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Abstract

Neither production machinery, nor production systems will ever become
completely describable or predictable. This results in the continuous
need for monitoring and diagnostics of such systems in order to man-
age related uncertainties. In advanced production systems uncertainty
has to be the subject to a systematic management process to maintain
machine health and improve performance. Automation of diagnostics
can fundamentally improve this management process by providing an
a�ordable and scalable information source.

In this thesis, the important aspects of uncertainty management in
production systems are established and serve as a basis for the com-
position of an uncertainty-based machine diagnostics framework. The
proposed framework requires �exible, fast, integrated and automated
diagnostics methods. An inertial measurement-based test method is
presented in order to satisfy these requirements and enable automated
measurements for diagnostics of production machinery. The gained in-
sights and knowledge about production machine health and capability
improve transparency, predictability and dependability of production
machinery and production systems. These improvements lead to in-
creased overall equipment e�ectiveness and higher level of sustainability
in operation.

Keywords: Uncertainty Management, Automated Diagnostics,
Inertial Measurement Unit
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Sammanfattning

Varken produktionsmaskiner eller produktionssystem kommer någonsin
att bli fullständigt beskrivbara eller förutsägbara. Detta resulterar i
ett kontinuerligt behov av övervakning och diagnostik av anordningar
och system för att kunna hantera relaterade osäkerheter. I avancerade
produktionssystem måste osäkerhet vara föremål för en systematisk
hanteringsprocess för att upprätthålla maskinshälsa och förbättra pres-
tanda. Automatisering av diagnostik kan fundamentalt förbättra denna
hanteringsprocess genom att tillhandahålla en prisvärd och skalbar in-
formationskälla.

I den här avhandlingen fastställs de viktiga aspekterna av osäker-
hetshantering i produktionssystem och detta utgör grunden för kon-
struktionen av ett osäkerhetsbaserat ramverk för maskindiagnostik. Det
föreslagna ramverket kräver �exibla, snabba, integrerade och automa-
tiserade diagnostiska metoder. En tröghetsmätningsbaserad testmetod
presenteras för att uppfylla dessa krav och möjliggöra automatiserade
mätningar för diagnostik av produktionsmaskiner. De erhållna insikterna
och kunskaperna relaterade till produktionsmaskinens hälsa och kapa-
citet förbättrar transparens, förutsägbarhet och pålitlighet för produk-
tionsmaskiner och produktionssystem. Dessa förbättringar leder till ökad
övergripande utrustningse�ektivitet och högre resurse�ektivitet.

Nyckelord: Osäkerhetshantering, Automatiserad Diagnostik,
Tröghetsmätningsenhet
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Terminology

The terminology used in this thesis primarily follows the International
Vocabulary of Basic and General Terms in Metrology (VIM) [1] and ISO
(International Organization for Standardization) 13372:2012 [2], which
is the vocabulary for condition monitoring and diagnostics of machines.
Secondarily, the terminology de�ned in standards collected in the re-
lated licentiate thesis [3] of the author, and thirdly, the dictionary of
the International Academy for Production Engineering (CIRP) [4]. This
thesis builds on the basis of �ndings in the �eld of metrology and intro-
duces concepts to the �eld of production. To support the understanding,
a summary of the most important terms are highlighted below.

Failure: termination of the ability of an item to perform a required
function [2].

Fault: condition of a machine that occurs when one of its components
or assemblies degrades or exhibits abnormal behaviour, which may
lead to the failure of the machine. A fault can be the result of a
failure, but can exist without a failure [2].

Symptom: perception, made by means of human observations and
measurements, which may indicate the presence of one or more faults
[2].

Syndrome: group of signs or symptoms that collectively indicate or
characterise an abnormal condition [2].
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Root cause: set of conditions or actions that occur at the beginning of
a sequence of events that result in the initiation of a failure mode [2].

Criticality: index of the severity of an e�ect combined with the prob-
ability of expected frequency of its occurrence [2].

Condition monitoring: acquisition and processing of information and
data that indicate the state of a machine over time. The machine
state deteriorates if faults or failures occur [2].

Diagnostics: examination of symptoms and syndromes to determine
the nature of faults or failures (kind, situation, extent) [2].

Prognostics: analysis of the symptoms of faults to predict future con-
dition and residual life within design parameters [2].

Machine health management: capability to make appropriate decisions
about maintenance actions based on diagnostics or prognostics in-
formation, available resources and operational demand [2].

Machine capability: ability of a machine to realise a product that will
ful�l the requirements for that product (adapted from [5]).

Measurement: process of experimentally obtaining one or more quant-
ity values that can reasonably be attributed to a quantity [1].

Measurand: quantity intended to be measured [1].

Measurement uncertainty: non-negative parameter characterising the
dispersion of the quantity values being attributed to a measurand,
based on the information used [1].

Uncertainty budget: statement of a measurement uncertainty, of the
components of that measurement uncertainty, and of their calculation
and combination [1].

Calibration: operation that, under speci�ed conditions, in a �rst step,
establishes a relation between the quantity values with measurement
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uncertainties provided by measurement standards and correspond-
ing indications with associated measurement uncertainties and, in a
second step, uses this information to establish a relation for obtaining
a measurement result from an indication [1].

Traceability: (metrological) property of a measurement result whereby
the result can be related to a reference through a documented un-
broken chain of calibrations, each contributing to the measurement
uncertainty [1].
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Chapter 1

Introduction

This thesis is written in the �eld of precision engineering, applied to
manufacturing and industrial metrology. Precision engineering is an in-
terdisciplinary �eld of engineering which aims to increase transparency
and controllability of engineering systems and processes. Manufacturing
is one of the biggest application areas of precision engineering, where
controlling manufacturing processes has a fundamental connection to
industrial metrology. Due to competitive pressure, there is a continu-
ously increasing demand for higher productivity and part quality. The
sustainable operation of manufacturing is also gaining more import-
ance, as well as demanding increased resource e�ciency. These demands
lead to addressing higher levels of complexity in the manufacturing in-
dustry, which requires the development of proper tools and procedures.
Speci�cally, production machinery diagnostics and prognostics is one of
the areas within manufacturing that is in signi�cant need for novel tools
and procedures.
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2 CHAPTER 1. INTRODUCTION

Figure 1.1: Physics-based approach in diagnostics and prognostics of
production systems

1.1 Background, Challenges, and Trends

The starting point for the implemented research in this thesis is the
physical system of machine tools together with certain aspects and con-
ditions of the manufacturing process itself. Based on the physical beha-
viour, the target is the representation of machine tool health and cap-
ability through the utilisation of diagnostics, including traceable meas-
urements and modelling of relevant physical quantities.

Information created and kept on low system level in production can
only have limited impact. Therefore, the �nal target is to lift the result
of diagnostics to a higher system level and represent as Key Perform-
ance Indicators (KPIs), which are meaningful and can be interpreted on
various operational levels, including production, maintenance, quality,
or even strategic decision making (Figure 1.1). A machine diagnostics
framework is needed to provide a structure for various components of
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diagnostics activities in this context. An important aspect is to keep
metrological traceability as far as possible in this process. As it will be
introduced later, metrological traceability assures the control over un-
certainty in a metrological sense, which then can be propagated through
mathematical models, according to standardised procedures.

Uncertainty in a broader sense is rooted in complexity, limited re-
sources and bias in our knowledge. Most importantly, uncertainty is
the result of bias and randomness in our procedures. Our procedures,
in a wide sense, have to be created and continuously revised from an
uncertainty-based viewpoint, to e�ectively address complexity and gain
accurate knowledge. Solid understanding of the nature of uncertainty
and the ways to handle it is essential. Today, if it has attention at
all, uncertainty is mostly viewed as a di�cult to control, undesirable
consequence, which should be reduced by available means. This work
promotes the mindset, that uncertainty should be the result of a sys-
tematic management process, which results in an acceptable level of
uncertainty corresponding to prede�ned targets.

Automation has transformed nearly all aspects of the manufactur-
ing industry, but machine diagnostics still relies on manual tools and
procedures. Automation of diagnostics can fundamentally improve the
uncertainty management process by providing a�ordable and scalable
information source. At the same time, automated diagnostics could rely
on the guiding principles of uncertainty management.

Manufacturing is a knowledge intensive sector, due to the high level
of complexity in systems and processes [6]. Manufacturers are looking
for new opportunities to achieve growth and tackle continuously increas-
ing competition in the sector. Greater cost containment and increased
spending on Research and Development (R&D) are increasingly per-
cieved as a necessity to gain competitive advantage [7, 8]. Continuous
optimisation of infrastructure utilisation (including machinery, which
is responsible for the majority of the capital expenditure) has become
one of the main targets of R&D in manufacturing [9]. According to an
extensive survey implemented by K. L. Lueth et al. [10] predictive and
prescriptive maintenance of machines has the highest focus of develop-
ments in the �eld of industrial analytics. An important reason behind
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it is the missing large scale data which contain root causes and not
solely e�ects. Implementation studies have demonstrated the potential
of higher production capability utilisation, which can achieve: i) 10-
20% reduced cost for quality [11], ii) 30-50% reduction of total machine
downtime [12], iii) 20-50% decrease in time to market [12], and iv)

10-40% reduction of maintenance costs [9].

Global trends have a fundamental impact on manufacturing techno-
logy. The topics of resource e�ciency, excellence in new process techno-
logies, increasing �exibility and transparency are signi�cant in produc-
tion [13]. These directions represent a driving power for developments
in the �eld of industrial metrology as can be seen on Figure 1.2. The
challenges and trends in industrial metrology can be well summarised
by four terms: �faster", �safer", �more accurate" and �more �exible".
Essentially these words are the title of the �Manufacturing Metrology
Roadmap" issued by the Verein Deutscher Ingenieure (VDI) Society for
Measurement and Automatic Control [14]. Speed and accuracy are key
topics in the future of metrology. There is strong evidence that metro-
logy, the science of measurement, will continue to grow in importance
to industrial production.

The three traditional main pillars of metrology are uncertainty, cal-
ibration, and traceability. Hereby, uncertainty can be seen as the basis
for the other two. The concept of measurement uncertainty was formed
in the previous two decades, but in the 21st century the demand for
an e�ective concept and practical handling tools increases. As a result
of higher demands for automated and self-decision making systems, as
well as increasing requirements for high-precision operations, engineer-
ing systems are getting more and more complex and the urgency for
robustness is unquestionable. In this context, raising awareness of the
management of uncertainty has high importance, and it is also one of
the main target of this thesis.

Reaching the research objectives can result in a higher Return on In-
vestment (ROI) for capital invested in production machinery. This goal
can be achieved through increasing Overall Equipment E�ectiveness
(OEE), by increasing both availability, performance, and production
quality as well as higher resource e�ciency of production machinery.



1.1. BACKGROUND, CHALLENGES, AND TRENDS 5

Figure 1.2: Trends in manufacturing technology and industrial metro-
logy derived from global trends (adapted from work from WZL, RWTH
Aachen and [13])

Sustainability is an important aspect that is emerging in all �elds
of engineering. One of the enablers towards the sustainable growth of
machine utilisation is diagnostics information. There is an embedded
trade-o� between competitiveness and sustainability. The need to re-
solve this trade-o� has high signi�cance for society. One of the expected
grounds on which the solution will be found is resource e�ciency. Ma-
chine diagnostics can be one of the biggest value creators to increase re-
source e�ciency and productivity at the same time. The proper insights
into machine health can result in reduced scrap and rework production,
reduced number of replacement components due to more reliable pre-
dictions of breakdowns and processes. Furthermore, it can contribute
to increased tool lifetime, or increased OEE can lead to less needed
machinery for users in the long-term.



6 CHAPTER 1. INTRODUCTION

1.2 Motivation and Research Questions

A capital worth over an estimated $1.2 trillion USD is invested world-
wide in already installed production machinery1, based on machine tools
and industrial robots. According to a research [15] there is an approx-
imated OEE of 50% for machine tools. The aforementioned investment
with the related e�ectiveness outlines an enormous value gap related
to diagnostics and monitoring of production machinery. But, OEE, or
productivity in a more general sense, is just one part of the overall value
creation opportunity.

The primary function of production machinery is to produce parts
within acceptable tolerances. For machine tools, this means to control
the material removal process through the relative displacement between
the table and the tool. The following levels of functional deviations can
be summarised for production machinery:

1. Operation cannot be performed, due to failure of production ma-
chinery (complete loss of primary function).

2. Operation results in continuous scrap production or need for re-
work (required tolerances are not satis�ed, complete loss of primary
function).

3. Operation is performed within acceptable tolerances, but stat-
istical capability indicators are not satis�ed (distribution of part
dimensions are unacceptable, signi�cant loss of primary function).

4. Operation is performed under stable process control, but the dis-
tributions of part dimensions are wide (acceptable deviations of
system function).

Besides productivity, part quality su�ers in all cases, even including
the last case. However, it is more di�cult to quantify the related life

1Estimated according to datasets from Gardner Research, CECIMO and the In-
ternational Federation of Robotics by assuming an average of 15 years of lifetime for
machine tools and 8 years for industrial robots.
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cycle costs. An important assumption can be formed, that costs related
to quality-loss due to machine health exceed the cost of the produc-
tion machine itself over its lifetime. One example related to the cost
of quality-loss would be the shortened lifetime of a product, due to the
fact that even if it were produced within tolerances, it was implemented
close to the acceptance limit. The health state of production machinery
is directly linked to the conditions of its subsystems and components.
Mechanical degradation of components (including fatigue, wear, corro-
sion, erosion, deformation, fracture, or cracking) results in complete or
partial loss of functionality. This makes mechanical degradations one of
the single biggest risk for the hundreds of billions of USD investments
in already installed assets and for the trillions of USD worth of products,
where these machinery (as well as their mechanical degradations) are
leaving their �ngerprint. The advanced operation of production ma-
chinery can only be enabled with the proper insights into the mutual
in�uence of process and machine.

This thesis dedicates attention to understanding: i) How can the
e�ect of operational conditions on machine health be tracked? ii) How
can the root causes of developing machine faults be traced? iii) How
can machine health and developing faults a�ect machine capability and
product quality? The formulated research questions aim to contribute in
gaining knowledge related to these focus areas. The addressed research
questions in this thesis are the following:

RQ I) What are the most important characteristics of uncertainty
management in the domain of production?

RQ II) How can the systematic management of uncertainty support
the development of a diagnostics framework for production ma-
chinery?

RQ III) How and to what extent can an inertial measurement-based
test method be utilised for automated diagnostics of physics-based
degradations of production machinery?
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1.3 Research Objectives

Research objectives are formed based on the introduced context and
research questions. The structure of research questions and objectives
is shown on Figure 1.3. The formed research objectives in this thesis
are the following:

O1.0) Adapt the advanced concept of uncertainty estimation from met-
rology to the �eld of production engineering and establish the
most important aspects and principles of uncertainty management
in production systems.

O2.0) Use the established systematic uncertainty management process
to facilitate the integration of measurement systems into produc-
tion.

O3.0) Construct a framework for production machine diagnostics, based
on the systematic uncertainty management and integration of
measurement systems into production.

O3.1) Introduce the concept of diagnostics model (DM) in order to
connect machine health and machine capability.

O4.0) Develop tools and methods to provide realisation of the parts of
the proposed diagnostics framework (under prede�ned production
conditions).

O5.0) Derive the most important components of automated diagnostics
of production machinery.

O6.0) Develop a test method utilising an inertial measurement unit
(IMU) to realise automated diagnostics of production machinery.

O6.1) Design and build a test environment where the proposed frame-
work and test method can be developed and demonstrated.

RQ I addresses the �rst and second research objectives, RQ II

the third and fourth objectives and RQ II targets the �fth and sixth
objectives.
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1.4 Research Methodology

The nature of research brought into this thesis follows the philosophical
theory of positivism. Positivism holds that the valid source of know-
ledge (or truth) is posteriori, meaning that information is collected
through observations of natural phenomena and certain knowledge is
gained through reasoning and logic [16]. Falsi�cation developed by Karl
Popper is an important step after positivism, in which it is possible to
reject beliefs if they can be proven false, however due to the impossib-
ility of veri�cation, the objective truth is unknown. Certain aspects of
this research are pointing towards postpositivism, which represents the
thinking after positivism, challenging the traditional notion of absolute
truth knowledge, which in this paradigm can never be found [17]. In this
viewpoint knowledge is not equivalent with certainty, and uncertainty
is not simply the absence of knowledge. New knowledge on complex
processes may reveal the presence of uncertainties that were previously
known or were underestimated. In this way, more knowledge illumin-
ates that our understanding is more limited or that the processes are
more complex than previously thought [18]. An important consequence
is that more knowledge does not necessarily mean more certainty, but
on the other hand less uncertainty can require further knowledge. As
Shackle expressed it in his theory of unknowledge: �There would be
no uncertainty if a question could be answered by seeking additional
knowledge. The fundamental imperfection of knowledge is the essence
of uncertainty." [19].

The concept of uncertainty in measurements was reshaped signi�c-
antly by the debate of recent decades. This process, from a philosophy
of science point of view, could be understood as a step towards post-
positivism. Todays concept of uncertainty in measurements will cer-
tainly change in the future as many publications highlight development
possibilities [20�22]. However, the most important change, which is also
relevant to this work, can be introduced through the shift from error-
based to uncertainty-based thinking. The concept of uncertainty as a
quanti�able attribute is relatively new in the history of measurement,
although error and error analysis have long been a part of the practice
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of measurement science or metrology [23]. In the �traditional" error-
based approach the aim is to determine an estimate that is as close as
possible to the true value of the measurand, meanwhile treating system-
atic and random errors di�erently, where the �total error is estimated
as an upper limit of the absolute value" [4]. In this approach, the er-
ror can change for each measurement attempt. On the other hand, in
uncertainty-based thinking the true value of the measurand is accepted
to be unknown and the target of the measurement is to determine a con-
�dence interval in which a stronger statement can be made, where the
true value of the measurand can lie. In this approach it is accepted that
systematic and random errors are not that di�erent. Furthermore, with
the combined standard uncertainty, a reliable measure of the possible
total error related to the determined quantity value can be given.

