined as follows:

(2)

where “ ” denotes the complex conjugation. When
, (1) can be written as

(3)

The discrete wavelet transform (DWT) is defined as

(4)

where is called the wavelet coefficient. It may be considered
as a time frequency map of the original signal . A multi-
resolution analysis approach is used in which a discrete scaling
function

(5)

is defined, together with

(6)

where is called the scaling coefficient which is the sampled
version of the original signal. The DWT computes the wavelet
coefficients and given by

and

(7)

(a)

(b)

Fig. 1. Live tool breakage current signals, cutting speed: 250 r/min, feed
speed: 30 mm/min, and drill diameter: 2 mm. (a) Spindle current signal and (b)
feed current signal.

where is a discrete-time series, is called the
discrete wavelets, is equivalent to . The
term is called the scaling sequence. At theth res-
olution, and present the approximation and the detail
signal . At each resolution , the scaling coefficients
and the wavelet coefficients are

(8)

B. Tool Breakage Detection by Using Wavelet Transforms

With reference to Fig. 1(a), when a tool breaks, the amplitude
of the spindle motor current drops rapidly. It is a key indicator
to reflect the attenuation using some signal processing method,
such as time or frequency domain method. But the usual analysis
cannot be applied to detect if a tool breaks. In this paper, the
Morlet wavelet function is used to deal with the spindle motor
current signals, given by

(9)

Its continuous wavelet is

(10)

In this equation, the relation between the parametersand
is

(11)

where
corresponds to the frequency of the wavelet func-
tion;
sample frequency of the signals;
frequency focused on the energy of the signals.
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(a)

(b)

Fig. 2. WT of current signals, cutting speed: 250 r/min, feed speed: 30
mm/min, and drill diameter: 2 mm. (a) CWT of the spindle current signal and
(b) DWT of feed current, resolutionj = 2.

When a tool is breaking, the feed motor current signals
show some spikes [Fig. 1(b)]. At the moment the tool breaks,
a big spike appears in the current signals, and then the
following signals are not smooth. Based on the features of
feed motor current signals, in this paper the DWT is used to
analyze the feed motor current signals. The filters used are

and .
Above method is used to analyze the current signals of typ-

ical tool breakage. Fig. 1(a)–(b) shows the spindle motor current
signals and the feed motor current with tool breakage, respec-
tively. Fig. 2(a)–(b) shows the results of the CWT analysis of
the spindle motor current and the results of the DWT analysis
of the feed motor current at resolution , respectively. From
the analysis results, the features of tool breakage can be easily
extracted using a very simple method. In [17], the tool breakage
can be efficiently detected under various kinds of cutting con-
ditions using wavelet transforms.

III. T OOL WEARS DETECTION USING FUZZY

CLASSIFICATION TECHNIQUES

A. Tool Wear Model

Based on past studies, tool wear, spindle speed, feed rate, and
drill diameter all affect the motor current signals in a cutting
process. Moreover, the spindle and feed motor currents can be
selected as the features relevant to tool wear states [18]. In the
studies, the flank wear is taken as a standard for evaluating the
drill wear condition. The tool wear mentioned in the rest of this
paper refers to the drill flank wear. In this paper, regression anal-
ysis is used to determine the map to spindle current or feed cur-
rent from spindle speed (m/min), feed rate (mm/rev), and
drill diameter (mm) when the tool wear (mm) is 0.20, 0.50,
and 0.80, respectively. The effect of the cutting variables,
and on the current signals, for a sharp tool, is hence assumed
to be represented by the following formula [19]:

(12)

where is the RMS current, and depends on the tool geom-
etry and workpiece material. Taking the logarithmic value of,
for the different tool wear values of 0.2, 0.5, and 0.8mm, we ob-
tain for the spindle motor current and feed motor current
(for ) in the following relations:

mm

(13a)

mm

(13b)

mm

(13c)

mm

(14a)

mm

(14b)

mm

(14c)

where subscripts denote the respective wear values.
According to previous experiments, the parameters in (13) and
(14), and , can be determined. Thus,
knowing the cutting parameters , the values of spindle
and feed motor current can be estimated for the wear
values of 0.2, 0.5, and 0.8 mm respectively based on the above
equations.

B. Fuzzy Classification

The measured motor currents in real time are defined as the
real feature values . and are compared with the
estimated features for different defined wear states (i.e.,
0.2, 0.5, and 0.8 mm) in order to evaluate the degree of similarity
between the real wear state to any of the estimated wear state.
For the spindle current, the following membership values
are established:

1) if then
;

2) if then
;

3) if the
;

4) if then
;

where is the membership function of associated
with the th grade of tool wear state. The same method may be
used to deal with the case for the feed motor current.

The composite result is the average of the summation of the
weighted membership functions

(15)

where the weighting coefficient satisfies the nor-
malized condition: reflect the relative
influence of the classification result of the spindle motor cur-
rent feature and feed motor current feature, respectively. In the
present system for the given wear conditions, the coefficients
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Fig. 3. Fuzzy membership of tool wear states.

are , implying that the feed motor current
feature is more important than the spindle motor current feature.

