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Abstract

Dynamic characteristics of machining systems are analysed for im-
proved understanding of both structural and process properties. The
thesis stresses the use of testing methods under operational like condi-
tions as these are more representative of closed loop systems, such as
machining systems, as compared to conventional testing methods.

The test instrument proposed is a contactless excitation and re-
sponse system, developed for testing of machine tool spindles under
load and with rotating spindle. The instrument uses electromagnetic
excitation and displacement sensors for analysis of rotating milling tools
subject to load. A graphical tool for displaying and analysing rotor dis-
placement was developed in conjunction with this.

A modelling procedure for both off-line and on-line estimation of
dynamic properties of mechanical structure and process information is
presented. The proposed auto-regressive moving average models enable
calculation of operational dynamic parameters and they can be esti-
mated in a recursive manner, thus enabling real-time monitoring. The
discrimination between stable and unstable processes, both in turning
and milling, was performed by analysing the damping obtained from
the operational dynamic parameters.

Keywords: Machining system, Operational dynamic parameters,
Displacement map, Contactless excitation and response system
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Sammanfattning

Analys av dynamiska egenskaper i bearbetningssystems har stud-
erats för ökad först̊aelse av b̊ade struktur- och processegenskaper.
Avhandlingen betonar vikten av testmetoder under operationsliknande
tillst̊and, eftersom att dessa är mer representativa för återkopplade sys-
tem, till exempel bearbetningssystem, jämfört med konventionella test-
metoder.

Det föreslagna mätinstrumentet är ett beröringsfritt excitering- och
responsmätningssystem, utvecklat för tester av maskinspindlar under
belastning och med roterande spindel. Instrumentet använder elektro-
magnetisk excitering och förskjutningsgivare för analys av roterande
fräsverktyg under belastat tillst̊and. Ett grafiskt verktyg för analys av
rotorförskjutning utvecklades i samband med detta.

En modelleringsmetod för b̊ade off-line och on-line skattning av
dynamiska egenskaper av mekaniska strukturer och processegenskaper
presenteras. Den föreslagna autoregressiv-glidande medelvärdes mod-
ellen möjliggör beräkning av operationella dynamikparametrar och kan
beräknas rekursivt, vilket möjliggör realtidövervakning. Skiljedragnin-
gen mellan stabila och instabila processer, för b̊ade svarvning och
fräsning, genomfördes via analys av dämpningen som är en del av de
operationella processparametrarna.

Nykelord: Bearbetningssystem, Operationella dynamikparame-
trar, Förskjutningsgraf, Beröringsfritt excitering och responsmätnings-
system
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Preface

Mankind has always observed nature in search of food. When food was
no longer a main concern, the explanation of our universe attracted
great minds and our forefathers created theories of how forces interact
and how everything is linked. Tools were developed and improved,
generation by generation. Models were refined and the knowledge base
grew larger and larger.

This thesis sums up my research from observations of vibrations in
machining systems. The research addresses the topic of estimation of
dynamic properties in machine tools, processes and their interaction.
A measurement instrument, and mathematical modelling, for a unified
procedure enabling recursive identification for real-time monitoring is
proposed. All combined in a sort of evolutionary step towards enhanced
performance of machining.

As with all evolutionary steps, previous development has to be
accounted for and I am especially grateful to my supervisors Cornel
Mihai Nicolescu, Leif Kari, Amir Rashid and (at the end of the jour-
ney) Andreas Archenti for passing on to me available knowledge. I am
also grateful for their support and for letting me work freely.

The work was undertaken at the Department of Production Engi-
neering in two research projects. The financial support of Vinnova FFI
Robust machining and Vinnova FFI COMPIT was highly appreciated.

I have also appreciated many colleagues, during discussions of al-
most any topic there is, over lunches, coffee, beer and running. A tip of
the hat to Lorenzo Daghini, Qilin Fu, Costantinos Frangoudis, Antonio
Maffei, Hakan Akillioglu and Thomas Lundholm.
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“Note that it is the model that is simple, not the phenomenon that it
demonstrates. That is the hallmark of a good scientific model.”

Richard Dawkins
The Greatest Show on Earth:

The Evidence for Evolution
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Nomenclature and
Abbreviations

∇ Backward difference operator
Γ Seasonal component
κ Seasonal period length
λ Forgetting factor
ωn Angular natural frequency
Ψ Gradient of prediction error
Θ Parameter vector
θ Moving average coefficients
φ Auto-regressive coefficients
ϕ Observation vector
Υ Trend component
ζ Damping ratio
B Backward shift operator
C Viscous damping matrix
K Stiffness matrix
L Gain factor
M Mass matrix
t Time
Th Memory time horizon
Ts Sampling interval
X Stationary random noise component
Y Output observation
{Z} White noise process
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AIC Akaike’s Information Criteria
AICc Akaike’s Information Criteria, sample-corrected
ARMA Auto-regressive Moving Average
BIC Bayesian Information Criteria
CERS Contactless Excitation and Response System
EMA Experimental Modal Analysis
FPE Final Prediction Error
FRF Frequency Response Function
ODP Operational Dynamic Parameters
ODS Operational Deflection Shape
OMA Operational Modal Analysis
RARMA Recursive Auto-Regressive Moving Average
RML Recursive Maximum Likelihood
RPEM Recursive Prediction-Error Method
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Chapter 1

Introduction

According to the European Association of the Machine Tool Industries,
about 19% of the gross value added and 15% of all employments in Eu-
rope are created within the manufacturing industry [1]. The European
machining market has grown by 2.2% and machinery and machine tools
sales have increased by about 7% since 2010 [2]. The European market
share of the global machine tool industry was 40%, or 24 billion euros,
in 2015 [1].

Manufacturing of machine tools is only the beginning of the com-
ponent manufacturing chain and a growth in this sector gives a strong
indication that the whole manufacturing industry is growing. Gardner
Research’s 2015 Capital Spending Survey for tooling and workholding
estimated the total spending on metal cutting tools to be US$ 3,584.1
million [3]. Machining is a major part of the manufacturing sector and
even though new technologies are emerging (e.g. additive and hybrid
manufacturing), machining will still be a major manufacturing method
in the foreseeable future.

The economic and environmental impact of manufacturing systems
depends on their efficiency and effectiveness in the way that they utilise
materials and energy. The physical characteristics of machining sys-
tems limit their performance, and these unknown properties prevent
manufacturers from fully exploiting their capability. A machining sys-
tem’s capability is characterized by the interaction between machine
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2 CHAPTER 1. INTRODUCTION

tool structure and cutting process and it is affected by variations in-
troduced by different disturbance sources. These error sources can be
grouped in: positioning and kinematic errors, temperature errors, static
errors and dynamic errors [4].

1.1 Thesis Background

It has since long been known that machining systems should be consid-
ered to be individuals in terms of their capability [5]. Manufacturing
and assembly tolerances, general usage, special events during its life
time, such as crashes, and maintenance are all factors that change the
dynamic response of each machine tool in its own, unknown, way, and
thus result in an individual machining system capability [5, 6].

This individualism is obvious in the dynamic response of the ma-
chine tool, and one of the major limiting factors in machining is ex-
cessive vibrations, whether forced or self-excited. The trend of lighter
machine tools, which reach higher acceleration, jerk and travel speed
has also increased the need for dynamic characterisation as these ma-
chines are more prone to vibration [7,8]. For example, in machining of
advanced lightweight materials such as carbon fiber reinforced polymer,
CFRP, composites for aeronautical structures or machining of super al-
loyed steel for jet and rocket engines, machine tools with low mass and
flexible mechanical structures enable high transfer and cutting feeds as
well as high acceleration, jerk and deceleration during operation. The
trend of reducing the weight of structural elements can be seen in many
fields of engineering [9].

Accurate evaluation methods for estimation of dynamic properties
in machining systems are desired in order to increase the knowledge
base of machining system capability. Currently available standardised
methods in machine tool testing either evaluate the accuracy in un-
loaded state or by introducing a force at the tool tip with the spindle
at stand still. The drawback with these testing methods, presented in
chapter 2, is that they do not have the same boundary conditions as
the closed loop system that is present during machining.
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Reliable machining system evaluation helps the process planner to
select suitable machine tools and cutting parameters for a given pro-
cess and material by understanding the system strengths and avoiding
its weaknesses. It can also help in the implementation of real-time
monitoring of the machining system performance to avoid or minimise
vibration problems.

