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Abstract

In metal cutting processes, excessive vibration or chatter has an adverse effect on
productivity and product surface quality. Various studies have been reported in the
literature over the past few decades. However, the real application of the outcome of
these studies has been very limited. A new system has been developed in this study for
chatter detection and chatter suppression. The coherence function values of the frequency
spectra from two accelerometers in orthogonal directions were used as a chatter indicator.
The vibration energy was used to offset the over-vigilance behaviour of the coherence
function. A fuzzy logic control approach was used for chatter suppression based on both
the coherence function value and vibration energy level. To improve the adaptability of
the fuzzy controller, a self-learning algorithm has also been developed for on-line
updating the fuzzy rule base. A direct output tuning method was also proposed to
improve the responsiveness of the system.

The proposed system has been tested using both steel and aluminium workpieces
with and without thin-walls. The experimental results show that the proposed system
worked reasonably well for on-line chatter detection and suppression.

The thesis also explored the possibility of using the coherence function for chatter

prediction. The verification of its feasibility may be carried out in the future.
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Chapter 1

- Introduction

1.1 Background

Further improvement in productivity and product quality in metal cutting processes
machines has been a challenging issue due to the complexity of the machining process.
The research studies show that the metal removal rate and surface quality are not usually
limited by the cutting ability of the tools but rather by the severe vibrations, which is
known as chatter.

How to avoid and suppress chatters has been studied for several decades and many
different approaches have been attempted. However, due to various limitations as
reviewed in Chapter 2, industrial application of those approaches is very limited, which

calls for a further investigation of the chatter problem.

1.2 Proposed Study

To provide a chatter control system that is easy to implement for real application,
the following research work was proposed:

1. Develop a chatter detection mechanism. In the chatter detection mechanism, the
coherence function will be used due to its sensitivity to chatter. The coherence
function values will be calculated based on the vibration signals from two
accelerometers orthogonal to each other. The vibration energy signals obtained from
the same accelerometers will be applied to offset the over-vigilance problem of the

coherence function.



[

Attempt 1o develop a chatter prediction method. This prediction method will be
derived from the coherence function. Pre-chatter actions will be taken to avoid the

chatter occurrence.

(73

. Develop a self-learning fuzzy chatter suppression system. A fuzzy chatter suppression
module will be developed based on the coherence function value, the change of the
coherence function value and vibration energy. To improve the adaptability of the

fuzzy module, a self-learning algorithm will be also developed.

1.3 Organization of the Thesis

The rest of the thesis is organized as follows. Chapter 2 provides a brief review of
previous work in chatter detection and suppression in machining processes. Chapter 3
reports the proposed chatter detection, prediction and suppression methods. The
implementation of the proposed chatter detection and suppression system and
experimental results are presented in Chapter 4. Chapter 5 concludes the thesis and

suggests some possible future work.



Chapter 2

Literature Review

Automated manufacturing enterprises are appealing in the aspects of the machine
and condition monitoring systems as the means of increasing productivity of their
machines, as well as improving the quality of their products. The condition monitoring
systems can also provide the systematic and fast methods of monitoring and control of
manufacturing systems in order to guarantee optimal operations and reduce inspection.
The basic concepts of machine and the process condition monitoring are to obtain the
real-time condition information of the machine tool, by so doing to exhibit intelligence in

terms of being aware of its health and process conditions.

2.1 Chatter and Sensors for Chatter Detection

2.1.1 Monitoring Tasks

In the literature, the following parameters have been used for monitoring machining
processes: machine tool power consumption (Altintas, 1992), spindle torque
(Matsushima, 1982), cutting force (Ranganath ef al., 1999), and vibration (Yilmaz et al,
2002). The use of other such as acoustic emission (Everson, 1998; Inasaki, 1999), optical,
tool temperature, electrical resistance and radioactive methods has also been investigated.

Tool condition monitoring is obviously one of the important monitoring
requirements of machining operations (Du ez al, 1992). Generally speaking, the
monitoring tasks include the monitoring of tool breakage, tool wear, tool vibration and
the chip forms. Most practical approaches to cutting tool condition monitoring have been
developed using the indirect measurements. For example, the vibration measurement

indirectly measures the tool properties such as the chip depth, because the most indirect



signal measurements are much easier to obtain than the direct measurements (Jensen,
1999).

Cutting force has been considered to be one of reliable indicators of the tool
condition. In the past decade a number of researchers (e.g., Jensen, 1999; Ranganath,
1999; and Altintas et al., 1999) have concentrated on the studies of cutting forces.
However, because of the limitations of physical size and the high cost of dynamometers,
the indirect evaluation approaches such as the spindle motor current, torque, vibration or

sound are preferred in real applications (Lee and Tarng, 1999).

2.1.2 Chatter

Among the measurement approaches described above, vibration analysis is a widely
used conditional monitoring tool. It is used as a means of monitoring the mechanical
condition of a wide range of machines and processes (Prickett, 1999). Severe vibration,
known as chatter, not only leads to a decrease of the metal removal rate and workpiece
accuracy, but also shortens the tool life and may cause machine failures as well (Liao and
Young, 1994). Regenerative chatter accounts for the major problems of machining
stability. Recent years, many researchers have developed a variety of methods in the
chatter analysis, prediction, detection and suppression.

At early stage, chatter was mostly attributed to the negative damping effect (Amold,
1946). Later, Tlusty et al. (1967) recognized that the leading sources of chatter come
from the regenerative and mode coupling effects. These effects stem from the interaction
of the structural dynamics of the workpiece, machine tool, and the feedback of
subsequent cuts of the tools. Other researchers presented that these factors can also cause
chatters such as the variation of the chip thickness, changing orientation of cutting forces,
process damping, runout and the possibility of the loose contact of the insert to the

workpiece (Tlusty et al., 1991; Altintas ez al., 1991).



2.1.3 Sensors

The sensor is a key elemen; of any tool/process monitoring system. Theré is a
variety of sensors, which are utilised in detecting power, torque, strain and distance.
Other kinds of sensors are also employed in the different fields. They are the force
transducer sensors, acoustic emission sensors, vibration and ultrasound sensors, laser
sensors and cameras.

With the development of computer techniques, a multi-sensor approach has become
increasingly popular because every single sensor has its own limits in obtaining
information. And further, the combination of multi-sensor technique and the utilization of
artificial intelligence make the machining control more effective. Choi et al. (2000) used
both an acoustic emission sensor and a built-in force sensor for online tool condition
monitoring during turning. This is called the sensor fusion method. Inasaki (1999) used

different sensors in a machine in order to obtain more information.

2.2 Feature Extraction

Chatter of a machine tool is self-excited vibration, formed by undesirable relative
oscillation between the cutting tool and the workpiece that is usually developed under a
large metal removal rate. To avoid chatters and hence maintain good surface quality, the
material removal rate has to be reduced by using conservative cutting parameters, such as
feed rate, depth of cuts and spindle speed (Hadi and Ebrahimi, 2001).

To develop a chatter suppression system, chatter has to be detected based on the
data obtained on-line. The following few sections provide a brief review of various

techniques used for chatter detection.

2.2.1 Time Domain



2.2.1.1 Time Series Modelling

There are two common techniques: autoregressive time series and autoregre;ssive
moving average time series. These two models can be used to predict the cutting forces
that could be used for chatter detection purpose. Actual sensor signals, measured over
one revolution of the tool, are used as an input to the model, which then predicts the

anticipated values for the following revolution.

2.2.1.2 Real Time Signal Monitoring

This is based on the time series modelling and has become a useful tool when a
fault signature can be clearly identified within the monitored signals. Using this
approach, Principe and Yoon (1991) developed a tool breakage detection algorithm based
on the features of the spindle displacement. Altintas et al. (1990) developed a tool
monitoring algorithm, which detected the changes in the cutting processes that may arise

due to broken teeth of a cutter.

2.2.2 Frequency Domain
2.2.2.1 Fast Fourier Transform (FFT)

Fast Fourier Transform based analysis has been widely utilized for tool monitoring
and chatter detection because it can be used to identify the causes of the severe vibrations
based on the frequency distributions. This is an obvious advantage of frequency domain
analysis in comparison to the time domain analysis. However, it is time consuming in
data processing and this may cause sluggish response of a chatter suppression system
particularly for high speed machining processes.

Tarng (1996) proposed a tool monitoring algorithm and considered the frequency

domain content of the measured cutting force signals. Tool frequency and tooth



frequency were identified. The tool breakage was detected using FFT. However, the
limitation of using FFT is that it may be necessary to re-evaluate the thresholds if the

machining conditions vary.

2.2.2.2 Wavelet Analysis

A wavelet is a waveform of effectively limited duration that has an average value of
zero. It can be more than sine waves, which are the basis of Fourier analysis. This
difference means that the Fourier analysis is to break up a signal into sine waves of
various frequencies while wavelet analysis is to break up a signal into shifted and scaled
versions of the original wavelet.

Li (1997) used the continuous wavelet transform to decompose the spindle servo
motor current signal to detect on-line tool breakage. The experimental results show that
clear small differences between the normal and tool breakage can be observed above
processed signals. It was confirmed that wavelet transform could reliably detect tool
breakage. Wavelet transform has a good solution in the time-frequency domain so that it
can extract more information in the time domain in different frequency bands
(Kasashima, 1995).