The knowledge developed in this thesis is based on deterministic
thinking, in which causes determine e�ects or outcomes, which are ex-
plored with careful observation and measurement of the objective real-
ity that exists �out there� in the world [24]. Thus, experimentation,
numerical measures and quantitative methods are employed to reach
positive facts. The research carried out in this thesis also relies on these
methods. Both laboratory experimentations and case studies are im-
plemented to reach conclusions. Inductive reasoning is used to derive
general principles from these speci�c observations.

1.5 Thesis Structure

The scope and structure of the thesis related to these objectives are
summarised in Figure 1.3. The thesis is organised into 6 chapters.

Chapter 1 gives an introduction to the research goals and object-
ives, with relevant trends and challenges. The research questions are
listed and the appended papers are outlined.

Chapter 2 outlines the main aspects of uncertainty management
in production processes and systems and targets RQ I). This chapter
also contains a summary of the licentiate thesis by the author. It serves
as an important basis for the third chapter.
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Chapter 3 introduces the machine diagnostics framework, which
is based on the systematic management of uncertainty. This chapter
addresses the second research question (RQ II) as well as summarises
the relevant scienti�c publications.

Figure 1.3: Structure of the thesis including related publications and
keywords

Chapter 4 introduces a novel measurement method, which en-
ables automated diagnostics of production machinery and essentially
provides a practical procedure to realise the machine diagnostics frame-
work constructed in the third chapter. An inertial measurement-based
method is developed, which utilises accelerometers and rate-gyroscopes
to characterise axes degradations. The third research question (RQ III)
is answered in this chapter. An automated diagnostics testbed is also
presented in this chapter to support the development and demonstra-
tion of the automated test method.

Chapter 5 holds a discussion and concludes the work by re�ecting
on the answered research questions.

Chapter 6 describes the outlook of the work, including the most
important future steps.
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1.6 Author's Contribution to Appended Papers

The list of appended publications is presented in the beginning of the
thesis. The authors contribution to each appended paper is described
in this section.

In Paper A the author performed the measurements and implemen-
ted the evaluation of the results in collaboration with the co-
authors. The models were derived by the author, together with
the evaluation of the experimental validation and representation
of the results with the supervision of the co-authors.

In Paper B the author coordinated the research work, and in col-
laboration with the co-authors performed the measurements and
implemented the evaluation of the results. The manuscript was
written under the supervision of the co-authors.

In Paper C the author wrote section 2-4, implemented the evaluation
of the experiments and provided the model behind the CAx frame-
work. Section 1 and 7 were written together with the co-authors.

In Paper D the author wrote the manuscript and developed the util-
isation approach under the supervision of the co-author.

In Paper E the author wrote the manuscript, developed the indic-
ators and implemented the assessment of experiments under the
supervision of the co-authors. The experiments were implemented
together with the co-authors.

In Paper F the author coordinated the research work, performed the
measurements, developed the analysis software and implemented
the evaluation of the results. The manuscript was written in col-
laboration and under the supervision of the co-authors.

In Paper G the author built the test setup and implemented the
experiments together with evaluating the results for the case study
related to the low spatial-frequency deformation on the two-axis
testbed.



Chapter 2

Uncertainty Management in

Production Processes and

Systems

This chapter de�nes and highlights the most important characteristics
of uncertainty management in production processes and sets the focus
from a higher production system level perspective. The �rst research
question is addressed in this chapter. First, the deterministic view of
uncertainty is clari�ed in order to set the basis for discussions around
error and uncertainty. Second, the state of the art frameworks for un-
certainty management are highlighted together with the de�nition of
the process of uncertainty management. Then, the terms error and un-
certainty in production are clari�ed and de�nitions are provided. It is
followed by a discussion around the major sources of uncertainty in
production and related measurement processes. Then, an explanation
of the main evaluation stages is provided. Last, a systematic integration
of measurement system into production equipment is introduced. The
licentiate thesis of the author [3], entitled: �Modelling and management
of uncertainty in production systems� has background information to
this chapter. Some of the most important parts of the licentiate thesis
are summarised in this chapter.

13
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The concept of uncertainty as a quanti�able attribute is relatively
new in the history of measurement science, although error and error ana-
lysis have for a long time been part of the practice of measurement [23].
There has been a crucial shift of paradigm throughout these decades,
which is related to the fact that the concept of uncertainty in meas-
urements was reshaped and developed signi�cantly in the debates of
recent decades. The most important change can be introduced through
the shift from an error-based to an uncertainty-based viewpoint. At
the same time, the �eld of production engineering can bene�t signi�c-
antly from adopting the highly developed concept of uncertainty from
the �eld of measurement science. This adoption can be implemented on
levels ranging from high scienti�c levels, touching philosophical aspects,
through change of mindset or focus on a general level, to standardised
procedures, and practical processes and actions.

2.1 Deterministic View of Uncertainty

Neither production equipment, nor production systems will ever be-
come completely describable or predictable. This statement seemingly
contradicts the notion of important �gures in the development of the
precision engineering �eld:

�The basic idea is that machine tools obey cause-and-e�ect rela-
tionships that are within our ability to understand and control
and that there is nothing random or probabilistic about their be-
havior. Everything happens for a reason and the list of reasons is
small enough to manage.� [25] - J. B. Bryan.

�By this we mean that machine tool errors obey cause-and-e�ect
relationships, and do not vary randomly for no reason. Further,
the causes are not esoteric and uncontrollable, but can be ex-
plained in terms of familiar engineering principles.� [26] - R. R.
Donaldson.
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This thesis is devoted to determinism as expressed by J. B. Bryan
and R. R. Donaldson. In order to understand this consistency, a clear
distinction needs to be made between the physical processes, which
obey natural laws, and the observation and perception of these pro-
cesses, through which incomplete knowledge can be gained. The former,
the natural physical processes obeying natural laws, are deterministic
(there is no randomness in their behaviour), but the latter, their obser-
vation and the human perception, together with the gained knowledge
is uncertain (also in the non-quantitative sense of uncertainty).

Precision engineering increases control in our engineering systems
by addressing the next most critical unexplored in�uence factor. Im-
plementing this with the aim of creating transparency in the human
perception of systems and processes, which are deterministic in nature.
Human perception is crucial to assure long-term reliance on engineering
systems and processes and opportunities for their sustainable develop-
ment. Therefore, human perception will remain a fundamental factor in
complex engineering systems. But there are limitations to human per-
ception, much as there will always be limitations in all of human-made
procedures. And this does not contradict the encouraging thoughts of
the pioneers of precision engineering. The boundary between random
and systematic behaviour of the underlying phenomena can be de-
scribed by the human describability and predictability. Therefore, meas-
urements in general, and particularly in production, are best described
through �a probability distribution that provides an unambiguous en-
coding of one's state of knowledge about the measured quantity� [27].
In this viewpoint, there is room for combining probabilities related to
our understanding of physical processes.

2.2 Frameworks of Uncertainty Management

To increase controllability and utilise capabilities in production, the un-
certainties related to processes need to be managed properly. Manage-
ment of uncertainty is a continuous compromise between the bene�ts of
certainty, risks and the cost of the e�orts related to the expression and
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management of uncertainty. Several advanced guides support the devel-
opment of a common sense on the topic of uncertainty-based thinking
in production. An extensive summary of the most important interna-
tionally accepted standards can be found in the licentiate thesis of the
author [3]. As was previously mentioned, the current concept of uncer-
tainty is mainly driven by the �eld of metrology. The most important
documents are also highlighted here.

The Guide to the Expression of Uncertainty in Measurement (GUM)
[28] primarily provides a framework for assessing measurement uncer-
tainty, but it is also applicable from a more general viewpoint to the
evaluation of complex systems and their components. This framework
is based on the law of propagation of uncertainty through a measure-
ment model. The established directives mostly focus on the evaluation
of standard and expanded uncertainty associated with an estimate of
the output quantity of a measurement. There are three important sup-
plements. The �rst describes the application of the Monte Carlo Method
(MCM), which can be seen as an internationally accepted alternative
to the evaluation procedure described in ISO/IEC 98-3. The most im-
portant di�erence is that the MCM expresses uncertainty through the
propagation of distributions (attributing uncertainty), rather than deal-
ing with separate standard uncertainty components. The MCM is also
valid in cases where the application of the GUM is inadequate. The
second supplement extends the previously introduced two concepts to
multivariate models (models with more than one output quantity). This
supplement also provides guidelines for the determination of coverage
regions, which are �the counterpart of coverage interval for a single scalar
output quantity� [29].

The ISO 230-2 [30] and 230-9 [31] are essential standards for the
characterisation of error and uncertainty sources related to machine
tools, including their performance, and the characterisation procedures
themselves. Inspection of workpieces for the evaluation of the produc-
tion process has high importance. Several Geometrical Product Spe-
ci�cations (GPS) standards provide guidance in various aspects for the
judgement of uncertainty in measurement and production.
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Standard ISO 14253-1 [32] introduces the Procedure for Uncertainty
MAnagement in measurement (PUMA, or also called iterative GUM),
where the main principles can be used on a more generic level in pro-
duction. The Procedure for Uncertainty Management in measurement
processes requires clearly de�ned: measuring task, measurand and tar-
get uncertainty. The procedure is iterative as can be seen in Figure
2.1 and the main principle is to investigate the consequence of changed
conditions or parameters in the applied method or procedure on the
overall uncertainty. The �rst iteration, in the procedure is for an orient-
ation, to identify dominant uncertainty components in the uncertainty
budget. �Before the new iteration, analyse the relative magnitude of the
uncertainty components. In many cases a few uncertainty components
dominate the combined standard uncertainty� [32]. In the second (and
further) iteration, the overestimation of these components is re�ned by
developing a more detailed description or model of the underlying com-
plexity. This way, the excessive overestimation is gradually reduced with
each iteration and the overall estimation of uncertainty gets increasingly
closer to its true value. The �nal uncertainty in each iteration is com-
pared with the target uncertainty. The iterations stop when the �nal
estimated uncertainty is lower or equal to the target uncertainty. �When
all possibilities have been used for making more accurate (lower) upper
bound estimates� [32] of the �nal estimated uncertainty, it is con�rmed
that it is not possible to satisfy the given requirements.

The approach introduced in PUMA can be bene�cial during the
design and development of processes and procedures in production.
However, a few critical points need to be addressed. Firstly, the con-
sideration of the disadvantages of upper bound estimates or �worst-case
contribution�. And secondly, the introduced procedure does not neces-
sary lead to an a�ordable economic optimum. For this, the related costs
need to be assessed and given as an aspect before a more detailed un-
certainty model is developed for a given component.
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Figure 2.1: Procedure for Uncertainty MAnagement in measurements
[32]
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Uncertainty management in production was de�ned in the licentiate
thesis [3] as the process of deriving the adequate production capabil-
ity1 from the estimate of the uncertainty components that contributes
to the uncertainty of the overall production process. The main steps
of uncertainty management include: de�nition, evaluation and expres-
sion, improvement, and control. The evaluation and expression step
includes information acquisition, model formulation, and calculation.
These steps are discussed more in detail in Section 2.4. During the eval-
uation step, various identi�ed uncertainty contributors are propagated
and summed through the model which maps input quantities into out-
put quantities. The evaluation is implemented in order to express the
related uncertainties of the output quantities. The main task of uncer-
tainty management is to control the level of uncertainty in production
systems, through controlling contribution of the uncertainty compon-
ents. In advanced production systems uncertainty shall be the result of
a systematic optimisation procedure. Optimisation does not solely refer
to reduction (which in most of the instances is desired) due to techno-
logical and economical limitations. Uncertainty in industrial processes
can be reduced by the following means: i) improving the de�nition of
the characteristic, which is attributed to the estimated uncertainty, ii)
utilisation of a priori knowledge to improve production processes, iii)
improved knowledge related to the estimation of uncertainty (which in
the �worst-case contribution� approach, leads to systematic reduction),
and iv) introduction of adequate measuring system with traceability,
or v) improved measurement procedure.

Uncertainty management has several advantages:

� It assures a common ground for the practical assessment of quan-
ti�ed variations from various sources.

� It supports the well-structured decomposition of complex systems
and sub-systems, which is driven by a sensitivity analysis.

1The term capability is used according to ISO 22514-1:2014: �ability of an organ-
isation, system, or process to realise a product that will ful�l the requirements for
that product� [5].
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� It can provide a �exible, iterative assessment, where it is possible
to proceed from giving rough estimations to developing highly
detailed description, if a more accurate uncertainty statement is
needed.

� It is unit independent and can be used to aggregate e�ects of
di�erent sources.

2.3 Error and Uncertainty in Metrology and in

Production

According to the de�nition of the International Vocabulary of Metro-
logy (VIM), a measurement is implemented to obtain a quantity value,
which can reasonably be attributed to a measurand (according to [1]).
However, �variations in the repeated observations are assumed to arise
because in�uence quantities2 that can a�ect the measurement result
are not held completely constant� [23]. As a consequence, the result of
a measurement can only be an approximation and the true value of the
measurand will be unknown. The di�erence between measurement res-
ult and the true value of the measurand will be the measurement error.
This makes the measurement error an idealised concept as neither the
true value of the measurand nor the di�erence from it can be completely
known. Traditionally, the measurement error is decomposed into two
parts: a random and a systematic part. These can be distinguished from
each other according to the nature of the in�uence quantities e�ecting
the result of a measurement. Random measurement error presumably
arises from unpredictable temporal or spatial variations of in�uence
quantities, while systematic measurement errors have recognised in�u-
ence sources that can be (reasonably) predicted [23]. Both random and
systematic measurement errors are idealised concepts. Thus, their true
value cannot be completely obtained. However, a di�erence between

2The term in�uence quantity is de�ned in the VIM as �quantity that, in a direct
measurement, does not a�ect the quantity that is actually measured, but a�ects the
relation between the indication and the measurement result� [1].
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them is that systematic variations can be corrected, due to the pre-
dictable nature of the in�uence quantities. It is important to note, that
such a compensation will always result in residuals due to the limita-
tions in complete predictability. Ultimately, there is a strong need from a
practical point of view, to introduce a quantitative evaluation of meas-
urement trueness, characterising the residual systematic and random
measurement errors in a series of obtained measurements. This concept
is introduced in the GUM [23].

It is important to distinguish between production errors and errors
in measurements. A production error can be de�ned as the deviation
of the product feature from its nominal value. This concept does not
include the tolerances given in speci�cations, meaning that there is an
acceptable level of production error. And even though it is acceptable,
in this thesis the focus is on the e�ects and causes of this deviation
from a nominal value, which can be seen as a quality-loss. The true
value of the error in production is also unknown but, in contrast with
measurement errors, production errors can be the measurand itself. The
detailed description of production errors is necessary for the control of
production processes.

In a broad sense, uncertainty can be understood as a �doubt� in
knowledge related to incomplete information or information with ques-
tionable validity. This concept of uncertainty is not necessary quanti-
�able. At this general level, uncertainty is closely connected to com-
plexity, as �a complex system is one where uncertainty exists� [4]. In
this sense, complexity can be de�ned as a measure of uncertainty [33].
For the remainder of this thesis, uncertainty is only considered in its
quantitative sense.

When reporting the result of a measurement of a physical quantity, it
is obligatory that some quantitative indication of the quality of the res-
ult is given so that those who use it can assess its reliability [23]. In this
sense, measurement uncertainty is the indication of the quality and re-
liability of the measurement result. It can be de�ned as a �non-negative
parameter characterising the dispersion of the quantity values being
attributed to a measurand, based on the information used� (VIM [1],
2008), where the parameter, for instance, can be a standard deviation
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or a multiple of it. This de�nition of measurement uncertainty is called
an operational one with a focus on the evaluated uncertainty related to
a measurement result. However, this concept is consistent with other
uncertainty concepts:

� �parameter, associated with the result of a measurement, that
characterises the dispersion of the values that could reasonable be
attributed to the measurand� (VIM, 1993)

� �an estimate characterizing the range of values within the true
value of the measurand� (VIM, 1984)

� �the measure of the possible error in the estimated value of the
measurand as provided by the result of a measurement� (an error-
based de�nition)

In all concepts, measurement uncertainty includes components arising
both from systematic and random e�ects. The acceptance of the fact
that systematic and random errors in their real physical sense are not
di�erent is crucial for the uncertainty-based approach. Even though in
many cases it might seem sensible to introduce the concepts of random
and systematic uncertainty, with the de�nition of VIM (1993) of uncer-
tainty, these concepts are inconsistent with the internationally accepted
ones.

Measurement uncertainty in production is important mostly in cal-
ibration and in testing against speci�cations. Uncertainty in an indus-
trial process can only be expressed and managed if the traceability of
equipment and instruments is assured through standardised calibration
procedures. In principle, on the lower levels of an established calibration
hierarchy the uncertainty is increasing, which highlights the necessity
of keeping the traceability chain as short as possible. Usually, the veri-
�cation of products is in the lowest end of such a calibration hierarchy,
including the calibration of production equipment used to increase the
accuracy of these products. The geometry of a veri�ed �nal product usu-
ally represents one end of such series of calibrations. The testing of the
geometry of �nished products against speci�cations needs to be imple-
mented by taking into account the measurement uncertainty. Two main
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approaches of evaluating uncertainty can be distinguished according to
the VIM [1]. These de�nitions can also be interpreted in the domain of
production, on the condition that, in case of Type A assessment, the
production process is repeated.

� Type A evaluation (of uncertainty): �method of evaluation of un-
certainty by statistical analysis of series of observations�.

� Type B evaluation (of uncertainty): �method of evaluation of un-
certainty by means other than the statistical analysis of series of
observations�.