In order to stay competitive in machining, optimal material removal
rate, MRR, and a stable process are needed. Self-excited vibrations,
such as chatter, reduce tool life and result in high surface roughness
or scrapped parts. These can also lead to increased machine tool wear
and a noisy work environment.

It can thus be concluded that there is a lack of measurement meth-
ods and instruments, able to fully capture the operational capability of
the machining system, which needs to be addressed.

Recent introduction of knowledge based manufacturing in ma-
chining, where increased understanding regarding material properties,
structural loading, improved analysis, design techniques, has led to the
development of new machine tool design [10]. Such a design, in combi-
nation with high cutting speed and feed, led to machining systems that
are often excited by high-energy sources thus creating intense vibration
problems.

1.2 Scientific View and Research Methodology

In search for enhanced knowledge this thesis is built upon quantitative
research suggesting a scientific methodology within positivism. The
philosophical theory of positivism is based on observations of natural
phenomena and that knowledge is gained through reasoning and logic
[11]. However, since experimentation is commonly regarded as the most
important step in the generation of knowledge, most natural sciences
utilise scientific methodologies based on quantitative research to build
new knowledge.

In this work, as will be shown in section 3.3, parsimonous parametri-
sation is a major key, especially for computational implementation in
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real-time with available processing power. Ockham’s razor is thus an
interesting approach to the scientific methodology of the research. The
exact words used by Ockham are questioned but the principle builds
around [12]: Entia non sunt multiplicanda praeter necessitate - Entities
must not be multiplied beyond necessity.

However, this falls short on certain aspects as most often more com-
plicated models provide better understanding and a debate regarding
what information to shave off and what to keep is inevitable. The
mathematical approach to Ockham’s razor is that all assumptions are
sources of error. The probabilistic view thus gives that the more as-
sumptions, the more probable sources of error and therefore the amount
of assumptions shall be kept as low as possible.

As this thesis is within the topic of applied mechanics a quote from
Isaac Newton is, in my view, a necessity [13]:

We are to admit no more causes of natural things than such as are
both true and sufficient to explain their appearances. Therefore, to the
same natural effects we must, as far as possible, assign the same causes.

This falls in line with Ockham’s razor but gives no further guidance
as to when sufficient knowledge is presented for the current problem.

Overfitting models built of empirical data are affected by statistical
noise to a larger extent, whereas simpler models are sufficient to capture
the structure and represent the system on hand, a further explanation
is given in section 3.3 and [14]. Philosophically Knuuttila argues for a
broader interpretation of models as tools for enhanced knowledge [15]:

As epistemic tools models are constructed in the light of certain
scientific questions and they make insightful use of available represen-
tational means and their characteristic affordances. From this perspec-
tive models function as external tools for thinking, the construction and
manipulation of which are crucial to their epistemic functioning.

However, applied to engineering both interpretations result in the
same outcome.

Popper is often appointed as the one introducing falsification to
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scientific methodologies and the problem of demarcation. His theory
is based upon the idea that scientific hypotheses can only be falsified
and never proven true. A type of evolution holds true for this philoso-
phy as only the most comprehensive and falsifiable theory includes all
past and current observations. As science progresses by new observa-
tions through trial and error, old hypotheses must be rejected as they
are no longer valid for all observations and new improved theories are
developed [16].

Thomas Kuhn described the scientific progress in terms of paradigms
and paradigm shifts. The scheme is often described as an open end,
progressing through pre-science - normal science - crisis - revolution
- new normal science - new crisis. The majority of research is done
within normal science where the increased amount of observations help
in supporting the hypothesis. However, when the number of observa-
tions that cannot be explained by the current hypothesis grow it leads
to a crisis where the fundamentals are questioned. Following this crisis,
a new paradigm is stipulated and new normal science matures [17].

In my view applied mechanics is foremost an engineering art. It is
not abstract in nature but utilises scientific theories such as mathemat-
ics and material science to create a scientifically structured engineering
art, or a way to build and improve things. Experiments with observ-
able and quantifiable results are heavily used in order to enhance the
knowledge and build new models and hypotheses. Kuhn’s view of puz-
zle solving and paradigm shifts appears more utilised as compared to
Popper’s falsifiability. Engineering research progresses by puzzle solv-
ing and most publications are based upon small modifications trying to
prove that proposed solution works. Popper’s view tells that no matter
how many positive outcomes are shown, the scientific theory can only
be proven false if a single experiment implicates it.

1.3 Problem Statement

Increased understanding of machining system dynamic properties is de-
sired to enhance the knowledge base. An increased knowledge base al-



6 CHAPTER 1. INTRODUCTION

lows better optimisation and enables developments for competitive and
sustainable manufacturing. The machining system capability varies
with time and operational conditions as well as in the work space.
These variations are due to kinematic configuration such as tool path
change, changing process forces, wear of components, thermal effects
and geometry and structural properties of the workpiece among others.
There is thus an industrial need for a unified method for off-line and/or
on-line analysis of machining system capability.

Based on scientific methodology and research methods this thesis
has its core in a falsifiable hypothesis and aims at enhancing the knowl-
edge by providing answers to the formulated aim of research. The over-
all assumption, or hypothesis, lays the foundation and framework on
which this research is built and it is stated as:

Parsimonious auto-regressive moving average models sufficiently
represent the dynamics of a machining system for estimation of struc-
tural dynamic properties and discriminating between stable and unstable
machining systems.

The puzzle solving in this research is coupled with both theoretical
and practical challenges in developing a method that extends the knowl-
edge of machining system dynamic properties. A modelling method as
well as a testing methodology that supports the modelling, and satisfies
industrial requirements and needs, is sought. The aim of this research
is therefore to:

A1 Propose a modelling method capable of representing the dynamic
behaviour of the machining system, both under testing condition
and during operational condition, for off-line and on-line estima-
tion.

A2 Propose a reliable testing method that captures machine tool
spindle dynamics under rotating and loaded condition, which can
be used together with the proposed modelling method for simpli-
fied implementation.
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1.4 Thesis Structure

Chapter 1 introduces the research, states the research questions and
gives an overview of the appended papers and their relation to the
thesis.

Chapter 2 includes the state-of-the-art in machining system vibra-
tion analysis in order to fit the work in relation to current research and
industrial needs.

Chapter 3 gives an introduction to time series modelling, which is
an important tool in this research as it constitutes the foundation of
operational dynamic parameter estimation.

Chapter 4 presents the major research contribution of this thesis.
Machining system testing under operational like conditions is explained
and the developed test instrument is presented as well as the displace-
ment map.

Chapter 5 holds a discussion regarding the presented work in this
thesis and gives a brief summary of the work.

Chapter 6 concludes the work and gives the answer to the research
questions.

Chapter 7 presents further research views and ideas of implemen-
tation.

1.5 Appended Papers

Paper A:

T. Österlind, A. Archenti, L. Daghini and C. M. Nicolescu, “Improve-
ment of gear cutter dynamics by use of acoustic imaging and high
damping interface”, Procedia CIRP, vol. 4, pp. 17-21, 2012.

Paper B:

L. Daghini, A. Archenti and T. Österlind, “Extending stability limits
by designed-in damping”, J. Mach. Eng., vol. 13, no. 1, pp. 37-48,
2013.
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Paper C:

T. Österlind, C. Frangoudis and A. Archenti, “Operational modal anal-
ysis during milling of workpiece, fixed on a stiffness controllable joint”,
J. Mach. Eng., vol. 13, no. 2, pp. 69-78, 2013.

Paper D:

C. Frangoudis, T. Österlind and A. Rashid, “Control of milling process
dynamics through a mechatronic tool holder with purposely designed
Joint Interface”, Mechatronics and its Applications (ISMA), 2015 10th
International Symposium on, Sharjah, pp. 1-6, 2015.

Paper E:

A. Archenti, L. Daghini and T. Österlind, “Contactless excitation and
response system for analysis of high precision rotor dynamic proper-
ties”, Laser Metrol. Mach. Perform. X - 10th Int. Conf. Exhib. Laser
Metrol. Mach. Tool, C. Robot. Performance, LAMDAMAP 2013, pp.
150-156, 2013.