Recently, Lee and Tarng (1999) used the discrete wavelet transform to decompose a
signal into the approximation and detail of signal in monitoring the tool conditions. The
approximation is the low-frequency components of the signal and the detail is the high-
frequency components of the signal. This decomposition process can be iterated so that
one signal can be broken down into a hierarchical set of approximations and details. This
procedure can also be called multilevel signal decomposition. As a result, the
manifestations of the tool failure in the time and frequency domains can be

simultaneously obtained through multilevel signal decompositions.



2.3 Chatter Detection Mechanisms

2.3.1 Cutting Parameter Measurements

Hadi and Ebrahimi (2001) presented a method for chatter avoidance through a
mathematical model. They stated that the cutting forces depended on the chip thickness in
end milling. The equations are:

Fr=Krd:h -1

Fr=KrFr 22
where Fr and Fj are the tangential component and radial component of the cutting force,
respectively, Kr and K specific cutting stiffness and force ratio, A4 the axial depth of cut,
and 4 the instantaneous chip thickness, which is measured during the cutting tests.

Because of the complication in modelling, the runout (the offset of the cutter) is
ignored in model formulations although it is an important contributing factor to chatter in
end milling.

In the above equations, there are some constants depending on the workpiece and
the milling cutter. It indicates that the mathematical model largely depends on the
materials of the workpiece and the types of the cutter.

Ranganth er al. (1999) proposed a method for dynamic force prediction in
peripheral milling by measuring the flank face interference volume. In their work, the
basic mechanism was that the cutting forces depend on the cutting volume. When they
used the model, cutter runout and tool deflection were considered. But the effects of
cutting damping were not incorporated into the chip formation. Actually, positive cutting
damping is believed to be another main source of chatter and has a significant effect on
the cutting dynamics in milling.

Based on the relations between dynamics and chip thickness, Jensen and Shin
(1999) developed a more comprehensive analytical model to predict the stability limits

for face milling operation. The model can be used as a multi-degree of freedom structure.



The author stated that this model is capable of accounting for various non-linearities,
such as varation of chip thickness, changing orientation of cutting forces, process
damping, runout, and complex workpiece geometry, etc.

Many studies based on this mechanism have been carried out. For example, Altintas
etal. (1999) used a dynamic model to predict stability in ball end milling.

However, it is often difficult to use this mechanism in real time due to the time-

consuming computation involved in using this mechanism.

2.3.2 Damping Effects

Damping effect on chatter is discussed separately although it has been combined
with the cutting parameters such as chip thickness in the papers on the previous topics.

Kwon et al. (1992) indicated that the problem of monitoring and forecasting tool
life still remains unsolved because of the lack of a reliable correlation between the
measured parameters and gradual tool wear. Recent research studies have been
concentrated on the damping ratio (i.e., the increment) of the cutting dynamics. The
measurement of the increase in the damping ratio provides a means for tool wear
monitoring.

The real and imaginary parts of the complex frequency are the actual frequency of
the motion and the decay rate, respectively. The decay rate is the velocity at which the
amplitude of the oscillations grows (Genta, 1999). This decay rate actually is the
damping ratio. Kwon et al. (2001) used the imaginary part of the inner modulation
transfer function of the cutting process as the indicator of tool wear. The author also
stated that the imaginary part of the inner modulation transfer function is proportional to

the flank tool wear land width and tool wear grows when the damping effect increases.

2.4 Control Strategy



In the past decades, researchers have developed a variety of methods to make the
machining more adaptive, flexible and intelligent. The following are some of the

commonly used approaches.

a) Fixed Gain Feedback Control

Because the gain is fixed, this type of control may lead to poor control performance
and the cutting process may become unstable during the time-varying machining
processes. The control system becomes unstable if the gain is too high, and it responses

too slow if the gain is too low.

b) Adaptive Control

Along this line, parameter adaptive control and model reference adaptive control
were widely used. A parameter adaptive controller consists of two functions: online
estimation of the parameters of the cutting process and real time control. The drawback is
that it requires some material parameters obtained offline. This type of control is only
used for the linearized cutting processes. For model reference adaptive control, it is very

difficult to select an appropriate model and the control has no learning ability.

¢) Neural Network Control

The main purpose of the neural network based controller is to construct a reverse
function of the plant using the neural network so that the output of the system is the

desired input. The disadvantage is that it limits the response speed of the control system.

d) Fuzzy Control
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Fuzzy control has proven to be a powerful tool when it is applied to ill-defined and
uncertain systems. Recently, many studies have been devoted to the theory of fuzzy
control and its application to machiﬁing processes.

Most machining processes are non-linear and time-varying with random
disturbances. The traditional adaptive controller depends greatly on an accurate model of
the machining process. It is difficult for a traditional adaptive controller to achieve the
effective control of the machining process. Artificial intelligence, such as neural
networks, genetic algorithm, fuzzy logic and expert systems, is based on the operating
principles of the human brain and natural biological evolution. It has received
considerable and increasing interests over the past decade and has been applied to CNC
machining control (Tarng ez al., 1994).

Du et al. (1992) developed a methodology for tool condition monitoring in turning
using the fuzzy set theory. The relationship between tool conditions and monitoring
indices was described by a linear fuzzy equation. The parameters in this equation were
determined based on the possibility and the probability distributions of the learning
samples. The experimental results indicate an overall reliability of approximately 90% in
detecting the various tool conditions considered in this study. These results represent a

significant improvement over those obtained using other decision-making strategies.

2.5 Chatter Avoidance and Suppression

2.5.1 Chatter Avoidance

There are two approaches for chatter avoidance. The first one is machine tool
redesign. The chatter can be avoided or reduced by increasing the rigidity of the machine
tool structure or through the use of dampers. However, machine tools with such
redesigned features are very expensive and this approach cannot solve the chatter

problem for millions of existing machine tools. The second approach is to identify the
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stability lobes experimentally. Once the stability lobes are identified, the machining will
be performed only in the stable zones by using properly selected cutting parameters. For
example, Budak and Altintas (1998) developed stability lobes for milling processes,
which specify the boundaries between chatter-free and unstable conditions with respect to
the depth of cut. However, the application of such an approach is very difficult in practice
since the stability lobes are developed for a particular machine-tool-workpiece

combination. Any slight change in the three will shift the lobes.

2.5.2 Chatter Suppression

a) Spindle Speed Modulation

The main idea of this approach is to modulate the spindle speed by following or
changing the waveform (e.g., frequency and phase) of the spindle speed variation pattern.
By doing so, the regenerative cutting pattern will be interrupted and hence the chatters

caused by regenerative cutting path can be suppressed.

Liao and Young (1996) developed a chatter suppression system based on this
approach. In their system, the direct force signal from a dynamometer was passed
through a low pass filter then digitised. Fast Fourier Transform was used to obtain
corresponding power spectrum from the vibration. Chatter frequency was identified when
the intensity of a certain frequency other than spindle speed and cutting frequency is
exceeding a threshold. Based on this frequency a new spindle speed is calculated by
applying the principle of keeping the phase between present and previous undulation to
90°.

However, they cautioned that there were two cases where the stable speed might not
be found. The first case occurs when the width of cut is too large and exceeds the stability

limit. The second is the situation when the system has multiple modes and the stability
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lobes of the different modes are different. In such cases, the system cannot be brought to

a stable condition by regulating the spindle speed alone.

b) R-value

Ismail and Kubica (1995) developed a chatter indicator that is suitable as a feedback
signal for controlling instability in milling operations.

They separated the total cutting force into dynamic component due to vibration only
and static component due to tooth engagements excluding the inertia in the system. A
chatter indicator, termed R-value, is then computed by dividing the dynamic root mean
square force component by the static root mean square force component. Obviously, R-
value 1s an application of the dynamics mechanism.

The R-value is proportional to the level of vibration, and the range of value would

be limited so a threshold value could be selected above which the chatter will occur.

¢) Coherence Function

Li et al. (1997) proposed to use coherence function as a chatter detection indicator.

The coherence function was defined as:

(. G0 3
Y (f)=m (2-3)

where G,(f) is the cross-correlated spectrum of the two signals x(?) and y(2), G(f) and
G,(f) are the auto-correlated spectra of signals x(z) and y(1), respectively.

At the onset of chatter, the distribution of the vibration energy converges to the
frequency of the chatter. The vibration signal also undergoes a transition from random to
periodic behaviour when the vibration of the tool shank in two perpendicular directions is
coupled. The above effects lead to the change in the coherence function between the

crossed accelerations of the tool shank. (Li ez al., 1997)

13



At the onset of chatter, the coherence function between the two accelerations has a
value close to unity and their auto-correlated spectra have a single peak at the chatter
frequency due to the transition of the vibration from random to harmonic behaviour.

Dong ez al. (1992) used a method based on coherence analysis in the frequency
domain to predict chatter. The experiments demonstrated that the machine tool chatter
could be detected by monitoring the coherence function of two acceleration signals from
two suitable locations on the machine tool.

