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Abstract
The increasing demands for precision and efficiency in machining call for new
control strategies for machining systems based on the identification of static and
dynamic characteristics under operational conditions. By considering the machining
system as a closed‐loop system consisting of a machine tool structure and a
machining process, the join system characteristics can be analyzed. The capability of
a machining system is mainly determined by its static and dynamic stiffness.
The goal of this thesis is to introduce some concepts and methods regarding the
identification of machining system stability. Two methods are discussed, one for the
static behaviour analysis of a machine tool, and one for dynamic stability of a
machining system. Preliminary results are indicating unambiguous identification of
capabilities of machining systems static and dynamic characteristics.
The static behaviour of a machine tool is evaluated by use of a loaded double ball
bar (LDBB) device. The device reproduces the real interaction between the join
system, the machine tool elastic structure and the cutting process. This load is not
equivalent to real cutting forces, but it does have a similar effect on the structure.
This has been investigated both trough simulation and experimental work.
It is possible to capture the process – machine interaction in a machining system by
use of the model‐based identification approach. The identification approach takes
into consideration this interaction and can therefore be used to characterize the
machining system under operational conditions. The approach provides realistic
prerequisites for in‐process machining system testing. The model parameters can be
further employed for control and optimization of the cutting process. Using different
classification schemes, the model‐based identification method is promising for the
detection of instability.
Furthermore, it is the author’s belief that a model‐based stability analysis approach
is needed to exploit the full potential of a model driven parts manufacturing
approach.
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Chapter one
1 Introduction
The manufacturing industry is subject to increasing pressure to manufacture
complexly shaped parts, made of harder and tougher materials, at minimum unit
costs. Parts with complex geometries and high strength structural materials like
compacted graphite iron (CGI) (Berglund, 2008), cutting tools with new materials,
damping capabilities (Daghini, 2008) and geometry such as special diamond
coatings, ceramics and cubic boron nitride (CBN) are new challenges for the design
and optimization of machining system. The major factors of any machining
operation; productivity and accuracy, are determined by the static and dynamic
stiffness of the machining system. Static and dynamic characteristics of machining
systems limit the performance of manufacturing units, preventing the manufacturer
from fully exploiting their capability. The key to manufacturing quality in the
machining of any part, is to understand the static and dynamic stability of the
manufacturing process. One way to increase the efficiency of a production system is
to continuously improve and develop new identification and evaluation methods for
machining systems. This is especially important when lean and agile production is
implemented on the shopfloors, as the goal is to produce a part correctly the first
time, in the shortest time, and in a cost effective way. In this regard, new or
improved test methods help to gather information about system status and can be
stored in digital machine models used for analysis and optimization.

1.1 Background to the research project
Over the years, machine tool testing has become important for machine tool
builders and end users. For the machine tool builders it is a crucial part of the design
and manufacturing strategy. It provides a recognized mechanism for checking the
machine against its design specification. For the machine tool user, capability testing
offers both a means of measuring and maintaining production performance, and a
evaluation aid for machine maintenance. The industry’s requirements have been
met to a degree by the wide availability of modern metrology equipment aimed
specifically at machine tool testing. This has provided the means for the accurate
measurement of machine tool errors. Extensions of national and international
standards to cover all aspects of machine accuracy and testing have increased the
awareness and need for machine testing (ISO230‐4, 1996), (ANSI/ASMEB5.54‐1992,
1992).
1
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Testing standards are essential if machine capability is to address the needs of both
the machine tool builders and the end users. To meet these needs, however, the
standards are, to a certain extent, a compromise. Economic considerations mean
that machine non‐productive time must be kept to a minimum, while quality
considerations mean that the calibration should be detailed enough to provide
meaningful results. To find the optimum between the two is a crucial issue when
developing or improving test methods.
Today’s test methods analyze the specific characteristics of the machine tool but
leave out, to a great extend, the machining process, and this has led to the need for
a new system oriented evaluation approach (Archenti, et al., 2008). A system
oriented evaluation method takes in to consideration the interaction between the
mechanical structure of the machine tool and the cutting process. By this the true
nature of the machining system is revealed and consequently its true characteristics
can be analyzed. This new approach, combined with more traditional evaluation
methods, is considered to be a promising tool for increasing the efficiency of
manufacturing systems. Therefore, the main objective of this thesis is to contribute
to improving the machining system static and dynamic evaluation methods. To cope
with this objective, two different methods have been developed. The first method is
based on system and model identification theory and focuses on the evaluation of
the machining system’s dynamic characteristics. The second is a procedure for
evaluating a machine tool’s static behaviour. A novel type of double ball bar (DBB),
which has the ability to create a preload between machine tool table/workpiece and
tool/spindle are used in this context. The device is commercially named JoForce and
it has been developed as collaboration between the two companies Scania CV AB
and CE Johansson AB in Sweden (Hjelm, 2002). In this thesis the name loaded double
ball bar (LDBB) is used instead of JoForce, as the name more accurately reflects the
device capability.

1.2 Outline of the thesis
This thesis introduces some concepts and methods regarding the evaluation of
machine tool and machining system stability. These approaches are thought to
represent promising evaluation methods for the further development of new
methods for the characterisation of both machine tools and the process – machine
interaction. Results from appended papers along with a case study described in this
thesis, exemplifies achieved results so far. Both design and experimental results are
outlined.

1.3 Research questions and framework
There are a couple of questions that has been investigated within the frame of this
research work. One question concerns the development of an on‐line identification
test method in which a machining system’s dynamic capability can be evaluated.
This question is of high priority for the industry as such systems could be used for
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the evaluation and control of the performance of machining systems. Therefore one
of the basic question to be answered in this work is formulated as:
•

is it possible to capture the process – machine interaction between
machine tool and machining process by use of a model‐based identification
approach?

Another question crucial to the industry is concerning the static behaviour of
machining systems. The static stability affects, amongst other things the geometrical
accuracy of the produced part. Machine tool geometrical accuracy is a key
performance criterion for evaluating a machine tools capability (Schwenke, et al.,
2008). This is formulated as:
•

is it possible to evaluate the static stiffness by use of the of double ball bar
equipment with the capability of generating of an adjustable load?

To be able to answer these questions a research framework had to be established.
The theoretical base for this framework is gathered from previous research done in
a number of different fields, ranging from system and model identification and
process – machine dynamics theory to machine tool testing. Scientific papers,
journals and books have been studied in order to create a theoretical base for
ongoing and future work. To validate different theories, experimental work has been
carried out.

1.3.1

Loaded double ball bar

As mentioned in section 1.1, the LDBB is a novel device that, amongst other
properties, has the ability to generate a load on the elastic structure of a machine
tool. The main question concerning the LDBB is if it is possible, by use of the applied
load and measured displacement of the elastic structure, to calculate the stiffness in
different directions in the circular path.

1.3.2

Modelbased identification of machining system stability

The first question regarding the identification of machining system’s dynamic
stability is whether it is possible to design a procedure for the identification of
machining system’s stability characteristics. Such procedure has to be able to cope
with both on‐ and off‐line identification scenarios. To be able to find an answer to
this question it necessary to develop a model identification method that could be
used to capture and analyze real data from machining operations. The proposed
model‐based concept in this thesis has a natural flow and consists of four modules:
data collection, data reduction, feature analysis and classification, see Figure 1.

3
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Classification
Feature analysis
Data reduction
Data collection

Model‐
Identification
(MI)
Figure 1. Model identification procedure used in this thesis (Archenti, et al., 2007).
The procedure has its roots in modern system identification theories, well known in
the research community and industry (Söderström, et al., 2001), (Ljung, 2006).
Another matter that had to be investigated is the possibility of identifying machining
system’s dynamic parameters, and correlating them to surface roughness. If such a
relationship could be established, an evaluation criterion for dynamic instability in
process – machine interactions could be stated. The criterion could further be used
as a “threshold” for the in‐process identification for avoidance of dynamic instability
known as chatter. A further question in this matter is how machine tools dynamic
parameter, natural frequencies and damping are affected by machining operation
i.e. how energy is transferred between different frequencies.
Determining the “best” model set by selection of appropriate model order and
model type is another issue that has to be investigated. The assessment of model
quality is typically based on how the models perform when they attempt to
reproduce the measured data. The basic approach to this is dealt with
independently of the model structures. In this context is it also important to
investigate different data conditionings techniques (amplification, filtering,
sampling, etc.) and strategies effect of identifiability of process – machine
interaction characteristics.
Is it possible to use model‐based identification in different fields by choosing
different filtering strategies? For instance, can a model‐based identification
approach, depending on filtering strategy, be used to evaluate different machine
and tool concept from each other and can it be used for trend analysis and
preventive maintenance, etc? If a system, based on a model‐based identification
approach, should be introduced to industry, the robustness of estimated models is
an important question that has to be investigated.

1.4 Introduction to the papers
The two first papers focus on the fundamental design characteristics of machining
systems. Static and dynamic stiffness are in this context the most important feature
4
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that has to be taken in‐to consideration when designing and optimizing a machining
system. The third paper focuses on a new method based on system identification
theory used to identify machining system’s dynamic parameters such as natural
frequencies, damping and stability boundaries. The fourth paper presents a new test
method based on a novel test device, loaded double ball bar, evaluating, amongst
other features, the machine tool static stiffness.