Paper F:

T. Österlind, L. Kari and C. M. Nicolescu, “Analysis of stationary
displacement patterns in rotating machinery subject to local harmonic
excitation”, J. Sound Vib., vol. 389, pp. 224-235, 2017.

Paper G:

T. Österlind, L. Daghini and A. Archenti, “Evaluation of tool steel
alloy performance in a milling operation through operational dynamic
properties”, Int. J. Mach. Tool. Manu., vol. 114, pp. 54-59, 2017.

1.5.1 Authors Contribution to the Papers

Paper A Österlind performed the experimental modal analysis, high
damping interface treatment and ran the machining tests and
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wrote the paper under supervision of the co-authors.

Paper B Österlind calculated the stability lobe diagram and assisted
with the experimental part and writing of the paper.

Paper C Österlind performed the modal analysis, ran the machining
test together with Frangoudis and wrote the paper (except for
the part regarding the work-holding joint) under supervision of
Archenti.

Paper D Österlind developed the controller, assisted in the experi-
ments and writing of the paper, wrote section 3.2 under supervi-
sion of Rashid.

Paper E Österlind wrote section 2 and assisted the co-authors in
preparation of the paper.

Paper F Österlind derived the equations, performed the simulation
and wrote the paper under supervision of Kari and Nicolescu.

Paper G Österlind performed the modal analysis, computed the oper-
ational dynamic parameters, ran the machining test and wrote the
introduction, discussion and conclusions together with Daghini,
wrote section 2 - 4 under supervision of Daghini and Archenti.

1.6 Thesis Relation to Appended Papers

Paper A can be regarded as a prologue to the research. This paper
presents a common research and industrial problem within the field of
machine vibrations. Tool fracture and chatter marks constitute the in-
dustrial problem and relevance of the research. The testing procedures
in the paper are both conventional, such as machining tests and exper-
imental modal analysis, and unconventional, such as acoustic imaging.
The research contribution in this paper focuses on the change in stiff-
ness and damping. The change of clamping area resulted in more rigid
clamping, and the applied high damping interface is a rather new ap-
proach to solving the problem.
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Paper B is, as Paper A, also focused on the clamping of the
tool. Experimental modal analysis was used as the main test method
to evaluate the different conditions, and cutting tests were performed
as a performance evaluation. As in Paper A different clamping condi-
tions were evaluated with different stiffness. High damping interfaces
were also introduced to further show the significance of damping in the
machining system. Stability lobes based on the result off impact test-
ing were estimated for an indication of process parameter differences
between conventional and enhanced boring bar. Operational dynamic
parameters were introduced in terms of recursive identification of para-
metric models in order to evaluate the performance of the machining
system during actual machining operation.

Paper C and Paper D share similarities in usage of machine com-
ponents with controllable joints in order to change the stiffness and
damping in the machining system. Paper C studies a work-holding
fixture whereas Paper D investigates a mechatronic tool holder. Both
papers make use of experimental modal analysis for estimation of ma-
chining system dynamic properties and machining tests for evaluation.
In Paper C operational modal analysis was applied to the accelera-
tion recorded during machining whereas Paper D used the process
noise, recorded via a microphone, as a signal for evaluation of real-time
performance in order to control the joint properties.

Papers A - D show that the conventional methods, experimental
modal analysis and stability lobe estimation, are not always sufficient
tools when it comes to accurate estimation and evaluation of machin-
ing system dynamic properties. Paper E aims to introduce a new way
of testing milling machines under loaded condition. An active mag-
netic bearing was modified in order to excite the tool, under rotation,
and extract the dynamic properties. Recursive identification was im-
plemented via auto-regressive moving average models (same as for the
parametric models used in Paper B).

Paper F aims to establish understanding of dynamic behaviour of
milling tools in terms of rotor displacement patterns.

Paper G investigates the dynamic performance of two milling tools
made out of different alloys and with different heat treatments. The sta-



1.6. THESIS RELATION TO APPENDED PAPERS 11

bility limit based on the result from experimental modal analysis, shows
an indication of the difference between the tools. However, the oper-
ational dynamic parameters gave a much more detailed performance
evaluation.

In summary, it can be concluded that the research utilises non-
conventional methods to estimate machining system dynamic proper-
ties. Stiffness and damping are well known structural and process prop-
erties that influence the machining system capability. The research
proposes machine tool structural testing of dynamic properties under
rotating and loaded conditions, for a more accurate testing condition
as compared to other methods, with spindle at standstill or unloaded.
The recursive identification, used in this research, requires that certain
factors are known before the process can be evaluated in real-time and
the proposed off-line methods can be used to obtain these factors.





Chapter 2

Machining System
Dynamics

Vibration in machining has always been a limiting factor as long as the
machining process has been studied and pushed to maximum material
removal rate. Vibration in machining often leads to excessive tool wear,
damaged workpieces and, not uncommonly, shortened machine tool life.
Different approaches to solving the problem, or minimising its effect of
it, have been developed over time.

2.1 Structure and Process Interaction

Machine tools are in open loop, as all mechanical structures, dynam-
ically stable, i.e. they are damped and thus dissipate mechanical vi-
bratory energy so that they do not self-excite. The same is true for
the machining process; factors such as friction between the cutting tool
and workpiece dissipate mechanical vibratory energy, thus the process
is damped. However in closed loop, when the machine tool structure
and process are interconnected, which they are in all types of machin-
ing, the interaction will not always be stable. This interaction can be
represented with a closed-loop system, Fig. 2.1.

13
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Elastic Structure (ES)

Cutting Process (CP)

Machine Structure: Tool, 
Tool holder, Work-piece, 
Clamping etc.

Machining: Chip modulation, 
Process Damping etc.

Σ Σ
R

P

+ + +F
-

V’

X”
X’+

V

Figure 2.1: Closed-loop system representation of machining systems.

In figure 2.1 R represents the reference signal for the position of
tool relative to workpiece. V is an outer disturbance (for example a
scale error). R and V lead to a cutting force that will displace the
tool/workpiece from the reference and thus give another position, X ′.
V ′ is a second outer disturbance, which together with X ′ gives the true
cutting position X ′′. The shifted cutting location leads to a change in
cutting force, P , which is fed back. This results in a closed-loop system
representation of the machining process.

The elastic structure of the machining system, i.e. the machining
system in open loop, is most commonly modelled as a lumped mass
model and is thus represented by the equation of motion described by
the n-degree of freedom second-order coupled differential equation, Eq.
(2.1)

M
d2

dt2
y(t) + C

d

dt
y(t) + Ky(t) = f(t) (2.1)

where M ,C,K are n × n matrices representing the mass, viscous
damping and stiffness, f(t) is a n × 1 vector of the force, y(t) =
[y1(t) ... yn(t)]T is a vector containing the displacements for the i:th
mass, yi(t), i = 1, ..., n; in the lumped mass system.

The modal parameters are constantly changing during machining,
movement of functional components such as columns, spindle, turrets,
fixtures with workpiece and material removal affects the mass, damping
and stiffness of the system. In milling of rib type components, common
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in aerospace applications, it is not uncommon for 90% of the material
to be removed [18]. This results in a significant change of dynamic
properties during the process. The mass-, damping- and stiffness ma-
trix would thus have to be updated, sequentially, in order to correctly
model the elastic structure.

The cutting process is covered in a large number of scientific publi-
cations dealing with chip formation, stress-strain relation and wear; to
mention just a few sub-fields [19]. However, most cutting force models
are mechanistic and, whether they are analytical or finite element mod-
els they rely on empirical measurements and their accuracy is based on
comparison with measured data [20,21].

The basic types of vibrations that affect the machining system are:
free, forced and self-excited vibrations. Free vibrations, also called nat-
ural vibrations, are in general small perturbations, from equilibrium,
by a shock with a decaying amplitude. Since machine tools are in gen-
eral very stiff and have fairly good damping, free vibrations are rarely
problematic. Forced vibrations are common in machining and are most
often periodic. The engagement and exit of teeth in milling are clear
examples of the periodic force that causes forced vibrations. Other
types of forced vibrations can be caused by, for instance, unbalanced
tools, disturbance in the tool (or workpieces) drive, periodic breaking
of built-up edge etc. Self-excited vibration, known as chatter in ma-
chining, is caused by a fluctuating cutting force due to modulation of
chip thickness, changing cutting velocity, stick-slip dry friction or other
regenerative effects [21]. The vibrations are self-regenerative since the
motion itself causes the vibration. In the case of modulation of chip
thickness, the fluctuation in cutting force comes from a change in chip
thickness, which leads to an undulated surface. This surface will then
be machined by the successive tooth (or revolution) and its undulated
surface will give a varying cutting force, which leads to an undulated
surface and the self-excitation is apparent [21].

