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Abstract

The measurement of parts of high geometrical complexity, such as those
fabricated via additive manufacturing technologies, represents a fundamental
challenge for the quality assurance of manufactured components. The pressing
need shared nowadays by numerous industrial sectors for obtaining increased
product quality while reducing development times and costs, as well as
achieving faster speed of production and inspection planning in mass
customisation (ideally performed in real-time), are leading towards the design
of smart measurement systems that, integrated directly in the production line,
can achieve part quality inspection in a fully automated way. The future
possibility of developing such “intelligent” instruments implies their capability
of autonomously planning a measurement process and assessing measurement
performance while the inspection task is in progress, making use of available
pre-existing knowledge of parts, instruments and technologies, and employing
smart algorithms for the optimisation of measuring procedures. In this
context, optical coordinate measurement technologies appear as suitable
candidates, due to their potential in featuring high densities in point-based
sampling acquired at relatively fast rates, and in accessing complex surfaces

despite line-of-sight issues. However, without metrics for quality, the
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employment and integration of such smart instruments cannot be fully
accomplished.

This thesis addresses the issue of quality in measurement, proposing
algorithmic solutions to compute indicators of measurement performance
directly from the measured point clouds and in a fully automated way.
Starting solely from the knowledge acquired of the measured data and the
underlying nominal geometry, these indicators are based on algorithmic point
cloud processing pipelines, and make use of computational geometry and
spatial statistics to primarily extract information about the quality of the
measurement result. A first set of measurement performance indicators
investigates the relationships between the measured point cloud and the
reference geometry (in the form of triangle meshes) to automatically assess
coverage and sampling density in relation to the individual surfaces of the
measured part. Additionally, local dispersion of the measured points with
respect to the underlying part region is evaluated. A second set of indicators
investigates local dispersion of the point cloud, as well as local bias, by using
a statistical point cloud models fitted to repeated measurement data. The
second set of indicators is useful to assess metrological performance in
repeatability or reproducibility conditions. The proposed sets of indicators are
illustrated and validated through application to selected test cases of
industrial relevance, generated via additive manufacturing technologies.

The solutions developed and discussed in this thesis represent novel
measurement performance assessment tools, which can be integrated into
smart measurement systems. In the future, such instruments will be capable

of self-assessing their own performance in-process (i.e., while measuring), and
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will be capable of planning the most suitable corrective actions, in the case
that issues are detected in the quality of the measurement result (for instance,
insufficient degree of coverage, unacceptable measurement error).
Furthermore, such intelligent measuring systems will be suitable for
integration with manufacturing machines, leading to the realisation of more

flexible and more autonomous production systems.
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Chapter 1

Introduction

1.1 Background

Additive manufacturing (AM) or additive layer manufacturing, defined in
ISO/ASTM 52900 [1] as the “process of joining materials to make parts from
3D model data, usually layer upon layer, as opposed to subtractive
manufacturing and formative manufacturing methodologies”, allows for
increased design freedom. Components can be fabricated with hollow features
and freeform geometries, where “freeform” indicates that the shape of a part
does not conform to any mathematical known primitive form (for example
ellipsoids, paraboloids, etc.) [2,3]. Additionally, unlike conventional surfaces,
such as planes, spheres and cylinders that usually possess rotational and

translational symmetry, by definition, freeform shapes are surfaces without
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rotational or translational invariance [3]. In traditional manufacturing
complex geometries were previously impossible to fabricate [4]; the fabrication
of parts was mostly characterised by high production volumes of less complex
shapes, generated by conventional means. On the other hand, AM presents
nowadays the appealing advantage of allowing for mass-customisation of parts
in flexible manufacturing scenario characterised by low volumes of production.
Examples of additively manufactured parts presenting high geometrical

complexities are given in Figure 1.1.