1.4.1

Paper A: Evaluation of machining system static stiffness

The majority of test methods used to determine a machining system capability, are
machine tool oriented and do not take into consideration the characteristics of the
machining process. In this paper an evaluation method for determining a machining
system static characteristics are discussed. The importance of joint stiffness and
damping in the elastic structures of a machine tool is emphasized. In this context the
new type of double ball bar (DBB) is described, which applies a preload on the
structure, thus creating more realistic conditions for the accuracy of the
measurements.

1.4.2

Paper B: Evaluation of machining system dynamic stiffness

In this paper the importance of joint stiffness and damping in the elastic structures
of machine tools is emphasized. High static stiffness is required in order to reduce
deformations in machining systems. Meantime, high dynamic stiffness is needed in
order to minimize the self‐excited and/or forced vibration. Vibration is the main
cause for poor surface finish and has a negative impact on tool life. It is important to
understand that high static stiffness results often in a low damping system and
therefore reduces dynamic stiffness. Damping is the most important parameter
associated with the dynamic stability of the machining system.
Main source of damping in mechanical structures are:
•
•
•

Energy dissipation in structural materials.
Energy dissipation in joints between components.
Energy dissipation in special damping devices.

Then in order to off‐line analyze the join machining system, stochastic discrete
models, ARMA models are used to identify the dynamic stability of a machining
system. Also, for machine capability analysis, the overall elastic structure must be
considered, i.e., machine tool – fixture – workpiece – tool holder – tool.

1.4.3

Paper C: Modelbased identification of dynamic stability of
machining systems

In this paper, an identification method for determining the machining system
dynamic characteristics by parametric modelling is discussed. Off‐line and in‐process
identification, modelling and control are based on parametric models that are
estimated from acquired sensor signals at each sample interval. This makes them
5
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very efficient compared to non‐parametric models, as for instance fast Fourier
transform (FFT) estimated model parameters have a statistical meaning, so they are
only significant within certain confidence intervals (Brockwell, et al., 1987), (Roy, et
al., 2008), (Poulimenos, et al., 2006). The robustness of parametric modelling is
revealed by a classification approach applied to several cutting tests performed in
similar conditions on similar workpieces.

1.4.4

Paper D: Loaded double ball bar for capability analysis of NC
machine tools

This paper describes a novel machine test method for the evaluation of the static
stiffness of the machine tool, and a computational model to study its accuracy. The
geometric error analysis by loading the structure with a adjustable static force
provided by the LDBB equipment. Static error evaluation method is improved by
using the LDBB system due to its ability to be used as both an ordinary DBB system
when no load is applied to the structure and to be used to apply a predefined load
to the structure. An alternative method for calculation static stiffness based on
impulse excitation is also presented. The results of this approach are compared with
the conventional approach, force‐displacement diagram.

6
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Chapter two
2 Machining system
In this chapter, basic design and evaluation criteria of the machining system’s static
and dynamic stability are introduced. Machining systems may be represented by a
closed loop system comprising the machine tool elastic structure (ES) and the
cutting process (CP), see Figure 2, (Nicolescu, 1991), (Rashid, 2005). The interaction
between the elastic structure of a machine tool and the cutting system is described
by the behavior of the machining system. This behavior directly affects the process
accuracy.

Pd (t )

P (t )

F0 (t )

F(t)

x(t)

Δ d (t )

ΔF
Figure 2. A typical representation model of a machining system from a process‐
machine interaction view (Rashid, 2005).
In Figure 2 F0(t) is the cutting force nominal value, F(t) is the instantaneous cutting
force, x(t) is the relative displacement between cutting tool and workpiece, Δd(t) is
the total deviation of the relative displacement x(t). P(t) and Pd(t) are disturbances
such as tool wear, thermal dilation of the elastic structure, variation of rigidity of the
elastic structure during a machining process, variation of cutting parameters etc.

2.1 Machining system design criteria
Basically, there are two criteria for designing a mechanical structure: (1) strength
criterion and (2) stiffness criterion. Unlike most other types of mechanical systems,
machine tool structures, due to high requirements for accuracy, are dimensioned
with respect to static and dynamic deflection, and the corresponding design criteria
of stiffness must be applied. Therefore, a machine tool’s elastic structure is over‐
dimensioned in terms of strength (Rivin, 1999). As a consequence of the high rigidity
of the structural members of a machine tool, contact stiffness is one of the principal
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characteristics in machine tool building due to the presence of many moving or fixed
linked joints. The emphasis on contact stiffness in the design of a machine tool
structure makes the use of analytical computation methods difficult, since the real
contact conditions are dependent on many internal and external factors. The values
of the coefficient of contact compliance depend considerably upon initial tightening,
dimensions, and accuracy of manufacturing of the joints (Reshetov, et al., 1988).
The stiffness criterion is gaining importance due to the requirements of higher
accuracy and the increasing awareness of the dynamic characteristics of machines.
Deformations in the machining system are not only attributed to the finite stiffness
of the structural components, but also to the limited stiffness of the cutting process
itself. Reduced stiffness of cutting process can cause inaccurate parts. Also,
acceleration/deceleration of movable parts can limit path accuracy and affect
surface finish. Self‐excited vibration, or chatter, is induced by variations in the
cutting forces (caused by changes in the cutting velocity or chip cross section), stick‐
slip dry friction, built‐up edge, metallurgical variations in the workpiece material,
and regenerative effects. This unwanted vibration has been found to be the main
cause of poor quality surface finish and reduced tool life, as well as poor machining
accuracy. Chatter can be considered an erratic phenomenon because it depends on
the design and configuration of both the machine and tooling structures, on
workpiece and cutting tool materials, as well as on machining regimes. The stiffness
of the tool, spindle, workpiece, and fixture are important factors for machining
system static and dynamic behavior. In this respect, cutting process through the
cutting stiffness of the workpiece material is also an important factor; for example,
steels have a greater tendency than aluminium to cause chatter. Cutting conditions,
such as depth of cut, width of cut, and cutting speed, greatly affect the onset of
chatter.

2.1.1

Machining systems static and dynamic stiffness

Regarding the cutting process, damping is associated with the cutting conditions,
tool geometry and stiffness, as well work geometry and material. Under certain
conditions, the damping of cutting process becomes negative and may overcome
the inherited damping of the machine tool structure. In such situations the
machining system becomes unstable and chatter occurs (Tobias, 1965),
(Tobias, et al., 1958). Contact deformations between structural surfaces influence to
a large extent vibration and dynamic loads, load concentration and pressure
distribution in contact areas, and relative and absolute positioning accuracy of the
components (Rivin, 1999).
One problem for the exact calculation of contact stiffness is the sensitivity of contact
stiffness to the manufacturing method of surface finishing. The ball burnishing
method can increase contact stiffness by a factor of 1.5 to 2 and additional diamond
smoothing can increase it by about the same factor. Contact stiffness for dynamic
loads is the same as static stiffness if the joint, is not lubricated. Regarding damping
in joints the same conclusion as for stiffness can be drawn: energy dissipation in
10
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mechanical joints is much larger than in structural materials. The exceptions are
materials with extremely high internal hysteresis, elastomers and other polymers.
The main source of energy dissipation in joints is external friction. One big problem
in designing elastic structures with high joint damping is that the joint damping and
joint stiffness are inverse proportional to each other. Better surface finish results in
higher stiffness but then damping decreases in the same proportion. Damping does
not significantly depend on the joint dimensions, and varies only slightly with the
width of the contact area. Comparing several types of mechanical interfaces by their
stiffness damping and chatter resistance as a function of the axial preload force
gives the results presented in Table 1 (Hasem, 1987). In this table three sizes of 7/24
taper connection are mentioned, #30 – gage diameter 32 mm, #40 – gage diameter
44.5 mm and #45 – gage diameter 57.2 mm. The curvic coupling connection has an
outer diameter 63 mm and an inner diameter 36 mm. The bending stiffness was
measured at the end of a 200 mm long, 45 mm diameter bar.
Table 1. Stiffness k, Loss factor δ and chatter resistance kδ for various mechanical
interfaces (Hasem, 1987).

Preload [kN]
Flat joint
#45
#40
#30
Curvic
coupling A

Stiffness k
[N/μm]
5
10
15
13
16.5 17.3
1.5
13
14
10.5
12
12.5
7.5
7.9
‐

5
0.07
0.06
0.03
0.02

5.5

0.13

10.2

13

Loss factor
[δ]
10
15
0.04
0.03
0.04
0.03
0.02
0.01
0.01
‐
0.1

0.075

Chatter resistance
[kδ]
5
10
15
0.98 0.66
0.52
0.75 0.52
0.42
0.32 0.24 0.125
0.15 0.08
‐
0.72

1.0

0.98

The loss factor δ, which is a measure of the hysteretic damping in a structure, is
equal to E’’/E’ where E’ is the in‐phase or storage modulus and E’’ is the quadrature
or loss modulus (Beards, 1995). Hence, at resonance, the loss factor is twice the
damping ratio: ωdr = ω =(k/m)‐1 =2ξ (Inman, 1996).
The common conclusion for all results is: bending stiffness increases with the axial
preload, while the damping ratio decreases with increased axial load. These trends
can be used to calculate an index value of the chatter resistance, kδ, which is the
product of stiffness and damping (loss factor).
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From a dynamic behavior point of view, there are two important parameters
illustrated in Figure 3: static compliance (at f = 0 Hz), and the dynamic compliance at
resonance frequency.