Machining system resistance to vibrations is dependent on the stiff-
ness and damping capacity of the structure as well as the machining
parameters, and the so-called Kδ-factor was introduced by Tobias [22].
The Kδ-factor represents the product of stiffness and damping in the
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structure of the machining system, thus stressing that both stiffness
and damping shall be high.

2.2 Identification of Dynamic Properties in
Machining Systems

System identification is the process of creating mathematical models
from observations. This is a major part in the procedure of identifi-
cation of dynamic properties. As there are a great number of math-
ematical models so are the choices of procedures of how to estimate
the model properties [23]. One of the most common methods in the
identification of dynamic systems is by non-parametric Fourier based
procedures [24]. The drawback with non-parametric methods is that
they need a larger number of samples in order to have a certain res-
olution in the spectral estimate that builds the model. They are also
not suitable for time varying systems. Parametric models store all the
system properties in the model parameters and therefore require less
samples to be estimated [23], which is beneficial for identifying dynamic
properties of fast changing systems in real-time.

Extracting data from machining systems is classically done under
two different conditions, each with its pros and cons. Off-line records
consist of experimental tests performed off-process. On-line records
are tests that utilise the information that can be extracted while the
machining system is running, under influence of a machining process.

Off-line Records

Off-line records are one of the most common ways to obtain machine
tool characteristics. Since the machine tool is not under operation, al-
most any type of sensor, instrument, measuring equipment can be used
for measurements. Double ball bar, laser interferometry and 3D laser
trackers are some instruments used to capture kinematic and geometric
errors [4]. Dynamic properties are most often identified via experimen-
tal modal analysis, EMA. The dynamic properties can then be coupled
to a process model in order to estimate the stability lobe diagram [25].
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On-line Records

It is important to note that the dynamic characteristics determined
from off-line records are strictly structural parameters, while in on-line
they are joint effects of structure and process. Estimating machining
system dynamic properties from on-line measurements has therefore
the benefit of giving an accurate evaluation of the performance of the
specific operation. However, unknown factors play an important role
and individual errors can be very hard to separate from each other.

Various machining tests are used by industry. The simplest test is
machining in a straight line cut over a test piece and then repeating
the same cut but only halfway and measuring the difference between
the two cuts and evaluating the static stiffness. An inclined or stepped
surface can be used to evaluate the maximum allowable depth of cut
for a given set-up and parameters. More advanced features can be ma-
chined and measured with a coordinate measuring machine, or similar,
for evaluation of performance.

While most on-line records are blind in terms of the actual cutting
force, displacement, etc. they have the advantage of testing under
full operational condition. Gyroscopic effects, such as softening of ball
bearings [26,27], and thermal effects [28] are all included. An additional
advantage is the fact that cutting force coefficients need not be known.

2.2.1 Experimental Modal Analysis

Experimental modal analysis through impact testing on the cutting tool
- machine tool and workpiece, is a rather fast method of estimating the
dynamic response of a machining system at its current state and at
stand still, i.e. off-line. In general a few accelerometers are attached to
the measurement object, which is excited by an impact hammer instru-
mented with a force sensor and the frequency response of the structure
is estimated, see Fig. 2.2 for a typical set-up for estimation of the dy-
namic properties of the cutting tool tip. For larger structures a shaker,
instead of impact hammer, can be used to excite the structure. EMA
is used in Papers A - D and G to estimate the dynamic properties of
the investigated structures.
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Figure 2.2: Impact hammer and cutting tool instrumented with ac-
celerometers in a typical set-up for modal analysis of the tool.

2.2.2 Stability Lobe Diagram

The stability lobe diagram, SLD, was first developed by Tobias and
Tlusty, and published at the beginning of the 1960s [22, 29]. The SLD
is created by adding a force model of the dynamic part of the cutting
force to Eq. (2.1), which gives Eq. (2.2).

The SLD approach cannot be strictly considered to be an off-line
record as the cutting force coefficients in Eq. (2.2) are experimentally
obtained from cutting tests, however the dynamic properties of the
system is not estimated on-line.
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M
d2

dt2
y(t) + C

d

dt
y(t) + Ky(t) =

k1

(
y(t)− µy(t−Tr)

)
+ k2 ·

dy(t)

dt
+ k3

dΩ

dt
(2.2)

where k1, k2, k3 is the cutting force coefficients due the change in chip
thickness, penetration rate and variation in cutting speed, µ is the
overlap factor between successive cuts and Ω is the rotational speed.

The stability threshold, for regenerative chatter, is when the dis-
placement amplitude is equal between successive periods, that is

|y(t)| = |y(t− Tr)| (2.3)

On the 28th of October 2016, a search of Stability Lobe Diagram in
the Scopus R© database for scientific publications resulted in 159 jour-
nal articles, from 1982 to 2016, out of which 97 were published during
the last five years [30]. The search was limited to article titles, ab-
stracts or keywords in physical science journals. So it is fair to say
that the method is commonly used, and accepted by researchers in the
field. However, Quintana and Ciurana showed in their extensive re-
view paper regarding chatter, that it still lacks in applicability as it
does not cope with structure or system changes during machining [31].
This can also be seen in Papers B - G, which shows that the ma-
chining system dynamic properties change with rotational speed, thus
further supporting the argument that the stability lobe diagram calcu-
lated from dynamic properties obtained from a spindle at stand still is
insufficient for accurate prediction of stability lobe diagrams.

An example SLD can be seen in Fig. 2.3, which is also comple-
mented with results from machining tests. SLD is used in Papers B
and C to estimate the chatter free machining parameters for the various
configurations and machine tools. Paper G uses the absolute stability,
according to Tobias [22], and shows the machining results in a similar
manner as the SLD.
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Figure 2.3: An example of SLD for two different tools with five times
overhang. Results from machining tests are also added in the diagram,
circle - both tools stable, triangle - one tool unstable, square - both
tools unstable.

2.2.3 Operational Modal Analysis

Operational modal analysis, OMA, was developed for on-line identifi-
cation of modal properties in structures or systems with no, or very
limited, possibility of having a known excitation force [32]. The theory
is built upon the assumption that the system is excited by a broad band
source with near to white noise properties in the frequency range of in-
terest. Both time-domain and frequency domain calculations can be
used for OMA and the obtained modal properties are often natural fre-
quencies, damping and mode shape. One key difference between OMA
and EMA is that the modes obtained from OMA are not mass-scaled.
It is therefore common to use the nomenclature of operational deflec-
tion shapes, ODS, instead of mode shaped; this keeps the information
that ODS are load dependent [32].

Signal processing is an important part of OMA to obtaining corre-
lation functions or spectral densities from measured, random, signals in
order to extract physical properties [33]. Rotating machinery and re-
ciprocating motion introduce one major challenge in OMA: separateing
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modal frequencies from harmonics. A proposed way to get an indication
of harmonics is to calculate the kurtosis for the signal and compare it
to the Gaussian distribution [34] and random decrement technique [35].

Paper C uses OMA for comparison between the dynamic proper-
ties estimated by impact testing and the acceleration of the workpiece
during milling operation.

2.3 Summary

The machining system is best represented as a closed loop system
with interaction between the machine tool structure and machining
process. The interaction can cause self-excited vibrations, which are
unfavourable as they lead to excessive vibrations that damage the work-
piece, shorten the cutting tool life and accelerate wear rate of the ma-
chine tool.

Experimental modal analysis by impact testing with accelerometers
is the most common way of estimating the dynamic properties of struc-
tures. However, measuring with the spindle at stand still, enforced by
the instrumentation, is not representative for evaluation of real opera-
tional conditions.