Uncertainty in production can be de�ned as a non-negative para-
meter characterising the dispersion of quantity values being attributed
to a nominal value of a production output, based on the information
used. The quantity values can be related to product quality and pro-
ductivity as well. Underlying root causes of faults from di�erent sources
can be assessed through establishing a common ground for systematic
and random errors in production. Finally, it can be expressed with a
similar approach as in the case of measurements. The biggest di�er-
ence is that systematic production errors (as they are characterised) are
not part of the uncertainty in production, especially if they are com-
pensated. Uncompensated systematic production errors, together with
the uncompensated systematic and random measurement errors will res-
ult in overall production uncertainties. The uncompensated systematic
production errors include random production errors and the introduced
uncertainty due to the applied compensation of systematic production
errors. Furthermore, the above de�nition of uncertainty in production
does not require a series of production and can be understood for only
one single product. However, traditional process capability indicators
are de�ned for serial production. With the proper propagation of un-
certainty in the product geometry domain, an a priori picture of these
indicators can be composed.
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2.3.1 Sources of Uncertainty in Production Processes

and Systems

The scheme adapted from ISO 17450-2 [34] can be seen in Figure 2.2.
These main concepts of uncertainty can be used in the evaluation and
management of uncertainty both in production and measurement. The
scheme is derived starting from the functional speci�cation of the given
process. It is important that all the mentioned sources are quanti�able,
including the ones that originated in ambiguity of speci�cation or the
description of the function. Therefore, all can be included in an uncer-
tainty budget.

Figure 2.2: Scheme for uncertainty adapted from ISO 17450-2

The total uncertainty is the sum3 of correlation uncertainty (relat-
ing functions to measurable characteristics) and compliance uncertainty
(veri�cation of the compliance of these measurable characteristics to
prede�ned speci�cations).

Correlation uncertainty arises from the ambiguity of the description
of the function. This includes di�erences between the actual speci�c-
ations (e.g. expressed as dimensional speci�cations) and the de�ned
function.

3Following the summation rule of standard uncertainties presented in the GUM.
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Compliance uncertainty is associated with the veri�cation of the
compliance of the speci�cations. This includes the speci�cation uncer-
tainty (the relation of the speci�cations to the real feature) and the
measurement uncertainty (uncertainty arising from the implementation
of the method used for the veri�cation).

Speci�cation uncertainty originates from the ambiguity of the spe-
ci�cation and it is inherent by the de�nition of the speci�cation when
applied to a real feature. Speci�cation uncertainty is of �the same nature
as measurement uncertainty and may - if relevant - be part of the un-
certainty budget� [34].

Two main independent contributors of measurement uncertainty can
be di�erentiated: method uncertainty (inherent to the applied method)
and implementation uncertainty (related to the means through which
the measurement is actually implemented). Method uncertainty origin-
ates from the di�erences between the veri�cation process and the actual
speci�cation. Implementation uncertainty4 includes the di�erent vari-
ations that can arise due to the means used for the implementation
of the measurements according to the de�ned method. The most im-
portant variation sources can be the metrological characteristics of the
actual veri�cation, e�ects related to operators, and environmental vari-
ations. The implementation uncertainty in practical applications can
be reduced by more detailed de�nition of parameters and conditions
related to the implementation.

2.4 Main Stages of Uncertainty Evaluation

The main stages of uncertainty evaluation consist of information ac-
quisition, model formulation and calculation (Figure 2.3). These steps
are aligned with internationally accepted guidelines [35] and have core
importance in the expression of uncertainty. The work presented in
Chapter 3 also relies on these steps.

4�The purpose of calibration is usually to evaluate the part (implementation
uncertainty) of the measurement uncertainty originated from the measuring equip-
ment.� [34]
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In the information acquisition stage, a priori knowledge and experi-
ence are utilised, and the domain on which conclusions will be made is
outlined. This stage consists of de�ning outputs, de�ning inputs, de�n-
ing measurand, planning, and implementation of the measurement.

At the model formulation stage, the de�ned input and output vari-
ables are related to each other as well as on the basis of available
knowledge (a priory or measurement-based) probability distributions
are assigned to the input variables. Besides the fact that the observa-
tions themselves are a�ected by various unknown in�uence factors, the
construction of the model itself can also introduce uncertainty. This un-
certainty in the GUM framework can be assessed by type B evaluation
or by the implementation of a MCM.

Figure 2.3: Main stages of uncertainty evaluation

In the calculation stage, the probability distributions of the input
variables are propagated through the model to express the probability
distribution of the output variables. This distribution is used to express
the estimates and the standard deviations (or standard uncertainties)
of the output variables. From this information, the coverage intervals
containing the output values with a de�ned coverage probability can be
summarised.
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The probabilistic approaches are considered as the most rigorous
in uncertainty quanti�cation. Di�erent probabilistic approaches can be
distinguished during the propagation (of distributions) stage of the un-
certainty evaluation:

� the GUM approach,

� the MCM,

� and other mathematical analysis methods.

The major steps of the GUM approach can be categorised as [35]:
i) obtaining an estimate of the input quantity, the associated standard
uncertainties and the sensitivity coe�cients, ii) obtaining an estimate
of the output quantity and the associated standard uncertainty, and iii)
the determination of a coverage interval for the output quantity. The
last two steps can be seen in Figure 2.4.

Figure 2.4: Main steps of the measurement uncertainty evaluation ac-
cording to the GUM (adapted from [35])

Furthermore, the GUM approach can lead to an insu�cient result if
the model is non-linear, the probability distribution of the output vari-
able is non-Gaussian, or the contribution of the uncertainty components
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is not in the same order of magnitude. In these cases, the most common
alternative to the GUM approach is the MCM, which is introduced in
the next section.

Several other mathematical analyses methods can be used to deal
with quantitative uncertainty. Analytical methods do not introduce any
approximation, but can be applied only in relatively simple cases [35].
They can be used to derive an algebraic form of the probability distribu-
tions for the output variables of a model. Further propagation methods
are described in [36].

2.4.1 Uncertainty Evaluation with the Application of the

Monte Carlo Method

The MCM is a numerical approach and can be a solution even in cases
where the GUM appoarch is not valid. It has fewer conditions required
for its usage and therefore it is more generic. At the same time, the
method itself is consistent with the principles of the GUM [23]. In the
MCM, an approximation of the distribution function for the output
variable of the model is established numerically by making random trials
from the probability distributions for the input variables, and evaluating
the model at the resulting values [37]. The objective is to determine an
estimate with an acceptable numerical tolerance5 for the output of a
model with standard uncertainty and coverage interval. Its application is
practical as there is no need to set up a detailed uncertainty budget and
explore the e�ect of every input parameter on the overall uncertainty.
The basis of the method is the repeated sampling of inputs from their
Probability Density Functions (PDFs). All considered factors are varied
simultaneously, therefore the combined e�ect of these parameters can
be described e�ectively. The main components of uncertainty evaluation
in the implementation of the MCM are highlighted in Figure 2.5.

5The term numerical tolerance is used according to the de�nition of ISO/IEC
Guide 98-3/Suppl.1: �Semi-width of the shortest interval containing all numbers that
can correctly be expressed to a speci�ed number of signi�cant decimal digits.� [37]
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Figure 2.5: The components of uncertainty evaluation in case of the
MCM (adapted from [37])

In the next subsection, the application of the MCM approach is
demonstrated for the expression of the measurement uncertainty of a
reference artefact for online angle tolerance veri�cation. The above men-
tioned advantages make MCM a suitable tool for this task. This work
has been published in one of the unappended papers [38].

2.4.2 Expression of Measurement Uncertainty of Refer-

ence Artefact for Online Angle Tolerance Veri�ca-

tion

The included angle of a V-groove on a large ultra-precision ceramic
workpiece is measured on an ultra-precision surface grinding machine.
A pair of electronic dial gauges is mounted on the grinding wheel head to
detect the ground �ank surfaces of the groove. A calibrated artefact with
identical material and nominal geometry (only shorter length) is used
to measure the angular deviations of the workpiece [38]. The schematic
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geometry of the artefact can be seen in Figure 2.6(a). Through the veri-
�cation of the included angle, compensation can be realised for various
in�uence factors, such as thermal or kinematic errors. The measurement
uncertainty during the calibration of the reference artefact has to be ex-
pressed for the online angular tolerance veri�cation. Furthermore, the
expressed uncertainty has to satisfy a target uncertainty requirement.

Coordinate-measuring machine (CMM) measurements were imple-
mented to indirectly measure the angle of the vertical and inclined sur-
faces of the artefact. The measurement strategy (with schematic rep-
resentation in Figure 2.6(a) involved the characterisation of 108 evenly
distributed target positions along 4 parallel lines for each surface. The
surfaces were set to be approximately parallel with one axis of the CMM
and the lines to be perpendicular with z axis. 16 repetitions were im-
plemented for the estimation of type A standard uncertainty.

The measurement model follows the one described in [39]. The target
of the measurement model is to establish the mathematical representa-
tion of the planes, which de�ne the included angle:

a · x+ b · y + c · z + 1 = 0, (2.1)

where the a, b and c express the orientation and position of the
plane in a 3 dimensional space. The corresponding unit vector (n) for
de�ning the orientation can be formed as:

n =
a · i+ b · j+ c · k√

a2 + b2 + c2
(2.2)

From this, θ, the angle between the two planes of the included angle
can be expressed:

θ = atan
|n1 × n2|
n1 · n2

(2.3)

After the implementation of the measurements, a plane is determ-
ined according to the least squares method from the mean values of
the repeated measurements (xi, yi and zi coordinates for each target
position).
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a · xi + b · yi + c · zi + 1 ∼= di ∼= 0, (2.4)

where di marks the residuals. The same expressed in matrix form:
x1 y1 z1
x2 y2 z2
...

...
...

xn yn zn

 ·
ab
c

 ∼= −

1
1
...
1

 (2.5)

A · p = −u1, (2.6)

whereA represents the matrix of coordinate from the measurements,
p the vector of adjustment parameters and u1 the unit vector. The
system of equations outlined by these matrices is approximated by the
least squares method and the unknown p is obtained as the following:

p = (AT ·A)−1 ·AT · u1. (2.7)

To determine the angle θ between the intersecting best-�t planes,
Equation 2.3 can be used. Furthermore, the residuals can be expressed
as the orthogonal distance between the coordinates and the adjusted
plane:

d = A · p− u1. (2.8)

After the composition of the measurement model, a Monte Carlo
method (MCM) was performed for the propagation of uncertainty con-
tributors through the measurement model to estimate the combined
standard uncertainty of the reference angle (according to the ISO/IEC
Guide 98-3/Suppl.1 [37]). The following measurement uncertainty con-
tributors were investigated and expressed as standard uncertainties in
the MCM: i) type A standard uncertainty, determined from the worst-
case standard uncertainty of the repeated measurements of target points,
ii) measurement uncertainty of the CMM� using the Mitutoyo method
described in [40] and derived from the veri�cation test of the CMMs,
iii) form errors of the functional surfaces of the artefact, which could
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be characterised through the residuals of the best-�t planes, iv) uncer-
tainty due to thermal changes in the environment during measurements,
v) uncertainty due to thermal compensation, and vi) uncertainty of the
applied thermal expansion coe�cient. The e�ect of the spherical centre
and contact point of the CMM probe was proven to be negligible in the
determination of the reference angle. An MCM is used for the propaga-
tion of the distributions of these contributors through the measurement
model in order to characterise the output distribution related to the in-
direct measurement of the angle. A trial number of 106 was used, which
led to a su�cient numerical stability of the output parameters.

Figure 2.6: (a) CMM measurement setup for the calibration of the in-
cluded angle of the reference artefact, and (b) results of the implemen-
ted MCMs in case of the 3 di�erent CMMs (uc marks the combined
standard uncertainty)
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The uncertainty budget indicates that the calibration uncertainty of
the angular artefact is the most signi�cant contributor. Therefore, the
measurement uncertainty was assessed through an iterative procedure
involving measurements on 3 di�erent CMMs. The results of the imple-
mented MCMs can be seen in 2.6(b), where the third case satis�ed the
target uncertainty.

2.5 Systematic Integration of Measurement Sys-

tems into Production Equipment

One of the fundamentals for the management of uncertainty in a pro-
duction system is the establishment of measurement systems, which
provide quantitative information for process control as well as machine
health management. Selection of an adequate measuring system with
suitable measurement uncertainty plays an inevitable role in the sys-
tematic management process. Furthermore, as previously mentioned,
there is a high need for connecting uncertainty components and tech-
nological or economical cost factors for the management of uncertainty.

A procedure is proposed in this work on the basis of the PUMA,
where decisions are made according to the �cost of uncertainty�, which
is estimated after technical assessment. The procedure can be seen in
Figure 2.7. The goal is to select an adequate measurement system for a
given measurement task with appropriate metrological properties and
set up an uncertainty budget, with components on an optimal level of
elaboration.

The procedure includes the following steps, where the iterative im-
plementation starts from step 5:

1. De�ne measurement task and requirements (target uncertainty
UT and CT).

2. Select a measurement method that can potentially ful�ll these
criteria.

3. Collect an extensive list of measurement parameters (Pi, marks
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the ith parameter), describe constraints of the measurement pro-
cess and develop ranges in which Pi can vary.

4. Develop cost factors (Cf, e.g. measurement time) from target cost
and express their relationship with Pi.

5. Implement initial sensitivity analysis to identify major measure-
ment parameter contributors related to Cf. Often only a few Pi
dominate the total cost of the measurement, which has to be in
the focus of the investigation.

6. Make the �rst iteration starting from upper boundaries of Pi,
meaning relatively high total cost CSUM and possibly low UT.

7. Set up an uncertainty budget focusing on the more detailed estim-
ation where relevant Pi has a contribution. Meanwhile, the rest
of the budget can contain rough estimates. The budget composed
according to [2] results in an expanded uncertainty (UE).

8. Compare CSUM and UE with target values. The iteration process
continues until the targets are met, in which case the adequate
and optimal measurement procedure has been found.

9. Collect consequences connecting Cf and UE, describing correla-
tions on which basis the change of the next Pi can be implemen-
ted.

10. Implement further iterations in which the relevant Pi are adjusted
to reach lower CSUM in every round.

11. In many cases, a few uncertainty components dominate the com-
bined standard uncertainty [5]. If UE <UT and the relevant Pi
is not considered, higher level of estimation is needed for these
components in the uncertainty budget.

12. After all possibilities have been used and systematic reduction
of CSUM is not possible, neither the more accurate estimation
of uncertainty components, nor the measurement method for the
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measurement task is feasible. Another method needs to be selected
or the target values have to be revised.

Figure 2.7: Cost of uncertainty: procedure for integration of measure-
ment systems into production (presented in the licentiate thesis [3])

The procedure can be used to optimise the test method, which will
be introduced in Chapter 4, by considering for example, downtime of the
machine as a technical cost factor and �exible measurement parameters
as the parameters of the sensor-fusion scheme (in Figure 4.6).





Chapter 3

Framework for Machine

Diagnostics

This chapter introduces the concepts of Diagnostics Model (DM) and
the Uncertainty-Based Framework for Diagnostics Model Development
(UF-DMD) which is a procedure for the systematic understanding and
description of machine health and capability. The second research ques-
tion is addressed in this chapter. The previously introduced uncertainty
management provides the basis for the diagnostics framework, which
provides a structure and guiding principles for a set of diagnostics activ-
ities. After the introduction of the framework, relevant publications of
the author are summarised at the end of this chapter. These publica-
tions include the appended Papers A, B, C, D, and E. The scope
of the publications mentioned in this chapter is on machine capabil-
ity assessment, while the next chapter is focused on identi�cation of
degradations in order to characterise machine health.

3.1 Machine Diagnostics

Diagnostics is the examination of symptoms and syndromes to determ-
ine the nature of faults or failures [2]. This de�nition outlines the bound-
aries of diagnostics, which start with observations and measurements

37
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to create perception of faults including the kind, context, or extent of
these faults. The examination of diagnostics includes analysis of root
causes, which de�ne the fundamental nature of faults or failures and
are prior to the symptoms or syndromes. Without the understanding of
connections between causes and e�ects, neither e�ective development
can be performed on the diagnostics itself, nor e�ective preventive ac-
tions can be carried out to maintain machine functionality. Several con-
cepts and practices have evolved in maintenance in the past decades,
including Total Productive Maintenance (TPM), Reliability-Centred
Maintenance (RCM), or Business-Centred Maintenance (BCM). These
strategies and practices have shown their potential in application cases.
However, they share an important drawback: they are highly resource-
intensive with regards to personnel work-time (requiring high levels of
skills and expertise), hardware cost and production disruptive e�ects
(for instance, installation or maintenance of diagnostics functionality).

Diagnostics is facing an important optimisation problem, which is
rooted in the common limitation of the above-mentioned maintenance
strategies. Uncertain connections between causes, e�ects, symptoms,
faults, and failures in machine health and machine capability disable the
reliable economic and environmental cost and bene�t estimations. As a
consequence, the impact of a diagnostics process on the improvement
of machine performance is, in most cases, vaguely described. Thus, the
available resources for diagnostics applications are di�cult to be optim-
ised and distributed e�ciently. Ine�cient diagnostics applications will
have limited impact on the reduction of uncertainty in the aforemen-
tioned connections, which will lead the conclusion that the overall cost
of diagnostics applications exceeds its bene�ts.

The introduced UF-DMD is dedicated to take a step towards the
resolution of this optimisation problem of diagnostics through using
the systematic management of uncertainty as the driver throughout
the whole process of implementing a diagnostics application. A better
understanding can be gained on the �nal reliability through the estim-
ation of the uncertainty components that contribute to the uncertainty
of the overall diagnostics process. This reliability has an important un-
derlying structure, since the fault detection and isolation performance
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of a diagnostics system ideally should work with an acceptable rate of
false alarms. And there is a signi�cant di�erence between the resulting
technical and economic costs of false positive or false negative alarms.

3.1.1 Overview of Relevant Standards and Frameworks

As an important starting point in the construction of the framework,
the most relevant and internationally accepted standards were collected
and reviewed (see Table 3.1).