Dynamic compliance

Static compliance

Figure 3. Transfer function of a single degree of freedom (SDOF) mechanical system.
The figure displays magnitude (top) and the phase (below).
This maximum compliance value can be calculated by maximizing the compliance

cmax =

ymax
1
=
F
2kδ

(1)

where cmax is dynamic compliance, ymax is the maximum amplitude of vibration and F
is the magnitude of excitation force.
This formula reveals that the dynamic behaviour depends on both stiffness and
damping. When studying the dynamic behaviour of a machining system, it is
important to pay attention not only to the magnitude of cutting forces and of
vibration, but also on the phase angles between them. Orientation of the modal
direction with respect to the direction of the excitation force has a considerable
effect on the limit of stability, blim.
As shown in Figure 4, the width of cut varies from 2 mm to 10 mm when orientation
of modal direction of a mechanical component varies with respect to the excitation
force, from 120o to 85o. This model can be used to design the optimal shape of
cutting tools, by topological optimization of the tool with respect to the stiffness, on
the path of the dynamic force action.
12
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blim
Phase

Figure 4. Variation of machining system stability with orientation of modal direction
with respect to the direction of excitation force. The maximum allowed width of cut
blim as function of phase of the modal direction.
A machine tool’s structure characteristics change depending on different factors
such as cutting forces and subsystem connecting configuration. For instance, if a
force is acting between the spindle nose and the machine table, the stiffness can be
very high, as shown in Table 2. If the same force is acting between a tool holder
system and the machine table, the resulting static stiffness can drop as much as 20
to 30 times and if not compensated it results in accuracy error.
Table 2. Static stiffness for some on tool holder system configurations
(Agapiou, 1995).
Tool holder system
CAT‐V #50 spindle nose
Spindle nose alone
Weld on type chuck
Collet chuck with ball bearing locknut
Standard collet chuck

Static stiffness k
[N/µm]
200
6.8
6.06
5.3

Damping
ratio ξ
‐
0.045
0.12
0.08

The static behaviour of the system affects the final accuracy through the relations
between depth of cut and static compliance of the elastic structure.
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In static case the maachining system is represented by
b the combined
d effect of the
stiffn
ness of the elasticc structure, ka, an
nd the cutting stifffness ra, Figure 5.
5

F

Δy

1
ca =
ka

ΔF

ra = ksq fr

Δa p

Figurre 5. Representattion of the static behaviour of maachining system when
w
variation
d
of cut.
of depth
In Figgure 5 F is the cutting force, Δy is the relative displacement betweeen cutting tool
and workpiece,
w
Δap iss the variation in
n depth of cut an
nd ΔF is the variaation in cutting
force
e.

2.2 Evaluation requirem
ments of macchine tool sttructure
For the purpose of stiffness analyssis, machine too
ol’s elastic structures may be
esented as a systtem of mutually interconnected simple elastic elements. Static
repre
and dynamic
d
analysiss may be conductted separately on
n each mechanical component,
as illu
ustrated in Figuree 6.

Figure 6. Finite Elemeent representatio
on of the machin
ne tool componen
nts. The figure
displays some subssystems of a macchine tools elasticc structure (Unovva Industrial
Automattion Systems Inc..).
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The main difficulty occurs when trying to connect all components together, and
perform the static and dynamic analysis on the entire structure, see Figure 7.
Difficulties arise due to the overwhelming contribution of contact stiffness and
damping to the overall stiffness and damping capacity of elastic structure. This
makes it very difficult to perform an accurate analytical evaluation. Contact
deformation in carriages, cantilever tables and moving rams are responsible for up
to 80 to 90% of the total stiffness and damping capacity of the system (Eibelshauser,
et al., 1985).

Figure 7. Finite element model of the elastic structure of a machine tool. All
subsystems of the elastic structure connected together (Unova Industrial
Automation Systems Inc.)
Contact deformations in spindle units of machine tools are responsible for 30 to 40%
of total deformation at spindle end (Agapiou, 1995). Contact deformations between
structural surfaces, influence to a large extent vibration and dynamic loads, load
concentration and pressure distribution in contact areas and relative and absolute
positioning accuracy of the components. One problem for the exact calculation of
contact stiffness is the sensitivity of contact stiffness to the manufacturing method
of surface finishing. By eliminating micro pores and cracks the ball burnishing
method can increase contact stiffness by a factor of 1.5 to 2 and additional diamond
smoothing can increase it by about the same factor (Rivin, 1999). Contact stiffness
for dynamic loads is the same as static stiffness if the joint is not lubricated.
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Chapter three
3 Identification and modelling of stability
in milling and turning systems
In this chapter a new analyzing method for static stiffness testing of machine tools
and a original identification method for determining machining system dynamic
characteristics by parametric modelling, are discussed. In the first section, a novel
device called loaded double ball bar (LDBB) is used to gather information about
machine tools elastic structures deflection as a function of load imposed on
structure. In the second section a new type of model‐based identification method
for determining a machining system’s dynamic characteristics is introduced. Finally a
pattern classification method is used to identify different states in the machining
process and evaluate the robustness of this identification and modelling procedure.

3.1 Static behaviour analysis
A series of experiments were carried out with the scope of showing that static
stiffness can be determined by measuring the deflection in a machine tool with the
LDBB system. More information about the LDBB device can be found in paper A and
paper D.

3.1.1

Testing static stiffness in XYplane

A three‐axis machining center, Mazak with a 5000 rpm spindle was used in the
experiments. The spindle attachment was fastened in a standard ISO 50 taper in the
machine spindle. To prevent the spindle from rotating due to external movement or
the applied load, the spindle was electronically locked by the servo. The table
attachment was fastened in the centre of the machine tool table. The circular
interpolation feed in XY‐plane, with a radius of 150 mm and a counter clock wise
sweep of 360 degrees, were chosen at 2000 mm/min and the load was altered in
steps of 100 N to maximum 700 N beginning with 35 N (0.3 bar). The minimum force
required for holding the measuring gauge in the right position between spindle and
table attachment was determined to 35 N.

19

Identification and modelling of stability

In Figure 8, the three graphs show the roundness and deflection profiles from a
measurement with the system.
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Figure 8. Obtained deflection diagrams: Circular deflection diagram in XY‐plane (a),
maximum deflection Rmax and minimum deflection Rmin (b) and normalized
deflection curve (c).
The inner circle (1) in Figure 8 (a) shows the obtained motion trace with a load of 35
N, the second circle (2) in Figure 8 (a), illustrates the obtained motion trace with a
load of 117 N, and the outer circle (7) in Figure 8 (a), display the obtained load of
700 N. The relationship between deflection and applied force on the machine tool
structure can be seen in the elasticity diagram, see Figure 8 (b). As expected the
structure deflection is increasing with force and a tendency to nonlinearity can be
noticed. This behaviour can be explained by play in joints, joint characteristics and
lost motion due to the applied load on machine tool structure. Another explanation
could also be the fact that the rigidity is lower than the preload added to the ball
screws, as a result when the force is applied the structure is compressed and bent.
By subtracting the motion trace obtained for 35 N, normalized deflection curves can
be plotted Figure 8 (c).
The circular deviation G of the measured circle, see Table 3, is defined by the ISO
230‐4 (ISO230‐4, 1996) standard to be the minimum radial separation of two
concentrically circles enveloping the actual path.
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By using data from the deflection diagram and Table 3, the static stiffness can be
calculated.
Table 3. Experimental data from the deflection diagram.
Force F
[N]

Position
#

Deflection
Rmax [µm]

Position
#

Deflection
Rmin [μm]

35
117
233
350
467
583
700

1.1
2.1
3.1
4.1
5.1
6.1
7.1

0
9
27
47
66
88
114

1.2
2.2
3.2
4.2
5.2
6.2
7.2

0
4
15
26
38
50
62

Circular
deviation
G [µm]
18
14
16
23
29
43
48

By analysing values from the deflection diagram, linearity between values is
apparent for higher force values. For low force values (approximately 50 to 150 N)
the slope of the curve changes. Due to this, the stiffness calculation is divided into
two parts, one for low force values and one for high force values. The stiffness can
consequently be calculated with a straight line approximation. The minimum static
stiffness ksmin1 (low force values) and ksmin2 (high force values), equation (2) and (3),
were calculated with values obtained from the direction Rmax where the deflection
was largest, Figure 8 (a) and Table 3.

k s min1 =

F (2.1) − F (1.1)
⇒ k s min1 = 9 N/μm
Rmax (2.1) − Rmax (1.1)

(2)

k s min2 =

F (7.1) − F (2.1)
⇒ k s min2 = 6 N/μm
Rmax (7.1) − Rmax (2.1)

(3)

The maximum static stiffness ksmax1 (low force values) and ksmax2 (high force values),
equation (4) and (5), were calculated with values obtained from the direction Rmin
there the deflection is smallest, Figure 8 (a) and Table 3.

k s max 1 =

F (2.2) − F (1.2)
⇒ k s max 1 = 21 N/μm
Rmin (2.2) − Rmin (1.2)

(4)

k s max 2 =

F (7.2) − F (2.2)
⇒ k s max 2 = 10 N/μm
Rmin (7.2) − Rmin (2.2)

(5)
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3.2 Dynamic stability analysis
The traditional evaluation of machining system behavior has invariably been
approached in the following steps:
1.

2.

3.