Stability lobe diagrams are one way of estimating process parame-
ters under stable condition. However the dynamic properties are most
often derived from impact testing of the tool tip at stand still and
the system is not in closed loop. Therefore the dynamic properties
do not represent the system in operational condition. The machining
tests used to obtain the cutting force coefficients are often performed
by machining simple test workpieces, and are thus not representative
of machining over the whole workspace, five-axis machining and ma-
chining over holes and slots. It is therefore cumbersome to implement
accurate testing conditions representative of real conditions. One way
is to run the tests on an actual workpiece and measure in incremental
steps. This is however not feasible in industrial environments.

Operational modal analysis has the benefit of estimating the dy-
namic parameters during operation, however the results are unscaled
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since the input cannot be measured.
This suggests that in order to achieve accurate estimates of dy-

namic properties representative of operational closed loop systems, an
instrument enabling testing under operational like conditions is desired.



Chapter 3

Machining System
Dynamic Properties via
Time Series Modelling

A common way to model continuous time systems is via time series.
The general description of such a continuous series in respect of time,
t, is given by the classical decomposition model [36]

Y (t) = Υ(t) + Γ(t) +X(t) (3.1)

where Υ(t) is a slowly changing function often called trend component,
Γ(t) is a function with a known period called seasonal component and
X(t) is a stationary random noise component.

The trend component is an long-term increase or decrease of the
observed data, linear or non-linear. Seasonal components are charac-
terised by their repeated behaviour over a known period, κ, such that

∇κΓ(t) = Γ(t)− Γ(t− κ) = 0 (3.2)

where ∇ is the backward difference operator. Both trend and seasonal-
ity components are commonly extracted and eliminated from the data
record [37]. Different methods of extracting and eliminating the trend
and seasonality are available depending on user preference [36,37]. The

23
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random noise component, the residual after removal of trend and sea-
sonality, is an important characteristic in time series modelling. If the
noise component is a stationary random process, {X(t)}, a large num-
ber of probabilistic models can be utilised to analyse the record. It can
also be argued that a fourth component with cyclic pattern of increase
and decrease without fixed period exists, however this component is
more commonly analysed in economics and is therefore omitted in this
thesis.

Statistical properties of time history records, ensemble, of processes
are extensively covered by literature of random data, spectral and time
series analysis. Therefore stationarity, ergodicity and causality defini-
tion are left out in this thesis and the reader is referred to [24, 33, 38].
Further use of the term stationarity will regard the process as weak
stationary.

Given that all data processed in the thesis is recorded over a time
interval, T0 = [0, 1], the continuous series will be described as obser-
vations at specified time t, i.e. in discrete time. The notation is thus
changed to

Yt = Υt + Γt +Xt (3.3)

such that {Yt, t ∈ T0}. Further on, all ensembles are sampled with a
fixed interval over a continuous sample space such that ∇t = Ts and
ti = Ts · i; i = 0, 1, ..., n, where n is the number of samples in the
ensemble.

3.1 Auto-regressive Moving Average Model

Fitting a stationary process, whose input is a white noise perturba-
tion, by parsimonious parametrisation, as few parameters as possible,
in terms of a linear difference equation with constant coefficients results
in the auto-regressive moving average process, ARMA, [39] given by

Yt − φ1Yt−1 − ...− φpYt−p = Zt + θ1Zt−1 + ...+ θqZt−q (3.4)
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where {Zt} is a white noise process with zero mean and variance σ2.
Introducing the backward shift operator defined by

BiXt = Xt−i, i = 0,±1,±2, ... (3.5)

equation (3.4) can be written on the compact form

(1− φ1B − φ2B2 − ...− φpBp)Yt = (1 + θ1B + θ2B
2 + ...+ θqB

q)Zt

φ(B)Yt = θ(B)Zt
(3.6)

where φ and θ are p and q degree polynomials

φ(z) = 1− φ1z − ...− φpzp (3.7)

θ(z) = 1 + θ1z + ...+ θqz
q (3.8)

The estimation of ARMA(p,q) model coefficients can be calculated with
multiple methods [40]. The general principle is to construct an obser-
vation vector, ϕ, and a parameter vector, Θ

ϕt = [−Yt−1 − Yt−2 ... − Yt−p Zt−1 Zt−2 ... Zt−q]T (3.9)

Θ = [φ1 φ2 ... φp θ1 θ2 ... θq]
T (3.10)

ŷt = ϕT
t Θ (3.11)

and then estimate the parameters, often calculated by minimising or
maximising functions such as minimise prediction error by least square
or finding the maximum likelihood [23].

3.2 Recursive Identification

As explained in 2.1 the structural changes due to material removal,
machine tool axis position etcetera result in varying dynamic proper-
ties. The cutting process also changes due to the same reasons and it
is therefore of interest to evaluate the system in real-time. The overall
goal with such an on-line evaluation is to be able to monitor and control
the process in order to eliminate harmful vibrations during machining.
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The idea of processing measurement input-out data sequentially is
thus a logical step in order to keep updated information of the system
performance in real-time. Recursive algorithms to estimate the ARMA
coefficients are therefore of interest. The general model for recursive
identification methods is given by, [23],

Θ̂t = Θ̂t−1 + Lt(yt − ŷt) (3.12)

where Θ̂t and yt is the parameter estimate and output at time t, ŷt is
the prediction of yt, based on previous observations, and Lt is the gain
factor that relates how much the prediction error, yt − ŷt affects the
parameter estimate. This method is also called recursive prediction-
error method, RPEM, as the update of the parameters is dependent on
the prediction error

εt(Θ) = yt − ŷt(Θ). (3.13)

Since the input is a white noise process, {Zt} ∼ WN(0, σ2) with
zero mean and σ2 variance, the innovation term is thus a function
of successive uncorrelated variables of the observed output and the
estimated output.

Multiple recursive algorithms, such as: recursive least squares, re-
cursive instrumental variable method and recursive maximum likeli-
hood were developed and used to identify ARMA parameters [23, 40–
44].

Even though recursive identification schemes of auto-regressive
moving average, RARMA, coefficients have been successfully used to
analyse civil structures [44–46] there is not much research within the
field of real-time characterisation of machine tool and process perfor-
mance. Most publications regarding ARMA models and machining sys-
tems are in the field of a posteriori estimates with sampled data, such
as OMA. However, Nicolescu used recursive identification for monitor-
ing and control of time-varying parameters to maintain a stable process
in turning over two decades ago [47]. On-line monitoring of a milling
process was investigated by Archenti and Nicolescu [48].

The recursive maximum likelihood method, RML, was shown to be
beneficial as it could identify parameters in signals with higher noise
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level [49]. Söderström et al. showed in their analysis of recursive al-
gorithms that RML gives a more accurate estimate for high number of
samples; as compared to the other four evaluated algorithms [41].

In order to cope with time-varying systems, e.g. machining systems,
a forgetting factor was added to reduce the effect of old data on the
current estimate [23]. The forgetting factor, λ, can be interpreted as a
weighting function of λTh introduced to the gain factor in Eq. (3.12).
This creates a sort of memory horizon, Th, where all samples beyond the
horizon (older than Th) have a significantly less weight on the estimate
[23]. The memory horizon

Th =
1

1− λ
(3.14)

can then be chosen, by proper selection of the forgetting factor, such
that the model is quick enough to cope with changes in the analysed
system yet long enough to give a good estimate.

The estimates are then given by (the first max(p, q) steps omitted)
[23]

Θ̂t = Θ̂t−1 + Lt(yt − ϕT
t Θ̂t−1) (3.15)

Lt =
Pt−1ϕt

λ+ ϕT
t Pt−1ϕt

(3.16)

Pt =

[
Pt−1 −

Pt−1ϕtϕ
T
t Pt−1

λ+ ϕT
t Pt−1ϕt

]/
λ (3.17)

3.3 Model Order Selection Criteria

One drawback with parametric modelling is that the model order has
to be decided a priori to the computation of the estimates. However,
the computational algorithms for both ARMA and RARMA estimates
can be used on sampled records to assess the optimal model order by
iterative computation of the estimates and comparison.

Model order has a big impact on the accuracy of the estimate and
different evaluation criteria was developed. Akaike constructed an in-
formation criteria, AIC; Eq. (3.18), and the final prediction error, FPE;
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Eq. (3.19), [50]. Schwarz used Bayes procedure with large number of
samples to implement the Bayesian information criteria, BIC, [51]. Hur-
vich and Tsai added a bias-correction to the AIC to correct for small
sample-size, AICc; Eq. (3.20), [52].