ISO/IEC 17359:2018 [41] presents general guidelines and serves as a
parent document for a group of standards in the �eld of condition mon-
itoring and diagnostics. It introduces recommendations for a generic
procedure for implementing a condition monitoring programme, and
provides key insights to be followed. ISO 13379-1:2012 [42] summarises
data interpretation and diagnostics techniques for condition monitor-
ing and diagnostics. It also describes generic steps of the diagnostic
study together with the design and use of condition monitoring and
diagnostics applications on machines. Both documents include import-
ant principles which are also taken into consideration of the proposed
framework. IEC 60300-1:2014 [43] and IEC 60300-3-3:2017 [44] contain
aspects of dependability, which have to be fundamental aspects for all
diagnostics techniques for condition monitoring and diagnostics applica-
tions. IEC 60812:2018 [45] provides a detailed overview of failure mode,
e�ects and criticality analysis (FMECA), which is the most common
and nearly indispensable method required for condition monitoring and
diagnostics applications. IEC 61025:2006 [46], IEC 61165:2006 [47] and
IEC 15909-1:2004 [48] o�er various techniques that can be used to es-
tablish systematic connections between symptoms, faults, and e�ects.
These include Fault tree analysis (FTA), Markov techniques and high-
level Petri nets. Further standards are summarised by G. W. Vogl et
al. [49].
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Table 3.1: Relevant standards in the composition of the UF-DMD.

Standard number Title
Year

of issue

ISO/IEC
17359:2018

Condition monitoring and diagnostics of machines
- General guidelines

2018

ISO/IEC
13379-1:2015

Condition monitoring and diagnostics of machines -
Data interpretation and diagnostics techniques �
Part 1: General guidelines

2015

IEC
60300-1:2014

Dependability management - Part 1: Guidance for
management and application

2014

IEC
60300-3-3:2017

Dependability management - Part 3-3: Application guide -
Life cycle costing

2017

IEC
60812:2018

Failure modes and e�ects analysis (FMEA and FMECA) 2018

IEC
61025:2006

Fault tree analysis (FTA) 2006

IEC
61165:2006

Application of Markov techniques 2006

ISO/IEC
15909-1:2019

Systems and software engineering - High-level Petri nets -
Part 1: Concepts, de�nitions and graphical notation

2019

ISO/IEC Guide
98-3:2008

Uncertainty of measurement � Part 3: Guide to the
expression of uncertainty in measurement

2008

ISO/IEC Guide 98-3
Suppl 1:2009

Propagation of distributions using a Monte Carlo
method

2009

ISO
17450-2:2012

GPS � General concepts � Part 2: Basic tenets, speci�cations,
operators, uncertainties and ambiguities

2012

ISO
14253-5:2015

GPS � Inspection by measurement of workpieces and
measuring equipment � Part 5: Uncertainty in veri�cation
testing of indicating measuring instruments

2015

ISO
2041:2018

Mechanical vibration, shock and condition monitoring -
Vocabulary

2018

ISO
13372:2012

Condition monitoring and diagnostics of machines -
Vocabulary

2012

ISO/IEC Guide
99:2007

International vocabulary of metrology - Basic and
general concepts and associated terms (VIM)

2007

ISO/IEC
22400-2:2014

Automation systems and integration - Key
performance indicators (KPIs) for manufacturing operations
management � Part 2: De�nitions and descriptions

2014

Another part of the introduced framework relies on uncertainty man-
agement. From this �eld, relevant aspects are taken into account from
further standards, which are also described in the previous chapter.

ISO 2041:2018 [50], ISO 13372:2012 [2] and ISO/IEC 99:2007 [1]
contain the de�nitions of many concepts and important terminology
which this work complies with. Finally, ISO/IEC 22400-2:2014 [51] de-
scribes many of the KPIs that set crucial targets for any machine health
management process.

Besides the reviewed standards, there are important diagnostics
frameworks in the existing literature. Four of these frameworks are re-
viewed along with important aspects, which can be inherited to the
established novel framework.
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The CIBOCOF framework [52] (in English, the Centre for Industrial
Management Maintenance Concept Development Framework), combines
traditional maintenance concepts into a decision support model. Many
concepts of TPM, RCM and BCM can be applied to a de�ned equipment
class. CIBOCOF introduces a more general framework for maintenance
concept development, which aims at providing decision guidelines re-
lated to the focus of the maintenance concept. The framework starts
with the selection of maintenance policies and �nally aims at devel-
oping a customised implementation for speci�c application cases. The
framework relies on iterative cycles of planning, doing, controlling, and
adjusting (PDCA-approach). The PDCA cycles are implemented among
the �ve major modules: initiation module, technical and functional ana-
lysis module, maintenance management module, the fourth module puts
the decisions into action, and the �fth provides a feedback. Due to the
iterations, it can be considered as a more �exible maintenance concept,
allowing feedback and improvement. Module three (maintenance man-
agement) is detailed as a decision guide composed of a sequence of
questions organised into a decision tree.

The Systems Analysis and Optimisation (SA&O) process has been
developed by NASA to quantify the e�ects of Integrated Vehicle Health
Management (IVHM) on a reusable launch vehicle (RLV) [53]. IVHM is
a system that continuously monitors and assesses the functional health
of a vehicle. The primary advancements include: i) the integration of
data across subsystems providing an integrated assessment of vehicle
health and an improvement in the ability to quickly isolate the root
cause of complex failure symptoms, and ii) a SA&O process that allows
the instrumentation to be evaluated and optimised for its contribution
to vehicle design objectives [54]. The SA&O process can also be gen-
eralised for optimising the application of a wide range of technologies
to a system design. The process incorporates cost, operations, safety,
reliability, false alarm rate, performance, and testability models.

Raytheon's Health Management System (HMS) facilitates the de-
velopment of products based on life cycle perspective [55]. The main
goal is to provide cost e�ective ultra-high system availability for these
products, starting at the beginning of the design phase. HMS contains
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�ve mayor phases that span the product life cycle: requirements, ana-
lysis and design in�uence, testing, reasoner development, and �elding.
A detailed introduction of the entire Raytheon's HMS methodology can
be found in the paper titled �Designing For Health: A Methodology For
Integrated Diagnostics and Prognostics� [55]. Data collection is the key
factor in HMS maturation. One of the limitations is that the entire HMS
data collection method has to be preplanned early in the life cycle.

Lee et al. [56] proposed an Engineering Immune System (EIS), where
the goal is to create robustness against failures, invulnerability against
threats, and resilience for disorders. EIS is inspired by biological immune
and nervous systems.

3.1.2 Key Performance Indicators in the Focus of Dia-

gnostics

Some of the most important KPIs can be seen in Figure 3.1. These KPIs
represent important quanti�able target factors that a well-composed
diagnostics process should improve. There is a strong interconnectivity
and dependency between many of the presented KPIs. These relation-
ships are not presented in the �gure.

The introduced research in section 3.3 targets at quality and pro-
duction operations (particularly machine and process capability index).
The research work in Chapter 4 can be directed towards di�erent KPIs
related to maintenance and production operations (particularly mean
time to failure or corrective maintenance ratio).
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Figure 3.1: The most important KPIs representing performance related
to operations

3.2 Uncertainty-Based Framework for Diagnostics

Model Development

The core of the proposed framework is the development of the Dia-
gnostics Model (DM) and the systematic uncertainty management
through the development process. The DM is a representation of the
system that transforms the symptoms and syndromes to determine the
nature of faults or failures (including their kind, context, or extent).
The DM is a simpli�ed representation of the real physical phenomenon
that describes the connection between various faults, failures, and root
causes with an acceptable level of accuracy under given conditions. This
acceptable level of accuracy can be quanti�ed by expressing the uncer-
tainty related to the model outputs. For this, the uncertainty compon-
ents that contribute to the overall uncertainty have to be evaluated.
These uncertainty components can have di�erent natures and involve
many di�erent physical quantities. The already introduced uncertainty
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evaluation methods are composed exactly for the purpose of handling
this variety. Furthermore, it is a signi�cant challenge to plan and dis-
tribute the available resources for the DM development in advance. This
challenge is twofold: it is di�cult to determine, �rstly, the acceptable
level of detail for the DM and, secondly, on what subsystems, inputs,
processes, or relations the DM should be included. Both matters will
have a signi�cant impact on the �nal accuracy of the DM.

Uncertainty management can be used to balance between �inex-
pensive� and quick simpli�cations and �expensive� and slow creation
of model complexity. This can result in the creation of an a�ordable
complex solution, while still reaching acceptable reliability (in the dia-
gnosis). This can be realised, because the framework uses uncertainty as
a �common currency� between each and every element and subsequential
step in the DM development. This way, uncertainty can be propagated
through the DM and directed to the output hypotheses about faults and
failures. This results in a quantitative indication about the reliability
of the expressed fault or failure hypotheses. Therefore, starting with a
simpler DM, potentially resulting in higher uncertainties and less reli-
able diagnosis, through systematic iterations, the DM can be gradually
sophisticated to reach an acceptable level of diagnosis reliability. The
de�nition of an acceptable level of reliability is not a trivial step, which
cannot avoid the basic cost estimations of potential false negatives (fail-
ure occurred when it was not predicted) and false positive (predicted
failure did not occur) conclusions.

The proposed framework can be seen in Figure 3.2. The main phases
include: i) needs and requirements phase, ii) analysis phase, iii) design
and installation phase, iv) diagnostic model formulation phase, v) de-
ployment and diagnosis formulation phase, and vi) improvement phase.

In summary, the uncertainty management-based development has
the following advantages:

� It can create a common base for expressing various sources of un-
certainty through the diagnostics process (including correlation,
compliance, speci�cation, measurement, method, or implementa-
tion uncertainty).
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� It can lead to the systematic decomposition of systems into sub-
systems.

� It can o�er �exibility through an iterative approach, starting from
rough estimations and proceeding towards more accurate and de-
tailed descriptions, where necessary.

� Through sensitivity analysis, a few major but signi�cant uncer-
tainty contributors can be identi�ed and used to drive the focus
of further investigations.

� The ratio of false positive or false negative alarm rates can be
optimised better based on their costs.

In the needs and requirements phase, measurable objectives are
de�ned using KPIs. These KPIs are used to evaluate the performance
of the target operations (which are related to the utilisation of produc-
tion machinery). The cost bene�t analysis, includes the identi�cation
of the bene�ts of improved KPIs and the costs, including all resources
used in the implementation of the diagnostics process. In the next step,
from a production system point of view the most critical machines and
subsystems are selected.

The analysis phase is essentially implemented through a FMECA.
The FMECA is well described in ISO 60812:2018 [45], as essentially a
failure modes and e�ects analysis (FMEA) together with a criticality
analysis. FMECA is a systematic method for identifying modes of failure
together with their e�ects on the target systems or processes. It can also
include the identi�cation of the root causes of failure modes. Then, the
failure modes are prioritised to support decisions about their treatment
at a later stage of the diagnostics process. The ranking of criticality
involves the severity of consequences and the likelihood of the failure
mode. Together with an FMECA, various techniques that can establish
systematic connection between symptoms, faults, and e�ects can be
used. These include FTA, Markov techniques or high-level Petri nets.
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Figure 3.2: Uncertainty-Based Framework for Diagnostics Model Devel-
opment (UF-DMD)
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The design and installation phase starts with the consideration of
observability and measurability. After the identi�cation of possible meas-
urement quantities and parameters, the measurability of measurement
parameters is rated. Feasible measurement principles, procedures, and
methods are investigated in the rating process. The measurement in-
tegration procedure (discussed at the end of the second chapter) can be
a rating tool in this case to both choose the most adequate measure-
ment principle, procedure, and method and to outline an uncertainty
budget for the measurement. This expressed uncertainty will be the
measurement uncertainty component.

The DM formulation phase can start after initial data acquisition or
only by using a priori available knowledge. ISO/IEC 13379-1:2015 [42]
discusses the combination of data-based and knowledge-based modelling
approaches. Even though this framework intends to introduce both, it
has to be noted that uncertainty evaluation for many data-based model-
ling approaches has not achieved international consensus. Simulation of
critical failure modes is the result of knowledge-based modelling, while
using features extracted from measurement data and exploring pat-
terns is the data-based modelling approach. As it will be demonstrated
in the appended Paper F, the �tting can be a strong tool to connect
knowledge-based and data-based approaches. The DM is constructed
and iteratively re�ned on these information sources.

In the next phase, the DM is deployed and diagnosis is formulated
based on measurement data. The diagnosis is only accepted after the
investigation of its con�dence. During the determination of the dia-
gnosis hypothesis, an uncertainty budget containing all major contrib-
utors is constructed. These uncertainties are propagated through the
diagnostics process and the diagnostics model using evaluation tech-
niques. The acceptance limit has to be de�ned carefully by considering
�rst and second type of risks, leading to false positives and false negat-
ives. It is important that the �rst implementation of the third, fourth,
and �fth phase shall consider only rough estimates and corresponding
uncertainties that are upper bound estimates. The diagnostics model is
then developed through iterations to decrease the overall uncertainty
and thus, increase the con�dence in the diagnostics hypothesis. If it is
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not reasonable to further develop the diagnostics model, the deployment
is revised, and then the selection of measurement method, procedure,
or principle is reconsidered.

The improvement phase provides an opportunity for a more funda-
mental revision of the diagnostics process. The created understanding,
insights, and evaluated diagnostics performance can be used to de�ne
new requirements and needs, or maybe even change the criticality rat-
ing. In the end, this can lead to a more optimal design, installation or
improvement in all further steps of the diagnostics process.

There are six important guiding principles related to the proposed
framework.

Iterative re�nement: Start the diagnostics framework with an over-
simpli�ed structure and DM, which contains rather quick and
rough estimates. Then, incrementally increase the complexity and
the level of detail of the parts of the framework and the DM in
iterations. This has the potential to increase the accuracy of the
DM. In the beginning of the iterations, expert knowledge is im-
portant as it can save time and reduce the number of necessary
iterations. This iterative process gives �exibility, which is utilised
through further principles.

Overestimate uncertainty: Accurate expression of uncertainty can
be time- and resource consuming. In order to handle secondary un-
certainty (uncertainty in the uncertainty estimation itself), over-
estimation can be applied. However, the overestimation should
always be matched with potential risks. This overestimation, in
principle, will also result in the further need to either detail the
DM or the related uncertainty budget until the diagnosis con�d-
ence is matched.

Pareto principle in uncertainty management: In most cases, only
a few contributors result in the majority of the overall uncertainty.
This can be understood on any system level.

Criticality driven decomposition: Based on the Pareto principle,
identify the few critical contributors and match the available re-
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sources to these. Thus, prioritise the few critical factors that have
the biggest overall impact. As it is di�cult to have a reliable a
priori estimation of these factors, utilise the iterativity to revise
criticality in every cycle. By doing so, engineering misjudgement
in the beginning of the iterations can be corrected. Furthermore,
focus on impact on the overall system to prevent consuming too
many resources on non-critical subsystem performance. This prin-
ciple supports the well-structured decomposition of complex sys-
tems and subsystems.

Traceability requirement: Traceability of information should be
kept as long as possible, while metrological traceability should
be kept as long as a�ordable. This also highlights the necessity
to facilitate measurement system integration into the diagnostics
process. Such a procedure is presented in the second chapter.

Improved de�nition: Improve the quality of de�nition by a more
detailed description of relevant conditions. In many cases, the
more detailed description is the outcome of the diagnostics pro-
cess. This leads to the reduction of correlation uncertainty and
clarifying ambiguity of the description of the relevant function.
The de�nition of the target acceptance limits for diagnostics con-
�dence can also be improved during the iterations, which will lead
to the reduction of compliance uncertainty.

Faults not necessary have relevant or observable impact on function-
ality, but at the same time diagnostics should not solely focus on faults
that lead to failure, which is essentially the complete loss of functional-
ity. Commonly, faults gradually lead to failure, however in the process
of gradual increase in fault severity, the functionality degrades and leads
to lowered machine capability. Component tolerances are designated to
include such uncertainty in machine capability. Even though most of the
currently used KPIs are insensitive towards such situations, part quality
and product functionality is a�ected and life cycle costs are impacted
as well. These costs are di�cult to evaluate, but may be estimated to
be signi�cant. The next section is focusing on the development of the
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diagnostics process for the description of the machine tool performance
under quasi-static and loaded conditions. It focuses on the impact of
machine characteristics on part quality.

3.3 Uncertainty Management with the Applic-

ation of Diagnostics Tools and Methods

Machine tool testing and accuracy analysis have become increasingly
important over the years, as they o�er machine tool manufacturers and
end users updated information on machine health and capability. Test-
ing the positioning performance of numerically controlled machine tools
means that accuracy and precision are identi�ed under prede�ned con-
ditions. The fundamental aim of tests related to machine capability is
to describe the relative displacement of the subsystem that carries the
workpiece with respect to the subsystem that carries the cutting tool.
The aim of tests related to machine health is to identify degradations
of subsystems and machine components. The scope of this section is
machine capability assessment, while the next chapter is focused on
identi�cation of degradations in order to characterise machine health.

Machine tool testing integrates deep understanding of state of the
art knowledge on machine tools and metrology. ISO 230-1 [57] speci�es
methods for determining the accuracy of machine tools under no load or
quasi-static operational conditions. These tests are used to discover po-
tential geometric and quasi-static load induced errors, which can a�ect
the relative motion of the workpiece and the cutting tool. For machine
tool geometric error analysis, several di�erent schemes have been pro-
posed for direct [58] and indirect [59] measurements. Direct methods
are implemented through error motion measurements of a single axis,
while indirect methods require simultaneous motion of two or more axes
of the machine under test for estimating overall geometric errors.

The applied test methods are described in the corresponding appen-
ded papers. Papers A and B focus on error measurement and mod-
elling for both quasi-static loaded and unloaded conditions. Papers
C and D are aimed at providing input for the proposed MCM under
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quasi-static unloaded and quasi-static loaded conditions, respectively.
The main error sources of machine tools and industrial manipulators

can be summarised as: geometric errors, thermal errors, errors due to
quasi-static loads or dynamic forces and motion control errors [60]. The
focus of this section and the introduced papers is more on a spatial-
temporal view of these errors, which deals with changes a�ecting the
repeatability of machine tools. The repeatability performance of a ma-
chine tool can be characterised only under given conditions, which gen-
erally aim to eliminate certain in�uence factors during testing, while
characterising variations in the �eld of interest. With an analogy to the
VIM [1], which de�nes the repeatability condition of a measurement,
the repeatability condition of a machine tool can be de�ned as a con-
dition of machine tool operation, out of a set of conditions that include
the same operational parameters, the same location, the same operators
and the same measurement procedure and measuring system is being
used over a short period of time to indicate repeatability.