Identification of the dynamic properties of elastic the structure of machine
tools. Generally this step is done experimentally often using experimental
modal analysis (EMA).
Identification of the characteristics of the cutting process, i.e. the dynamic
parameters describing the transfer function of the subsystem represented by
the cutting process.
Evaluation of the stability of dynamic machining system from step 1 and step 2.

Because the stability evaluation which is done following the above approach does
not take into consideration the actual operation conditions, the results are affected
by large errors. Furthermore, the test described above makes use of external forces
that are different in nature to those of cutting forces. The separation in the two
subsystems does not take into consideration the mutual interaction between the
two subsystems in real cutting operations.
This thesis introduces the concept of identifying machining system dynamics based
on parametric models. The term identification is applied to a procedure to formulate
a parametric model of the machining system based on the analysis of the “real”
signals collected from the cutting processes. This condition captures the interaction
between machine tool structure and cutting process. This type of identification and
parametric modelling rely strongly on statistical methods because of the random
nature of the cutting process characteristics. Parametric models used here are based
on stochastic processes and a special class within this family is defined by
autoregressive moving average or ARMA models (Brockwell, et al., 1987),
(Roy, et al., 2008), (Poulimenos, et al., 2006). There are several benefits in
employing stochastic models for the analysis of dynamics of machining systems
(Archenti, et al., 2008). For instance, ARMA models are characterized by high
frequency resolution and objective assessment of component significance. This is in
contrast to non‐parametric models such as FFT technique where the frequency
resolution is approximately the inverse of the available data time length. This
becomes a big problem when attempting to analyze data with time‐varying spectra
such as data from machining processes where instability arises quickly (Smail, et al.,
1999).
A model is used to approximate experimental data acquired from cutting tests and it
has a specific structure, i.e. a mathematical formulation which includes a number of
parameters. These parameters can have a physical interpretation, in which case the
identified model is a structural model, or retains only the mathematical
interpretation which results in a synthetic model. An advantage of the model based
system vibration analysis is that it can be used to obtain both synthetic and
structural models of machining systems.
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Important dynamic characteristics are natural frequencies and overall damping of
the join system, elastic structure – cutting process. One important tool used to
compare model performance is spectral analysis. In spectral analysis, the power
spectral density (PSD) is defined as the discrete‐time Fourier transform of an infinite
autocorrelation sequence (ACS) (Marple, 1987). This transform (relationship)
between the PSD and ACS may be considered as a non‐parametric description of the
second‐order statistics of a random process. However a parametric description of
the second‐order statistics may also be devised by assuming a time‐series model of
the random process. The PSD of the time‐series model will then be a function of the
model parameters.
The model for ARMA process can be expressed as
Y (z ) = H (z )U( z)

(6)

where Y(z), U(z) and H(z) are the z‐transforms of the output sequence, input
sequence and the system impulse response (transfer function), respectively, and

H(z) =

c 0 + c1 z −1 + c2 z −2 + K + cq z −q
1 − a1 − a1 z −1 − a2 z −2 Kap z −p

(7)

For a second order system with impulse response function given by

h(z) = Ae −αt sin(βt + φ )

(8)

the ci and ai parameters can be related to physical parameters, A (amplitude), α
(damping), β (frequency)

H (z ) =

A sin φ + Ae −αΔt sin( β Δt − φ )z −1
1 − 2e −αΔt cos( β Δt )z −1 + e −2αΔt z −2

(9)

where Δt is the sampling interval.
Estimation of the PSD of sampled data containing stochastic components is
traditionally performed by the help of FFT. There are however, a number of
problems related to spectral analysis based on Fourier approach. The major
limitation of FFT spectral analysis is the lack of ability to discriminate the spectral
components of two signals. This becomes a big problem when attempting to analyze
short time series because the frequency resolution is the inverse of the number of
available samples. The classical PSD based on discrete Fourier transform (DFT) is
given by

Φ yy =

1 N−1 − j2πpn / N
∑ yne
N n =0

2

(10)

where N is the number of samples. The power spectrum for an process described by
equation (10) is obtained by evaluating the impulse response function around the
unit circle, z‐1 = exp(‐j2πfDt).
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Using only AR parameters, the PSD function is determined as follows

σ 2 Δt

φ AR =

m

1 + ∑ ame − j 2πfnΔt

2

(11)

n =1

The PSD can therefore be determined solely from a knowledge of the coefficient a1,
a2, …, ap, and the variance, σ2.
In the on‐line identification procedure, the estimation of physical parameters,
chatter frequency, ωch and damping ξ can be used for the control of dynamic
stability. It is important to stress that in the context of stochastic modelling, the
estimated physical parameters are meaningful only from a statistical point of view,
i.e. they are properly significant within a certain confidence interval. The
transmutation process from ARMA parameter domain to the ωch − ξ domain gives
the advantage of robust chatter identification criteria. Theoretically, dynamic
stability can be defined in terms of negative damping. A system is dynamically stable
if the damping is positive and unstable when damping becomes negative. In
machining, as we are interested in avoiding instabilities like chatter, when damping
start to decrease towards zero it is a proof that the system approaches the stability
threshold. Therefore, monitoring damping in an on‐line identification scheme can
give good indication about the dynamical state of the system. The motion of an n
degree‐of‐freedom system can be represented by a system of second‐order
differential equations

M&x&(t) + Cx&(t) + Kx(t) = f (t)

(12)

If the model of an ARMA process is represented by equation (12) then the AR
parameters are related to M, C and K through the characteristic equation of the
form
2m

∑ ai μ

t =0

2m − i

{

}

m
= ∏ ⎛⎜ μ − exp ξ jωnj Δt + iωnj 1 − ξ j2 Δt ⎞⎟ ×K
⎠
i =1⎝

{

m

}

K× ∏⎛⎜ μ − exp − ξ jωnj Δt + iωnj 1 − ξ j2 Δt ⎞⎟
⎠
i =1⎝
where

ξ jωnj and

(13)

± iωnj 1 − ξ j2 , j=1, …, n are the eigenvalues of the system of

equations (12).
The structural parameters
parameters estimates

ξ jωnj Δt = −
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ξj and ωnj, j=1, …, 2n, may be determined from the AR

*
1
−1 x j − x j
2
,
ω
1
ξ
tan
t
−
Δ
=
nj
j
x j − x *j
2 log( x j x *j )

(14)
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3.2.1

Preprocessing of acquisitioned signals

It is important to note that before the start of the identification procedure,
acquisitioned signals have to be conditioned. In the following section some basic
methods and techniques concerning the conditioning of signals are discussed.
Spectral resolution
The spectral resolution indicates the level of detail or resolution in the frequency
spectrum. If the total duration of a sampled signal is Nh, then according to the
sampling theorem, the highest frequency component of a sampled signal that can be
properly identified without aliasing is the Nyquist frequency fN
fN =

fs
1
=
2
2h

(15)

where fs is the sampling rate and h is the sampling interval.
To resolve fine detail in the spectrum of a signal, Nh has to be large, i.e. to sample
the signal over a longer time period. This can be done by taking a large number of
samples N, and/or by making the sampling interval h large. If the sampling interval is
too large, however, aliasing of higher‐frequency components of the signal may
occur. Aliasing is characterized by high‐frequency signal components appearing as
lower frequency components. Increasing the number of samples has the
disadvantage of increasing the time taken for the processor to compute the data,
and the amount of memory required to store the data during processing. This is a
crucial issue for on‐line system identification.
When a signal is sampled for spectral analysis, values for N and h must be selected
so that the sample length is enough to give adequate frequency resolution in the
signal spectrum, without the computation time becoming unacceptably long or
introducing unwanted aliasing of higher‐frequency components.
Aliasing
The highest frequency which can be correctly reproduced is half the sampling rate
(Carlson, 1998). Aliasing is characterized by high‐frequency signal components
appearing as lower frequency components. It means that higher‐frequency
components of a complex signal could appear as though they were of lower
frequency, and it would be impossible to rebuild correctly the information contained
in the original signal. Two ways to avoid aliasing is either to use appropriate
sampling frequency twice the highest frequency component present in the signal to
be sampled, or to use a low pass filter designed to block out higher‐frequency
components.
Spectral leakage
Spectral leakage occurs when a frequency component of a signal does not fit exactly
into one of the frequency channels in the spectrum computed using the discrete
Fourier transform (DFT). The frequencies represented by lines in the spectrum, are
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harmonics of the fundamental frequency. Spectral leakage causes energy from
distinct spectral features to leak into nearby frequency channels. This gives rise to
false components in the frequency spectrum of the signal. The only way to avoid
leakage entirely would be to arrange so that all the frequency components of the
signal being examined coincide exactly with frequency channels in the computed
spectrum.
Spectral leakage cannot be eliminated completely. However its effects can be
reduced. This is done by applying a window function to the acquisitioned signal. The
sampled values of the signal are multiplied by a function which tapers toward zero
at either end, so that the sampled signal, rather than starting and stopping abruptly,
fades out (Carlson, 1998). This reduces the effect of the discontinuities where the
mismatched sections of the signal join up and hence also the amount of leakage.
There is, however, a drawback to the use of a window function lines in the spectrum
of a signal become wider, making it difficult to distinguish separate frequency
components.
Filtering of data
For system identification, filtering data might be helpful when signals vary around a
large signal level, improving computational accuracy by first removing the DC‐level,
trend and/or frequency bands.