From the experiments, the following phenomenon was found: The steady state
cutting force during stable machining has a very weak influence on the two output
acceleration signals and hence the coherence is low. Once chatter occurs, or even at its
onset, the dynamic cutting force exerts a strong influence on the two accelerations and
hence a high coherence value approaching unity at the chatter frequencies. However, due
to the limited computing power at the time when the work was carried out, it took about
one second for computing the coherence function value. Hence, the author mentioned
only sub-real-time detection was achieved and also they claimed that this should be
sufficient since one second was typically the time it took for chatter to grow to its full

strength (Dong et al., 1992).

d) Multi-level Random Spindle Speed Variation

Yilmaz et al. (2002) presented a new chatter suppression method using multi-level
random spindle speed variation.

Multi-level random signal is a continuous signal with discrete amplitudes at
uniform time steps. This technique eliminates parameter adjustment phase that is required
by similar methods such as sinusoidal spindle speed wvariation. The stability

improvements achieved by multi-level random spindle speed variation machining is
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satisfactorily comparable with the improvements achieved by sinusoidal spindle speed
variation (Yilmaz ez al., 2002).
This method improved the machining productivity due to the variation spindle

adjustment instead of decreasing the spindle speed.

2.6 Limitations of Previous Work and Motivation for the Proposed
Study
2.6.1 Chatter Detection

As chatter is a complex phenomenon, a single indicator may not be sufficient. The
use of different sensors, for example, accelerometers, acoustic sensors, may provide more
comprehensive information. However, this will complicate the system development
process and make it difficult to implement. For this reason, it is proposed to use a single
type of sensors to provide multiple indicators. In this study, a 3-axial accelerometer
sensor 1s used. Both coherence ratio and vibration energy values can be derived from the
single type of sensor for detection of chatters. Also, it may be unrealistic to rely on
stability lobes because the lobes may shift during cutting due to changes in tool-

workpiece structural dynamics (Yilmaz et al., 2002).

2.6.2 Chatter Avoidance

a) Machine Structure Change
As mentioned earlier, this approach requires a change in the machine tool structure.

Although it is an active method, it has a high cost and not applied in practice.

b) Stability Lobes
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Stability lobes method has a narrow application range. Each type of cutting is based
on a distinctive set of stability lobes. To get comprehensive information on the
relationship between the cut depth and the spindle speed, a large amount of experiments
are required. This is apparently not suitable for today’s manufacturing environment

featuring small and unpredictable production orders and frequent tool changes.

2.6.3 Chatter Suppression
a) Spindle Speed Modulation

The most significant difficulty in using spindle speed modulation is to determine
the frequency and amplitude before adding the proper sinusoidal signal. Though this
approach has been used by several authors, a systematic approach in selecting the

waveforms has not been suggested.

b) R-value
The chatter suppression method using R-value is also based on the traditional
stability lobes. For every single tool-workpiece structure, the stability lobe is unique.

Therefore the application scope of the stability lobes is very limited.

c¢) Coherence Function

Cur experiments indicate that the coherence function tends to be overly reactive.
Large coherence function values can be observed even before actual cutting. This is
certainly misleading indication of chatter, thereby causing unnecessary machine stops or
slowdown. To alleviate this difficulty, the coherence function is jointly applied with the

vibration energy content in this study.
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d) Multi-level Random Spindle Speed Variation

This approach was only applied to turning operations so far. The feasibility in ﬁsing
it for milling and other machining processes remains to be seen. Also, due to the nature of
randomness in selecting spindle speed for each following control loop, an optimal

machining process cannot be expected.
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Chapter 3

Design of the Chatter Detection and Suppression System

The proposed system consists of two major components, i.e., a chatter detection
module and a chatter suppression module. To provide more comprehensive information
for chatter detection, both coherence function and mean vibration energy have been used.
An attempt has also been made to predict chatter using some criteria derived from the
coherence function. The fuzzy logic approach is applied for chatter suppression. To
enhance the adaptability of the fuzzy module, a self-learning algorithm and a direct
outputs tuning algorithm are added to the fuzzy module. The details are described in the

following sections.

3.1 Method for Chatter Detection

As reviewed in Chapter 2, a variety of indicators have been suggested in the
literature for chatter detection. Among them, vibration energy, dynamic cutting force and
peak value in the frequency spectra are most widely used. However, the values of these
indicators depend on the machining parameters (such as spindle speed, feed, and depth of
cut), workpiece materials, tools and machines used for the operations. It is therefore very
difficult to define a threshold value for chatter detection that can be used in a wide range
of machining processes. For this reason, the coherence function value, which is
dimensionless and is always between [0, 1] is adopted as a chatter indicator. The
coherence function value is calculated based on the data from two accelerometers in
orthogonal to each other. However, our experiments show that the coherence function is

often over-reactive and it may reach a high value even if the cutting has not really started.
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To avoid the mis-judgment caused by this phenomenon, the mean vibration energy is

jointly used with the coherence function.

3.1.1 Coherence Function for Chatter Suppression

The coherence function is mathematically defined as:

1o, 0f
6.06,7)

Assume signal x(2) and y(?) are the time-domain signals respectively obtained from

r*(f)= (3-1)

two accelerometers in perpendicular directions. X(f) and Y(f) are the Fourier transforms of
x(1) and y(t), respectively. Gg(f) is the cross-spectrum of the two signals x(#) and y(1),
Gx(f), G(f) are the auto-spectra of signal x(?) and y(?), respectively. According to Neve
(1996), the coherence function can be written as follows:
" (f)-r ()

XX (0)-x ()]
R (MN)-im X (N Re ¢ W)+ i F O

[Re * (X (/))+ Im * (X (7D} [Re * (7 (/) + Im * (7 (/)]

_ [Rex(1))- Rel¥ (1)) + Im(X (f)- Il (£))]+i{ReX (1)) Im{F (/) - T (7)) Rel (/)]

Re* (X () +1m* (X ()} [Re* (7 (7)) +1om® (¥ ()

=1 (3-2)

73 (f)=

where X'(f) and ¥’ () are the conjugate value of X(#) and Y(f), respectively, and Re() and
Im( ) are the real and imaginary parts of a complex value, respectively. The result above

can be separated into real and imaginary parts:
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In real applications, the equation used to calculate the coherence function (Neve
1996) is:

vy (1) XG0 RO R+ )t D5
G.0)6,() R )+ 1w KO R () 1 ()]

According to Li et al (1997), in a chatter free cutting process, the auto-spectra G(%),

Gy(f) and the coherence function values spread over a wide frequency range and are
characterized by lower level of stationary random signals. At the onset of chatter, the
distribution of vibration energy converges to the chatter frequency. Predominantly high
Gx(f), and Gy(f) values can be observed at the chatter frequency and consequently a
coherence value quickly approaches unity. Since only the real part of the coherence
function is to be used for chatter detection and prediction, hereafter notation ¥°(f) will be
used to indicate the real part of the coherence function and the term “coherence function”
will mean the “real part of the coherence function” for simplicity.

The cross-spectrum G, (f) and the auto-spectra Gi(f), G,(f) are calculated on-line
using FFT method. In a cutting process, two more spikes can be observed in the
frequency domain FFT plots in addition to the one at the chatter frequency f.. The two
spikes are related to spindle frequency f; and tooth passing frequency f; and are calculated

as: f, = _6% f= ’—n6—62 where v is the spindle speed and m the number of cutting edges.

The chatter frequency in many cases (in particular in our test range) is different
from f; and f;. For example, in our test scope, f; is less than 20Hz and f; is less than 80Hz
whereas the observed chatter frequency is about 200 Hz. Therefore, f; and f; as well as the

frequencies around them are ignored.
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3.1.2 Chatter Detection Using Mean Vibration Energy

As mentioned earlier, to provide more comprehensive information, the .mean
vibration energy is also used. Another reason for using mean vibration energy is that the
mean vibration energy has an aggregate effect on chatter detection and it may be used to
predict chatters in later study. According to Thomson and Dahleh (1998), the mean

vibration energy can be calculated as follows:

I O
X =lim ? jo x(t)dt (3-6)

T=0

For discrete variable, the mean vibration energy can be determined by:

1 & 1 &
E =—)>ix| E =— ; 3-7
where N is the number of samples during a period over which the average is

calculated.

In this thesis, the resultant mean vibration energy was calculated as:

E =.[E: +E; (3-8)

3.2 Chatter Prediction Based on Coherence Function

3.2.1 Coherence Function

The significance of coherence function in the context of chatter analysis is
described below.

According to Genta (1999), the real part of the Fourier transform function is the
amplitude of the motion at a certain frequency and the imaginary part is the velocity of
the motion at the frequency. These results can be explained in the following.