It is important to clarify the view of randomness and random error
in this particular area. According to the Central Limit Theorem (CLT)
in experimental engineering applications, the distribution of the sum
of few in�uencing factors, which are independent and are from a com-
parable variation range can be managed as a normal distribution, even
if the factors themselves are not normally distributed [61]. High com-
plexity of di�erent interrelated factors is represented in the variation
sources of machine tool errors on a volumetric level. In this complexity,
randomness can be seen as a result of uncertainty in a �nite amount
of underlying variations with given distributions, where no further sys-
tematic e�ect can be identi�ed through statistical, or other means. In
this case, normal distribution is reached, which can be attributed to
the quanti�cation of randomness. From this perspective, machine tools
still obey a cause and e�ect relationship that can be controlled [62].
Thus, randomness is connected to the lack of knowledge and observed
behaviour of the physical system.
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3.3.1 Measurement and Analysis of Machine Tool Errors

Under Quasi-Static and Loaded Conditions

Paper A proposes a methodology for the prediction of machine tool
errors under quasi-static and loaded conditions. The methodology re-
lies on the synthesis of a bottom-up (geometric errors stack-up) and
a top-down (position-dependent variation of static sti�ness) approach
and enables the coupling of the investigated error sources through the
combination of indirect and direct measurements (see Figure 3.3).

Figure 3.3: Bottom-up and top down modelling approach used for the
prediction of machine tool errors [appended Paper A]

The bottom-up approach, determining individual axis errors using
direct measurements, is applied to estimate the geometric errors in un-
loaded conditions utilising homogeneous transformation matrix theory.
The modelling procedure includes the following steps:

1. Identi�cation of the kinematic structure of the machine model.

2. Assignment of the global reference frame and axis local coordinate
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frames to facilitate the modelling procedure.

3. Modelling of the nominal kinematic con�guration by describing
the relative position and orientation of the axes with respect to
each other using Homogeneous Transformation Matrices (HTMs).

4. De�nition of the measurement functional point where individual
error components have been measured.

5. Construction of the geometric error model and population with
measured data.

The HTM theory is implemented for geometric error modelling ac-
cording to references [63] and [64], using the equations de�ned by these
two papers.

The top-down approach, capturing aggregated quasi-static deviations
using indirect measurements, estimates the resultant deviations under
loaded conditions through an analytical procedure. Quasi-static sti�-
ness is de�ned, in this work, through the frequency of a periodic load-
ing process, which has to be around 1 or 0.5 Hz or lower [65] [66]. The
composed model utilises the position- (p) and direction- (ef ) dependent
static sti�ness K(p, ef ), where (ef ) marks the direction of the applied
force. The calculation in this case:

K(p, ef ) =

kxx(p, sgn(ef,x)) . . . . . .
. . . kyy(p, sgn(ef,y)) . . .
. . . . . . kzz(p, sgn(ef,z))

 , (3.1)

where k marks the point sti�ness value, which is a function of posi-
tion and direction of the applied load. In order to measure these depend-
encies an indirect measurement of quasi-static sti�ness was carried out,
utilising the Loaded Double Ball Bar (LDBB) [67]. The measurement
coordinate frames for the LDBB tests can be seen in Figure 3.4.
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Figure 3.4: Measurement coordinate frames for the LDBB tests: (a)
before load and (b) after applied load [appended paper A]

The point sti�ness can be calculated with the magnitude of the
applied force F and the resultant de�ection δ, using the notation in
Figure 3.4

kp =

∣∣F (ϕ, θ)∣∣∣∣δ(ϕ, θ)∣∣ . (3.2)

The sti�ness needs to be characterised in the machine coordinate
system. For this, i) the position dependent directional sti�ness values
have to be estimated from the measured local point sti�ness in the
spherical coordinate system of the measurements, and ii) the spher-
ical coordinates have to be transformed to the corresponding Cartesian
coordinate system of the machine tool as:

∣∣F (ϕ, θ)∣∣∣∣δ(ϕ, θ)∣∣ =

√√√√(F · cosθ · cosφ)2 + (F · cosθ · sinϕ)2 + (F · sinθ)2(
F ·cosθ·cosϕ

kx

)2
+
(
F ·cosθ·sinϕ

ky

)2
+
(
F ·sinθ
kz

)2 .

(3.3)
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kp =
kx · ky · kz√

k2z · cos2θ · (cos2ϕ · k2y + sin2ϕ · k2x) + sin2θ · k2x · k2y
(3.4)

Equation 3.3 presented for a 3 dimensional case was simpli�ed to
a 2D setup (Equation 3.4, where θ = 0 and the e�ects from kz are
neglected). This assumption can be made as the LDBB measurement
setup was also implemented only involving one plane. And kp can be
expressed as:

kp =
kx · ky√

sin2ϕ · k2x + cos2ϕ · k2y
. (3.5)

Figure 3.5(a) shows the estimated and the measured point sti�ness
values after the determination of the directional sti�ness values and Fig-
ure 3.5(b) shows the static sti�ness of the machine tool at four di�erent
positions in the investigated workplane.

Figure 3.5: (a) The estimated (solid lines) and the measured (dashed
lines) point sti�ness values after the determination of the directional
sti�ness values; (b) The static sti�ness of the machine tool at four dif-
ferent positions in the investigated workplane [appended Paper A]

The result of the research work presented in Paper A was an in-
troduced method for the description of a�ects on part accuracy from
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the quasi-static behaviour of machine tools. For this reason an experi-
mental validation was implemented. The test set-up, which includes a
stationary dynamometer for cutting force measurement can be seen in
Figure 3.6. The results are included in Paper A.

Figure 3.6: One of the three test pieces used for validation and the
illustration of the machined features (mm): (a) pre-machined surface
after slotting, (b) surface after �nishing cut (negligible de�ection), (c)
surface after rough cut (high de�ection) [appended Paper A]

Paper B expands the kinematic model for rotary axes related to
the introduced bottom-up approach in Paper A. The basic matrix that
describes the generalised error motion of an axis can be derived from
the sequential multiplication of the three basic translational and three
basic rotational HTMs:
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ERR =
cεy · cεz −cεy · sεz sεz δx

sεx · sεy · cεz + cεx · sεz cεx · cεz − sεx · sεy · sεz −sεx · cεy δy
−cεx · sεy · cεz + sεx · sεz sεx · cεz + cεx · sεy · sεz cεx · cεy δz

0 0 0 1

 , (3.6)

where δ expresses translation and ε rotation along/around the cor-
responding axis. The operator s = sin and c = cos. For given trans-
lational or rotational axis the error matrix can be derived with the
substitution of the dimension of the movement. For a rotary axis the
dimension of motion is around a particular axis, denoted with ϑ. In
case of a C, B and A rotary axis, after substitution of the correspond-
ing motion directions, the application of the small angle approximation
and neglecting the second order terms, the following equations can be
derived:

ERRC =
c(ϑz + εz) −s(ϑz + εz) εy δx
s(ϑz + εz) c(ϑz + εz) −εx δy

−εy · c(ϑz + εz) + εx · s(ϑz + εz) εx · c(ϑz + εz) + εy · s(ϑz + εz) 1 δz
0 0 0 1

 ,
(3.7)

ERRB =


c(ϑy + εy) −c(ϑy + εy) · εz s(ϑy + εy) δx

εx · s(ϑy + εy) + εz 1− εx · s(ϑy + εy) −εx · c(ϑy + εy) δy
−s(ϑy + εy) εx + s(ϑy + εy) · εz c(ϑy + εy) δz

0 0 0 1

 , (3.8)

ERRA =


1 −εz εy δx

s(ϑx + εx) · εy + c(ϑx + εx) · εz c(ϑx + εx) −s(ϑx + εx) δy
−c(ϑx + εx) · εy + s(ϑx + εx) · εz s(ϑx + εx) c(ϑx + εx) δz

0 0 0 1

 , (3.9)

where ERRC , ERRB, ERRA marks the HTMs describing the error
motions of the rotary axis corresponding to rotations around Z, Y and
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X axes consequently. The aim of these HTMs is to express the proper
spatial e�ect of the error sources in the workspace and particularly on
the �nal geometry of the workpiece. Kinematic errors of machine tools
are especially important due to the fact that they can be signi�cant
error sources during �nishing conditions.

An integration of the measurement-based kinematic modelling of
the machine tool behaviour into a CAx software environment was im-
plemented in Paper C. Kinematic modelling is most commonly applied
in error prediction to establish such a mutual domain. The aim of error
prediction on a kinematic modelling basis is to provide more sense to
measurements, by deriving more valuable conclusions with the same (or
lower) cost of acquiring information.

Figure 3.7: The concept of mapping physical characteristics into a vir-
tual twin of a machine tool in a CAx framework [appended Paper C]

The modelling starts with an abstraction, where the physical system
of the machine tool is mapped to a kinematic chain where error para-
meters are assigned to components, which are characterised through
direct or indirect measurements. A computational model is populated
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with these measurement data resulting in a prediction, which is usually
directed to the domain where the information is the most valuable, to
the trajectory of the functional point. This trajectory is where the cut-
ting tool is actually engaged in the workpiece, leaving the �ngerprint
of the machine tool (together with the cutting process and the tool)
on the surface of the workpiece. With the approach presented in Pa-

per C, machine tool speci�c capability information can be related to a
manufactured part's accuracy in case of complex tool trajectories. The
proposed concept of mapping physical characteristics into a virtual twin
of a machine tool can be seen in Figure 3.7.

Based on this framework, the measurement-based model in Paper
A is implemented in a CAx software environment enabling the predic-
tion of quasi-static machine tool errors in case of complex milling tool
trajectories. Results are presented in two case studies to demonstrate
errors on the workpiece level due to the quasi-static capabilities of given
machine tools (one of them can be seen in Figure 3.8).

Figure 3.8: Example of predictions (with red dotted lines) in the CAx
software environment: a) Finishing operation with two moving axes, b)
Magni�ed errors (factor = 10) [appended Paper C]
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3.3.2 Utilisation of Machine Tool Repeatability in Kin-

ematic Modelling

The �eld of kinematic modelling in manufacturing science is dominated
by the characterisation of repeatable geometric errors as they can be
the object of compensation. Most commonly, for such modelling, the
mean value of repeated measurements on machine tools (for instance,
laser interferometer measurement) is used. However, valuable informa-
tion of the performance of the machine tool embedded in the standard
deviations of these measurements is often ignored. The repeatability
of machine tools is attributed to these standard deviations and their
evaluation is crucial for high performance applications [68]. The pop-
ulation of this information on uncertainty to kinematic models can be
used to enhance the quality of machine tool accuracy predictions with
the dispersions of volumetric errors, and results in a deeper understand-
ing of the process capability variation. An example of such modelling is
presented in [69]. However, several challenges have to be addressed for
an adequate proposition of such a modelling. These include the i) typ-
ical non-linearity of such models, ii) the di�culty to express derivatives
of sensitivity coe�cients, iii) the questionable assumption of normal
distribution of input quantities and iv) the questionable assumption of
normal distribution of output quantities.

The same tests in case of di�erent time periods can lead to signi-
�cantly di�erent conclusions on repeatability. According to this obser-
vation from an operational point of view three main categories can be
di�erentiated when variations resulting in displacements occur on di�er-
ent time intervals: short-term repeatability, intermediate and long-term
repeatability. Table 1 in the appended Paper D contains the di�erent
error types a�ecting the same executed operation on longer time peri-
ods, when no intervention to the mechanical system of the machine tool
requiring disassembling was done.

The e�ects of di�erent error sources are not evenly distributed along
a single axis travel range which in case of multi-axis positioning results
in inhomogeneities in the machine tool positioning performance. There-
fore, it is not straightforward that the repeatability as standard devi-
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ation of measurements can be directly utilised in kinematic modelling
since it is spatial-dependent on the measurement travel range.

Paper D introduces an interpretation of direct measurement results
that facilitates the integration of machine tool repeatability in kinematic
modelling on the volumetric error level. The interpretation consists of
the conditions in which the repeatability is understood, the considera-
tion of relevant inhomogeneities causing the variation of repeatability,
and the statistical management of experimental data. Figure 3.9 shows
the position-dependent repeatability along the measurement travel.
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Figure 3.9: Repeatability along the measurement travel before and after
statistical management: a) Before utilisation; b) Due to random vari-
ations; c) Due to systematic variations; d) Due to combined e�ects after
utilisation of random and systematic variations [appended paper D]
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The work is exempli�ed in a case study, where the component er-
rors of a linear axis were investigated with repeated laser interfero-
meter measurements to quantify the estimated repeatability and ex-
press it in the composed repeatability budget. The conclusions of the
proposed methodology outline the sensitivity of kinematic models rely-
ing on measurement data, as the repeatability of the system can be of
the same magnitude as systematic errors.

The proposed methodology enables the quanti�cation of repeatab-
ility inhomogeneities along the measurement range of a linear axis.
Furthermore, it can be directly used for intermediate or long term-
repeatability sources, to populate more variation sources in kinematic
modelling. This supports advanced measurement data utilisation for
kinematic modelling. This study is further used for identi�cation of
statistical population, which is used as an input for the MCM.

The MCM requires the model relating the inputs to the outputs
and the probability density functions (PDFs)s characterising the dis-
tributions of the input quantities (see major steps of the implemented
MCM in Figure 3.10). Paper A discusses the model based on HTMs,
which is used for the prediction of kinematic errors. Special care must
be taken in the assignment of PDF for the input quantities. In a prac-
tical sense it means that the component errors in Equation 3.6 (marked
with εI , where I notes the corresponding direction) are not expressed
as scalars, but as a continuous random variable. After the measurement
and data analysis in Paper D, the distribution of the component errors
is characterised on a position dependent basis. In this case not only the
mean value of each component errors, but also their standard deviations
are de�ned on a position dependent manner.
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Figure 3.10: Main steps of the implemented MCM for the probability-
based prediction of kinematic errors. The satis�ed criteria for the nu-
merical tolerance is marked with A in case of the application of the
aMCp.

Furthermore, after the separation of systematic and random con-
tributors the distributions of the component errors are not assumed
but tested to be normal. The general formula for the distribution for
all component errors, where gεIJ (ξ) is the PDF of the given component
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error for the J axis in interest and for ξ position (or angular rotation)
corresponding to the I component error direction (or orientation) reads

gεIJ (ξ) =
1

σIJ(j) ·
√
2π
· exp

(
−(ξ − µIJ(j))2

2 · σIJ(j)2

)
, (3.10)

where j corresponds to J marking given positions along the meas-
urement trace. µIJ(j) is the mean and σIJ(j)

2 is the variance of the
density function. It has to be noted that measurements can be imple-
mented only in discrete positions along a linear measurement travel. In
case of points between these positions, linear interpolation can be imple-
mented to determine both the mean and variance values. The appended
Papers D and E describe the determination of these parameters for
quasi-static loaded and unloaded conditions (essentially the �Measure-
ment and data analysis� part of Figure 3.8).

One of the crucial aspects that de�nes the quality of the implemen-
ted MCM is the applied number of trials (M ). If this value is chosen in
advance it is hard to gain control over the numerical tolerance and op-
timise the computational capabilities used for the assessment. According
to the rule of thumb M should be chosen to be at least 104/(1 − p),
where p is the desired coverage probability of the output. Most com-
monly M=106 can be expected to reach a 95% coverage interval. How-
ever, it is not certain that the result with a prede�ned number of trials
will reach the required numerical tolerance. Furthermore, for complex
models it is not possible to implement trials in the mentioned order of
magnitude due to the signi�cant computing time. For this reason (M )
can be selected in an adaptive manner. In the adaptive Monte Carlo pro-
cedure (aMCp) �the number of trials taken is economically consistent
with the expectation of achieving a required numerical tolerance� [37].
The aMCp involves the implementation of increasing number of trials
while the statistical stability of the results is continuously tracked. The
satis�ed criteria for the numerical tolerance is marked with A in Figure
3.10 in case of the aMCp.
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In this thesis, the MCM is implemented in order to predict and visu-
alise uncertainty along a given nominal toolpath. This knowledge of the
complex toolpath can be used to gain a probability based understanding
of the position of the tool related to the workpiece.

The result of implementing the MCM for a number of trials is presen-
ted in Figures 3.11 and 3.12. The �gures show the predictions for a given
nominal trajectory of the tool centre point in a workvolume of an AFM
R1000 three-axis machine tool in the case study that was implemented
in Paper A (bottom-up approach) and further analysed in Paper D
in order to use the measurement results for uncertainty modelling. The
measurement information after statistical assessment provides the input
for the MCM. This includes the mean and (position-dependent) stand-
ard deviations of the component errors, which are then further used to
generate the input distributions for the MCM.
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Distribution of MC trail outcomes for 
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Figure 3.11: Results of the Monte Carlo Method, in case of M=10,
M=102, M=103 (also presented in the licentiate thesis [3])
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Figure 3.12: Results of the Monte Carlo Method, in case of M=104,
M=105 (also presented in the licentiate thesis [3])

The trajectory of the prede�ned nominal tool center point is ex-
pressed as a sequence of points in a given resolution. In the calculation
stage, the probability distributions of the input variables are propagat-
ing through the HTM model for each given point. The MCM is imple-
mented in order to gain the distributions of the actual tool center point
in all the given nominal positions.
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Figure 3.13: (a) Convergence of the RMS value of the directional stand-
ard deviations for 24 di�erent MCM implemented in batches; (b) Con-
vergence of the mean values of the displacements (in X direction) along
the nominal positions on the prede�ned tool trajectory. The result is
given for one MCM, in case of 472 points around the toolpath. The
results for a few points are highlighted for visibility purposes.