3.3 Modelbased identification of stability in milling and
turning
For the optimization of cutting parameters in stable conditions it is of primary
importance to recognize the vibration modes that are excited, while for chatter
control it is important to identify the natural frequency on which instability is built
up. A series of experiments were carried out with the scope of demonstrating that
the dynamic stability of a milling and turning system in operation conditions could
be determined by a model‐based identification approach. Both on‐ and off‐line
identification methods were used to identify modal parameters describing the
dynamic stability of the system.

3.3.1

Milling

The machine tool used in the milling experiment was a vertical type machining
centre with three machine axes and a spindle equipped with an ISO 50 taper. To
acquire data for analysis, the acoustic sound and the vibration from the spindle idle
and machining process was recorded. Cutting speed, depth of cut and feed were
chosen accordingly to Table 4. The tool was a solid carbide end mill with three teeth
and a diameter of 20 mm. The results presented in this thesis are based on
experiments done with a hydraulic clamped tool holder. The workpiece, Figure 9,
was made of pre‐hardened steel Toolox 44® with material properties accordingly to
appendix 1. According to the specifications from the supplier the hardness were 435
HBW in surface and 455 in the middle of workpiece. Work material with hardness
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455 HBW iss used for the manufacturing of dies and mould. This requires a careful
control of dynamic
d
characteeristics. To ensurre evenly distributed clamping fo
orce on
workpiece a magnetic table was used as fixture. The workpieece was also grin
nded on
the bottom side to make surre good contact condition.
c

m. The workpiece was
Figure 9. Toolox® 44 workkpiece (W;H;D)=((250;200;60) mm
s that the depth
h of cut goes betw
ween 1 mm and 8 mm during each run.
prepared so
Table 4. To
ool equipment an
nd cutting parameters.
Workpiece
e
Material

Tool

®
Toolox 44®
Id. nr.
084023‐
8018221

Sandvik
Coromill
390

FFeed/tooth
[
[mm/tooth]

pindle
Sp
s
speed
[rpm]

Depth
of cut
[mm]

0.12

2
2200

1 to 8

0.12

2
2300

0.12

2
2400

Width of
cut
[mm]
0.5, 1,
1.5, 2, 3

Nose
radius
[mm]
1.6

Investigatiion of the system tool – tool ho
older – spindle
EMA was ussed to investigatee the elastic struccture and to iden
ntify dominating natural
frequency and
a the damping ratio. The respo
onses were measured by accelero
ometers
in seven po
ositions: two on the tool, one on
n the tool holderr, one on the tip
p of the
spindle, two
o on the spindle bearings and on
ne on the upper end of spindle case.
c
In
Figure 10, the
t frequency reesponse function
ns (FRF) are displayed. The firstt mode
natural freq
quency is about 1300 Hz and th
he second modees natural frequency is
about 2200 Hz.
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Figure 10. FRF displaying identified natural frequencies when tool‐tool holder is
attached in spindle. The figure shows the measured response in three positions
on the system tool – tool holder.
In some cases it can be difficult to identify which mode corresponds to the tool or
the tool holder just by investigating the FRF. By performing an animation of mode
shapes, damping and natural frequencies can be analyzed. The geometry of the EMA
set‐up, see Figure 11 (a), is modelled as beams and nodes, where each node
corresponds to accelerometer positions (position 1 to 7). The results from the
computed synthetic FRF are used to generate the mode shapes. In the figure both
the deformed and undeformed shapes are displayed. Figure 11 (b) displays the first
mode shape of the tool holder system. It is evident that this mode is related to the
system tool‐tool holder, since only the three lower nodes ((1) tool tip, (2) middle of
tool, (3) spindle tip) are displaced. On the other hand, in Figure 11 (c) only the two
lowest nodes are displaced and in this case it can be assumed that this mode shape
is coupled to the tool.
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mode 1
f1 = 1335 Hz
ξ1 = 8.7 [%]

(a)

(6) Spindle bearing 2

(7) Top of spindle

(b)

(5) Spindle bearing 1

6

(4) Spindle tip
5

(3) Tool holder
(2) Midle of tool
(1) Tool tip

4
3

mode 2
f2 = 2230 Hz
ξ2 = 1.5 [%]

(7) Top of spindle

2
1

(6) Spindle bearing 2

(c)

(5) Spindle bearing 1
(4) Spindle tip
(3) Tool holder
(2) Midle of tool
(1) Tool tip

Figure 11. EMA was performed by measuring the accelerometer response in eight
positions (1 to 7) on system tool‐tool holder‐spindle (a). Position 7 is not displayed in
this figure. Mode 1 represents tool – tool holder (b) and 2 representing tool (c). The
grey line shows the undeformed structure and the yellow line shows the deformed.
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Model identification
The identification and modelling procedure followed the framework stated in
chapter 1. In Figure 12 the modelling procedure is displayed.
Sensors:
‐ Microphone
‐ Accelerometer
Spindle idle
AR‐filter
Machining

Structure
model

Natural frequencies fn

ARMA
models

Coefficients

Damping ratio ξn

Figure 12. Modelling procedure used in the milling experiments.
Data acquisition (collection)
The first step in the model identification procedure is data collection. The sound and
vibration signals of the idle rotating spindle and the machining process were
registered by a microphone and a 3D‐accelerometer. The microphone was placed in
the direct field of the machining area and the accelerometer was located on the tip
of the spindle. By analysing the measured signal in a PSD diagram tooth passing
frequency, and its harmonics, are revealed, see Figure 13. In the figure, the energy
concentration around tool – tool holder and tool natural frequencies is also seen.
As initial EMA and machining revealed frequencies of importance in the range
between 0 to 2.5 kHz, the sampling frequency was chosen to 5 kHz (Nyquist
frequency fN). If further investigation of, for instance, spindle bearings etc is
commenced, sampling frequency has to be changed to higher value in order to
identify the signal accurately. In order to remove DC‐level from signal a detrend
filter was used.
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Tooth passing
frequency

Tool and tool holder
natural frequency

Tool natural
frequency

Frequency (Hz)

Figure 13. Unfiltered AR(64) model of the machining signal measured with a
microphone. The figure shows identified tooth passing frequency and its harmonics,
tool natural frequency and system tool‐tool holder natural frequency.
Tool – tool holder and tool natural frequencies are clearly identified. To get a high
resolution and to make identification of natural frequencies and damping easier a
bandpass filter was used to reduce the frequency band to 1500 Hz. Tooth passing
frequency and its lower harmonics was effectively reduced from the signal, as can
be seen in Figure 14.

Figure 14. PSD of bandpass filtered and AR(64) modelled machining signal.
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By removing the background noise and spindle idle signal from the machining signal,
lower model order can be chosen in the data reduction step. The filtering was done
by modeling the spindle idle signal with an AR‐model and then use its coefficients as
parameters in a filter. In Figure 15, the background noise and spindle idle signals are
erased from machining signal.

Figure 15. Background noise and spindle idle signal is removed from machining
signal.
A comparison between Figure 15 and Figure 12 shows the result of filtering in
sample and amplitude diagram which is further illustrated in PSD diagram, Figure 16.

Bandpass filtered
machining signal
AR‐filter
characteristics

AR and bandpass
filtered machining
signal

Frequency (Hz)

Figure 16. PSD diagram ilustrating filterings effect on measured signal.
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The PSD diagram in Figure 16 displays the filtering effects on the signal frequency
content. Without removing background noise two dominant peaks approximately
1400 Hz and 2200 Hz are identified. With the AR filter activated, the 1400 Hz and
2250 Hz peaks are effectively removed from the frequency spectrum, Figure 16
dashed line. This can be explained by studying the filter characteristic (the dotted
line in Figure 16). The filter is build with frequencies generated by, amongst other
things, the spindle idle signal. It has two peaks that coincide with bandpass filtered
signal, resulting in the removal of the two peaks. Both peaks are likely to have their
origin in spindle bearing characteristics. For maintenance reason, the filtered signal
can further be investigated. Instability is likely to occur in the weakest mode or
modes in the system. Normally these modes can be related to tool, tool holder and
spindle. In Figure 17 the PSD (waterfall diagram), representing acquired acoustic
signal from down milling test with 1 mm width of cut and spindle speed of 2200
rpm, is seen.
250e-6

Tooth passing
frequency

Tool and Tool
holder natural
frequency

(V2/Hz)

Amplitude

PSD Sound WF 227 [0-22.6 s]

Tool natural
frequency
0.00
23.00

8 mm
7 mm
6 mm
5 mm
s

4 mm
3 mm
2 mm

1 mm

0.00
0.00

Hz

Depth
of Cut

3000.00

Figure 17. PSD (waterfall diagram) over machining sound. It shows 23 seconds
machining with increasing depth of cut. It increases in steps of 1 mm to a maximum
of 8mm.
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The figure clearly shows power concentrations around tooth pass frequency (and
harmonics) and tool – tool holder natural frequencies (compare with EMA). The
tooth passing frequency and its harmonics, corresponding to the forced excitation, is
the dominant frequency during stable machining. By applying a bandpass filter and
separating the tooth passing frequency from the tool and tool holder natural
frequencies, lower model order can be used to detect structure parameters.
Data reduction
One important feature when considering parametric models is that they can, with
relative short data lengths and few model parameters, qualitatively describe a
machining system’s dynamic behavior. This feature makes data reduction possible
leading to fast identification and control of system behavior. One way to illustrate
how well modeled data (reduced data) fits the real data is to run a simulation
whereby real input data is fed into the model describing the system, and compare
the simulated output with the actual measured output (Ljung, 1991).
In following example, a data stream consisting of 120 thousand output data
samples, was collected from previously mentioned milling process. By modeling the
signal with a ARMA(8,7), data is reduced to two polynomial of order 8 and 7,
therefore a data reduction of 8000 times is achieved. The next step recreates the
original machining signal and identifies its frequency contents. Firstly, a uniformly
distributed random signal is used as input to the simulation. Together with ARMA
model (representing original machining signal) the original machining signal is
simulated and recreated. The sample and amplitude diagram for bandpass filtered
machining and simulated sound is seen in Figure 18.