Smail et al. concluded that two sets of model order had to be
established in order to obtain accurate estimation in the presence of
noise [53]. This is because estimation of ARMA models with the same
order as the system does not find all modes and the higher model order
estimates too many modes. They then suggested to plot the eigen-
values, normalised to the first eigen-value, in order to see for which
number of eigen-values the change in significance between successive
modes is small. This value is reported to be found at the first odd
number higher the two times the number of modes in the system.

As the solution to the characteristic equation of an underdamped
system is given by complex conjugate pairs the natural assumption of
AR order is 2n. This assumption is also used to not force a solution with
real roots. The selection of MA order was recommended to be 2n − 1
[54]. This gives the general model order searched for to ARMA(2n, 2n−
1).

Smail et al. showed the importance of selecting a proper sampling
interval for estimation of system properties through ARMA modelling.
Their paper shows that oversampling deteriorated the result when the
sampling frequency was higher than 10 times the highest frequency of
interest and that the optimal sampling frequency was close to 2.5 times
the frequency of interest [55].

AIC = log(1 + 2s/N)
1

N

N∑
k=1

1

2
ε2t (Θ) (3.18)

FPE =
N + s

N − s
1

N

N∑
k=1

1

2
ε2t (Θ) (3.19)

AICc = 2s · s+ 1

N − s− 1
+ log(1 + 2s/N)

1

N

N∑
k=1

1

2
ε2t (Θ) (3.20)

where s is the number of estimated parameters.
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3.4 Operational Dynamic Parameters

Machinery under operational condition, such as a machining system,
should be viewed as a closed-loop system, see section 2.1 where the
machine tool structure interacts with the cutting process. One inter-
esting approach for the evaluation of its capability and performance is
operational dynamic parameters, ODP, introduced in [48] and further
explained in [56].

This concept uses damping as the criterion to evaluate the dynamic
stability of the system. In mechanical systems, the amplitude of vi-
bration increases when the excitation frequency approaches one of the
natural frequencies of the system. However, the system still represents
a stable dynamic system with a certain constant amount of structural
damping, independent of the amplitude of vibration. Thus amplitude
alone cannot give an criteria of system instability. According to the
ODP concept, the operational damping is the joint structure-process
damping. Thus giving a statistical criterion, which can be used for

i) discrimination between forced and self-excited vibrations. Con-
stant operational damping in the presence of forced vibrations,
while a decrease of damping, close to zero, occurs when self-
excited vibration is present.

ii) prediction of the stability limit.

As operational damping tends to zero, the machining system ap-
proaches the limit of instability. Thus, a unified qualitative damping
criterion can be used for both discrimination between forced and self-
excited vibration and for prediction of the stability limit.

Typical frequencies belonging to the machine tool structure are cou-
pled to bending modes of the cutting tool. Typical process frequencies
are tooth passing frequency and its overtones in milling, or chatter.
The key in the effectiveness of ODP is the evaluated damping. If the
system is sufficiently damped there is little concern of problematic vi-
brations. As shown in Papers B, E and G and [48,56,57] the damping
is significantly decreased when the process is subject to chatter. This
property makes for a good separation of process stability.
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3.4.1 ARMA Modelling and ODP Estimation

Vibrations of mechanical systems under white noise excitation are gen-
erally described by the equation of motion Eq. (2.1) with the force
vector replaced by the white noise process

M
d2

dt2
y(t) + C

d

dt
y(t) + Ky(t) = z(t) (3.21)

Since the ARMA model describes the current observation as a sum
of past observations and a combination of uncorrelated terms

yt =

p∑
i=1

αiyt−i +

q∑
i=1

βizt−i (3.22)

it can represent the second-order differential equation used for describ-
ing mechanical vibration, if y(t) is regularly sampled with sample in-
terval Ts [58–60].

Identification of dynamic properties of structures is possible by solv-
ing the characteristic equation obtained from the auto-regressive coef-
ficients [60,61]. The eigen-values are related to natural frequencies and
damping according to

p∑
i=0

αiyt−i =

n∏
j=1

(µ− µj)(µ− µ∗j ) (3.23)

where µj and µ∗j are complex conjugate pairs

µj = exp

(
− ωnjζjTs + iωnj

√
1− ζ2j Ts

)
µ∗j = exp

(
− ωnjζjTs − iωnj

√
1− ζ2j Ts

) (3.24)

following Eq. (3.24) the eigen-frequencies, ωn, and damping ratio, ζ,
can be calculated from

ωnj = − 1

2Ts

√
ln(µjµ∗j )

2 − 4

[
tan−1

(
µj − µ∗j
µj + µ∗j

)]2
(3.25)
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ζj =
ln(µjµ

∗
j )√

ln(µjµ∗j )
2 − 4

[
tan−1

(
µj−µ∗j
µj+µ∗j

)]2 (3.26)

The procedure was successfully employed for identification of modal
parameters [55, 62], building excited by wind [59, 63], drilling machine
[64], cutting [65] and in operational modal analysis [66–68].

By performing the same calculations for the process noise obtained
from on-line measurements Papers B, E and G show that the op-
erational damping is an effective measure for evaluation of machining
system performance.

3.5 Summary

Time series modelling is a common procedure in system identification
and it can be applied to estimate both structure and process prop-
erties. ARMA modelling comes particularly in handy for analysis of
fast changing systems, such as machining systems. The recursive esti-
mation procedure enables real-time analysis of machining systems and
the operational dynamic parameters give a good statistical measure of
the system performance. One drawback with this type of parametric
modelling is that the model order has to be determined before starting
the estimation procedure. However, the benefit of sequentially, sample
by sample, estimate of the properties through recursive ARMA estima-
tion has a benefit over Fourier-based methods, which require a larger
number of samples for high resolution estimates.





Chapter 4

Testing Records Under
Operational Like
Conditions

Testing under operational like state is a third alternative to off-line
and on-line testing. This method is proposed in section 2.3 and it uses
a loaded and running machine tool where the loading unit applies a
known force. The applied load can either mimic the cutting force or be
a predefined force such as Gaussian white noise, in order to evaluate
the closed loop machining system.

It has been shown that off-line records do not represent the system
behaviour under operational conditions, e.g. gyroscopic effects cannot
be seen. Also they cannot adequately track system variations in time
or in the workspace. On-line operational testing methods lack vital in-
formation regarding the force applied to the system and thus cannot be
scaled. A few researchers have therefore investigated testing methods
with operational like conditions, where both excitation and response
are measured.

For testing of dynamic properties of machine tool spindles electro
magnetic exciters and active magnetic bearings have been the focus of
this research [69–73]. In line with this research Paper E presents an
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active magnetic bearing where the force can be controlled via the cur-
rent supplied to the system and the response is measured. Contact free
testing thus enable for rotating spindle measurement under dynamic
load.

Loaded measurements of machine tools via loaded double ball bar is
another method for evaluation of kinematics and quasi-static stiffness
of machine tools and by this determine the deviation in the system
under operational like conditions [74–76].

The benefit of test methods utilising operational like condition is
that the closed-loop representation, emulated effect of the actual con-
dition during machining, is evaluated. The difference, as compared to
on-line record, in this case is that the applied force can be controlled
and measured, which thus gives a better estimation of the machining
system dynamic properties. This can be used to calculate, for instance,
the direction with the largest deflection (lowest stiffness) but the di-
rection of the cutting force is not known and has to be set by the test
engineer if the applied load shall mimic a certain machining process.

4.1 Contactless Excitation and Response Sys-
tem

Dynamic properties in a machining system are to a large extent deter-
mined by the machine tool spindle performance [27]. Due to the change
in contact conditions as a result of changing rotational speed, dynamic
behaviour is also altered, as compared to a stationary spindle.

An important phenomenon for angular contact ball bearings at
high-speed regimes (dm · n >∼ 0.5 · 106 mm rev/min; where dm is the
diameter of the bore in mm and n is the rotational speed in rev/min)
is the development of high centrifugal forces and gyroscopic moments
acting on the balls [77]. These forces become commensurate with the
external force and the preload forces. The centrifugal forces are press-
ing on the balls toward the outer races, thus changing the effective
contact angles and the kinematics of the balls as well as redistributing
contact loads in the bearing [77]. These factors lead to a reduction in
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stiffness [78–80].