After the implementation of the MCM, the output distributions of
the actual tool centre points are used to express the estimates and
the standard deviations (or standard uncertainties) of the output vari-
ables. From this information, the coverage intervals containing the out-
put values with a de�ned coverage probability can be summarised. At
this stage, the coverage probabilities can be given in the three di�er-
ent Cartesian directions corresponding to the machine tool coordinate
system. In order to visualise the results at each point of the prede�ned
toolpath, a root mean square value was calculated. The convergence of
the results is demonstrated on Figure 3.13 and the results are presented
in Figure 3.14.
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Figure 3.14: Coverage volume of the predicted toolpath (M=105, on a
coverage level of 99.7%)(also presented in the licentiate thesis [3])

The uncertainty modelling results in a con�dence volume along the
trajectory of the tool centre point. This three-dimensional probability
distribution can be used to express the root causes of variations in con-
ventional capability indicators in ISO 22514-1 [5]. It is important to
point out that the approach does not assume normal distribution for
the inputs or for the outputs. The input distributions are tested for nor-
mality after application of the statistical assessment method described
in Paper D. The output distribution is simulated through the MCM
(and as can be seen, the results are close to normal distribution).

3.3.3 Measurement Uncertainty Associated with the Per-

formance of Machine Tool under Quasi-Static

Loaded Condition

Uncertainty statements in machine tool testing generally lack the de-
tailed consideration of the in�uence factors coming from the machine
tool itself. Bringmann and Knapp [70] demonstrated that the unloaded
geometric test uncertainty depends on the machine tool performance.
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The main characteristic that a�ects the test results in this case is the in-
terdependency between the geometric error sources, which after further
measurements and considerations can be part of a type B uncertainty
evaluation. In case of unloaded testing, the type A evaluation consists
of valuable information on the repeatability of the machine tool (as a
contributor summarising the random error sources of the machine tool
under the particular condition), but it is a demanding task to separate
from other random contributors.

Paper E introduces a methodology for assessing the measurement
uncertainty linked to the performance of machines under quasi-static
and loaded condition. The focus of this paper is not on the systematic
deformations of the machine tool due to its �nite static compliance, but
the repeatability response of the machine tool to various loading con-
ditions, which is observed through the measurement uncertainty, and
usually cannot be directly separated. Figure 3.15 shows the di�erent in-
dicators used in this research. In the presented indicators, q marks the
displacements measured with the LDBB in case of di�erent θ angular
positions (in both clockwise and counter-clockwise directions). With
a special focus on the type A uncertainty evaluation, a measurement
procedure is proposed for comparative testing under di�erent reprodu-
cibility conditions.

Figure 3.15: Various indicators used for the investigation of repeatability
performance under quasi-static loaded conditions

It is well known that de�ections of the machine tool, due to quasi-
static loads, have a strong in�uence on accuracy. The correlation is
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negative i.e. higher load results in lower accuracy. This paper demon-
strates that in regard to precision, this correlation is positive, so the
higher quasi-static load leads to higher repeatability. One of the im-
portant physical reasons behind this observation can be the reduced
play in drives and components of the machine tool due to the applied
load. Furthermore, conclusions based on the measurement uncertainty
can be misleading, since in many cases the instrument or the setup it-
self, is seen as the biggest contributor to a higher standard deviation of
the results. However, in case of loaded machine tool testing, as can be
seen in the indicators in Paper E, the machine tool itself can be the
biggest contributor for type A measurement uncertainty.





Chapter 4

Inertial Measurement-Based

Method for Automated

Diagnostics of Production

Machinery

This chapter focuses on the most important components of automated
diagnostics of production machinery. Particularly from a measurement
automation point of view. Based on the �ndings presented in Chapter
2 and 3, there is a need for assessment tools and methods to gain fre-
quent information on degradations of the mechanical components to
e�ectively manage uncertainty in production systems. This e�ective
management of uncertainty sets important requirements towards meas-
urements applied in a diagnostics framework (such as in case of the
UF-DMD). The signi�cant bene�ts and possibilities of machine dia-
gnostics are not exploited in most of the current practices. The reason
for that can be found in the limitations of currently applied tools and
methods. These tools and methods are typically in�exible, require long
machine downtime, the instrument costs are high, di�cult to be integ-
rated into production machinery or require manual setup and highly
trained specialists to be implemented. Flexible, fast, integrated, and

73
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automated diagnostics methods are crucial for an a�ordable and mean-
ingful information stream. Many of the currently applied measurement
principles (laser- or probe-based approaches) have physical limitations
in achieving these targets. A novel measurement principle is investig-
ated in this chapter to resolve current limitations: inertial measurement.
Inertial measurement sensors can be embedded in the moving subsys-
tems of production machinery and without human intervention (needed
setup or data evaluation) a developed test procedure could be performed
leading to automation of diagnostics.

A testbed that facilitates the development of automated diagnostics
is presented in this chapter, followed by a discussion of the most im-
portant aspects of IMU-based diagnostics. This discussion includes a
test method for linear axis characterisation and one for cross-axis error
degradation identi�cation. Two publications are appended related to
this chapter: Papers F and G.

4.1 The Concept of Automated Diagnostics

Automated diagnostics is de�ned in this thesis, as the ability of a sys-
tem or subsystem to partially implement automated examination of
symptoms and syndromes for reliable determination of the nature of
faults or failures. The �reliable determination� in this de�nition implies
a low number of false positives and false negatives. A full automation
of this examination will never be achievable as complete elimination of
uncertainty related to the diagnostics approach can never be reached.
The various phases, that can be automated are already summarised
in the proposed framework in Figure 3.2 in Chapter 3. The most im-
portant components towards automated diagnostics include: i) meas-
urement automation for diagnostics, ii) automated diagnostics model
formulation, iii) automated diagnosis formulation. The rest of the in-
troduced phases might as well be partially automated, however, these
three phases shall be the focus of automation for machine diagnostics.

Furthermore, it is important to note that automated diagnostics has
to be considered right from the beginning of the design phase, such as
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the framework proposed by Kelley and Rosen [71]. The cited work sug-
gests that diagnostics design could be considered as an integral part
of product design. This consideration has had limited adaptation since
1985, when the article was published. And the integration of diagnostics
right at the product (or machine) design step can be the key for maxim-
ising the bene�ts of diagnostics performance. In fact, it is one of the im-
portant supportive technologies for circular manufacturing, which could
enable usage of products (production machines in this case) through
multiple life cycles [72].

This chapter focuses on measurement automation for diagnostics,
implemented on one of the most critical subsystem of production ma-
chinery: feed drives. According to industry feedbacks, including from
both production machinery users and manufacturers, feed drives have
high criticality due to the severity and probability of related failures.
In the following sections, a testbed is introduced to support the devel-
opment of automated diagnostics and an inertial measurement-based
diagnostic test method is introduced for feed drive systems.

4.2 Automated Diagnostics Testbed

A typical machine tool consists of a kinematic structure, which is de-
signed to control the relative motion between the tool and the work-
piece. The necessary Degrees-of-Freedoms (DOFs) for this motion are
realised by feed drive systems consisting: i) servo motor, including an
encoder for velocity and position feed-back; ii) guideways for creating
one DOFmovement; iii) ball screw for transducing force [73]. The accur-
acy of an individual linear feed axis is represented by 6 DOF, expressing
three translational and three rotational DOF, which are dependent on
the position of the given axis. Typical acceptance tolerances referring
to translational errors are 20 µm and for angular errors 60 µrad for
an axis travel of 1000 mm [74]. Another group of errors is independent
from the positions of the axes, and is the result of the deviations from
the nominal assembly of several of these feed drives. Squareness error
is such an example of position independent errors. The international
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acceptance limit for squareness is 40 µm/m [75].

Figure 4.1: Main components of the testbed as presented in appended
Paper G

A testbed was designed and constructed with the aim of supporting
the development of automated diagnostics of production machinery. The
testbed development was targeted at o�ering the capability to measure
directly and indirectly the change of feed axis motion errors as the ma-
chine degrades under various conditions. For this, i) high repeatability
is required, together with ii) the possibility to induce and reproduce
errors on various spatial-frequencies, and iii) connection and synchron-
isation between the axis control and external sensors. The ability to
easily induce errors and consequently change the �ngerprint of these er-
rors on the motion accuracy of the feed drive systems can facilitate the
development and evaluation of diagnostics test methods. At the same
time, the testbed can be a platform where integrated sensors and meas-
urement equipment are connected and synchronised with the control of
the motion of the axes. The major components of the testbed can be
seen in Figure 4.1. The testbed contains two axes, which is important
to investigate cross-axis error sources.
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Figure 4.2: Mechanical error induction realised on the testbed

In Figure 4.2 the deformation inducement possibilities of guideways
are demonstrated. The con�guration shows the application of high-
precision mechanical pushers (larger ones for low spatial frequencies and
smaller ones for higher spatial frequencies). These pushers are placed
under both guiding rails to deform the rails in the vertical direction
inducing degradation detected along the entire travel range. As Fig-
ure 4.2(a) shows, �xturing bolts above the mechanical pushers were
removed to enable maximum deformation. Figure 4.2(b) shows a schem-
atic example of rail degradation. The magnitude of the degradation was
increased incrementally by tightening the horizontal bolt of the mech-
anical pushers with a precision torque wrench resulting in a repeatable
vertical displacement. This repeatable behaviour can be calibrated. The
torque-displacement curve of the setup was de�ned through repetitions
of induced deformations. For this reason, a precision torque wrench was
used for the adjustment of the mechanical pusher, while a set of dis-
placement probes measured the deformations on the top surface of the
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rail. The torque-displacement curve can be used to induce traceable
deformations just by measuring the applied torque on the mechanical
pushers.

Figure 4.3: Various instruments used for diagnostics on the testbed: (a)
XM-60 6 DOF laser interferometer; (b) XL-80 1 DOF laser interfero-
meter; (c) infrared (IR) camera; (d) double ballbar; (e) 3 DOF laser
tracker

The testbed provides a �exible platform for testing various dia-
gnostics instruments. Figure 4.3 demonstrates the most important test
methods that were used on the testbed for diagnostics or validation and
veri�cation (V&V) purposes. The sensor box comprises accelerometers
and rate gyroscopes. The test method related to the sensor box will
be discussed in the following sections. Two case studies are highlighted
here, which are also relevant for further testing. The �rst case study was
carried out in order to characterise the e�ect of the induced deviations
on the bottom rail on the top of the table. Such an approach could, for
instance, provide partial input to the HTM-based diagnostics model in
Chapter 3. The case study was carried out with the application of a
laser tracker, where the laser tracker SMR was mounted on the middle
point of the sensor box rigidly �xed to the table. Figure 4.4 shows the
e�ect of the deformations of one of the bottom rail on the change of
straightness errors in Z direction. The results show that the errors are
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changing when the trucks of the second (top) axis are reaching the in-
duced localised deviation of the rails, reaching a maximum error in the
range of 70 µm.

Figure 4.4: Change of straightness errors in Z direction, measured on
the top of the table due to the induced deformation by the precision
pusher on one of the bottom rails

In the second case study, the thermal stability of the testbed was
characterised in order to de�ne the necessary warm-up cycle, which
should be carried out before any further experimentation. The most
sensitive DOF for feed drives, from a thermal stability point of view,
is the positioning error direction. Positioning error is the translational
error corresponding to the direction of the nominal motion of the axis.
This sensitivity is due to the mechanical structure of feed drive systems
and the fact that the thermal expansion of the ball screw is nearly al-
ways more signi�cant than it is for the truck-rail connection. Therefore,
to develop the warm-up procedure that leads to thermal stability, a laser
interferometer was used with the positioning error measurement optics
and an IR camera for the monitoring of the ball screw temperature (in-
cluding the temperature distribution and the maximum temperature).
Oscillation back and forth motions on a constant speed (200 mm/s)
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were used in the warm-up cycles for di�erent time periods. The result-
ing convergence of the thermal deformations can be seen in Figure 4.5.
During the tests the environmental temperature variation was measured
to be below ± 1 ◦C. At the end, a warm-up cycle of 45 minutes was
selected before the implementation of further testing.

Figure 4.5: Characterisation of thermal stability of the testbed, imple-
mented with the application of laser interferometer and IR camera

In the next section, the inertial measurement test method is de-
scribed, which can enable automated measurements of axis degradations
for diagnostics purposes. The sensor box (visible in Figure 4.3), which is
rigidly mounted onto the table of the testbed, consists of accelerometers
and rate gyroscopes. The sensors are connected to a data aquisitioning
unit, which corresponds to the same hardware that realises the control
of the servos. This assures a high level of synchronisation between the
data acquisition of the sensors and the implemented motion trajectories.
A test method for squareness error measurement will be introduced in
the next section. In this case, an IMU is used that is decoupled from the
controller of the testbed or machine tool. An algorithm was developed
for the synchronisation of the sensors to the machine controller, without
the need for hardware connection between the two.
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4.3 IMU-Based Diagnostics Method

Flexible, fast, integrated and automated diagnostics methods have key
importance to enable an a�ordable and meaningful frequent inform-
ation stream. Many of the currently applied measurement principles
(laser- or probe-based approaches) have important physical limitations
in achieving these targets. To resolve these limitations, a novel measure-
ment principle is investigated in this chapter to enable automated dia-
gnostics of production machinery: inertial measurement. For the meas-
urements of error sources, including translational and angular position
dependent and position independent errors (such as squareness), a com-
bination of accelerometers and rate gyroscopes is used. The selection of
the sensors plays an important role in the realisation of the measure-
ment of these error sources. Such application requires lower noise level
and higher sensitivity than inertial sensors. Inertial sensors (particu-
larly accelerometers) are used today for diagnostics purposes, mostly
for investigations carried out in frequency spectrum (for monitoring of
rotating machinery).

Sensors based on Microelectromechanical Systems (MEMS) techno-
logy are the best suited for the application of feed drive motion ac-
curacy assessment. MEMS sensors could o�er su�cient sensitivity and
low noise output to enable the testing and measurement of develop-
ing degradations of mechanical components. The proposed IMU-based
test method consists of the use of a triaxial accelerometer and a triaxial
rate gyroscope. These axes are nominally arranged in the corresponding
directions of the machine coordinate system (which is most commonly
assigned according to the principal axis directions). However, as will be
discussed later, the assumption of neglecting the axis alignment can-
not be used in all cases. In fact, there are several error sources that
in�uence the performance of the sensors themselves. During usage of
these sensors o�set, drift or noise on the output quantity can be ob-
served. These signal properties are only the result of systematic un-
derlying physical root causes. In most of the cases, these physical root
causes are extremely hard to explore and their behaviour is considered
as random. Some examples of these root causes include: misalignment
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errors, squareness error of the sensor assembly, sensitivity error and
non-linearity of the scale factor, environmental temperature changes,
thermal variations following the �ow of current through the electronics
of the sensor or electronics hardware-based sources.

A great variety of signal processing algorithms have been developed
to increase the reliability and the signal-to-noise ratio of sensor-based
measurements. Filtering, in general, plays a signi�cant role in signal
processing. However, great care must be taken during the design and
implementation of �ltering as it can a�ect the metrological traceability
of measurements. Beside various signal processing approaches, import-
ant steps can be taken to increase the signal quality by simulating the
e�ect of various error sources of these sensors. Essentially to create a
virtual sensor that describes the behaviour of the sensor under invest-
igated conditions.

The IMU-based test method is investigated in three steps in this
section. All three steps represent a measurement automation possibil-
ity for diagnostics. First, the testing of a single linear axis is discussed,
with a focus on position dependent component errors of feed drive axis.
Then, a novel method is introduced for the measurement of (position in-
dependent) squareness errors of machine tools. Finally, automated root
cause analysis is introduced through low spatial frequency deformations
of linear axis.

4.3.1 Characterisation of Linear Axis Errors

Diagnostics for kinematic performance of machine tool linear axes us-
ing IMUs is introduced in [76]. The core of this work is the introduced
sensor fusion scheme for both angular and translational errors. The test
method comprises the execution of repeated single linear motions in
both forward and reverse direction. These linear motions are imple-
mented on three di�erent speed levels. The di�erent speeds are used
for the determination of degradations on di�erent spatial frequencies,
corresponding to di�erent temporal bandwidths. The implemented re-
petitions can be used to average out the e�ect of noise, however, the
e�ect of drift is more challenging to deal with. The application of vari-
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ous speeds aims to increase the signal-to-noise ratio on higher speeds
with respect to lower spatial frequencies, where the time related e�ect
of drift is highly undesirable. At the same time, slower speeds are bet-
ter suited to characterise high spatial frequencies, where together with
repetitions the e�ect of noise can be reduced. Furthermore, the e�ect
of modal excitations (for instance after initial acceleration and before
deceleration at the end of the motion trajectory) can be signi�cant for
higher speeds. This points towards the need to introduce a third (mod-
erate) speed-range with corresponding temporal bandwidth.

Figure 4.6: Possible ranges for IMU-based machine diagnostics for trans-
lational errors. The three ranges are: high speed - low spatial frequency
(light grey), moderate speed - moderate spatial frequency (grey), low
speed - high spatial frequency (dark grey). The selected sensor fusion
scheme for the testbed characterisation is marked with blue and the
corresponding cuto� frequencies are marked.



84 CHAPTER 4. IMU-BASED DIAGNOSTICS METHOD

Figure 4.6 demonstrates possible ranges for IMU-based machine dia-
gnostics in case of translational errors. The ranges are estimates and
strongly depend on the characteristics of the selected sensors and the
kinematic behaviour of the tested machinery. The optimal selection of
the speeds and corresponding cuto� frequencies should be led by the
noise and drift output speci�cations of the selected sensors and the dy-
namics of the tested equipment. Figure 4.6 also shows the parameters
of the used sensor fusion scheme including the cuto� frequencies. The
selection of the parameters was based on sensor characteristics from
calibration data-sheets and initial tests on the testbed, which helped to
explore the kinematic behaviour of the testbed under di�erent speeds.

