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Abstract

Signal processing is a fundamental component of almost any sensor-enabled system, with a

wide range of applications across different scientific disciplines. Time series data, images, and

* Author to whom any correspondence should be addressed.

Original content from this work may be used under the terms
BY of the Creative Commons Attribution 4.0 licence. Any fur-
ther distribution of this work must maintain attribution to the author(s) and the

title of the work, journal citation and DOI.
1361-6501/22/012002+48$33.00 Printed in the UK 1 © 2021 The Author(s). Published by IOP Publishing Ltd


https://doi.org/10.1088/1361-6501/ac2dbd
https://orcid.org/0000-0002-5027-5323
https://orcid.org/0000-0002-1623-0105
https://orcid.org/0000-0002-5423-9653
https://orcid.org/0000-0001-9883-9311
https://orcid.org/0000-0002-6049-9830
https://orcid.org/0000-0002-9677-1234
https://orcid.org/0000-0003-4627-3787
https://orcid.org/0000-0001-9025-1505
https://orcid.org/0000-0002-2977-0194
https://orcid.org/0000-0002-8571-1527
https://orcid.org/0000-0003-2860-399X
https://orcid.org/0000-0003-4345-7310
https://orcid.org/0000-0002-3786-3817
https://orcid.org/0000-0002-8478-8928
https://orcid.org/0000-0003-2220-3856
https://orcid.org/0000-0002-6033-2547
https://orcid.org/0000-0001-8254-8093
https://orcid.org/0000-0003-3568-2702
https://orcid.org/0000-0003-4872-4860
mailto:diakovidis@uth.gr
http://crossmark.crossref.org/dialog/?doi=10.1088/1361-6501/ac2dbd&domain=pdf&date_stamp=2021-11-16
https://creativecommons.org/licenses/by/4.0/

Meas. Sci. Technol. 33 (2022) 012002 Roadmap

video sequences comprise representative forms of signals that can be enhanced and analysed for
information extraction and quantification. The recent advances in artificial intelligence and
machine learning are shifting the research attention towards intelligent, data-driven, signal
processing. This roadmap presents a critical overview of the state-of-the-art methods and
applications aiming to highlight future challenges and research opportunities towards next
generation measurement systems. It covers a broad spectrum of topics ranging from basic to
industrial research, organized in concise thematic sections that reflect the trends and the impacts
of current and future developments per research field. Furthermore, it offers guidance to
researchers and funding agencies in identifying new prospects.

Keywords: signal processing, measurement systems, optical measurements, machine learning,
biomedical applications, environmental applications, industrial applications
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1. Introduction

Dimitris K lakovidis

University of Thessaly

In the history of science, the establishment of signal processing
as a discrete field of science is placed in 1940s [1]. In that dec-
ade, masterpiece papers were published, mainly in the con-
text of communications, with a monumental work to be that
of Claude Shannon’s ‘A mathematical theory of communica-
tions.” That period signified the progress of signal processing
also in the context of other fields, including radio detection and
ranging (radar) technology, which flourished upon the needs
of military applications during World War II [2]. Since then,
especially after the revolution of digital technology of the six-
ties, signal processing has become an integral part of almost
any sensor-enabled system.

The applications of signal processing are numerous,
extending well-beyond the domain of communications. Multi-
source temporal data series, two or higher dimensional data
structures, such as images and video, can be regarded as sig-
nals. Signal quality is affected by different factors, such as the
characteristics of the sensors used for their acquisition, and
non-deterministic phenomena related to the data acquisition
environment. Signal processing methods have been devised to
transform the signals so that different application needs are
met. Common transformations aim to signal quality or fea-
ture enhancement and signal compression. Signal processing
methods may precede, or be an integral part, of signal analysis
methods, aiming to reveal important information about the
content of the signals, including their semantics and the meas-
urement of observable quantities. It is therefore evident that
there are strong dependencies between sensor-based measure-
ments and signal processing, either in the preparation phase or
in the analysis phase of the signals considered by a measure-
ment system.

In the recent years, the increase of computational resources
has triggered a remarkable progress on adaptive systems with
generic architectures, enabling the solution of more and more
difficult signal processing and analysis problems. Such sys-

tems are the basis of machine learning (ML) and artificial
intelligence (Al), and today, complex architectures, such as
deep artificial neural networks (DNNSs) [3], may include mil-
lions of free parameters that can be tuned by an algorithm to
infer solutions, based solely on the input data. This trend, usu-
ally referred to as deep learning (DL), has already entered the
domain of measurement science, with several works indicating
the effectiveness of today’s ML methods to solve measurement
problems.