In literature various approaches are used to identify the dynamic
properties of the machine tool spindle under rotating conditions. Pfeifer
used, in 1968, an electromagnetic shaker to contactlessly excite a lam-
inated dummy tool (as cited in [81]). Ahn et al. used an active mag-
netic bearing and a tool dummy in their research to show the influence
of rotational speed on the frequencies, especially for higher frequency
modes [72]. Their computations were based on the Fourier transform,
which was also used in [73, 82]. The test rig of Matsubara et al. [73]
and Jamil and Yusoff [82] also used a dummy tool but only one elec-
tromagnet.

In this thesis the solution, presented in Paper E, uses an eight
pole electromagnetic actuator connected in pairs, two pairs in orthog-
onal direction, working synchronised to give a more uniform force over
the full displacement range. The measurement body is equipped with
micro-stages on which capacitive displacement sensors are mounted.
This provides a contactless excitation and response system, CERS, for
analysis of rotating tool displacement. Fig. 4.1 shows the principal
sketch of the system. The uniqueness of this instrument is that a cut-
ting tool is used (instead of a dummy) so that the measurement can
easily be compared with machining tests, see Fig. 4.2.

Current source

Excitation coil Feromagnetic 
core

Tool holder

End mill

Excitation coils

Micro positioning stage

Excitation and response unit

Displacement sensor mount

Body

Figure 4.1: Principle configuration of CERS measurement unit.
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Figure 4.2: CERS measurement unit mounted in a machining center
with cutting tool in measurement position.

The main differences with the instrument and method developed in
this research as compared to other, previous attempts, are

• Not a dummy tool, but an actual cutting tool is used for mea-
surements.

• Time series analysis connected to ODP, thus not dependent on the
amplitude and in-sensitive for time-delays in the measurement.

• Recursive identification of ARMA models and ODP allows cap-
turing of continuous change in the dynamic behaviour of the spin-
dle.
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4.2 Displacement Map

Graphical representation of physical phenomena can be of great help
in understanding and analysing the studied system. The displacement
map, presented in Paper F, plots the radial displacement of a rotor
covering a selected rotational speed interval, see Fig. 4.3. The tool can
be used for both simulated and measured data. If used together with
measurements performed by using CERS it can be either used with or
without excitation.

If excitation is absent the system will measure the radial run-out
and the displacement map can easily be used to select the rotational
speed that displaces the least. It can also be used for maintenance
purpose, especially if two, or more, measurements of the same machine
from different time instances are presented next to each other.

When a dynamic load is applied the displacement map can be used
to select rotational speeds that are the most stable in that loaded condi-
tion. The transformation between stationary and rotating coordinate
frames, presented in Paper F, can be used to analyse the vibration
level of the tool in the local rotating frame, which is otherwise hard to
measure.

4.3 Summary

Testing under operational like conditions is beneficial as it is a con-
trolled measurement procedure, which enables testing under conditions
that are close to the operating conditions. In this research this is im-
plemented for testing of machine tool spindles. Electromagnetic ex-
citation enables contactless excitation of a real cutting tool, mounted
in the spindle, and the capacitive displacement sensors detect the dis-
placement of the rotor. The data obtained from measurements with
CERS can be analysed with both Fourier or time series-based meth-
ods. In this research it is suggested to utilise ARMA modelling for
estimation of model order for further real-time analysis and estimation
of operational dynamic parameters.

The displacement map provides a simple graphical tool for analysis
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of rotational speed dependence on the dynamic behaviour and can be
used for both simulation and measurement results.

Figure 4.3: Example of a displacement map.



Chapter 5

Discussion

Knowledge of the machining system’s dynamic properties is of high
importance if optimal material removal rate is to be achieved under
stable condition. For this is necessary to consider both structural and
process contributions to the dynamic behaviour.

There are two major ways, which have both been explored in this
research (see Papers A - D), to improve the machining system per-
formance in terms of resistance to instability. One is by adding high
damping interfaces (Papers A and B), which change the joint design.
Adding a coating of viscoelastic composite material or multi-layered
nanostructured Cu and CuCNx composites further enhances the damp-
ing capacity of the structure.

Adding damping to the structure is often associated with a loss of
stiffness. This can either be accounted for by clever joint design and/or
selection of joint coating material.

The other way is by active means, which control the mechanical
system. Either by actively compensating for the motion of the tool
relative to the workpiece or as in Papers C and D by changing the
dynamic receptance of the structure during machining. The change in
structure properties allows the user to adapt the configuration to the
process specific requirement.

Off-line measurements are used in Papers A - E and G. Exper-
imental modal analysis is a well known procedure, which in machine
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tools is commonly performed by impact testing when the spindle is
standing still. As the machining system’s dynamic properties are de-
pendent on the rotational speed of the spindle these types of measure-
ment have a limited scope of applicability. Testing under operational
like conditions with loaded and rotating spindle is, however, not very
common. This was thus further exploited and developed in order to
capture the dynamic response of the machine tool under operational
like conditions. The testing tool proposed in this thesis, in Paper E,
has the benefit of excitation and response measurement close to the
tool tip for accurate estimation of frequency response function, FRF.
The FRF can be used either for computation of stability lobe diagram
or in maintenance application by tracing the change over time. The
measurement system was fairly quick to set-up and complete the test-
ing, about 2 hours in a lab environment for 25 different spindle speeds
and separate excitation in two perpendicular directions.

The proposed testing tool is equipped with capacitive displacement
sensors with an upper frequency limit of 15 kHz, these have been care-
fully selected and tested together with lasers and eddy current sensors.
The selection of a capacitive sensor is beneficial over eddy currents as
they need not be recalibrated for measurement on different tool mate-
rials.

High frequency content is often hard to measure with displacement
sensors due to the low amplitude level. Even though the used sensors
have a resolution of 34 nm, noise in high frequency regions mixes with
the signal and estimation of physical parameters is virtually impossible.
However, as the amplitudes are small in this region these modes are
seldom dominant in machining systems. One exception is wear of the
cutting edge where research suggests that the edge is worn out faster
due to high frequency vibrations, mostly by edge chipping.

Another factor strongly coupled to successful implementation of
the tool presented in Paper E is the design of the electromagnetic
excitation. Careful selection of the area, winding and amplifier sets the
limitation of the maximum force that can be exerted on the system.

Analysing the displacement of the tool tip under load and rotation
provides a better understanding of the dynamic behaviour, Papers
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E and F. The displacement map is a simple way to graphically show
the dependence of rotational speed and displacement amplitude. The
displacement map can further be used with analytical predictions of
the displacement or with measurement obtained by the proposed tool.

Prediction of machining system vibration is complicated and often
gives an uncertain outcome. This is due to the large number of factors
that influence the dynamic response. Therefore, an on-line method for
evaluation of machining system dynamic properties is desired. Opera-
tional modal analysis, used in Paper C, has been successfully used for
analysis in engineering applications. However, this research proposes
auto-regressive moving average modelling in order to fully fill this gap.
These models are independent of vibration amplitude and focus on
the characteristics of the signal to estimate dominant frequencies and
damping.

ARMA modelling of machining systems was proven valid for both
off-line and on-line calculations as it can be implemented in a batch
wise or recursive manner. The major drawback with this approach is
the selection of ARMA model order, which is not trivial. However, as
shown in the thesis there are methods that guide the user to a proper
selection of coefficients.

Akaike’s information criteria, sample corrected or not, provides a
useful guidance in the selection of model order and can be used in com-
bination with the final prediction error. Model order determination is
worth spending some extra time on as it has a significant impact on the
outcome of the estimation. Fitting a model with a slightly higher order
than the actual number of structural modes in the system is also rec-
ommended in order to cope with process information and it also tends
to give a slightly better fit of the actual modes, even though the extra
information is of insignificant value in further analysis. Oversampling
of the signal used for ARMA model estimation has a negative impact
on the outcome. Therefore, it is beneficial to perform a screening test
for which the spectral density is calculated and analysed. In machin-
ing systems it is often the modes in the lower frequency range, up to
3000 Hz, that are the most problematic in terms of chatter. Recursive
estimation of ARMA models is also dependent on prior knowledge of
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the model order.