Figure 18. Simulated ARMA(8,7) and bandpass filtered machining signal. Model
coefficients are used as output and pseudo‐random numbers as input to simulation.
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The dissimilarity in amplitude is partly explained by the choosing of scale factor in
simulation parameters. However this difference in amplitude has no affect on
frequency response of simulated data. The FFT and PSD diagram of both signals
clearly shows matches between signals, Figure 19 and Figure 20.

Figure 19. FFT(1024) of simulated ARMA(8,7) and bandpass filtered machining
signal.

Figure 20. PSD based on ARMA(8,7) model of simulated and bandpass filtered
machining signal.
The modeled and reduced data is quite capable of describing the system behavior.
This exemplifies ARMA model’s high frequency resolution and objective assessment
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of component significance. It shows a good agreement between frequencies of both
signals. Although the amplitude does not match, the frequency is identified and
matching for both signals.
ARMA parameters were identified by an off‐line Gauss‐Newton algorithm and the
model order was selected by minimizing Akaike´s information theoretic criterion
(AIC) (Ljung, 1991). Table 5 presents the identified dominating natural frequency of
vibration modes in the frequency band between 1 kHz and 2.5 kHz. Compared to
results from EMA tool and tool holder frequencies are clearly identified in both real
and simulated data.
Table 5. Natural frequencies identified with the ARMA(8,7) model.
Natural frequency of the real data
[Hz]
1127
1455
2192

Natural frequency of the simulated data
[Hz]
1122
1498
2189

The reliability of the identified models is reflected by either plotting the residual
curves for each model or by evaluating the standard deviation for each parameter.
In Table 6 model parameters along with standard deviation is displayed for the real
machining data.
Table 6. ARMA(8,7) parameters representing real machining.
AR parameters representing real machining
a1
a2
a3
a4
‐5.951
+17.05
‐30.2
+35.98
±0.0023
±0.0121
±0.0210
±0. 0453
a5
a6
a7
a8
‐29.47
+16.23
‐5.528
+0.9062
±0.0447
±0.0289
±0.0113
±0.0021
MA parameters representing real machining
m1
m2
m3
m4
+1.552
+1.613
+1.242
+0.2331
±0.0064
±0.0080
±0.0168
±0.0143
m5
m6
m7
‐0.1136
‐0.1767
‐0.0104
±0.0169
±0.0070
±0.0067
The standard deviation for each individual AR (a1 to a8) parameter is in largest case
(a8) ±0.23%. This reflects a good representation of data.
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In Table 7 model parameters along with standard deviation are displayed for the
simulated data.
Table 7. ARMA(8,7) parameters representing simulated data.
AR parameters representing simulated machining
a1
a2
a3
a4
‐5.985
+17.25
‐30.7
+36.74
±0.0008
±0.0042
±0.0104
±0.0156
a5
a6
a7
a8
‐30.22
+16.71
‐5.708
+0.9391
±0.0153
±0.0098
±0.0038
±0.0007
MA parameters representing simulated machining
m1
m2
m3
m4
+0.2479
‐0.2029
+0.0087
‐0.5142
±0.0065
±0.0131
±0.0207
±0.0233
m5
m6
m7
‐0.1384
‐0.168
‐0.0033
±0.0211
±0.0130
±0.0079
The standard deviation for each individual AR (a1 to a8) parameter is in largest case
±0.075%. This reflects a good representation of data.
Feature analysis
An advantage of the model‐based identification analysis is that it can be used for
obtaining structural models of machining systems. Natural frequencies are
important physical characteristics, as well as the overall damping of the join system
elastic structure – cutting process. In the third step of the model identification
procedure, modal parameters are calculated. In off‐line identification the machining
signal is divided in to eight different models corresponding to depth of cut (1 to 8
mm). Sample is taken from the middle of each step to ensure stable vibratory levels.
The Model window is set to 6000 samples to ensure a high frequency resolution.
The dynamic parameters, natural frequencies fn and damping ratio ξn, for each step
in Figure 21 are determined by solving the corresponding characteristic equation.
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Depth
of cut

1
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3

4

5

6

7

8 mm

Figure 21. Bandpass filtered machining sound. It shows 23 seconds machining with
increasing depth of cut. It increases with steps of 1 mm to a maximum of 8 mm.
Each step is represented by a number and window.
Then each pair of roots corresponds to a mode of vibration defined by the natural
frequency and damping ratio. By using equation (14) the natural frequencies and
damping ratio is calculated. ARMA(8,7) results in four pairs of roots. However, only
the three identified pairs, corresponding to the previously identified natural
frequencies, are tabulated in Table 8 and depictured in Figure 22. A match between
the identified frequencies and power amplitude displayed in the PSD diagram in
Figure 17, and the modelled data shown in Figure 22 is clear.
Table 8.Off‐line identified dynamic parameters, natural frequencies and damping
ratio, of three most dominant frequencies.
ap
[mm]
1
2
3
4
5
6
7
8
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Natural
frequency
f1 [Hz]
1109
1077
1092
1017
1043
969
1069
1027

Damping
ratio
ξ1
0.057
0.046
0.098
0.056
0.077
0.110
0.036
0.019

Natural
frequency
f2 [Hz]
1464
1424
1411
1457
1395
1337
1497
1469

Damping
ratio
ξ2
0.053
0.033
0.063
0.045
0.032
0.042
0.088
0.048

Natural
frequency
f3[Hz]
2164
2199
2208
2206
2229
2210
2222
2218

Damping
ratio
ξ3
0.026
0.024
0.0039
0.0054
0.0048
0.0039
0.0032
0.0037
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Damping ratio

0,12

ξ1

ξ2

ξ3

0,1
0,08
0,06
0,04
0,02
0
1
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3

4

5

6

7

8

Depth of cut [mm]

Figure 22. Identified process – machine damping ratio for three identified natural
frequencies.
Identified parameters vary depending on the depth of cut. This can, to a certain
degree, be described by the nature of ARMA models as they are based on the
statistical approximation of real data. Another explanation might be that it is not
only the natural frequencies that are energized but also the surrounding frequency
bands (Figure 17).
In order to on‐line track a machining system’s dynamic behaviour, sensitivity for
variations in system characteristics must be implemented into the ARMA recursive
algorithm. This property becomes critical during the active machining condition
when a deliberated alternation of cutting conditions are supposed to induce a
strong variability in process parameters and the need for fast monitoring
dramatically increases. The dynamic properties of the system response can be
identified from the ARMA model transfer function by separating the AR component
(Pandit, et al., 1983). The natural frequency and the damping ratio of the mode i
may then be calculated with equation (14).
Figure 23 shows an on‐line modelling of the second and third identified mode of the
previous exemplified face milling operation. The operation goes from 1 to 8 mm
depth of cut. The sound pressure level is acquired by a microphone and bandpass
filtered (1 to 2.5 kHz) Figure 23 (a). The first identified natural frequency
(approximately 1 kHz) is not displayed as it is not considered to be coupled to either
the tool or tool ‐ tool holder. The second identified natural frequency and
corresponding damping ratio is displayed in Figure 23 (b). As can be seen both
natural frequency and damping ratio vary in a similar manner as the off‐line
identified. The third identified natural frequency and damping ratio are seen in
Figure 23 (c). This mode has also similar behaviour as the off‐line identified.
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(a)

(b)

(c)

Figure 23. In‐process identification of a face mill operation when depth of cut is from
1 to 8 mm. Sound pressure level measured by a microphone (a). Identified second
natural frequency and damping ratio (b). Identified third natural frequency and
damping ratio (c).