This roadmap presents a critical overview of the state-of-
the-art signal processing and analysis methods and applic-
ations, aiming to highlight future challenges and perspect-
ives towards next generation measurement systems. These
are measurement systems of the Fourth Industrial Revolu-
tion, leveraging and contributing to the scientific and techno-
logical advancements of the next decades. It is organized in
four sections. Section 2 identifies issues related to signal pro-
cessing that are worth considering in contemporary measure-
ment systems. These include uncertainty modelling, which is
a fundamental issue that is still open, and issues related to net-
worked multisensor measurement systems based on internet of
things (IoT) technologies. Section 3 identifies challenges with
respect to signal processing for optical measurement systems.
In this direction signal processing perspectives are discussed
in the context of particle image velocimetry (PIV) and interfer-
ometry. Sections 4 and 5 deal with a broad spectrum of applic-
ations, where measurement quality and efficiency can have a
significant societal or economic impact. These span to biomed-
ical, remote sensing, environmental, and industrial domains.

Many of the challenges and perspectives identified in this
roadmap are associated with ML, which is undoubtedly a
promising direction. However, it should not be considered as
a panacea for the treatment of any signal processing or meas-
urement problem. By taking a closer look to a problem under
investigation and by understanding the involved physical pro-
cesses other solutions, either without or combining DL with
knowledge about the problem under investigation, could be
more efficient. This is also highlighted in the roadmap, along
with a multitude of other directions for novel research results
and progress.
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2. Signal processing considerations in
contemporary measurement systems

2.1. Signal uncertainty modelling

Melanie Ooil, Ye Chow Kuangl and Serge Demidenko®

! University of Waikato
2 Sunway University

Status

Since the advent of the digital revolution, the volume of data
acquisition and processing has been growing at an alarm-
ing rate. It has been fuelled by new technologies and tools
as well as by the naive confidence that there would be wis-
dom and knowledge within the acquired data that can reveal
new insights. However, the confidence in data-driven decision-
making does not depend on the amount but rather on the
usefulness of data [4]. Data usefulness can be generally cat-
egorised into (a) discrimination of what is relevant, (b) inter-
pretation of the information acquired, and (c) identification of
sources, measurement, and management of uncertainties of the
data (signals) as they inherently affect the operations of data-
driven systems.

It is therefore crucially important to account for uncertain-
ties when employing or designing such systems especially in
mission-critical domains such as health, environment, secur-
ity, etc. The sources of uncertainties are associated with the
measurement of system input signals as well as with the pro-
cessing of these signals by the system itself (that is naturally
not perfect and having physical, technical, performance, and
other constraints). The technique to infer output uncertainties
given the uncertainties of input is known as the propagation
of uncertainty. Known uncertainties of the inputs to a known
measurement system can be propagated through a model of the
system to find the probability density function or cumulative
distribution function of the constraints, allowing characterisa-
tion of the uncertainties imposed by the system. This, in turn,
facilitates various types of system analysis where needed. If
no adequate model of the system is known, a model can be
developed by measuring input quantities in relation to output
quantities to determine their relationship.

Current and future challenges

The Guide to the Expression of Uncertainty in Measurement
(GUM) [5] outlines three methods to evaluate the propagation
of uncertainty:

(a) GUM uncertainty propagation framework. This analytical
approach is sufficient for largely linear cases. Unfortu-
nately, it can be inaccurate in real-world scenarios in pres-
ence of non-linearities.

(b) Monte Carlo simulation. It is valid for wider classes
of uncertainty estimation problems. However, it is

computationally more expensive and requires large simu-
lation sizes for complex problems thus limiting its use.

(c) Analytical methods based on statistical moments. In fact,
the GUM uncertainty framework outlines the simplest
form of the moment-based method with just two moments:
mean and standard deviation. This somewhat limits the
framework’s application since just two moments are insuf-
ficient to model complex problems.