Figure 1.1 Examples of freeform complex additively manufactured components

Because of this new gained freedom, the increased application of AM in
many industries, which includes the automotive, aerospace and biomedical
sectors [5], is creating a series of measurement challenges that have not been
completely solved yet. Parts are required to withstand demanding inspection
and verification processes, and the correct measurement of their form and
surface texture is a key aspect for product quality, along with feedback for
effective process control [2,5]. One of the issues of measuring an AM part is

related to the high diversity of shapes that one may be called to inspect. The
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quick turnaround of geometries may work against the time and resources
required to properly plan an inspection process, which includes finding the
optimal measurement set-ups, fabricating optimised measurement fixtures,
planning poses, selecting measurement technologies, etc. In addition to the
variety of shapes, the design freedom and geometrical complexity of AM
components require high sampling density in point-based measurement, and
limit current contact and non-contact coordinate measuring systems, which
appear to lack flexibility, struggle to measure parts presenting high slope
angles or difficult to access regions, and , if optical, are unsuitable for surfaces
with high reflectivity [5-10].

In this context, the development of “smart” coordinate metrology
systems and applications able to overcome the aforementioned limitations is
therefore becoming vital, especially into the frame of advanced manufacturing
technologies and Industry 4.0 [11-13]. A system is defined as “smart” when it
is able to incorporate functions of automatic operability and consequent
corrections in order to quickly target issues and respond to specific situations,
making decisions based on the available data in a predictive or adaptive way
[14,15]. For instance, intelligent measurement systems are envisioned as
capable of merging the advantages of the underlying measurement
technologies with increased capability of self-adaptation and flexibility [16].
In particular, flexibility is defined in the roadmap “Manufacturing Metrology
20207 (VDI/VDE-GMA [17,18]) as the “adaptation to changes in
measurement tasks”, meaning respond flexibly to changes in measurement
requirements and be able to inspect different features and new components in

a fully-automated way. Flexibility can be achieved for instance through the
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elaboration of available information (i.e., information-rich metrology
paradigm, specifically aimed at improving measurement quality) and a priori
knowledge (i.e., knowledge of the manufacturing process, knowledge of
measured object, knowledge of the measurement technology principles, etc.)
[19-21], concepts recurrent in this thesis and later extensively discussed (see
Chapter 2). Pre-existing information would help to improve the measurement
procedure, guide the inspection and verification of part quality, or monitor
the manufacturing process [19-21]. In addition to the use of available
knowledge, the smart property of a system resides in its ability to perform
autonomous operations with the integration of new functionalities for the
optimisation of the measuring process, automation of process quality control,
autonomous decision-making and corrections [14,15]. Examples of smart
functionalities are for instance integrated features of sensing, control, and
actuation, artificial intelligence (Al) technologies and machine learning (ML)
integrated algorithms (for example, optimisation algorithms for increasing
parts accessibility, surface feature recognition, pose estimation, etc.),
adaptability to combine multiple sensors and/or measuring technologies (for
example, multi-view/multi-sensors systems).

An example of an optical coordinate measuring system (CMS) embedded
with Al technology is schematically shown in Figure 1.2. Available a priori
information (for instance, the CAD model of the part, etc.) fed into the
measuring pipeline and combined with Al technologies would help determine
the optimal views needed to fully acquire a part, whilst keeping the number
of views to a minimum in order to save time for further measurement and

processing actions. In addition, the smart system would include feedback loops
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in the measuring process in order to understand how the measurement is

proceeding, while the measurement itself has been executed.

M visible surfaces
M occluded surfaces
® measured surfaces

range of
possible
viewpoints

Advantages of

underlying
nlzi;f;r:em Output feedbacks
. BY — —> Plan for further
A priori knowledge measurements

+
Al functionalities

Optical CMS

Figure 1.2 Schematic representation of an Al-powered decisional smart system. The
advantages of optical technologies are merged with a priori information and Al
functionalities, in order to maximise measurement accessibility. Surfaces with no associated
points (marked in red) are usually outside of the viewing range, or covered by other
surfaces. The system returns feedback of the measurement performance and suggestions for

additional measurement actions

Intelligent systems and their consequent optimised measurement results
will enable industries to increase volumes and speed the production, especially
in large scale manufacturing where measuring the complete geometry of a part
is essential, as it allows the manufacturer to perform fast and reliable

inspections performed in real-time [11,16,22].
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1.2 Proposed work

The ultimate vision of fully automated smart measuring systems is
accompanied by the assessment of measurement performance accomplished in
real-time (i.e., in-process quality assessment while the measurement is being
performed). Based on the resultant feedbacks and outputs from the measuring
procedure, the smart system will then be able to correct itself and streamline
the additional measurements required in order to increase the quality of the
results.