Recall the Fourier transformation:
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X(f):gx(t)-e-izﬁf ix(t) cos——sz(t) sm— (f=0L... 1)

) (5-9)

Separating X(f) into real and imaginary parts gives:

R(X (=Y x0eosZL (r=01...1,..) (5-10)

=0

Im(X(f))= Zx(t)sm— (rF=01...1.) (3-11)

t=0
Obviously, Im(X(f)) is proportional to the derivative of Re(X(f)) with respect to f
(Genta, 1999). Suppose that x(2) is composed of a family of sine waves. Then Re(X(%)) is

the amplitude of the vibration at frequency f; over a particular time window. The total

Joms
amplitude at all frequencies is then ZRe(X (f)), which is caused by the static force in
r=1

the end milling process and reflects the average displacement of tool tip or the tool runout

position. /m(X(f;)) is the change of the amplitude of the vibration at frequency f; and

S
ZIm(X (f)) can be used to describe how severe the vibration is and how much the
J=1

vibration deviates from the average displacement or from the average runout position.
The total change of the amplitude is caused by dynamic forces during cutting as
illustrated in Figure 3.1.
When the coherence function is equal to unity, i.e.,
ey ()= JEEXV)- Rt (1) + (1) I ()]
Re () + 1 G R @)+ ¢ ()]
the following condition must hold:

Re(X(1)) _ Relr(/)) (3-12)
Im(X(f)) Im(¥(r))
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Figure 3.1 Runout and vibration at a certain frequency (F; is the static cutting force,
k is the stiffness of the tool, the curves represent the runout magnitude)
(a)runout converges to the average (b) runout diverges away from the average

Re(X(f)) _ Re(r(r))

The equation means the resultant amplitude is in the same
m(x(f) m(r(r) " °

direction as the resuitant change of the amplitude (Figure 3.2a). Hence, the dynamic and
static forces are collinear. As the static bending force always passes through the nominal
center position of the cutter, the collinear dynamic force, when it is in the same direction
as that of the static force, will have a maximum effect on the runout enforcement and
consequently the largest contribution to chatter.

When the coherence function equals zero, i.e.:

Re(y? (f)) [Re(x (1)) Re(t () + m(X(£)) @ ()]
Re* Gt () + m ()] Re* G () + " (]

The following condition holds:

Re(X(7) __In(r(7) o)
m(x(7) " R (7)
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Figure 3.2 Vibration and tool runout
(a) The resultant vibration when Im(R) is collinear with the resultant runout Re(R)
(b) The resultant vibration when Im(R) is perpendicular to the resultant runout Re(R)
(R is the resultant vibration amplitude)

Re(X(f)) _ _Im(r(s))
m(X(f))  Re(r(f)

of the amplitude is perpendicular to the direction of the resultant amplitude (Figure 3.2b).

The equation means the direction of the resultant change

This condition also means the dynamic force is perpendicular to the direction of the static
force and hence perpendicular to the runout direction. The amplitude of the runout will
virtually not be affected and the contribution will not as large as the one caused by the

collinear dynamic force described above.

3.2.2 Chatter Suppression Strategies

The objective of chatter suppression is to maintain a stable cutting process. When
chatter is detected, the system should be able to suppress it by regulating the spindle

speed and feed rate based on the pre-determined rules.
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The system should compensate for disturbances that would occur to cause
controlled variables, i.e., the mean of vibration energy content, to deviate from the set
level once a desired steady state fs achieved. Due to the complex non-linear and time-
variant nature of the cutting process as well as the lack of information and knowledge of
cutting dynamics, the fuzzy logic approach is used in this study. The fuzzy logic control
system is a real time expert system, which is based on a series of If~Then-Else linguistic
rules. These rules can be obtained from well-experienced machine operators to regulate
the cutting parameters such as feed rate and spindle speed without analysing the complex

cutting dynamics (Tarng and Cheng, 1993; Driankov ef al., 1996).

3.2.3 Performance Indices

As we mentioned earlier, the following phenomena are observed from our
experiments. On one hand, whenever there is a peak value in the cross-spectrum plot
there must be a high peak of the coherence ratio occurring at the same frequency, which
indicates that it is logic to use the coherence ratio as a chatter indicator. On the other
hand, however, the opposite is not always true. When there is a peak value in the
coherence ratio plot, there could be no dominated peak value in cross-spectrum plot
observed immediately. Instead, a peak value always follows after a certain time delay,
which means the coherence ratio could be used to predict the occurrence of the high peak
in cross-spectrum value,

Performance Indices (PI’s) that measure the deviations of both the coherence ratio
and the mean vibration energy level from their reference levels are used as control criteria
in this study. The PI’s are calculated on-line from readily available data.

According to Liang (2001), the PI measuring the deviation of mean vibration

energy from its reference level is defined as:
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(.'.5-14)

where n, is the number of samples with which the RMS was calculated.

The performance index for coherence error is defined similarly.

3.2.4 Data Processing

In this thesis, the procedure of calculating the coherence ratio from the raw data is

shown in Figure 3 .2a.

Data Acquisition(Raw data)

v

Moving Average

v

Sigmoid Function (or Squared)

v

Windowing

v

Processed Data

v

EY ax (Vanax €70 L C¥ o (o chamge)

Figure 3.2a Steps for calculating coherence ratio

The steps are explained in detail as follows:
Two difficulties arise in the application of the coherence function: a) the coherence

ratios plotted based on real cutting processes do not usually show a clear pattern, and b)
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the coherence function tends to be overly vigilant. The thin line in Figure 3.3a is plotted
using the raw coherence ratio from a typical cutting process. It is very difficult to
pinpoint a dominant peak value. Figﬁre 3.3a also shows that the ratios are too close to the
maximum level in most cases, which shows the over-vigilant feature of the coherence
ratio. To alleviate the first difficulty, the moving average value of the coherence values is

used in our actual detection and suppression process. The moving average is calculated as

follows:
S+n
g
p=f-n
= 3-17
Y psmooth =75 "1 (3-172)

where , is the original coherence value and y; smoors is the smoothed coherence value over
a band of (2n+/)Hz. In this study, 7 is set to 2 and hence the bandwidth is 5Hz. Te
overcome the over-vigilance problem, a modified sigmoid function is used‘ to enlarge the
distinction between the coherence ratio and the maximum value. The modified sigmoid

function is given as follows:

,

1

I-y [ mooth
e 04

1

-y, S smooth
Le 0.6

I;f yf.smooth >0.5

y, = (3-17b)

If 7f.smoozh <05

where v, is the adjusted coherence ratio using Equation 3-17b. The coherence ratio after

processing is shown in the thick line in Figure 3.3a.

3.2.5 Windows Function

According to our experimental results, the chatter frequencies are always detected

above 170 Hz. In order to eliminate the disturbances from the peak values below 170 Hz,
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a window function is needed. To simplify the computing work, the following window

function was employed to adjust the coherence ratio.

(0.1 i=0]1,...170
ox2170 o i=171172,...187
w()=4 187-170 (3-18)
1.0 i =188189,...233
1.0-09x =233 i =234235,...250
i 250— 233

The coherence ratio after being adjusted by the windows function is shown in
Figure 3.3b. The thicker line is the coherence ratio curve after being windowed and the
thinner line is that before being windowed.

To simplify discussions, the coherence function modified using moving average,

sigmoid function and window function s still called coherence function hereafter.

3.2.6 Inputs and Input Scaling Factors
The inputs to the fuzzy controller are E¥ . (¥max €707),  C¥max 7 max change), and
EE (mean vibration energy error). The Ey_.. , and Cy,,, values are obtained from the

data after smoothing and windowing.

They are defined as follows:

EY max = Vax ()= Vrer (3-19)
Clmax = Vmax i)~ 7(i~1) (3-20)
And

EE=E(1)-E.r (3-21)

where ¥na(?) is the maximum value of the coherence ratio in time window i, %, and iow
are the upper and lower limits of the coherence ratio, respectively, and #.ris the reference

value based on experiments. According to Liang (2001), 3,.r was selected as 0.8.
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3.3 The Structure of the Fuzzy Logic Controller

The structure of the fuzzy logic control system in this thesis for chatter suppréssion
is schematically illustrated in Figure 3.4. The fuzzy logic control system consists of the
following components: fuzzification module, membership function, rule base, fuzzy
inference engine, defuzzification module, scaling factors and tuning factors.

These components will be explained in the following sections.

,WWHF'W
|

Ji

ﬁ

1
151 201 (Hz)

0.5 ‘A
0 JEQ\MMMM
51 101
®)

Figure 3.3 Data modifications (a) The coherence ratio is smoothed and the
dominant peaks are shown clearly by taking moving average value and the
sigmoid functions (b) The coherence ratio is windowed by window function

3.3.1 Fuzzification and Membership Functions

The fuzzification module performs an input normalization transformation, which

maps the physical crisp values of the current process state variables into a normalized

fuzzy domain.

29



_,Eym_)y(,_

7 X
v.i Fuzzy }ef ;
> Crms |l KL Fuzzifier > I‘g;"e.“ge > Defuzzifier 77-’ Process [T
7 £in e >
tf
A 7 v
> EE K 1

/7 Rule Base Membership Function

Figure 3.4 Fuzzy logic control for chatter suppression

In this thesis, three inputs are utilized. They are the maximum value of the
coherence ratio Eypa, the change of #max, C¥mer and the mean vibration energy EE. After
the computations, the physical values are converted into normalized values to the
fuzzifier.

The crisp values are mapped into fuzzy domain. A number in the fuzzy domain may
belong to one or several fuzzy sets. For example, in Figure 3.5, an input coherence ratio
of 0.8 may be converted to a fuzzy value of 0.45, which may belong to two fuzzy sets:
“positive small” (PS) and “positive medium” (PM) with degrees of belongingness 0.3 and

0.7 respectively.