A concise yet quite comprehensive outline of the area of mod-
elling uncertainty of signals can be found in [6] published
almost a decade ago. There have been a large number of new
results in this very active research domain including signal
uncertainty evaluation, propagation through the measurement
procedures, modelling, applications, etc, while further extend-
ing the foundations formulated by GUM, e.g. [7-10]. This area
continues to expand while progressing to address the numer-
ous challenges, such as advancing approaches for uncertainty
evaluation for time-dependent measurements and their imple-
mentation for routine applications, increasing efficiency and
reducing the cost of a Monte Carlo method for uncertainty
evaluation, studying advanced approaches based on comput-
ing moments of higher orders of the output-of-interest, devel-
oping computationally efficient uncertainty evaluation tech-
niques and tools enabling real-time applications, and so on.

Advances in science and technology to meet
challenges

Among the promising advances in the field under discussion
is the analytical modelling of the uncertainty within a process
of technical design optimisation. Uncertainty evaluation tools
are employed to estimate the reliability and robustness of pro-
posed design solutions. Here the reliability reflects the level of
confidence in meeting a physical design constraint, whereas
robustness refers to the sensitivity of an output to the uncer-
tainties in the inputs. This method has been implemented in
the structural design [11], whereby the overall reliability and
robustness of a prescribed constraint of the structure compris-
ing many elements (e.g. beams, columns, etc), is often sought-
after based on the knowledge of uncertainty of each element.
This information is then fed into deterministic optimization
algorithms (i.e. where uncertainties of the design parameters
are not considered) to find the best design solution while min-
imising weight/cost and meeting the physical constraints with
a desired level of reliability along with less susceptibility to
the system uncertainties. As a result, a design that meets the
required reliability and safety can be achieved. This technique
likely would be applicable to designing measurement systems
with numerous sensor elements.

Modelling uncertainty propagation within a complex sys-
tem will be an important tool to build a robust decision-making
system. And herein lies the problem—the existing uncertainty
propagation methods have historically been focused on tech-
niques that serve the main role of reporting/estimating output
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uncertainty and are confined to static or quasi-static operat-
ing environments [12]. State-of-the-art techniques are capable
of evaluating input-output uncertainty of systems represen-
ted by linear or polynomial functions. Theoretical advances
to estimate input-output uncertainty of the systems represent-
able by more flexible models such as radial basis functions or
artificial neural networks (ANNs) would expand the ability to
estimate uncertainty in complex decision making. In the cases
where closed-form solutions cannot be found, limiting solu-
tions (similar to the central limit theorem) could provide use-
ful theoretical bound in the design of large and complex signal
processing systems. Further investigations, development and
introduction of such improved techniques will help to advance
the research subject area of uncertainty propagation beyond
the current boundaries.

Technical challenges for uncertainty evaluation and mod-
elling are mainly associated with complex signal processing
structures having a multitude of distributed inputs and outputs
deployed to carry out long-term missions in varying environ-
ments (e.g. large-scale IoT systems) where the data reliability
and system stability are not guaranteed. This would negatively
affect the fundamental items of dealing with uncertainties—
calibration (and system identification) and traceability [13].
A viable solution would be self-adaptive sensing with soft-
calibration using the acquired data, where yet again, sig-
nal and uncertainty modelling would play a central role
in developing efficient and robust self-tuning algorithms.
Transferability between applications would be important
to enable cost-effective large-scale integration. Improving
data acquisition and sensor fusion have to be achieved as
well as optimisation of the computational efficiency (e.g.
achieving the best trade-off between computational accuracy

versus resource utilization [14]) would also need to be
advanced.

Concluding remarks

It can be expected that the future intelligent measurement
systems with embedded data-driven decision-making will
continue to be characterised by the large-scale long-term
deployment of multitudes of sensing elements connected to
high-performance signal or data processing equipment. The
uncertainty associated with the signals or data arriving from
the sensing elements is to be accounted for along with the
uncertainty of signal processing in time or complex digital
computations performed by the system thus supporting the
avoidance of unintended wrong decisions or results at the sys-
tem outputs. And that is where lies the importance of the
advancement of the theory, practice and tools for uncertainty
modelling and evaluation (a good example of an uncertainty
evaluation tool is given in [15]). The progress achieved in
many topics associated with this field in recent years has been
very significant. Yet, in terms of finding more general solu-
tions that would be required for the design and deployment of
the next-generation measurement systems, the challenges are
serious.

Acknowledgments

The authors would like to express appreciation for the support
provided to their research by the IEEE Instrumentation and
Measurement Society, Massey University, and Royal Society
of New Zealand. The valuable contributions made by A Rajan,
H Carstens, and R Zhang are acknowledged with thanks.