The outputs of the above process are still fuzzy values and
they have to be defuzzified. Basically defuzzification is a map-
ping from a space of fuzzy values into that of the crispy uni-
verse. In the present system, the centroid defuzzification method
is selected, which produces the center of area of the possibility
distribution of the inferenced output. Shown in Fig. 3 is the
membership function of the tool wear states. Therefore, the es-
timated tool wear states can be obtained by using the following
center-of-gravity (centroid) defuzzification rule:

(16)

wherewearrepresents the numerical value of tool wear states.
To sum up, a flowchart of the tool wear classification is shown

in Fig. 4.

IV. EXPERIMENTAL RESULTS

A. Experimental Setup

The schematic diagram of the experimental setup is shown
in Fig. 5. The monitoring system integrates two modules in-
cluding tool breakage detection and tool wear detection, and
is fixed on a Machine Center Makino-FNC74-A20. The four
axes (spindle, X, Y, and Z) of the machine with recalculating
ball screw drives are directly driven by permanent-magnet syn-
chronous ac servomotors. The ac servo motor current signals of
the Machine Center were measured through a Hall-effect-cur-
rent sensor. The signals were initially passed through low-pass
filters (with a cutoff frequency of 500Hz), and then sent to a per-
sonal computer via an A/D converter.

A successful tool breakage and wear detecting method must
be sensitive to the change of tool conditions, and insensitive to
the variations of cutting conditions. Hence, cutting tests were
conducted at different cutting conditions to evaluate the perfor-
mance of the proposed method. Table I shows the experimental
cutting conditions.

B. Results and Discussions

In this monitoring system, the tool breakage detection and
tool wear detection are very different. Tool breakage detection
is based on the wavelet transform method whereas tool wear de-
tection is based on the fuzzy classification method. They both
detect the tool conditions by measuring the spindle and feed
motor currents. Taking the difference of schemes into account,

Fig. 4. Flowchart of the tool wear estimation.

Fig. 5. Schematic diagram of the experimental setup.

TABLE I
EXPERIMENTAL CONDITION

the tool breakage detection and the tool wear detection are sep-
arately tested.
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TABLE II
CUTTING CONDITION AND EXPERIMENTAL RESULTS

First, the monitoring system is used to detect tool breakage.
To detect the tool breakage efficiently in a drilling process, the
monitoring system should be fit into the kinds of cutting condi-
tions. Cutting tests were conducted under various cutting condi-
tions. The test results are shown in Table II. From the test results,
the successful detection rates all are over 95% under different
cutting conditions. For small-diameter drills, such as 2 and 3
mm, the successful detection rates are also very good. From past
studies, the motor current signals are only fit to detect some big
diameter drills (with diameter over 5 mm). Thus, the extracted
features derived from the wavelet transform of the motor current
are useful. They can be effectively used to detect tool breakage.
In addition, these results also showed that the features extracted
were not too sensitive to the change of cutting conditions. In
brief, the experimental results show that the tool breakage de-
tection module of the monitoring system can meet the need of
the drilling applications.

For tool wear detection, a total of 70 cutting tests were col-
lected under various cutting conditions. Fifty samples were ran-
domly picked as the learning samples for calculating the param-
eters of (13) and (14), and . Twenty sam-
ples were used as the test samples in the classification phase.
According to the experimental results, the parametersand
can be calculated by using the least-squares method as follows:

and

The correlation coefficient was always over 0.97, close to unity.
It is indicated that the relationship between the current signals
and the cutting parameters is well represented by the proposed
models. Twenty additional tests were conducted to examine the
feasibility of using the above models to estimate the tool wear
states. In order to make clear the reliability of the above method,
the comparison of actual tool wear values with estimated tool
wear values is shown in Fig. 6. In the test samples, the error
rates are up to 15%. The success rate of tool wear monitoring
is thus as high as 85%. The results are acceptable and the pro-
posed method can be applied in practical cutting processing, this
reason is that the relative error of actual measurement of tool
wear is close to 90%.

Fig. 6. Comparison of actual tool wear values with estimated tool wear values.

V. CONCLUSION

An intelligent tool condition monitoring system is developed
based on ac servo motor current signals measured using simple
current sensors. The monitoring system possesses the following
advantages:

1) monitoring method is very simple and effective;
2) cost of the system is very low;
3) monitoring system does not interfere with cutting pro-

cessing.

From the experimental results, the following conclusions can be
made.

1) The continuous and discrete wavelet transforms are useful
to decompose the spindle and feed motor current signals,
respectively. The features of tool breakage can be easily
extracted from the decomposed signals so as to effectively
detect the tool breakage in drilling.

2) The tool wear models of the relationships between the
current signals and the cutting parameters under different
tool wear states (i.e., wear 0.2, 0.5, 0.8 mm) are estab-
lished based on partial experimental design and regres-
sion analysis. The fuzzy classification method is useful
to calculate the membership degree of tool wear by using
the measured motor currents. Finally, the tool wear value
can be estimated based on the above method.

3) The monitoring system includes tool breakage detection
and tool wear detection. The experimental results show
that the success rate of tool breakage detection is over
95%, and the error of tool wear detection is below 15%.
These results strongly show that the monitoring system
may be employed in practical drilling applications.
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