A

1.0
],lpM(O.45)=0.7

lJ-PS(O-45)=O-3
0.0

Figure 3.5 Tllustration of fuzzfication process
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Triangular membership functions have been widely used for simplicity (e.g., Yeh ez
al. 1995, Hsu and Fann 1996). In this thesis, triangular fuzzy functions will be used for
input variables. Nine fuzzy sets wére used for inputs E%me; and Cyma. The nine sets are
NX (Negative Extra Big), NB (Negative Big), NM (Negative Medium), NS (Negative
Small), ZE (Zero), PS (Positive Small), PM (Positive Medium), PB (Positive Big) and

PX (Positive Extra Big).
n
o INX NB NM Ns ZE PS PM PB PX
B
00 (or CPraa)
S 0 ]
ANBNM NS ZE PS PM FPB
1.0
0.0 > EE
-1 0 ]
. @
A
o INX NBLNM Ns ZE PS PM PB PX
7 (orv
0.0 >f (orv)
-1 0 1
®)

Figure 3.6 Membership functions
(a)Tnangular membership functions of the inputs
(b)Spike membership functions of the outputs
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For the third input EE, there are only seven fuzzy sets, i.e., NB, NM, NS, ZE, PS,
PM, and PB. Figure 3.6 illustrates these membership functions.

Membership functions must also be specified for outputs feed rate f and spindle
speed v to convert the fuzzy output values into physical values. To further reduce
computing time, the Sugeno-type singleton membership functions as described by Gulley

et al. (1995) and Driankov et al. (1996) are used for outputs (Figure 3.6b).

3.3.2 Rule Base

The control rule base is probably the most component in a fuzzy controller (Lee and
Wang 1996). The fuzzy rules are obtained based on the experiences and control
engineers’ knowledge. Recently, different adaptive algorithms have been utilised to make
the rule base more intelligence.

The basic rule is usually in linguistic format as illustrated by the following example:

IF E¥max is PB AND Cma is PS, THEN fis NX AND v is NB.

The above rule means that if the maximum value of the coherence ratio Eype is
positive big and the change of this maximum value Cypme, is positive small, then the value
of the feed rate adjustment should be negative extra large and the value of the spindle
speed regulation should be negative big.

Figures 3.7 (for spindle speed adjustment) and 3.8 (for feed rate adjustment) show
the rule bases with Eyme: and C¥ma as inputs and Figure 3.9 shows the rule base with
vibration energy as input for both spindle speed and feed rate adjustments.

Regular fuzzy logic control methods only require rule bases filled with fixed
linguistic values. In this thesis, the self-learning algorithm is utilised. As a result, the

linguistic values are updated online according to the real working conditions.
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Figure 3.7 Coherence ratio table: Fuzzy rules for chatter suppression by
adjusting spindle speed
(2)3-D plot (b)Fuzzy values in the rule table
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Figure 3.9 Energy table: Fuzzy rules for chatter suppression by adjusting feed rate or
spindle speed (2)3-D plot (b)Fuzzy values in the rule table

3.3.3 Fuzzy Inference Engine and Defuzzification

The fuzzy inference engine is used to determine fuzzy output based on each fuzzy

input and control rules. In this thesis, the Sugeno-type inference is used which is
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illustrated as follows. Suppose E¥ . and C¥ .. inputs are 0.45 and -0.7. The two

inputs triggers four rules which associated to four fuzzy-set combinations, i.e., (EYmaxC

PS| CYmaxcNB), (EYmax € PS| CymaxNM) (EYmax © PM| CymaxcNB) (EYmax < PM|
CYmaxcNM), as illustrated in Figures 3.10.

1.0
upm(0.45)=0.7

ups(0.45)=0.3
nn

1.0
uxp(-0.7)=0.9 |\77/7
wm(-0.7)=0.1 |/ \: o
s )_n n : I / i 5C¥max
-0.7 00
(®)

Figure 3.10 Hustration of input membership degrees with two triangular fuzzy sets
(2) Fuzzfication for Ey,,,, where E¥,,, is the normalized Ey_,

(b) Fuzzification forCy,,,, , where C¥,,, is the normalized Cy,,,

The output membership function value for each rule is determined according to the

min-max rule as follows:

pey = min[u(Ef ), #(CF )] (3-22)
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where Licj is the output membership function value of associated with rule specified by

inputs (EYmax)i and (C¥Ymax)j » L[(E¥Ymax)1] and p(Cymax);] are the input membership

function values.

te1=min[0.1,0.3]=0.1 Hc12=min(0.1,0.7]=0.1

Mc21=min{0.3,0.9]=0.3 Kc22=min{0.9,0.7]=0.7

Figure 3.11a Calculation of the coefficients of output fuzzy values

Suppose the crisp output is spindle speed, the four output fuzzy sets can be located
in the shaded area of an illustrative rule base shown in Figure 3.11b. The linguistic values
of the four fuzzy sets are:

Cu=ZE, C;2=NS, C;;=ZE, and C»=ZE.
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The corresponding fuzzy values are 5, S, 5, 4, respectively.

ZE | PS | PM | PB | PX

PM | PM | PM | PS | PS
PM PS | PS | PS | PS | PS | PS
PM PS | PS | PS | PS | ZE | ZE
PS ZE | ZE | ZE | ZE | ZE | ZE
PS ZE | ZE | ZE | ZE | NS | NS
ZE ZE | ZE | ZE | NS [ NS | NS
ZE NS | NS | NS | NS | NM [ NM
NS NS [ NS | NS | NM | NM [ NM
NS NM | NM | NM | NM | NM | NB

Figure 3.11b An illustrative rule base

In the above, the output fuzzy set values and the corresponding coefficients have

been determined. The fuzzy sets need to be converted into physical values before they

could be used.

Defuzzification involves the process of converting the set of fuzzy control output
values and mapping the inferred fuzzy control action to crisp control actions. The
defuzzification strategy is aimed at producing a non-fuzzy control action that best
represents the possibility distribution of the inferred fuzzy control action (Driankov ef al.,

1999). The crisp output is calculated using weighted average method. (Driankov et al.,

1999)

Z/‘C, -C,

2

r
ZFC,
J=1

u=
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where 7 is the total number of rules, C; is the value associated with the peak of output
fuzzy set j, i.e., the suggested output value associated with the peak of fuzzy set j, and

He, is the height which is given by

to, =minls pn ot | =120 (3-24)
where r is the number of rules and # is the number of inputs.

The calculation of the crisp output value for the above illustrative example is

illustrated in Figure 3.12 and the output value is:

y= 0.1x5+0.1x5+03x5+0.7x4

~5.88
0.1+0.1+03+04
10 ‘m NB NM NS ZE PS PM PB PX
0.7

0.3

0.0 * A1(2) L J‘;

-1 Output u 0 1
Figure 3.12 Defuzzification using singleton membership function
3.3.4 Scaling Factors

Scaling factors are used for mapping data from physical values of the process state
variables into normalized value, knows as normalization, and they are also used for
mapping normalized output domains into their physical values, which 1s called
denormalization. Scaling factors also play a significant role in the overall performance of
the control system, such as response, overshoot and stability. Hence, the proper selection

of these factors is very important.
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3.3.4.1 Input Scaling Factors

Driankov et al. (1996) claimed that the input scaling factors play an importanf role
similar to that of the gain coefficients in a conventional controller.

According Liang (2001), the scaling factors for the three fuzzy engine inputs are
defined as following:

The scaling factor for the error of the maximum coherence ratio is:
1 .
V. =¥ lf (7ma.x ):' 2 Y. ref
Klg =17 ™ (3-25)
- lf (7max );‘ <7 ref
Vref —Viow
The scaling factor for the change of the maximum coherence ratio is:

1

=———=1 {7y =17 =0) (26
yup ~Yiow

Kic,

The scaling factor for the error of vibration energy level is:

if E 2E
Eup _ E,ef {f (] ref i
Kl = 1 (3-27)
_ if E <E
Erq. —Eloe f 1 ref

The scaling factors are further tuned based on real machining condition. For

example, KJp, is tuned as follows:

K1 Ed = BKXI Ey
<7
where, B, = [M:I
&g

Kic, and Kl are tuned in similarly.
As an example, the energy scaling factors are illustrated in Figure 3.13.

3.3.4.2 Output Scéling Factors
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The output scaling factors map the normalized output data into their physical
values. The physical values of the outputs, i.e., the spindle speed and the feed rate have
their upper and lower limits. For example, the upper and lower limit values of the spindle

speed used in this study are 500 rpm and 1200 rpm, respectively.

410 NB
Avolt
Emax NM
5.0

NS

1.5 Eret Ao ZE

0.0 Ecnia PS
time PM

- $i 1.0 PB

] Y
Physical values Scaling factors Fuzzy values

Figure 3.13 Input scaling factors

In order to prevent the abrupt change in output command that cannot be followed
by the machine, a relation between control cycle and maximum allowable machine
adjustment is established in this thesis. They are called the feed step and spindle speed
step, namely the feed rate change and spindle speed change during a single control cycle
as defined below (Liang, 1999):

FeedOutputRange
CyclesPerSecond

Feed Step = (3-28)
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SpeedQutputRange
CyclesPerSecond

Speed Step = (3-29)

where FeedOutputRange and SpeedoutputRange are the voltage values associated with
the feed rate adjustment range and spindle speed adjustment range, respectively.
CyclesPerSecond is the number of control cycles per second. With these restrictions, the

machine system is limited to make a full range adjustment within one second.