The sensor speci�cations can be found in the appended Paper F.
A signi�cant di�erence between traditional (unloaded) geometric tests
and the IMU-based test approach is the application of higher speeds.
Most common geometric test methods, such as the ones described in
ISO 230-1 [77], require slow motions and idle times before capturing a
reading. The aim in these setups is to eliminate the e�ect of modal ex-
citations and inertial forces. The IMU-based test method (especially for
higher speeds) can capture these e�ects, which on the one hand can be
undesirable if V&V is performed, as compared to laser-based methods,
but on the other hand can carry more meaningful information, as the
test is closer to operational conditions. The sensor fusion scheme used
for the angular errors have the following cuto� frequencies: 1 Hz for low
pass �lter (slow axis speed and utilisation of accelerometer inclinometer
term, as presented in [76]), 5 Hz to 20 Hz band-pass �lter (moderate
speed and rate gyroscope data), and 10 Hz to 40 Hz (slow axis speed
and rate gyroscope data).
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Figure 4.7: Straightness errors in Y (EY X) and Z (EZX) directions
measured via the IMU-based and the laser interferometer-based test
methods

The presented sensor fusion schemes were implemented on the auto-
mated diagnostics testbed for the measurement of position dependent
linear axis degradations. A Renishaw XM-60 laser interferometer was
used for V&V purposes (see setup on 4.3(a). 50 repetitions were im-
plemented on the tree di�erent speed levels (250 mm/s, 100 mm/s,
20 mm/s) with the IMU-based test method. Due to the fact that the
functional point of the measurement with the laser interferometer was
not corresponding the centre point of the accelerometer, an HTM-based
transformation was implemented to express the measurement results in
the centre point of the accelerometer. The result in case of the measured
straightness errors together with the laser interferometer-based veri�c-
ation measurements are shown in Figure 4.7.

In case of angular errors, Figure 4.8 shows the measured di�erences
between the IMU- and laser-based methods. It has to be noted that
the position dependent angular error alignment of the testbed was not
performed and the residual angular errors can exceed the 500 µrad.
The magnitude of angular errors also magni�es certain error sources of
the measurement method itself, such as the misalignment between the
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sensor axis and the local coordinate system of the tested axis. There-
fore, for a machine that is within angular tolerances, these errors are
signi�cantly smaller. The misalignment error source is investigated in
more in detail in the next section. Furthermore, this range of angular
errors makes it highly important to perform the correct HTM-based
transformations between measurements, which were carried out in case
of di�erent functional points. This is particularly important with re-
spect to the assessment of translational errors. The results presented
for straightness errors were compensated for this e�ect.

Figure 4.8: Di�erences between angular errors (yaw ECX , pitch EBX ,
roll EAX) of X axis measured via the IMU-based and the laser
interferometer-based test methods

The convergence of the test results is an important indicator which
can be used to assess the implementation of the method. In case of
translational errors, this convergence after 50 repetitions was in the
range of 4-5 µm. For angular errors, the convergence reached the range
of 8-15 µrad, potentially outlining a test uncertainty ratio (TUR) of 4:1
according to ISO 10791-1 [75]. It can be added that the convergence of
the test results is also a�ected by the repeatability performance of the
motion of the axis.



87

4.3.2 Test Method for Squareness Error Measurement

Squareness error between two axes of linear motion is de�ned by ISO
10791-1 as the di�erence between the inclination of the average axis
line of a linear moving component with respect to its corresponding
principal axis of linear motion [75]. Squareness can degrade during a
machine tools lifetime, due to structural deformations of the founda-
tion, after accidental crashes during production, and also after years of
operation under heavy-duty process induced loads. One of the import-
ant aspects of squareness is that even a relatively small error can lead
to signi�cant workpiece inaccuracy as the error will be proportional to
the feature size or distance. Therefore, there is a need to keep track of
squareness degradation over time. Currently, however, there are only
manual approaches, where the drawbacks have been discussed. An in-
ertial measurement-based test method could introduce a new measure-
ment principle for the measurement of squareness error. This measure-
ment principle can enable automated diagnostics of these error sources,
by eliminating the necessity for human involvement. Ultimately, this
would lead to decreasing the related costs of error tracking.

Figure 4.9 outlines the most important steps of the introduced method.
In step 1 the IMU is moved in a nominally circular motion for an N-
number of clockwise (CW) and counterclockwise (CCW) cycles. This
motion is executed with the synchronised motion of the two axes. In
step 2-4 the acceleration data is processed from the IMU in order to
yield the change of squareness over time. With the utilisation of simu-
lation of error characteristics an approach is introduced for the elimina-
tion of the need for double integration. In step 5, the yielded change of
squareness can be further used for diagnostics purposes together with
threshold to alert the manufacturer about machine tool performance
degradation. The test method is described in Paper F, together with
the implemented data analysis, experiments and V&V. In this section,
the parts of the method are described in more detail, which leads to the
important avoidance of double integration.
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Figure 4.9: Main stages of IMU-based test method for squareness error
measurement [appended Paper F]

Double integration is necessary to reach to the displacement domain
from the measurements of acceleration, however, it introduces a great
distortion e�ect due to the integration of noise, which can slow down
or completely disable the convergence of measurements. The remainder
of this section will introduce how the phase shift of acceleration meas-
urements be utilised in order to establish a direct connection between
acceleration and squareness degradation of two linear axis. This reason-
able and direct connection also means that squareness degradation can
be measured and not just �characterised� or �tested�.

Three main error sources a�ect the IMU-based measurement of
squareness error. These are i) εc: the average misalignment between
the machine tool axes and the sensor axes due to setup inaccuracies; ii)
ES,COX : the squareness of sensor axes, and iii) ECOX : the squareness
of the machine tool average axes. The latter is the actual measurand,
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while the �rst two are error sources of the measurement itself and can be
described through the cross-axis sensitivity of the overall measurement.
This view of cross-axis sensitivity includes both the manufacturing inac-
curacies of the transducers and the misalignment to the global coordin-
ate system of the tested machine. The manufacturing inaccuracies for
a piezoelectric accelerometer can include contributors such as that the
piezoelectric element may not be tightly seated against the frame of the
accelerometer, or the mass may have an axial tilt, or the mounting stud
or �at may vary slightly from the ideal direction [78]. The combined
e�ect of these error sources should typically be below 5% and is usually
stated in the speci�cations. However, even this magnitude would result
in the contamination of the experiment if no further consideration is
made. Figure 4.10 summarises and visualises these error sources in two
dimensions, with the notation of Xn or Y n as nominal axis directions,
XS or YS as sensor axis directions and Xn

S or Y n
S as nominal sensor axis

directions.

Figure 4.10: Three main error sources for squareness error measurement
with IMU

The already mentioned circular motions that are generated by two
linear axes, can be modelled as complex harmonic motion, following
Lissajous formulation. The ideal accelerations in X and Y directions
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(ax and ay) along a circular trajectory can be described with parametric
equations:

ax(t) = Ax · cos(ωx(t)− θx) + Cy · cos(ωy(t) + π/2− θy), (4.1)

ay(t) = Ay · cos(ωy(t) + π/2− θy) + Cx · cos(ωx(t)− θx), (4.2)

where Ax and Ay are the amplitudes, ωx and ωy are the frequencies,
and θx and θy are the phase shifts for the X and Y directions, respect-
ively. The terms Cx and Cy are the vibration amplitudes resulting from
misalignment between the sensor axes and the machine axes average
motion, which can be expressed by εc. For a nominal radius and feed
speed, the positions, velocities, and accelerations including ωx and ωy
frequencies and Ax and Ay amplitudes of the accelerations, can be simu-
lated. Then, the e�ects of the three main error sources can be simulated.
Rotational HTMs are used to express the corresponding spatial e�ects
of these error sources on commanded positions. Taking the programmed
feed speed into account, the time-dependent nominal positions are used
as input to calculate the time-dependent actual positions including dif-
ferent errors. Through di�erentiations, the e�ect of alignment errors
can be derived on time-dependent acceleration. The calculated acceler-
ations can then be related to the amplitude and phase-shift parameters
in equations 4.1 and 4.2.

Figure 4.11 shows a summary of the results of the simulations in case
of the di�erent error sources fromPaper F. The squareness error results
in two sinusoids with a phase di�erence. This con�rms the analogy with
the Lissajous curve, where the varying phase shift changes the aspect
ratio of the resulting ellipse. Elliptical shape of the �circular� position
trajectory is widely accepted as the quanti�able characteristic of the
squareness error between the two linear axes [79].
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Figure 4.11: Simulated main contributors a�ecting the reading of the
sensors. Simulations were implemented for radius of 0.1 m and velocity
of 0.1 m/s [adapted from Paper F]

The sensitivity between the error sources and the parameters of the
accelerometer signals can be seen in Figure 4.11, as well as the simulated
e�ect of alignment errors on acceleration amplitudes. An important im-
plication of the simulations is that the phase shift is attributed with
ECOX (measurand) and ES,COX (where X and Y are directions of a
right-handed Cartesian coordinate system):

ECOX + ES,COX = θy − θx (4.3)

The limitation is that the separation of the machine tool and the
sensor axes squareness is di�cult. However, if the latter can be regarded
as constant, then the change of squareness is reasonably attributed to
the change of squareness of the machine tool axes. Paper F introduces
the data analysis and tests, which were performed to carry out the
veri�cation of the method.
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4.3.3 Root Cause Analysis of Linear Axis Degradations

Paper G introduces a method for root cause analysis using IMUs.
The study includes the identi�cation of the root cause of measured de-
gradations in the work volume on the component level. Including the
identi�cation of actual component geometry deviations. For the invest-
igation on the testbed, mechanical low-spatial frequency degradations
were induced on the rails according to Figure 4.2. The magnitude of
the degradation was increased incrementally by tightening the hori-
zontal bolt of the mechanical pushers with a precision torque wrench,
resulting in a repeatable vertical displacement. In total, �ve levels of
degradations were exerted (6 Nm, 8 Nm, 10 Nm, 13 Nm, and 16 Nm),
resulting in centre rail de�ections as large as 91 µm. The direct e�ect of
these degradations was measured on the rail with the application of lin-
ear displacement probes. Finally, 50 runs of IMU (mounted on the top
of the table) data were collected at each stage of damage, similar to the
data collection for the test implemented in the section for characterisa-
tion of linear axis errors. Figure 4.12 shows the measured degradations
in the most sensitive (vertical) directions.

Figure 4.12: Measurement of degradations carried out by IMU (on
the top of the table of the testbed). Sensitive degradation directions:
Straightness error of X axis in Z direction (EZX) and pitch of X axis
(EBX).
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Figure 4.13 shows the estimated deviations on the rails, together
with the probe measurements (for veri�cation purposes). A challenge of
the approach is the required accurate knowledge of the relative position
of the components, which can be hard to measure. Furthermore, sig-
ni�cant angular errors can magnify this uncertainty in the dimensions
such as the ones that are given for the testbed.

Figure 4.13: Estimated vertical deviations of (a) Rail 1 and (b) Rail 2.
Experimental data points are color-coded circles that correspond with
the IMU-based results [appended Paper G]





Chapter 5

Discussion and Conclusion

In this thesis, a framework and a method were presented to facilitate the
automated diagnostics of production machinery. The formed research
questions are reviewed in this chapter.

5.1 Research Question I.

RQ I addressed, the most important characteristics of the uncertainty
management in the domain of production. These characteristics were
established to serve as a basis of the diagnostics framework. Various
aspects were presented to express and handle technical uncertainties.
It was highlighted that the �eld of production engineering can bene�t
from adopting the already established concept of measurement uncer-
tainty from the �eld of metrology. With this background sources of
errors, losses of quality, systematic and random e�ects in production
can be understood better from an uncertainty-based point of view. An
important conclusion is that the discussed GUM framework can be ad-
opted in the quanti�cation of uncertainty in production. A decision-
supportive procedure was designed and implemented in Chapter 2 to
improve the management of uncertainty in complex production systems
through the integration of measuring systems. In a broader perspective,
the introduced procedure can be used to optimise the level of quanti-

95
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�ed uncertainty by connecting cost factors to measurement parameters.
One of the limitations of the approach is that changing parameters one
by one makes it di�cult to explore correlation e�ects between two or
more measurement parameters. Also, the detailed expression of eco-
nomic costs can be challenging [80]. Furthermore, describing the e�ect
of a changed measurement parameter on type B uncertainty is not al-
ways straightforward, and can require time-consuming experiments with
traceable veri�cation.

5.2 Research Question II.

The Uncertainty-Based Framework for Diagnostics Model Development
addresses RQ II. The research question was about the way the system-
atic management of uncertainty can support the development of a dia-
gnostics framework for production machinery. The framework was con-
structed by adapting the established uncertainty management process
into a diagnostics framework. The framework also facilitates the sys-
tematic integration of measurements into production systems as well as
machinery. The advantages of the framework are discussed in Chapter
3. The major limitations include a reliance on expert guesses in the
initiation, di�culty in nested experiments consisting large variety of
parameters which are in high level of interaction. The proposed frame-
work cannot completely resolve the optimisation problem of diagnostics,
but can result in a better allocation of available resources than other
approaches not considering uncertainties.

A clear distinction was made between machine health and machine
capability. The concept of diagnostics model was introduced, which
can be seen as a description of both. Traditionally, diagnostics frame-
works have focused solely on machine health. Appended Papers A,

B, C, D, and E introduced various tools and methods, which demon-
strated the coupling of diagnostics information for machine capability
assessment. The �nal stage involved implementing an MCM for the
uncertainty-based expression of machine tool accuracy (under quasi-
static and loaded condition). The computational approach enabled the
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quanti�cation of uncertainty on a volumetric accuracy level in the kin-
ematic behaviour of machine tools. The drawbacks of the approach re-
lated to the application of diagnostics tools and methods presented in
Chapter 3 include the time-consuming and manual measurements ne-
cessary to be implemented on machine tools and the computationally
intensive MCM. An important further question is how the results of
the model can be directed towards the description of the repeatability
performance of the machine tool, while the accumulated e�ect of meas-
urement uncertainty is minimised. It is crucial to utilise this information
to express modelling results in the form of machine capability indicat-
ors.

5.3 Research Question III.

From covering machine capability, the focus was shifted towards ma-
chine health. RQ III addressed, that how and to what extent can an
inertial measurement-based test method be utilised for automated dia-
gnostics of physics-based degradations of production machinery? An in-
ertial measurement-based method was developed, which utilises acceler-
ometers and rate-gyroscopes to both track and trace axes degradations.
Automated diagnostics was enabled, through the elimination of human
involvement during the implementation of machine tests. Important as-
pects of automated diagnostics were discussed and it was highlighted
that, in this work, the focus is on enabling measurement automation. In
the context of the UF-DMD, it can be stated that the presented meth-
ods in Papers F and G can facilitate the a�ordable and meaningful
stream of diagnostics information for the formulation of a diagnosis. To
facilitate development and demonstration, a self-diagnostics testbed was
constructed. The testbed was used for incremental error induction, to-
gether with various testing to verify IMU-based measurements. A linear
test method was realised on the testbed with a proposed sensor-fusion
scheme and a novel method was constructed for squareness error meas-
urements. A study was carried out that until what extent the method
is capable of detecting root causes of degradations. An important im-
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plication following RQ II can be if the IMU-based test method can
be called a measurement. An IMU consists of various sensors. Do these
sensors resemble a measurement instrument in the end?

5.3.1 From Sensor to Measurement Instrument

The VIM de�nes sensors as: an �element of a measuring system that
is directly a�ected by a phenomenon, body, or substance carrying a
quantity to be measured� [1]. And the de�nition of measurement in-
strument is: �device used for making measurements, alone or in con-
junction with one or more supplementary devices� [1]. The important
di�erence between the two is that an instrument is capable of imple-
menting measurements, meaning that it has metrological traceability.
From a strict metrological sense, accelerometers have the (metrological)
traceability to acceleration measurements, as they are only calibrated
for this purpose. Further steps involving integration, complex �ltering
and digital signal processing do not make it possible to provide met-
rological traceability for indication of physical quantities other than
acceleration. In short, (properly calibrated) accelerometers shall only
be used to measure acceleration. This measured acceleration can be
further used to characterise or test, for instance, physical degradations
of component errors of linear axis, but cannot be stated to �measure"
them. However, the case would be di�erent if it would be possible to
reasonably (and more directly) connect other physical quantities to the
measured acceleration. For the linear axis testing, double integration
is necessary to reach the displacement domain from measurements of
acceleration. However, it introduces a great distortion e�ect due to the
integration of noise, which can slow down or completely disable the con-
vergence of measurements. In this case the IMU-based method (even in
case if it was veri�ed with laser-based approach) cannot be called a
measurement instrument for axis degradation. At the same time, the
method introduced for the testing of squareness error, directly utilised
the acceleration signal. In this case, the squareness is measured, as it is
directly attributed to acceleration.



Chapter 6

Future Outlook

The improved utilisation of industrial machinery promises great bene�ts
from economic, environmental and societal viewpoints. This improve-
ment can only be achieved through gaining higher levels of transparency
and control over the working principles of complex machines. Precision
engineering, in combination with diagnostics and prognostics will be a
fundamental enabler for this improvement. The research presented in
this thesis focuses on physics- and knowledge-based modelling of ma-
chine health and capability. However, data-based modelling was men-
tioned as an important approach in the construction of DM. Data-based
modelling is currently gaining more and more attention. At the same
time, for highly complex mechatronics systems (such as advanced indus-
trial machinery), domain knowledge plays an inevitable role. Therefore,
there is great potential in exploring the possibilities of how to e�ect-
ively combine data-based and knowledge based modelling approaches
for improved utilisation of advanced machinery. This is one of the most
important question in the future of industrial analytics.

Furthermore, what is the relation of metrology to the combination of
data-based and knowledge-based modelling approaches, and until what
level can metrologyical traceability be sustained in the application of
di�erent algorithms. Extending current uncertainty evaluation practices
for these algorithms is not trivial, nor feasible in many cases. Therefore,
it has to be investigated, if there is a reasonable way, how uncertainty

99



100 CHAPTER 6. FUTURE OUTLOOK

evaluation can be extended (or reintroduced) for the purpose of ad-
vanced algorithm evaluation.

The presented research focuses on machine tools and production en-
vironment. The importance of domain knowledge related to advanced
machinery is unquestionable. In many cases, these equipment have sim-
ilar subsystems and components, which can support the adaptation of
acquired domain knowledge on one type of machine to another. An im-
portant next step of this research is to expand the scope to other types
of advanced machinery.