Meas. Sci. Technol. 33 (2022) 012002

Roadmap

2.2. Signal processing for loT-based measurements
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Recent decades have seen rapid developments in the scope
and sophistication of networked sensor technology, particu-
larly within the context of the internet of things (IoT) [16, 17].
The IoT raises a wide range of technical challenges for distrib-
uted sensing, including the development of energy-aware data
acquisition systems, localization of mobile IoT nodes, syn-
chronization protocols, and security [18]. Further questions
arise concerning basic measurement functionality. The default
assumption is that the measurement calculation and associated
signal processing should be identical to that of an equivalent
non-networked sensor. Perhaps, even simplified measurement
calculations may be employed to reduce the complexity, cost
and power consumption of the local device, if it can also be
assumed that, at the network level, sophisticated data fusion
may overcome the metrological limitations of individual sens-
ing nodes. An alternative approach, promoted via an IEEE
Recommended Practice [19, 20], would claim that ‘a paradigm
shift in the sensor world is on the horizon: the signal will
be processed entirely at the point of measurement (POM)’,
i.e. that more, not less, measurement calculation should be
performed locally, in order to reduce power, communication
bandwidth and data storage requirements. The challenge is
to develop schemes whereby local signal processing in indi-
vidual nodes can be configured and modified, ideally as dir-
ected by the network level. For example, certain Fieldbus pro-
tocols, developed in the 1990s for industrial applications [16],
provide a limited capability for downloading signal processing
tasks into local nodes. A valve position can be modified using a
control algorithm downloaded into a nearby temperature, pres-
sure or flow sensor, for example. However, this capability is
limited to distributing fixed function blocks (e.g. PID) across
the device network. Here we present two promising techniques
that provide more flexible, localised signal processing within
the IoT domain. The first technique [20] provides a universal
framework for extracting features from a measurement signal,
resulting in a compact form of signal encoding. The second
technique [21] provides a low cost, modular signal processing
block that can be flexibly configured to perform a wide range
of signal processing tasks, including for IoT devices.

Current and future challenges

IoT roll-out will generate an exponential rise in the num-
ber of sensing nodes, deployed in diverse environments. This
poses challenges to designers and users, whether of indi-
vidual components or entire systems. ‘As systems become

more interconnected and diverse, architects are less able to
anticipate and design interactions among components, leav-
ing such issues to be dealt with at runtime. Soon systems will
become too massive and complex for even the most skilled sys-
tem integrators to install, configure, optimize, maintain, and
merge’ (cited in [21]). Big data and ML techniques have made
remarkable progress in implementing top-down analysis, con-
dition monitoring, and efficient operation for a wide range of
complex systems. However, the question arises as to what sig-
nal processing capabilities might be provided at the lowest
level to support autonomous and adaptive systems at higher
levels, while also minimising processing and data bandwidth.
Such developments would counteract the sometimes low pri-
ority currently afforded software development for IoT devices,
where ‘... often software engineering is the last activity after
mechanical and electrical design, facing a lack of informa-
tion and limited development time because of delays in the
other disciplines. On the other hand, bugs created in other
disciplines need to be fixed by means of software’ (cited in
[21]). One route to new capability is to develop signal pro-
cessing means to characterise real-time measurement beha-
viour through a compact form of coding, as a further stage
of processing beyond the basic measurement. This should be
simple enough to be implemented within any sensor node,
while being sufficiently expressive to support a wide range
of potential uses at both the local (sensor to sensor, sensor to
actuator) and the system level. Another route is to consider
whether sensor signal processing tasks can be characterised
in a modular, parameterised form, so that task modification or
augmentation can be compactly defined and communicated by
the system down into the individual sensing node. This would
facilitate flexible and adaptive processing of high bandwidth
transducer data and produce high information content, low
bandwidth, and possibly bespoke measurements, as required
and requested by the higher-level system.