3.3.5 Tuning Factors

The tuning factors are used to enhance system response and stability. The few

tuning factors used in this thesis are detailed as follows.

3.3.5.1 Overshoot Suppression

Overshoot often lead to severe vibrations during cutting. When a certain
consecutive energy overshoot samples are observed, a special control method must be
used to control the machine’s performance. Overshoot-tuning factors are added to the

regulation values of spindle speed and feed rate using the suppression algorithm:

If|E|>

E.|>|E..

>g,setm=m+1 KO, ,=KO,,, -a”
Else,set m=0 KO, =1.0
where ¢ is a threshold value, KO, ; is overshoot-tuning factor (Liang, 1999), « is a

constant.

3.3.5.2 Impact Suppression

Impact is defined as the abrupt change in cutting energy. When impact happens, the
change of the energy value is tremendous. To avoid the tool breakage, the adjustments of

feed rate and spindle speed need to be regulated.
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A dynamic impact suppression factor XOim, (Hermansyah 2000) is added to
Equations 3-28 and 3-29:

Feed Step = KO,,, - FeedOutputRange 3-30)
CyclesPerSecond

Speed Step = KO, - SpeedQutpuiRange 3-31)
CyclesPerSecond
Whenever ]E,| is larger than a safe value a, the impact suppression factor is

weighed by a gain g (g>1). Hence, the spindle speed and feed rate could drop faster.

3.3.5.3 Other Restrictions

To prevent tool breakage and machine overload, the following restrictions to feed

rate and spindle speed are defined:

Restriction Condition
VY= V)min EEpa

VAV ma E<E,;

(fv)=0 E>Euppertimit
FVF(V)owetmir V<GV )iovertimir
FVY=(fV)uppertimi V> (v )uppertimic

Table 3.1 Other adjustment limits for safe operation

3.4 Self-learning and Direct Output Tuning Algorithms

By utilizing the fuzzy control system, machine operations can be regulated
according to the real-time behaviour of the system. These real cutting performances are

affected by many predictable and unpredictable factors.
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In this study, a self-learning algorithm and a direct output tuning algorithm are used
to achieve a better control performance.

Self-learning is an adaptive control strategy. Since cutting processes are non-linear
and time-varying dynamic system, an adaptive fuzzy logic controller thus has the
potential to achieve a better control performance than the model-based controllers (Hsu
and Fann, 1996). The fuzzy controller can be updated online by mapping the given
current working state to a target state set until the machine runs on a desired working
performance. In this thesis, the rule base is selected. A direct output tuning approach is

also suggested to enhance the system performance

3.4.1 Self-learning Algorithm for Rule Base Adjustment

The rule base adjustment is done according to the maximum coherence ratio, E¥max.

Based on the fuzzy control system in Figure 3.4, the:structure of the rule base self-
learning approach illustrated on a schematic diagram is shown in Figure 3.14.

In Figure 3.14, the self-learning approach consists of two steps. First, the error of

the maximum coherence ratio, §(Ey ., ) is calculated as:

S (EY max) = W (EV max = E¥) (3-32)
where w is the weight, which represents the learning rate of the system, Ey, is a
neutralized coherence ratio, at which no machine regulations are needed. The w value has
a direct impact on system performance. Generally, a larger w will increase the
responsiveness of the system but decrease the system’s robustness (Hsu e al., 1996) as
shown in Figure 3.16.

From Figure 3.16, it is observed that, when w=0.2, the system almost does not sense

the change of the input Ems, and when w=0.7 or 0.8, the stability of the system is too



low which causes severe fee rate fluctuations. In this thesis, w is selected in the range of

[0.3, 0.5] for responsiveness and robustness concerns.

E Kl A
Ymax
yal A _
4 ‘ Fuzzy | KO4 Y
A Inference - -
CYmax K1, _ | Fuzzifier . | Defuzzifier / -
/‘{7 Engine A
/ - I% rabi
A ]
EE > K}{ / A /
/ K=Kkt E[0(EYmad)] lembership Function
A A
o} O(Ymax)=W(EYme-EYn) Rule Base (k;)

Figure 3.14 Fuzzy logic control with rule base self-learning for chatter
suppression

Secondly, update the rule base by adding the error to all the nodes or rules:

ky <k, +E[6(Ey g )] (3-33)
where k;; is a node in the rule base. There are 81 nodes in each coherence ratio rule base
in this thesis. E[ ] denotes the average value of several errors. The actual self-learning
algorithm does not need to update the rule base in every control cycle. In this thesis, the
rule base updating interval is set to 6 control cycles to reduce computing time.

If the learning rate is properly selected, the self-learning algorithm generally

improves the response of the system. Figure 3.15 shows the difference in feed rate

adjustment with or without self-learning.

Figure 3.17 and 3.18 show two rule bases modified by the learning algorithm.
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A 4f

>  EVna
01 2 3 4 7 8 9

Rule base without using self-learning algorithm
 — Rule base using self-learning algorithm

Figure 3.15 Feed rate adjustment with and without self-learning

3.4.2 Direct Output Tuning

According to the experimental results, the rule base self-learning algorithm proven
to be an efficient tool for chatter control. However, it has its disadvantages. The spindle
speed and feed rate are not adjusted successively because the rule values are discrete
values, such as 1, 2, ..., 9. This may cause instability when the rule base is adjusted with
a large weight. Hence, it is proposed in this study to directly fine-tune the output based
the monitored process values, i.e., EE and Eymax.

The structure of the direct output tuning approach is illustrated in a schematic
diagram is shown in Figure 3.19. In this thesis, two types of direct tuning are tested. One
is the output tuning according to the maximum coherence ratio, Eyma, alone, the other is
the output tuning based on both the maximum coherence ratio, E¥na, and the energy

level, EE.
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Figure 3.16 Rule base self-learning algorithm with different weights (Thinner
lines represent output Af (mm/min), thicker lines represent input Ey___)
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Feed Rate

Gamma_max

(®)

Figure 3.18 Coherence ratio table: Fuzzy rules for chatter suppression by adjusting feed rate
using rule base self-learning algorithm
(a) 3-D plot (b) Fuzzy values in the rule table
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Figure 3.19 Fuzzy logic control with direct outputs tuning for chatter suppression

Similar to the rule base self-learning algorithm, in the first step, the errors of the
coherence ratio and energy level are calculated using Equations 3-33 and 3-34:

8(EYmax) = Wy - (EVmax — Ev,) ' 3-34)

S(EE)=wg -(EE-EE,) 3-35)
where, w, is the weight for coherence ratio selected in the range of [0.5, 0.8], wz is the
weight for energy level selected in the range of [1.0, 1.5], EE, is the reference value,
selected as 1.5.

The second step is to fine-tune the feed or spindle speed increments using the

following two equations:

Aj;:dju:r =4f- W - [5(E7max)+5(EE)] S
A _ (3-36)
vadju:l =Av- W, - [5(E7ma.x)+ 5(EE)]

A apuse = AF - 8(EV max) -

{% = 8- 5(Er ) o
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where w; 1s a positive constant and is fixed at 1.0 in this study.

The experimental results show that the adjustment made by the direct output tuning
algorithm 1s more responsive and smoother in some cases as compared to that using the
rule base self-learning approach.

Advantages of using the direct output tuning may be explained as follows. When
the performance indices are close to their reference values, the outputs are adjusted to a
smaller value. This helps to avoid the large vibration caused by over adjustments of
spindle speed and feed rate. When the performance indices are far away from the
reference values, the output adjustments are strengthened by using a larger multiplier.

Figure 3.20 illustrates the relation between 47 and En.. with different w, values.

v Etnx

_—

Output without using self-learning algorithm
— Output using self-learning algorithm with a larger weight
—— QOutput using self-learning algorithm with a smaller weight

Figure 3.20 Schematic diagram for direct outputs tuning
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An experimental result was shown in Figure 3.21, which compares the feed rate
adjustment processes with and without direct output tuning.

When the mean vibration energy level is above a threshold value Ej, which is

around 0.4, the absolute value of the adjusted output |Afm] 1s larger than the absolute
value of the output W [ . When energy level is below Ey, then the absolute value of the

adjusted output IAf m[ is smaller than the absolute value of the output |Af].

The threshold value of £ is determined by the selection of weight w;. The larger the
weight is selected, the smaller the threshold value is, so that a larger weight makes the
control system more sensitive and a smaller weight makes the control system more stable.

In the real application, the threshold value of E and the threshold values of other

inputs are jointly used to determine the output adjustments.