The dynamic properties can be estimated from the ARMA coeffi-
cients thus representing the physical system under investigation. This
is important for estimation and characterisation of dynamic proper-
ties of the machine tool structure as well as the machine and process
interaction.

System performance is a combination of structure and process, and
therefore the operational dynamic parameters were used for evaluation
of stability. The ODP were proven to be an effective method to separate
stable and unstable machine tool process interaction. The clear indica-
tion of significant loss of damping during an unstable process gives an
easy interpretation and judgement for the user.

Using a microphone as the sensor on which the operational dynamic
parameters are estimated gives the benefit of simplified placement of
the sensor in the machine tool, Papers G and B. However, the mi-
crophone does not measure the structural damping of the machine tool
but the aggregated response of the structure and process in terms of
radiated sound. This gives a comparative measure, which is sensitive
to instabilities, as the ODP damping drops significantly when chatter
occurs.

Paper G presents a clear benefit to using ODP as system perfor-
mance metrics. Where classical methods fail to accurately evaluate the
process limits, ODP clearly separates stable and unstable process and
evaluates the tested cutting tools. Naturally the drawback is the num-
ber of tests needed to carry out a full investigation to cover all process
parameters of interest. and therefore it is suggested to locally correct
the process when error occurs.

As ARMA models (the base for calculation of ODP) can be esti-
mated in a recursive manner they are of high interest for on-line imple-
mentation for process monitoring and prediction in real-time. This can
be a great tool for industries that produce a large number of different
parts in small quantities, such as aerospace manufacturing, as it can
stop the process before excessive vibration levels occur.
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5.1 Summary

The methodology and proposed tool in this thesis sum up to a work
flow when working with machining system dynamic properties. The
test instrument, CERS, is used in order to capture the dynamic be-
haviour of the machine tool under load and rotation of the spindle.
This information can be used either for selection of appropriate process
parameters by the process planner or for evaluation of machine tool
health by the maintenance engineer.

As CERS tests the machining system, under off-operational condi-
tions, the model of an auto-regressive moving average model can be
fitted to the structural modes of the machine tool. Further on, this in-
formation is of interest for complete performance analysis. The struc-
tural modes can later be separated from process information and an
indication of minimal model order is given.

Recursive identification of ARMA coefficients can then be imple-
mented in real-time monitoring of the process. This can further lead
to reduced number of scrapped parts, increased process knowledge of
instantaneous events and enable new strategies for one piece manufac-
turing.

The research contribution is both theoretical, strongly coupled with
the first aim of the research, and experimental, mostly coupled with
the second aim, and it has practical application within manufacturing
industries.

This research addresses the problem of A1 with a unified modelling
method for both on-line and off-line estimation of dynamic properties
by studying and implementing time series models by auto-regressive
moving average estimation, given in chapter 3. These models can be
calculated in a batch-wise and recursive manner and are thus suitable
for high precision (batch-wise) and real-time (recursive) computations.
The modelling method represents the dynamic behaviour by the imple-
mentation of operational dynamic parameters, which are explained in
section 3.4.

The contribution to the second aim, A2, in this thesis is the devel-
opment of a measurement instrument for testing under operational like
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conditions, given in chapter 4. The instrument captures the dynamics
of a spindle and cutting tool via contactless excitation and response
measurements, see section 4.1. It is proposed to use a white noise sig-
nal for a broad band excitation suitable for ARMA estimation and the
instrument is helpful in the process of ARMA model order determina-
tion. The instrument can also be used to track changes in the machining
system dynamic properties over time for the purpose of maintenance
application.



Chapter 6

Conclusions

In this thesis it is demonstrated that dynamic response is a significant
part of a machining system’s capability. Therefore it is of major interest
for both researchers and practitioners to establish reliable methods of
evaluating and describing it, thereby extending the knowledge base.

The research shows that testing machining system dynamic proper-
ties by using an electromagnetic excitation enables accurate estimation
under representational conditions, that is with rotating spindle and
under load.

Auto-regressive moving average modelling of machining systems can
successfully be used to extract information regarding both the process
and the machine tool structure.

Recursive estimation of ARMA coefficients requires that the model
order is determined before the computation starts. CERS measure-
ments and batch processed data is hence useful prior attempts of real-
time estimation.

Operational dynamic parameters give a clear separation between
stable and unstable processes. The significant change in damping that
occurs at instability is an effective measure to use whereas the frequen-
cies can be used to follow individual modes.

Indirect measurements for estimation of operational dynamic pa-
rameters enforce low requirements on the sensor and its placement. A
standard free-field condenser microphone was used in this research with
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good results.
Displacement maps give a graphical tool for presentation and inter-

pretation of spindle displacement. They can be used to display simu-
lated or measured displacements in both process planning and mainte-
nance perspective.

The research holds within the overall assumption given in section
1.3. Specially for machining systems with long tool overhang, since
these systems have a clear dominant mode of vibration with low dy-
namic stiffness. Structural properties such as eigen-frequencies and
damping can be calculated from the estimated ARMA model. The cal-
culated value of damping gives a clear separation between stable and
unstable cutting processes.

Coupling back to the aim of the research two condensed answers
can be given:

A1 Auto-regressive moving average models are suitable for calculation
of modal properties of structures. They can also be calculated in
a recursive manner allowing for real-time estimation of opera-
tional dynamic parameters. Thus, they provide a suitable mod-
elling method for both testing and on-line analysis of machining
system dynamic properties.

A2 Using an electromagnetic actuator for excitation and response
measurements was shown to be a suitable method. The sys-
tem proposed in this research, CERS, is able to derive eigen-
frequencies and damping and can further be developed to estimate
the stiffness as well. The data from the instrument can be anal-
ysed by the proposed modelling method for model order selection.



Chapter 7

Future Work

To further enhance the knowledge of machining system capability, op-
erational dynamic parameters is an interesting approach. Initial imple-
mentation and experiments with a real-time system, National Instru-
ments cRIO, was performed (not published) for estimation of ARMA
coefficients and ODP calculation. It is the author’s view that this is
an interesting research approach to an industrial limitation. Achieving
sustainable and competitive manufacturing is a cumbersome task at
hand and scrapped parts need to be eliminated.

Derived from the research presented in this thesis, two main tasks
are proposed for further investigation.

Development of test methods under operational like condi-
tions

Further developments on CERS, and other instruments, which test ma-
chine tools under operational like conditions is of high significance. This
is due to the large number of components that a machine tool is con-
structed out of, and non-linearities. Testing and analysing machine
tools under load and at a condition that mimics the cutting process is
therefore perceived as more accurate in terms of evaluation and predic-
tion of the real outcome.

Estimating direction dependence of the dynamic stiffness for the
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tool tip and rotational speed is interesting for tool path planning and
the displacement map is one way of graphically presenting the data for
easy selection by the engineer.

Recursive estimation of operational dynamic parameters in
real-time

Implementing estimation of ARMA coefficients and ODP on a real-time
system for monitoring and decision making is viewed as a major bene-
fit. Especially for companies working with a large number of different
components. Mass production can benefit by monitoring the process
and correlating the ODP to tool ware. However, the suggestion for
starters, is to target single piece production of high cost components.
Real-time monitoring of the stability of the process can enable auto-
matic process stop if the system is heading towards severe vibration
and process instability.

One interesting approach for improved estimation speed is to in-
vestigate filtering of the data in narrow bands. Data containing only
one, or just a few, modes will decease the ARMA model order, thus
reducing the number of mathematical operations needed for estimation
of the coefficients. By executing parallel loops for the estimation with
the different sets of narrow band filtered data all frequencies of interest
can be analysed.
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“Milling machine spindle analysis using FEM and non-contact
spindle excitation and response measurement,” Int. J. Mach. Tools
Manuf., vol. 47, no. 7, pp. 1034–1045, 2007.

[81] M. Weck, Werkzeugmaschinen Band 4: Messtechnische Unter-
suchung und Beurteilung. Düsseldorf: VDI-Verlag, 1978.

[82] N. Jamil and A. R. Yusoff, “Electromagnetic actuator for deter-
mining frequency response functions of dynamic modal testing on
milling tool,” Measurement, vol. 82, pp. 355–366, 2016.