The work presented in this thesis focuses on the preliminary
development of a set of algorithmic solutions designed to guide optical CMSs
towards future full automation of part inspection and intelligent measurement
planning. The integrated smart functionalities previously introduced in
Section 1.1 are assumed as achievable thanks to the potential of the measuring
system to compute the quality of a measurement via the use of performance
indicators.

In this work, the proposed set of algorithmic solutions define an
intelligent instrument prototype based on the assumptions that
a) quality is assessed after the measurement has been performed

(preliminary prototype algorithms are implemented on available high-

density point clouds - i.e., post-measurement quality assessment);

b)  detection of potential issues in the measurement results is addressed
following a semi-automated approach (i.e., the prototype provides

indications in form of quality indicators to an operator in order to plan
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further measurement activities for correction or improvement of the

measurement result).

The designed performance indicators provide insights not only related
to measurement uncertainty, but also describe the intrinsic properties of a
measurement, outline ways to identify regions of the measured part where the
scan has not been successful, and assess the metrological performances of a
measurement when compared to its underlying nominal geometry. The
indicators are intended to be integrated in future physical systems towards
full automation of optical CMSs, enabling the measurement system to
automatically identify regions of the measured part where the scan has not
been successful, streamlining the additional measurement plans required.

In the context of the research objectives, a series of research questions
will be answered throughout the thesis and summarised in the thesis
conclusions. The research questions are the following:

1)  How can we define the quality of a measurement?

2)  Coordinate metrology frequently relies on the concept of measurement
uncertainty. Is measurement uncertainty enough to define the quality of
a measurement or are there other aspects of the measurement pipeline
that are not covered by uncertainty?

3) s it possible to define a series of quality indicators that cover all the
relevant aspects, including — but not limited to — measurement
uncertainty?

4)  Can the computation of such quality indicators be integrated (and

performed in an automated way) into the measurement pipeline?
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1.3 Measurement quality definition and

novelty of work

Quality in measurement is intended in this thesis as a generic term
encompassing multiple aspects. Improving the quality of a measurement or a
measurement process includes achieving fast rates in the measurement time,
improving indicators of metrological performance (such as accuracy, precision,
etc.), expanding the range of covered scales (spatial resolution and range),
improving the degree of coverage of a measurement (meaning the actual
percentage of the external surface of an object successfully covered, i.e.,
measured ), augmenting the part accessibility or, in other words, the capability
for a given measurement technology to reach surfaces which may be occluded
or hidden from the line-of-sight (for instance, hollow features and high slope
angles). Improving measurement quality may also mean that it is possible to
obtain results equal to the ones achievable without employment of any
particular optimised strategy, but at fractions of the time and costs, deploying
new technologies and employing more affordable instruments.

The novelty of this Ph.D. work resides on the development of new
approaches for the assessment of quality in measurement in the context of
complex additively manufactured products. A set of algorithms for computing
unique indicators of measurement performance have been developed, based on
the knowledge of measured point clouds and their underlying registered CAD
geometry. As quality in measurement does not only refer to measurement

uncertainty but addresses elements related to extents and density of surface
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coverage, two separate sets of novel performance indicators have been
designed as contribution to the field: measurement quality indicators and
indicators derived from a statistical point cloud model. For the first time, the
developed performance indicators do not simply provide a scalar number
representative of the entire part, but they offer a detailed map of measurement
performance and behaviour in correspondence to every region of the part.

The first set of indicators, defined in this thesis as measurement quality
indicators, is computed from single high-density measurements, and do not
require any additional information apart from the knowledge of the nominal
reference geometry (in form of triangle mesh) and of the dataset itself. The
majority of the indicators of the first set rely on the point cloud being finely
registered to the reference mesh and subsets of points associated to specific
triangles. The measurement quality indicators address multiple perspectives,
not only limited to the computation of conventional metrological criteria (for
example the uncertainty associated to features of size), but also performance
and behaviour at the point cloud level, for example coverage, accessibility of
critical regions of a part surface, sampling and density representativeness, and
spatial dispersion of the points with respect to the associated, reference
surface. These indicators are the most directly applicable for implementing
the “smartness” (and future full automation) of optical CMSs.