07

0.6 1

05 -

04

0.3 -
0.2 -

014, ¥

0.0 1

01 -

0.2 1

-03 1

04

Figure 3.21 Direct outputs tuning
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Unlike the rule base self-learning algorithm, which is carried out in the fuzzy
domain, the direct output tuning is conducted in the physical domain. Without direct
output tuning, the fuzzy controller &odd execute the commands based on a rule base that
with some time delay and hence the commands do not necessarily reflect the real-time
machining conditions. The direct output tuning is more responsive to the on-line cutting

conditions and therefore should improve the performance of the fuzzy system.
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Chapter 4

Experiments

4.1 Experimental Apparatus

The schematic configuration of the system is illustrated in Figure 4.1. The chatter
suppression system consists of the following hardware components:
« CNC SERVO 2000 milling machine
* Wilcoxon 993B-6 hermetic tri-axial accelerometer
* Wilcoxon P703BT power unit

» National Instrument DAQ AT-MIO-16DE-10 data acquisition card

Spindle Motor ﬂ

yd ]
Power Unit / Sensor

Tool
Built in Computex\ )
. Workpiece
Pentium III PC

i Table
/ I

y
-
=
T Table Motors

-

« Intel Pentium III PC

AD
€ Card CNC Milling Machine /

Figure 4.1 Hardware configuration
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4.1.1 CNC SERVO 2000 Milling Machine

The CNC SERVO 2000 milling machine is a tri-axial vertical CNC mil'ling
machine with NC control in x- and y- axes built by Servo Product Company (Figure 4.2).
The three-HP spindle motor is driven by a three-phase G3 adjustable frequency AC
drives built by Saftronics.

Figure 4.2 CNC SERVO 2000 milling machine

Driven by the spindle motor, the spindle speed can be adjusted either by the
commands from the built-in computer, i.e., system operation console, or by regulating the
meter manually on the spindle speed panel. In this study, the spindle speed is controlled
by an external computer as shown in Figure 4.1. After being converted into analog
signals by the A/D card, the digital signals from the external computer can be used to
adjust the spindle speed. The NC machine has two speed range selections. The range of

low gear is from 50rpm to 500rpm and that of high gear is from 500rpm to 5000rpm.
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CNC SERVO 2000 has a three-axes sliding table, which can drive the workpiece moving
in a specified direction.

The movements along x-axis (table direction) and y-axis (crossing table direction)
are controlled by SERVO II axis drive motors. The movements along z-axis (vertical
direction) is operated manually by the operators. The feed rate adjustment commands
from the built-in computer control the table speed. The feed rate can also be changed
manually from the teaching pendant. The override range of feed rate on the teaching
pendant is from 0 to 150%. The teaching pendant was also modified to be able to switch

to an “automatic” button to accept the control commands from the external PC.

4.1.2 Vibration Sensor
The vibration sensor in this thesis is a hermetic tri-axial accelerometer, 993B-6

provided by Wilcoxon. The sensor is shown in Figure 4.3.

Figure 4.3 The tri-axial accelerometer and thin-wall cutting

This vibration sensor is mounted near the tool holder, where the vibration signals of

the tool-workpiece system can be obtained. Wilcoxon 993B-6 sensor can detect

56



vibrations from three axes with the frequency responses 2-10,000Hz in z-axis and 2-
7,000Hz in x-axis and y-axis. This sensor is accompanied with a power unit, P703BT,

which has three identical outputs in X, y and z directions.

4.1.3 A/D Converter Card

The DAQ card is a multifunction input-output with up to 100ks/sec reading
capability. It also features a 12-bit analog-to-digital converter for 16 single ended or 8
differential analog inputs, two 12-bit analog outputs, two 24-bit counter/timers, and 32
digital I/O lines.

The analog signal from the vibration sensor is digitized at 4,096 samples/second for
each direction using double buffering method to ensure data integrity. The digital
commands from PC are converted to analog voltage output signals in the range of [1.3,
4.8V] for feed (represents O to 150% feed rate override) and 1 to 10V for spindle speed

(represents 50 to 500 rpm for low gear and 500 to 5000 rpm for high gear), respectively.

4.2 Software and Algorithms
* Development tools

LabWindows/CVI is used for building the “projects” for chatter detection and
suppression with resource code written in C. The fuzzy logic toolbox of MATLAB is
used for generating the fuzzy engine.
* DAQ Card Configuration

NI-DAQ Utility is used to specify the DAQ card configuration.

4.3 Experimental Set-up

 Cutter
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High Speed Steel (HSS) 9/16”(14.3mm) end-milling cutter with four helical flutes
and 30° helix angles
» Workpiece materials
1018 cold rolled steel and aluminium
« Spindle Speed Range
500 rpm to 1200 rpm
+» Feed rate Range
0 to 150 mm/min
+ Cutting direction
45° from either x- or y- axis (Figure 4.5).
» Profile of workpiece
Flat cutting, single thin-wall cutting and double thin-wall cutting (See Figure 4.4
and Figure 4.5 for the geometric dimensions and the cutting depth or width)
* Immersion and use of coolant
Full immersion with coolant
* Control method

Fuzzy control with and without self-learning algorithm

4.4 Experimental Results

During the end milling operations, chatter is detected either when the mean
vibration energy E is above its reference value E,.r or the %« is above its reference level
¥ The control target is to maintain the mean vibration energy E at or around the
reference value and the yna value below its reference level by adjusting the spindle speed
v and the feed rate £ Based on a series of tests, the reference value of the mean vibration

energy is selected as E.r= 1.5 volt, with the upper limit E;,,,.,= 5.0 volt, and 3= 0.8.
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Figure 4.4 Tool-workpieces with three cutting tests
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Waw=3mm

Y

P 1 | A
Dy=Smm 1} b
)
B=76mm
4
(a) Dimensions for Sinking Generation
W, =8mm
: A
E H,w=10mm
2|y
>te— W=5Smm
X
B=76mm

(b) Dimensions for Side Generation

Figure 4.5 Dimensions of the workpieces
(a) Hyw 1s the height of the double thin-wall, W4, is the width of the double thin-
wall, Dy, 1s the depth of cut in double thin-wall cutting, and B is the width of the
workpiece (b)H;w is the height of the single thin-wall, Wy, is the width of the
single thin-wall, and Dy, is the depth of cut in single thin-wall cutting
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D¢ =Smm(steel),
7~9mm(Al)

A
Y

B=76mm

(c) Dimensions for Flat Cutting

Figure 4.5 Dimensions of the workpieces
(c) D¢ is the depth of cut in flat cutting

In the experimental results, the root mean square values of the mean vibration
energy E is also plotted to observe the behaviour of the control system which is defined

as follows:

Erusi = i=01... (4-1)

where E; is the vibration energy level measured in control cycle j, N, is the number of
control cycles over which Erys; 1s calculated, in this thesis N, is selected as 10. For each

experimental result, the root mean square value of Erys is plotted together with E.
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Figures 4.6 through 4.24 show the experimental results with different cutting
situations and different control methods. For clarity concern, the feed rate adjustment 4f
and the spindle speed adjustment Av are displayed separately in different parts of each
figure, and the maximum coherence ratio Eymq and the change of maximum coherence
ratio Cymar are also plotted separately for the same reason. The discussions are given

below.

4.4.1 Flat Steel Workpieces—Full Immersion

The results for the full immersion cutting of flat steel workpieces are plotted in
Figures 4.6 through 4.13. Figure 4.6 shows the experimental results of flat cutting
without using self-learning algorithms. Severe vibration was observed at the beginning of
cut, leading to a high level mean vibration energy EE which was above the reference
value E,; though the coherence function value was still below its reference level. This
triggered the suppression action and both the spindle speed v and the feed rate f were
reduced. It was noticed that the suppression took about 10 seconds to suppress the chatter
for the initial cutting period. For the chatters occurred after the initial cutting period, the
suppression took much shorter time to complete. As shown in the figure, no long lasting
chatters were observed after the initial period and the E¥me and EE values were well
maintained around the reference levels. As discussed in Chapter 3, the coherence function
value could be used for chatter prediction and also our experiments show that higher
coherence ratios were often observed before the chatter onset. Hence maintaining the
coherence function value below the reference level will likely prevent chatters. This may
partially explain why no severe and long lasting chatters were observed after the initial
cutting period.

In Figures 4.7 and 4.9, rule base self-learning algorithm was used with the weights

of 0.2, 0.3, and 0.4 respectively. As shown in Figures 4.7 and 4.8, the smaller weights
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(0.2 and 0.3) tend to smooth out both vibration energy and coherence function values and
hence the feed and spindle speed adjustment processes are also smoother. As shown in
Figure 4.9, when a larger weight is used (0.4 in this case), the suppression response is
faster (as shown in the initial cutting period) but the process is much less stable featured
with large fluctuations of feed and speed adjustments.

Figures 4.10 to 4.13 show the results using direct output tuning. The single (using
the coherence signal only) direct tuning results are presented in Figures 4.10 and 4.11,
and double direct tuning results in Figures 4.12 and 4.13. In both cases the processes
seem to be smoother as compared to the results without direct tuning. However the
double direct tuning results appear to be smoother than those of the single direct tuning.
As expected, it can also be observed that higher weights tend to improve system
responsiveness and lower weights lead to a smoother process. In particular, the results
shown in Figures 4.12 and 4.13 indicate that the processes were well controlled after the
initial cutting period and only small amount of feed and spindle speed adjustments were
made.

Excessive output adjustments may cause severe vibration. The use of the direct
output tuning not only makes the output adjustment more effective but also helps avoid

over adjustment unnecessarily when the cutting condition is already well regulated.