Tremendous value can be gained, when diagnostics can move to-
wards prognostics. Preventive actions require the extrapolation from
historical and current conditions to conclude a prediction for the future
condition of equipment health or capability. As prognostics builds on
conclusions drawn from diagnostics, it will always be more challenging
and underdeveloped than diagnostics. Current prognostics technology is
considered to be immature due to the lack of uncertainty calculations,
validation and veri�cation methods, and risk assessment [81]. Uncer-
tainty propagation can be an e�ective tool in assessing the reliability of
prognostics as well. However, it has to be noted that it is challenging to
manage secondary uncertainty (uncertainty in uncertainty estimations)
for cases where new, unexplored conditions can appear over time. The
main impact of uncertainty management in prognostics is an important
future outlook possibility of the presented research work.

Diagnostics become a�ordable towards higher level of automation.
As was discussed in Chapter 4, the most important components to-
wards automated diagnostics include: i) measurement automation for
diagnostics, ii) automated diagnostics model formulation, iii) auto-
mated diagnosis formulation. The rest of the introduced phases might
be automated partially as well, however, these three points shall be
the focus of automation for equipment diagnostics. Any advancement
in these components lead to higher exploitation of diagnostics. At the
same time, the author is convinced that human perception will remain
an aspect in the future. Therefore, the importance of automation can
not result in the signi�cant loss of transparency over these engineering
systems.
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Researchers and engineers have to widely familiarise themselves with
the mindset of sustainability to successfully address global trends. In-
vestigations of the potential impact of diagnostics on sustainable util-
isation of advanced machinery are much needed. Well established and
reliable connections between machine diagnostics and sustainable oper-
ation, can highlight bene�ts and accelerate research and development.

The vision of the author is that a tipping point exists in diagnostics,
after which the bene�ts of diagnostics applications will signi�cantly
outperform related costs. After reaching that point, diagnostics will
become fundamentally integrated into advanced industrial machinery
resulting in unprecedented level of sustainable growth in machine util-
isation. Passing the tipping point will ultimately lead to a new era in
procedures related to advanced machinery. An era of machine operations
with less �random results�, which �are the result of random procedures�.





Bibliography

[1] ISO/IEC Guide 99:2007, International vocabulary of metrology -
Basic and general concepts and associated terms.

[2] ISO 13372:2012, Condition monitoring and diagnostics of machines
- Vocabulary.

[3] K. Szipka, �Modelling and management of uncertainty in produc-
tion systems: from measurement to decision,� Licentiate Thesis,
2018.

[4] L. Laperrière, G. Reinhart, CIRP Encyclopedia of Production En-
gineering. Springer Reference, 2014.

[5] ISO 22514-1:2014, Statistical methods in process management -
Capability and performance - Part 1: General Principles and con-
cepts.

[6] OECD Science, Science, Technology and Innovation Outlook 2018:
Adapting to Technological and Societal Disruption, 2018.

[7] PwC, Manufacturing Barometer Business outlook report, 2017.

[8] Deloitte, Global Manufacturing Competitiveness Index, 2016.

[9] Leading Edge Alliance, National Manufacturing Outlook and In-
sights: Strategies to Overcome the Headwinds, 2019.



BIBLIOGRAPHY

[10] K. L. Lueth, C. Patsioura, Z. D. Williams, Z. Z. Kermani, �Indus-
trial analytics 2016/2017 the current state of data analytics usage
in industrial companies,� 2016.

[11] T. Bauernhansl, M. ten Hompel, B. Vogel-Heuser, �Industrie 4.0 in
produktion,� Automatisierung und Logistik, 2014.

[12] McKinsey & Company, Industry 4.0 at McKinsey`s model factories,
2016.

[13] J. Berthold, D. Imkamp, �Looking at the future of manufactur-
ing metrology: roadmap document of the german vdi/vde society
for measurement and automatic control,� Journal of Sensors and
Sensor Systems, 2013.

[14] VDE/VDE-Gesellschaft Mess- und Automatisierungstechnik,
GMA-Roadmap Fertigungsmesstechnik, 2011.

[15] T. Ylipaa, A. Skoogh, J. Bokrantz, M. Gopalakrishnan, �Identi�ca-
tion of maintenance improvement potential using oee assessment,�
International Journal of Productivity and Performance Manage-
ment, vol. 66, no. 1, pp. 126�143, 2017.

[16] G. Lichtheim, �The concept of ideology,� History and Theory, vol. 4,
no. 2, pp. 164�195, 1967.

[17] P. D. Charles, N. C. Burbules, Postpositivism and educational re-
search. Rowman & Little�eld, 2000.

[18] M. B. A. van Asselt, J. Rotmans, �Uncertainty in integrated as-
sessment modelling,� Climatic change, vol. 54, no. 1, pp. 75�105,
2002.

[19] G. L. S. Shackle, Uncertainty in economics and other relections,
1955.

[20] W. Bich et al., �Revision of the `guide to the expression of uncer-
tainty in measurement',� Metrologia, vol. 49, no. 6, pp. 702�705,
2012.



BIBLIOGRAPHY

[21] European Federation of National Associations of Measurement -
Testing and Analytical Laboratories, Measurement uncertainty re-
visited: Alternative approaches to uncertainty evaluation. Eurolab
Technical report, no. 1, 2007.

[22] R. Willink, Measurement uncertainty and probability. Cambridge
University Press, 2013.

[23] ISO/IEC Guide 98-3:2008, Uncertainty of measurement - Part 3:
Guide to the expression of uncertainty in measurement.

[24] J. W. Creswell, J. D. Creswell, Research design: Qualitative, quant-
itative, and mixed methods approaches. Sage publications, 2017.

[25] J. B. Bryan, �The deterministic approach in metrology and man-
ufacturing,� International Forum on Dimensional Tolerancing and
Metrology, ASME, Dearborn, Michigan, 1993.

[26] R. R. Donaldson, �The deterministic approach to machining accur-
acy,� Society of Mechanical Engineers and Fabrication Technology
Symposium, Golden, Colorado, 1972.

[27] W. T. Estler, �Measurement as inference: Fundamental ideas,�
CIRP Annals, vol. 48, no. 2, pp. 611�631, 1999.

[28] ISO/IEC Guide 98-3:2008, Uncertainty of measurement - Part 3:
Guide to the expression of uncertainty in measurement.

[29] ISO-IEC Guide 98-3:2008, Suppl 2:2011, Extension to any number
of output quantities.

[30] ISO/TR 230-2:2014, Test code for machine tools � Part 2: De-
termination of accuracy and repeatability of positioning numeric-
ally controlled axes.

[31] ISO/TR 230-9:2013, Test code for machine tools � Part 9: Estim-
ation of measurement uncertainty for machine tool tests according
to series ISO 230, basic equations.



BIBLIOGRAPHY

[32] ISO 14253-1:2013, Geometric product speci�cations - Inspection by
measurement of workpieces and measuring equipment - Part 2:
Guidance for the estimation of uncertainty in GPS measurement,
in calibration of measuring equipment and in product veri�cation.

[33] T. Lee, �Complexity theory in axiomatic design,� Ph.D. disserta-
tion, Massachusetts Institute of Technology, 2003.

[34] ISO 17450-2:2012, Geometrical product speci�cations (GPS) � Gen-
eral concepts � Part 2: Basic tenets, speci�cations, operators, un-
certainties and ambiguities.

[35] ISO/IEC Guide 98-4:2011, An introduction to the "Guide to the
expression of uncertainty in measurement" and related documents.

[36] S. H. Lee, W. Chen, �A comparative study of uncertainty propaga-
tion methods for black-box-type problems,� Struct Multidisc Op-
tim, vol. 37, no. 3, pp. 239�253, 2009.

[37] ISO/IEC Guide 98-3:2008, Suppl 1:2008, Propagation of distribu-
tions using a Monte Carlo method.

[38] Y. Shimizu, W. Gao, H. Matsukuma, K. Szipka, A. Archenti, �On-
machine angle measurement of a precision v-groove on a ceramic
workpiece,� CIRP Annals (accepted for publication), 2020.

[39] R. D. Amato, J. Caja, P. Maresca, E. Gomez, �Use of coordinate
measuring machine to measure angles by geometric characteriz-
ation of perpendicular planes: estimating uncertainty,� Measure-
ment, vol. 47, no. 1, pp. 598�606, 2014.

[40] S. D. Phillips, B. R. Borchardt, D. S. Sawyer, W. T. Estler, D.
E. Ward, K. Eberhardt, M. Levenson, M. A. McClain, B. Melvin,
T. Hopp, Y. Shen, �The calculation of cmm measurement uncer-
tainty via the method of simulation by constraints�� Proceedings of
American Society for Precision Engineering, p. 5�10, 1997.

[41] ISO 17359:2018, Condition monitoring and diagnostics of machines
- General guidelines.



BIBLIOGRAPHY

[42] ISO 13379-1:2012, Condition monitoring and diagnostics of ma-
chines - Data interpretation and diagnostics techniques � Part 1:
General guidelines.

[43] IEC 60300-1:2014, Dependability management - Part 1: Guidance
for management and application.

[44] IEC 60300-3-3:2017, Dependability management - Part 3-3: Applic-
ation guide - Life cycle costing.

[45] IEC 60812:2018, Failure modes and e�ects analysis (FMEA and
FMECA).

[46] IEC 61025:2006, Fault tree analysis (FTA).

[47] IEC 61165:2006, Application of Markov techniques.

[48] IEC 15909-1:2004, Systems and software engineering - High-level
Petri nets - Part 1: Concepts, de�nitions and graphical notation.

[49] G. W. Vogl, B. A. Weiss, M. A. Donmez, �Standards for pro-
gnostics and health management (phm) techniques within man-
ufacturing operations,� Annual Conference of the Prognostics and
Health Management Society, 2014.

[50] ISO 2041:2018, Mechanical vibration, shock and condition monit-
oring - Vocabulary.

[51] ISO/IEC 22400-2:2014, Automation systems and integration - Key
performance indicators (KPIs) for manufacturing operations man-
agement - Part 2: De�nitions and descriptions.

[52] G. Waeyenbergh, L. Pintelon, �CIBOCOF: A framework for indus-
trial maintenance concept development,� International Journal of
Production Economics, vol. 121, no. 2, pp. 633�640, 2009.

[53] K. Datta, N. Jize, D. Maclise, D. Goggin, �An IVHM systems ana-
lysis and optimization process,� In 2004 IEEE Aerospace Confer-
ence, p. 3706�3716, 2004.



BIBLIOGRAPHY

[54] NASA, �Introduction to NASA Integrated Space Trans-
portation Plan and Space Launch Initiative,� in
http://www.slinews.comislifmal.pdf, 2001.

[55] R. B. K. Janasak, �Diagnostics to prognostics � a product availab-
ility technology evolution,� In Reliability and Maintainability Sym-
posium (RAMS '07), pp. 113�118, 2007.

[56] J. Lee, M. Gha�ari, S. Elmeligy, �Self-maintenance and engineering
immune systems: Towards smarter machines and manufacturing
systems,� Annual Reviews in Control Journal, vol. 35, no. 1, pp.
111�122, 2011.

[57] ISO/IEC 230-1:2012, Test code for machine tools - Part 1: Geomet-
ric accuracy of machines operating under no-load or quasi-static
conditions.

[58] Schwenke H et al., �Geometric error measurement and compens-
ation of machines�an update,� CIRP Annals, vol. 57, no. 2, pp.
660�675, 2008.

[59] S. Ibaraki, W. Knapp, �Indirect measurement of volumetric ac-
curacy for three-axis and �ve-axis machine tools,� International
Journal of Automation Technology, vol. 6, no. 2, pp. 110�124., 2012.

[60] A. H. Slocum, Precision machine design. Society of Manufacturing
Engineers, 1992.

[61] G. Barbato, A. Germak, G. Genta,Measurements for decision mak-
ing. Societa Editrice Esculapio, 2013.

[62] J. B. Bryan, �Power of deterministic thinking in machine tool ac-
curacy,� CONF-841196-1. Lawrence Livermore National Lab., CA
(USA), UCRL-91531, 1984.

[63] M. A. Donmez, D. S. Blomquist, R. J. Hocke, C. R. Liu, M. M.
Barash, �A general methodology for machine tool accuracy en-
hancement by error compensation,� Precision Engineering, vol. 8,
no. 4, pp. 187�196, 1986.



BIBLIOGRAPHY

[64] A. C. Okafor, Y. M. Ertekin, �Derivation of machine tool error mod-
els and error compensation procedure for three axes vertical ma-
chining center using rigid body kinematics.� International Journal
of Machine Tools and Manufacture, vol. 40, no. 8, pp. 1199�1213,
2000.

[65] D. S. M. Zaeh, �A new method for simulation of machining perform-
ance by integrating �nite element and multi-body simulation for
machine tools.� CIRP Annals Manufacturing Technology, vol. 56,
no. 1, pp. 383�386, 2007.

[66] E. Rivin, Sti�ness and damping in mechanical design. CRC Press,
1999.

[67] A. Archenti, M. Nicolescu, G. Casterman, S. Hjelm, �A new method
for circular testing of machine tools under loaded condition�� 5th
CIRP Conference on High Performance Cutting, vol. 1, p. 575�580,
2012.

[68] K. M. M. Dassanayake, M. Tsutsumi, �High performace rotary
table for machine tool applications,� International Journal of Auto-
mation Technology, vol. 3, no. 3, pp. 343�347, 2009.

[69] Y. C. Shin, Y. Wei, �A statistical analysis of positional errors of
multiaxis machine tools,� Precision Engineering, vol. 14, no. 3, pp.
139�146, 1992.

[70] B. Bringmann, W. Knapp, �Machine tool calibration: Geometric
test uncertainty depends on machine tool performance,� Precision
Engineering, vol. 33, no. 4, pp. 524�529, 2009.

[71] B. A. Kelley, R. D. Rosen, �Considerations for the systematic design
of machine self-diagnosis,� IEEE Transactions on Industry Applic-
ations, vol. 21, no. 1, pp. 116�123, 1985.

[72] F. M. A. Asif, M. Roci M. Lieder, A. Rashid, M. Stimulak, E.
Halvordsson, R. Bruijckere, �A practical ICT framework for trans-
ition to circular manufacturing systems,� Procedia CIRP, vol. 72,
no. 1, pp. 598�602, 2018.



BIBLIOGRAPHY

[73] Y. Altintas, A. Verl, C. Brecher, L. Uriarte, G. Pritschow, �Ma-
chine tool feed drives,� CIRP Annals - Manufacturing Technology,
vol. 60, no. 1, pp. 779�796, 2011.

[74] ISO/IEC 10791-2:2001, Test conditions for machining centres �
Part 2: Geometric tests for machines with vertical spindle or uni-
versal heads with vertical primary rotary axis (vertical Z-axis).

[75] ISO/TS 10791-1:2015, Test conditions for machining centres �
Part 1: Geometric tests for machines with horizontal spindle (ho-
rizontal Z-axis).

[76] G. W. Vogl, M. A. Donmez, A. Archenti, �Diagnostics for geometric
performance of machine tool linear axes,� CIRP Annals, vol. 65,
no. 1, pp. 377�380, 2016.

[77] ISO/IEC 230-1:2012, Test code for machine tools - Part 1: Geomet-
ric accuracy of machines operating under no-load or quasi-static
conditions.

[78] S. Han, �The e�ects of transducer cross-axis sensitivity in modal
analysis,� Ph.D. dissertation, 1988.

[79] Y. Kakino, Y. Ihara, Y. Nakatsu, K. Okamura, �The measurement
of motion errors of nc machine tools and diagnosis of their origins
by using telescoping magnetic ball bar method,� CIRP Annals �
Manufacturing Technology, vol. 36, no. 1, pp. 377�380, 1987.

[80] E. Savio et al., �Economic bene�ts of metrology in manufacturing,�
CIRP Annals - Manufacturing Technology, vol. 65, pp. 495�498,
2016.

[81] A. Saxena, J. Celaya, B. Saha, S. Saha, K. Goebel, �Metrics for o�-
line evaluation of prognostic performance,� International Journal
of Prognostics and Health Management, vol. 1, no. 1, 2010.


	Publication List
	Abbreviations
	Terminology
	Introduction
	Background, Challenges, and Trends
	Motivation and Research Questions
	Research Objectives
	Research Methodology
	Thesis Structure
	Author's Contribution to Appended Papers

	Uncertainty Management in Production Processes and Systems
	Deterministic View of Uncertainty
	Frameworks of Uncertainty Management
	Error and Uncertainty in Metrology and in Production
	Sources of Uncertainty in Production Processes and Systems

	Main Stages of Uncertainty Evaluation
	Uncertainty Evaluation with the Application of the Monte Carlo Method
	Expression of Measurement Uncertainty of Reference Artefact for Online Angle Tolerance Verification

	Systematic Integration of Measurement Systems into Production Equipment

	Framework for Machine Diagnostics
	Machine Diagnostics
	Overview of Relevant Standards and Frameworks
	Key Performance Indicators in the Focus of Diagnostics

	Uncertainty-Based Framework for Diagnostics Model Development
	Uncertainty Management with the Application of Diagnostics Tools and Methods
	Measurement and Analysis of Machine Tool Errors Under Quasi-Static and Loaded Conditions
	Utilisation of Machine Tool Repeatability in Kinematic Modelling
	Measurement Uncertainty Associated with the Performance of Machine Tool under Quasi-Static  Loaded Condition


	Inertial Measurement-Based Method for Automated Diagnostics of Production Machinery
	The Concept of Automated Diagnostics
	Automated Diagnostics Testbed
	IMU-Based Diagnostics Method
	Characterisation of Linear Axis Errors
	Test Method for Squareness Error Measurement
	Root Cause Analysis of Linear Axis Degradations


	Discussion and Conclusion
	Research Question I.
	Research Question II.
	Research Question III.
	From Sensor to Measurement Instrument


	Future Outlook
	References
	Appended Papers: A-G