The second set of indicators is derived from the development of a
statistical point cloud model used to propose a mnovel approach for the
investigation of the precision of measurements (i.e., random error in
repeatability /reproducibility conditions). The approach is based on the

construction and fitting of a statistical model to high-density point clouds
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produced by optical measurement repeats. The derived indicators are directly
useable in a smart measurement system only if it implements a measurement
technology where taking multiple measurements is viable and does not imply
excessive cost. However, even when measurement repeats are not convenient,
these indicators can be computed in preliminary experimental campaigns and
provide insight on the interaction between the measurement system and the
measured part.

Figure 1.3 illustrates the complete measurement pipeline defined in this
thesis for the computation of the aforementioned sets of indicators,
implemented as preliminary prototypical algorithms that can act as proof-of-

concept for the development of future fully-automated smart CMSs.
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Figure 1.3 Schematic representation of the semi-automated workflow procedure for the

assessment of the quality of measurement results via the definition of performance

indicators
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The algorithmic implementation mainly focuses on results coming from
optical measuring technologies, given that non-contact instruments reproduce
high-density point cloud surface data compared to tactile CMSs. However, for
the evaluation of several indicators contact measurements are utilised as
reference given their high accuracy. The pipeline starts from the input of the
reference geometry in form of triangle mesh (utilising the a priori information
available) and the point cloud measured with an optical CMS. While the point
cloud is processed and cleaned from the artefacts caused by the measurement,
the structure connectivity of the elements composing the triangle mesh (i.e.,
triangle facets) is analysed and indexed. The two datasets are then finely
registered, and subsets of points are associated to regions of the mesh (i.e.,
point-to-triangle associations). As previously stated, the association of the
point cloud with the triangle mesh is required for the definition of the majority
of the indicators presented in this thesis. Once the two sets of indicators are
computed, the operator is provided with indications and feedbacks of the
measurement results, in order to evaluate if additional measurement activities
are required. Details, discussion and examples regarding each specific step of
the described pipeline will be illustrated and provided to the reader

throughout the thesis.

1.4 Thesis outline

Chapter 2 begins by giving an overview of metrology and measurement

uncertainty, discusses the basics of current optical coordinate technologies for
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the measurement of the external shape of a part, and illustrates some of the
advances recently made towards the development of smart systems and
intelligent measurement strategies. A state-of-the-art review in point cloud
analysis and processing is then presented, covering formal representation, pre-
processing, partitioning, fitting, registration and comparison to CAD, and
additionally illustrating methods for the incorporation of uncertainty into
point cloud data. The chapter ends with a discussion and a summary of the
key areas addressed in this project, which reflect the gaps found in research.

Chapter 3 describes the steps required to achieve registration of the
measured point cloud to the underlying reference geometry representing the
measured part, and the consequent assessment of the pose. Registration is a
fundamental step of the measurement pipeline, especially for the computation
of the measurement quality indicators and the development of the statistical
point cloud model discussed respectively in Chapters 4 and 5. The registration
approach based on landmark matching using similarity metrics is applied to
selected industrial cases featuring AM components.

Chapter 4 introduces the first set of performance indicators computed
on individual point clouds. Here, aspects such as measurement effort, intrinsic
properties of measured point cloud, part coverage, and metrological
performance of measurements are presented, along with the definitions of the
indicators and the method developed to estimate them.

Chapter 5 illustrates the statistical point cloud model, generated and
fitted to high-density point clouds produced by optical measurement repeats.
Indicators derived from the statistical model are then illustrated, useful to

assess metrological performance in repeatability or reproducibility conditions.
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Chapter 6 shows the application of the indicators defined in Chapters 4
and 5 on the selected industrial cases described in Chapter 3, measured with
different optical instruments, reporting a complete summary and discussion
of the results obtained from the indicators defined and methods developed.

Finally, Chapter 7 concludes the thesis by giving a summary of the main
findings, and highlighting the contributions of the Ph.D. to the field. The
opportunities for future work, which can expand upon what is introduced here
to increase its scope and impact, highlight the concept that the proposed
indicators represent only a building block for the development of future smart

fully-automated measuring systems.
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Background and related work
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