4.4.2 Flat Steel Workpieces—Half Immersion

Down-milling method is selected in the half immersion cutting. The flat half
immersion cutting results are displayed in Figures 4.19 and 4.20. Figure 4.19 shows the
result with the “plain” fuzzy controller without self-learning or direct tuning and Figure
4.20 shows the result obtained using double (both the vibration energy and coherence
signals were used for the tuning) direct output tuning. It can be seen that the direct tuning

slightly improved the responsiveness of the system.
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4.4.3 Double Thin-walled Steel Workpieces

These results are plotted in Figures 4.14 through 4.16 corresponding to “;;lain”
fuzzy control, single direct tuning and double direct tuning respectively. Of the three
cases, the double direct tuning seems to be the best though some excessive feed and
spindle speed adjustments were observed immediately afier the initial cutting stage which
causes some vibrations. This may be a result of a large weight (1.5) and a properly

selected weight should correct this problem.

4.4.4 Single Thin-walled Steel Workpieces

Only two tests were conducted for this case, one was controlled using the “plain”
fuzzy system (Figure 4.17) and the other with the double direct tuning (Figure 4.18). The
direct tuning does not show obvious advantage because the vibration in this case was not
as severe as compared to other previous cases.

In thin-wall cutting experiments the mean vibration energy could be lower than the
threshold value. However, the spindle speed and the feed rate can be still very low
because of the large value of coherence ratio which prevents further increasing spindle
speed and feed rate. The experimental results of thin-wall cutting show that the coherence

ratio is a reasonably effective tool for chatter detection.

4.4.5 Aluminium Workpiece

Figures 4.21 through 4.24 show the aluminium cutting results. The results for
machining flat workpiece were in Figures 4.21 (depth of cut = 7 mm) and 4.22 (depth of
cut = 9 mm). It is shown the vibration energy level was maintained below the threshold
value (1.5) in both cases. The results for cutting double thin-walled worpiece were
plotted in Figures 4.23 and 4.24. Again the vibration energy was maintained below the

threshold level and the adjustment of feed and spindle speed was also reasonably smooth.
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Although the maximum coherence ratio Eyme and its change value Cyme: are not
considered as the criterions on describing the cutting performances, they play significant

roles in detecting and avoiding the chatters.

4.4.6 Experimental Results analysed in Frequency Domain

To further illustrate the chatter growing and suppression processes, some samples
of the signals in frequency domain were also plotted in Figure 4.25 which was taken from
a steel flat cutting data file (with rule base self-learning). The figure shows that the
chatter growing process starting at time 4.5 seconds and reaches the threshold limit (0.8)
of the coherence ratio at time 4.9 seconds. The suppression action was taken immediately
and it took 0.5 second to suppress it (from 5.0 to 5.5 seconds).

The actual cutting time is different from the time shown in Figure 4.9 through 4.24.
The time shown in the figures is approximately three times of the actual cutting time. The

main reason is probably caused by insufficient computing power of the computer.
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Figure 4.6 Experimental results using fuzzy logic control system (File:S_01, Steel,

Flat Cut, Full Immersion)
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Figure 4.7 Experimental results using rule base self-learning algorithm (File:S_02,
Weight=0.2, Steel, Flat Cutting, Full Immersion)
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Figure 4.8 Experimental results using rule base self-learning algorithm (File:S_03,
Weight=0.3, Steel, Flat Cutting, Full Immersion)
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Figure 4.10 Experimental results using single direct output tuning algorithm
(File:S_05, Weight=0.5, Steel, Flat Cutting, Full Immersion)
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Figure 4.11 Experimental results using single direct output tuning algorithm
(File:S_06, Weight=0.7, Steel, Flat Cutting, Full Immersion)
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Figure 4.12 Experimental results using double direct output tuning algorithm
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Figure 4.13 Experimental results using double direct output tuning algorithm
(File:S_08, Weight=1.5, Steel, Flat Cutting, Full Immersion)
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Figure 4.15 Experimental results using single direct output tuning algorithm
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Figure 4.16 Experimental results using double direct output tuning algorithm
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Figure 4.18 Experimental results using double direct output tuning algorithm
(File:S_13, Weight=1.5, Steel, Single Thin-wall Cutting, 8-3mm)
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Figure 4.19 Experimental results using fuzzy logic control system (File:S_14, Steel,
Flat Up Cutting, Half Immersion)
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Figure 4.20 Experimental results using double direct output tuning algorithm
(File:S_15, Weight=1.5, Steel, Flat Up Cutting, Half Immersion)
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Figure 4.21 Experimental results using fuzzy logic control system (File:A_01,
Aluminium, Flat Cutting, Depth=7mm, Full Immersion)
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Figure 4.22 Experimental results using fuzzy logic control system (File:A_02,
Aluminium, Flat Cutting, Depth=9mm, Full Immersion)
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Figure 4.23 Experimental results using fuzzy logic control system (File:A_03,
Aluminium, Double Thin-wall, Depth=0-5mm)
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Figure 4.24 Experimental results using double direct output tuning algorithm
(File:A_04, Aluminium, Double Thin-wall, Depth=5-10mm)

84



0.8
0.6
04
0.2

0

:oh%erence Ratio

P . P e DR .

I
PAAYAY
VAR,

1

51

Fre‘cl;?}ency

191

201

251
(Hz)

¢

0.8
0.6
04
0.2

0

.oh?rence Ratio

A

.

7

1

P

51

101
Frequency

151

T

201

251
(H2)

0.8
0.6
04
0.2

0

Coherence Ratio

1

A
v

51

101
Frequency

151

201

251
(H=2)

0.8
06
04
02

0

':ohg'f:nm: Ratin

1

Ap [
PVAYA
P R VAR P

1

51

e
T

101
Frequency

151

201

251
(Hz)

0.8
06
0.4
0.2

0

‘Zoh1erence Ratio

i
A

A

1

Ay
v

51

51 101 1
Frequency

/[ n
201

251
(H2)

Figure 4-25a Chatter suppression with self-learning algorithm (Time:4.5 sec to
4.9 sec)

85



Co‘h%erence Ratio

0.8 A )

0.6

0.2 A \,
e i e J.\j :

1 51 _ 101 151 201 251
Frequency (Hz)

Coh;rence Ratio

0.8
0.6
0.4 1.

0.2
0 el e ~

1 51 101 151 201 251
Frequency (Hz)

Coherence Ratio

0.8
0.6

A
' |
0.4
o.g A M l WA—

1 51 101 151 201 251

Frequency (Hz)
(.oherence Ratio
0.8
0.6 \
04
0.2 WA
0 A . WY
1 51 101 151 201 5
Frpqnpnr'y (H=)\
Coh1erence Ratio
0.8
0.6
04
0‘2 an\vn
S O OROT... A"

51 201 . 251

1 (H2)

51 101 1
Frequency

Figure 4-25b Chatter suppression with self-learning algorithm (Time:5.0 sec to
5.5 sec)

86



Coh1erence Ratio

0.8
0.6
04
0.2

0

ad-d

N~

1 51

e -

51 251

201 1)

101 1
Frequency

Coh;rence Ratio

0.8
0.6
0.4 f
0.2 IJ\L M,
-0 J - u

-

1 51

101
Frequency

151

251
(H2)

201

Coh@rence Ratio

0.8
0.6
04
0.2

0

. .FH
DNNAWY,
151 201

J\I.
101
Frequency

P

1 51

251
(Hz)

Coherence Ratio

0.8
0.6
0.4 N
0.2
0 e ]
1 51 101
Frequency

151 201 251
(H)

Coh1erence Ratio

0.8
0.6
04
0.2

0

1

>

51

LN
——r Y

101 151
Frequency

201

251
(H2)

Figure 4-25¢ Chatter suppression with self-learning algorithm (Time:5.6 sec to

6.0 sec)

87




Chapter 5

Conclusion and Future Research

5.1 Conclusion

A fuzzy logic control system for chatter detection and suppression has been

developed, which features the following:

1.

[V}

Joint application of the mean vibration energy and coherence function for chatter
detection. The experimental resuits show that the coherence function is sensitive to
chatter but often over reactive. The use of mean vibration energy will complement
this problem.

The use of a rule base self-leamning algorithm to improve the adaptability of the
fuzzy system and the use of and a direct output tuning algorithm to improve the
responsiveness of the system.

Simultaneous adjustment of spindle speed and feed rate to enhance the chatter

suppression process.

5.2 Future Research

Further studies may be carried out in the following directions:

1. Enhance the system performance for initial chatter suppression. It was observed that

the system is less effective for suppressing the chatter in the initial cutting stage. The
cause of such ineffectiveness remains to be investigated.

Investigate on-line chatter prediction. Our experiments show that the coherence
function value often reaches a high value before the onset of chatter which indicates

that the coherence function could be used for chatter prediction. Though some
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preliminary analysis has been presented in the thesis, the application of the result is
to be carried out in the future.

Develop an aggressive chatter suppression mechanism. Though the adjustment of
feed and spindie speed was done in both directions (increase and decrease) in this
study this was done in the near neighbourhood of a stability zone, which may not
necessarily be the most productive one. To further improve the material removal rate,
it is necessary to make feed and speed adjustment in a more productive stability

zone. This may be done in conjunction with the study of stability lobes.
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