3.3.2

Turning

The turning experiments were carried out in a conventional turning machine. To
acquire data for machining analysis, the sound from the machining process was
recorded. EMA was used for analyzing the interaction between machine tool elastic
structure and workpiece, Figure 24 (a). A long slender workpiece of steel was used,
and prepared with a taper shape, Table 9. For the purpose of robustness and
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sensitivity analysis, three different workpieces all with the same material properties
and geometries were used.
For further investigation of the system chuck – workpiece – tailstock an FEM model
was developed. The purpose of the computational models was to identify the
natural frequencies and mode shapes of the elastic structure, Chuck – workpiece –
tailstock and compare them to results from EMA and machining tests.
Table 9. Tool equipment and cutting parameters.
Material and
workpiece

Insert

Feed
[mm/rev]

Cutting speed
[m/min]
150

Steel SS2244
Length 585 [mm]
Ø43‐49 [mm]

Sandvik
CNMG120412‐
PM Grade 4025

Constant
0.25

155
161

Figure 24 (b) illustrates the FEM model for the mode shape of 290 Hz on which
chatter is generated. The picture shows that in unstable state only the workpiece
frequency mode is excited and the vibratory energy is concentrated in this
frequency mode with non‐significant participation of other modes of the mechanical
structure. In stable state, several modes shapes are excited, workpiece, workpiece
and tailstock, tailstock, as illustrate in the FEM model Figure 24 (c).
(b)

(a)

4
1

2

5

6

7

8

3

(c)

Figure 24. EMA was performed by measuring the accelerometer response in eight
positions (1 to 8) on chuck – workpiece – tailstock system (a). In unstable state only
the workpiece frequency mode is excited (b). In stable state, several modes shapes
are excited (c).
Offline identification and modelling
The suitable order of the models was chosen after a number of trials (based on AIC),
both on stable and unstable processes, in order to find the optimum order for each
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of the time series. The ARMA(3,2) model parameters, estimated from the
appropriate models along with their standard deviations are depicted for stable
machining in Table 10, and for unstable machining in Table 11.
Table 10. Stable machining ARMA(3,2) modelling.
AR parameters stable
machining
a1
a2
a3
‐0.5029
0.2472
‐0.5619
±0.0107
±0.0794
±0.0645

MA parameters stable
machining
b1
b2
‐0.7519
0.09649
±0.0127
±0.0121

Table 11. Unstable machining ARMA(3,2) modelling.
AR parameters unstable
machining
a1
a2
a3
‐0.3947
0.4593
‐0.9344
±0.0273
±0.0181
±0.0262

MA parameters unstable
machining
b1
b2
‐0.5464
0.4476
±0.0720
±0.0718

In Figure 25 (a) a PSD diagram representing stable machining is displayed. The
energy is distributed to different frequencies but in Figure 25 (b) (PSD representing
unstable machining condition) almost all energy is concentrated on the chatter
frequency approximately 300 Hz.

(a)
(b)
Figure 25. PSD of a stable and unstable turning process. In case of stable cutting,
energy is distributed to plenty of frequencies (a). In cases of unstable cutting the
vibratory energy is concentrated to the chatter frequency, approximately 300 Hz (b).
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Online identification and modelling
The dynamic properties of the system response can be identified from the ARMA
model transfer function by separating the AR component (Pandit, et al., 1983).
Figure 26 shows an on‐line modelling of the first and second identified modes of the
turning operation. The operation goes from stable to unstable and back to stable
machining conditions.
(a)

(b)

(c)

Figure 26. In‐process identification and modelling of damping and natural frequency
when turning operation goes from stable to unstable to stable state. Sound pressure
level measured by a microphone (a). Identified first natural frequency and damping
ratio (b). Identified second natural frequency and damping ratio (c).
The sound pressure level is acquired by a microphone Figure 26 (a). When chatter is
completely developed the chatter frequency increases at f1 = 290 Hz for the first
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mode, Figure 26 (b). With increased chatter intensity a significant drop in the
damping ratio is apparent, see Table 12. In Figure 26 (c) frequency f2 for the second
mode is displayed.
Table 12. On‐line modelled modal characteristics for a stable and unstable turning
operation.

Stable region
Roots
Frequency f [Hz]
Damping ratio ξ

Unstable region

mode 1

mode2

mode 1

mode 2

0.115 ±0.812i
290
0.1

‐0.096
565
0.6

0.277 ±0.959i

‐0.253

302
0.001

558
0.4

3.4 Classification
Pattern classification by distance functions is a concept well developed in automatic
pattern recognition. As is shown in the diagram of Figure 27 (a‐c) the identified
model parameters (a1, a2 and a3) from three different machining tests, representing
a process going from stable to unstable condition. Stable and unstable processes
show clear clustering properties. The two patterns, stable and unstable, are
perfectly disjointed.
Workpiece 2 ARMA(3,2) Sf=1024Hz

Workpiece 3 ARMA(3,2) Sf=1024Hz

1

1

0.5

0.5

0.5

0
1

0
1

1

0.5
0 0

1

Stable

0 0

1

Unstable

Stable

a1

Stable

0

-1
0

1

2
Sample

(a)

3
4

x 10

-1
0

AE

0

AE

0

AE

0.5

-0.5

-0.5

Chatter
threshold
1

2
Sample

(b)

0 0

1

Unstable

0.5

Chatter
threshold

0.5

a2

0.5

-0.5

1

0.5

0.5

a2

a1

0
1

1

0.5

0.5

a2

a3

1

a3

a3

Workpiece 1 ARMA(3,2) Sf=1024Hz

3
4

x 10

-1
0

a1

Unstable

Chatter
threshold
1

2
Sample

3

(c)

Figure 27. Model parameters for test one (a), test two (b) and for test three (c).
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AR parameters from ARMA models can be used to discriminate between stable and
unstable processes. The concept used here for classification is by distance functions.
Considering M pattern classes and assuming that these classes are represented by
prototype pattern z1, z2, …, zm, the Euclidean distance between an arbitrary pattern
vector x and the ith prototype is given by equation

Di = x − zi = (x − zi )′(x − zi )

(16)

A minimum‐distance classifier computes the distance from a pattern x of unknown
classification to the prototype of each class, and assigns the pattern to the class to
which it is closest. In the case of two‐class, stable and unstable processes, the linear
decision surface separating every pair of prototype points zi and zj is the hyperplane
which is perpendicular on the line segment joining the two points. In the case
presented in this thesis the decision plane is normal to the line connecting the
centroid points calculated as the mean values of the all points belonging to a certain
class.
Figure 28 shows M pattern classification results from the modelling of several stable
and unstable machining processes. In all tests the workpiece dimensions and
materials were similar. Also the same cutting conditions were used in the
experiments.

1.5
1

Unstable

Stable

a3

0.5
0

-0.5
-1
1
0.5

a2
0

0

0.2

0.4

0.6

0.8

1

a1

Figure 28. Classification results from modelling of several stable and unstable
machining processes.

3.5 Impact of stability onto machined surface roughness
Several factors influence the final surface roughness in a milling operation. The final
surface roughness can be considered as the sum of two independent effects: (1) the
ideal surface roughness as a result of the geometry of tool and feed rate and (2) the
natural surface roughness as a result of the irregularities in cutting operation.
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In the occurrence of chatter or vibrations of the machine tool, defects in the work
material, wear of tool, or irregularities of chip formation contribute to the surface. In
a stable milling operation the vibration period is equal to the tooth passing period.
In such conditions, the configuration of material removal is the same for each tooth,
giving an equal cutting force (Peigne, et al., 2004). If however the milling operation
is unstable, the surface profile will be “modulated” by frequencies close to the
natural frequencies of the weakest mode or modes in the join system tool‐tool
holder‐spindle‐workpiece (normally represented by the tool or tool holder modes).
In Figure 29 representing stable and unstable down milling operation with HC tool
holder surface profile can be seen. As a result of stable machining the tool passing
marks are clearly visible in Figure 29 (a). In Figure 29 (b) the surface profile is
“modulated” with tool passing marks and a combination of additional frequencies,
leaving roughed zones on the surface.

(a)

(b)

Figure 29. Surface profile for stable (a) and unstable face milling operation and (b).
In following example, the identified dynamic behaviour of a down milling operation
is correlated to surface roughness. The HC tool holder described in section 3.3.1 is
used together with cutting data according to Table 4. Width of cut was chosen to 1.5
mm and feed per tooth is 0.12 mm. As the machining proceeds, damping ratio is
changed accordingly depth of cut. When damping is changed, the resulting surface
roughness is alternated, Table 13, Figure 30.
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Figure 30. Machining signal (a) received from microphone is displayed together with
damping ratio (b) and surface roughness (c).
Table 13. Surface roughness and damping ratio for a face milling operation.
Depth of cut
ap [mm]
1
2
3
4
5
6
7
8

Damping ratio
ξ
0.0112
0.0101
0.0117
0.0191
0.0357
0.0910
0.0343
0.0160

Ra
[µm]
0.22
0.21
0.81
1.23
0.29
0.23
0.2
0.23

Rz
[µm]
1.47
1.57
3.74
4.39
1.86
1.31
1.26
1.5

Rq
[µm]
0.49
0.28
0.98
1.35
0.36
0.28
0.25
0.29
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Chapter four
4 Results and discussion
The following chapter describes the results from the analysis and experimental
work. Most of the results come from the appended papers, with some additional
tests presented in chapter 3. It is important to state that the results generated
during the work of this thesis are limited to a small number of machining system
applications, and can therefore not be considered valid for broad spectrum of
applications.

4.1 Machining system static behaviour analysis
The static stiffness of the machine tool components which are in the flow of force
(FOF) plays a critical role for precision in machining. The static stiffness is a complex
parameter which takes different values in different direction and also can be
strongly non‐linear with respect to excitation levels.
In this thesis, static stiffness experiments were conducted in a milling machine.
Results from the experiments show that the measured structure deflection is not
linear but is changing slightly with the force applied on the structure. As a
consequence, the calculated stiffness also varies. This behavior is mainly observed at
low force values. The non‐linear behavior can be explained by the play in joints, joint
characteristics and lost motion because of the applied load on machine tool
structure.
Static stiffness can be determined in any direction from an impulse excitation
measurement in two orthogonal directions. The test can be repeated for a number
of load levels to determine the non‐linear characteristics of stiffness. Impulse
excitations can be imprecise at lower frequencies due to lower signal – to – noise
ratios and affects the stiffness calculation. Therefore in this thesis the low stiffness
was calculated with equivalent stiffness method. To investigate LDBB:s influence on
the machine tool structure, a computational model was developed. The model is
described in detail in paper D. The purpose of the computational model was to
identify the natural frequencies and mode shapes of the elastic structure, tool – tool
holder – spindle and compare them to results from EMA. Results from experiments
and simulations show that LDBB acts as an interposed spring between machine tool
table and spindle. By varying the model spring constant, the system response is
shifted. A good agreement between simulated and experimental work is seen.
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The equivalent stiffness ke for mode shape corresponding to LDBB were calculated.
In Table 14 the equivalent stiffness for three different load conditions is displayed.
Table 14. Calculated equivalent stiffness for three different loading conditions.
Load
Natural frequency
Equivalent stiffness ke
[N/m]
[bar]
[Hz]
0.3
3760
377
3
3850
485
6
3915
645
As expected both natural frequency and equivalent stiffness increased with higher
loads.

4.2 Machining system dynamic stability analysis
The basic concept of modal identification is to map a parameter estimate sequence
{ Θ (t ) } to the data set { y (t ) }. In general, we can analytically describe only the
ˆ (t ) i.e., the property as t approaches infinity (Ljung,
asymptotic properties of Θ
2006). In this thesis the term identification was used to define the inference of the
model from measured signal produced from machining system need to constantly
monitor to detect possibly instability conditions, or to decide when the maintenance
of specific machine components is required. This means that measured signal from
the machining system must be processed to infer a model describing the dynamic
properties of the machining systems. Identification can be performed off‐line i.e., on
a batch of data collected from the systems, or on‐line the same time data is
collected. The model is the updated at each time instant new data becomes
available. The updating is performed by a recursive algorithm.
The proposed model‐based approach is employed both for turning and milling
operations. Test results show that in a face milling operation it is necessary to track
at least two modes, tool and tool – tool holder mode, to get a good match to the
actual dynamic stability of the system. It also shows that a model of reasonably low
order is sufficient to identify and track natural frequency and damping ratio of each
mode. Furthermore, different filtering techniques like bandpass‐ and AR‐filter,
simplify identification and tracking of mode changes in both on‐ and off‐line
modeling.
The use of a filter is especially important in milling operations were tooth pass
frequency, and its over tones, are greatly effecting the signal spectrum. The choice
of sampling frequency is also an important issue. It is noticed that if a too high
sampling frequency is chosen off‐line identification becomes difficult. However on‐
line identification needs a high amount of data to be able to correctly calculate and
forecast data in the series.
Experiments have also revealed that during stable cutting conditions of a slender
tapered workpiece, several modes shapes are excited, workpiece, workpiece and
tailstock. In unstable cutting conditions only the workpiece frequency mode is
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excited and the vibratory energy is concentrated in this frequency mode with non‐
significant participation of other modes of the mechanical structure. In milling
operation, energy is transfer between different modes, depending on mode
damping ratio.
Other results:
•

•

•

•

Choosing model order according to known criterion can, in some cases, lead
to high model orders. This can result in unnecessarily large data effecting
the computation time. In some situations low order model can be used for
sufficient chatter threshold detection. In turning of a slender taper shape
workpiece, ARMA(3,2) model is enough to detect chatter threshold.
Model‐based identification can be used to detect spindle, tool and tool –
tool holder characteristics. This information can be used for maintenance
purposes. It has been proven in the milling experiment that spindle idle
signal consisted of information regarding spindle and tool holder.
Robustness of estimated parameters is exemplified with a classification
approach. By using M pattern classification classes, results from modelling
of several stable and unstable machining processes can be used to
discriminate between stable and unstable processes.
As in the example, the dynamic behaviour of a milling operation is
correlated to surface roughness. As damping changes the surface roughness
is varies reaching maximum value when damping is lowest.
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Chapter five
5 Conclusions and future work
In this chapter, conclusions from the work done in this thesis are drawn. Plans for
future work are also presented.

5.1 Conclusions
In this thesis the focus was on:
•
•

Analysis of static behavior of machining systems.
Development of a model‐based dynamic stability analysis approach.

The static behaviour of a machine tool was evaluated in this thesis by use of LDBB
device. The basic concept of calculating the static stiffness is seen in Figure 31.
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Figure 31. The figure shows the basic concept of calculating the static stiffness by
the use of data obtained with LDBB. The weakest and stiffest direction in XY‐plane is
shown in the figure.
The device reproduces the interaction between the join system, machine tool elastic
structure and the cutting process. This load applied on the system is not equivalent
to real cutting forces but it has a similar effect on the static stiffness of the structure.
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This has been investigated both through simulation and experimental work. Another
concept for analyzing the static stiffness k is done by a dynamic approach. Static
stiffness can be determined in any direction from an impulse excitation
measurement in two orthogonal directions. The test can be repeated for a number
load excitation to determine the non‐linear behavior of the stiffness – force
relationship. Impulse excitation can be imprecise at lower frequencies due to lower
s/n ratios and effect the stiffness calculation. An efficient method is to evaluate the
equivalent stiffness ke of the weakest mode shape, see Figure 32, which normal is
the tool.

x (m / N)
F

⎛x⎞
⎜ ⎟
⎝ F ⎠max
ke =

1

1
⎛x⎞
⎜ ⎟ 2ξ
⎝ F ⎠max

kstatic
Figure 32. The static stiffness of a machine tool can be calculated by a dynamic
approach. The stiffness of the weakest mode in a system can be calculated by using
the equivalent stiffness ke approach.
From a dynamic point of view, one aim of this work was to investigate if it is possible
to design an identification methodology for stability analysis of machining systems.
The work done so far indicates that it is possible, but more research has to be done
in order to generate a more detailed analysis methodology.
The excitation cutting force generated in machining operation produces random
excitation signal for stochastic parameter estimation. By consider the machining
system as a closed‐loop system consisting of a machine tool structure and a
machining process, the process – machine interaction characteristics can be
analyzed. The model‐based identification method presented in this thesis take into
consideration this interaction and can therefore be used to characterize machining
system in operational conditions. This provides realistic prerequisites for in‐process
machining system testing. The model parameters can be further employed for
control and optimization of cutting process. Using different classification schemes,
the model based identification methods provide a promising tool for the detection
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of instability. Together with analytical models this procedure represents a robust
tool for increasing the efficiency of manufacturing systems. It is the author belief
that a model‐based stability analysis approach is needed, if the full potential of a
model driven parts manufacturing approach is to be employed in the industries.

5.2 Future work
The work presented in this thesis has been focusing on the identification issues
concerning machining systems characteristics. The suggested model identification
approach has been validated with both simulation and experimental tests. To be
able to industrialize the approach, methods more research has to be done. Some
interesting areas are listed below.

5.2.1

Static behaviour analysis

The testing method for static stiffness described in this thesis is only evaluated on a
limited number of machine tools. To investigate LDBB:s capability to monitor
machine tools static stiffness a variety of machine tools have to be tested. It would
for instance be interesting to test extend this test to other machine tool types such
as turning machines for instance.
For further research following areas can be investigated:
•
•
•

5.2.2

An geometric error analysis tool has to be developed in order to fully utilize
LDBB capability to test machine tools.
As the static stiffness of high speed spindle is increasing with spindle speed
(stiffness of bearing is increasing). It would be of interest to investigate the
possibility perform test on rotating spindles.
Investigate the possibility to use systems others than pneumatic to
generate the load by LDBB, for instance electromagnetic.

Dynamic stability analysis

The model‐based identification technique, based on AR and ARMA models,
described in this thesis is demonstrating as an efficient tool to determine a
machining systems frequency and damping characteristics. By combine these
models with different pattern analyzing techniques i.e. feature recognition; it is the
author’s firm belief that a self adaptive machining control system can be developed.
Furthermore the model‐identification approach can be used for different
maintenances purposes such as testing, failure detection or preventive maintenance
and for machining system purposes such as monitoring, optimization and control of
cutting process. The work done so far focuses on identifying and capturing
characteristics that can be used for capability analysis of machining systems
performance. This performance evaluation is related to level one activity,
monitoring and test in Figure 33 below. Future work is to continue developing the
second level of activities concerning control strategies for on‐line control and failure
detection of both system and processes. Third level of activities is focusing on
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preventive maintenance and optimization. Crucial work that has to be investigated is
classification and robustness issues.
In all above mentioned research activities, models can be stored in data bases and
machine tool models, described by (Von Euler‐Cheplin, 2008), and among other
applications be reused for trend analysis of machine tool structure and cutting
processes and for implementation in the model driven parts manufacturing
approach.
Preventive
maintenance
Failure detection

Data base
Machining
system model

Test

Optimization

Level 3

Control

Level 2

Monitoring

Level 1

Classification
Feature analysis
Data reduction
Data collection

Data collection

Model
Identification

Data

Figure 33. Ongoing and future work in the area of model‐based stability analysis. The
work so far has focusing on the first level activity, monitoring and test.
To be able to develop an industrialized model‐based identification and control
method, following subjects have to be investigated:
•

•
•
•
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The understanding of how energy is transferred between different
frequencies, as well as how the energy is concentrated around different
frequencies has to be investigated. In this context the correlation between
damping and surface roughness has to be further investigated.
As the proposed modeling method is based on linear assumptions, some
identification errors are introduced. To evaluate the significance of these
errors neural network can be used to develop non‐linear models.
A robust classification algorithm that can distinguish between stable and
unstable cutting conditions has to be developed. Neural network can be
used to identify different states in the machining systems.
Development of on‐line recursive algorithms and implementation in high
speed digital signal processor (DSP) systems.
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