Advances in science and technology to meet
challenges

The IEEE Recommended Practice 21451 [20] provides an
interpolation-based segmentation algorithm to encode any
time series into a sequence of signal shapes. It is intended for
real-time operation within any sensor and provides a standard
means of signal identification and information fusion. Figure 1
shows the set of segment types, an example signal, and its cor-
responding coding vector: C is the character type, while M
and T are timing markers. The technique excludes amplitude
information, as it aims to encode only shape. However, max-
ima and minima are readily identified at the intersections of
specific segment pairs—for example, maxima occur at ‘de’,
‘df’, ‘ge’, or ‘gf” junctions. A simple application example [20]
consists of heating liquid in a tank, where the heating actuator
asks the temperature sensor to verify that the temperature is
rising. The recommended signal shape characterisation is suf-
ficient to support decentralised, ad-hoc interactions between
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Figure 1. (Upper) classes for defining line segments; (lower)
example of signal description using mark, class, tempos notation;
© 2013 IEEE. Reprinted, with permission, from [19].

devices, including the formulation of requests that can be inter-
preted and answered with low bandwidth yes/no responses.
The Prism [21, 22] is a linear phase finite impulse response
(FIR) filter where, unusually, the calculation is recursive so
that the computational cost per sample is low and fixed, irre-
spective of filter length. Prism design and instantiation, given
desired parameter values, is also trivial. This design simpli-
city and low computational cost support the use of Prism
networks to carry out a variety of signal processing tasks,
including low-pass, bandpass and notch filtering, and track-
ing [21], whereby frequency/phase/amplitude values are cal-
culated for a sinusoidal, typically post-filtered, signal. Spec-
tral analysis is also supported [23]. These properties enable
the creation of new signal processing schemes within net-
worked sensors on an ad-hoc, as needed basis. Figure 2 sum-
marises a demonstrator: a wireless acceleration sensor [24]
measures angular acceleration for condition monitoring of
rotating machinery. A chipped or broken gear tooth results
in modulation in the amplitude of the 4th harmonic of the
rotation frequency; a Prism signal processing scheme can
be instantiated for real-time tracking of this parameter to
provide fault detection [25], where in this case the scheme is
instantiated to support the current (assumed steady) speed of
rotation.

Figure 2. (Top left) wireless acceleration sensor; (top right) sensor
mounted on gear box; (middle) time-varying amplitude of 4th
harmonic for normal, chipped and broken gear; (bottom)
Prism-based signal processing network to diagnose gear fault;

© 2018 IEEE. Reprinted, with permission, from [25].

Concluding remarks

A comprehensive approach to the evolution of the internet of
things should include a reconsideration of how signal pro-
cessing tasks can be defined and implemented. The devel-
opment of novel techniques to facilitate flexible and adapt-
ive calculations at the POM, i.e. within the sensing node
itself, will help to reduce the computational, communication
and data storage requirements that will continue to constrain
the power and sophistication of fully autonomous systems.
Current research typically considers, on the one hand, IoT
implementations of well-established signal processing tech-
niques, such as frequency estimation [26] or filtering [27], or
on the other hand, application-specific requirements such as
for healthcare [28, 29]. The two techniques described here
suggest the potential for developing novel signal processing
approaches to support localised, flexible signal processing as
required by IoT. The examples provided are an encoding tech-
nique to characterise the shape of any signal, and the Prism, a
recursive FIR signal processing building block with low design
and computational cost. The diversity of these approaches sug-
gest that alternative valuable techniques await discovery and
application in future research programmes.
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3. Optical measurements

3.1. PIV data processing

Andrea Sciacchitano' and Stefano Discetti®
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PIV is a well-established versatile technique for velocity meas-
urements of fluid flows. PIV is nowadays used in an impress-
ively wide spectrum of applications, covering aerodynam-
ics, biomedical flows, meteorology, oceanography, industrial
applications and many more. The unique feature of PIV is
its capability to deliver instantaneous velocity fields, thus
enabling computation of vorticity fields and identification of
coherent structures. Although with a wealth of variants, the
processing of PIV images has reached a mature state. The core
of the process is the use of algorithms to track the motion of
particle images, in most cases based on either cross-correlation
analysis [30] or individual tracking [31]. PIV algorithms have
been progressively refined along the last three decades, lead-
ing to a sophisticated combination of image pre-conditioning
and processing techniques [32] able to deliver a highly accur-
ate flow characterization in an impressive range of condi-
tions. Removal of unwanted background reflections from the
image recordings is typically carried out by subtraction of
the time-minimum or time-average pixel intensity. In most
cases the velocity field is retrieved via cross-correlation ana-
lysis on small regions, often referred to as interrogation win-
dows, covering the flow field (see figure 3). The process is
generally multi-step, iterative, with progressive grid refine-
ment. A detection, removal and correction of outliers is nor-
mally carried out after each pass. A-posteriori quantification
of the measurement uncertainty is nowadays possible based
e.g. on the analysis of the correlation statistics [33]. For three-
dimensional (3D) flow measurements by tomography, the
Shake-the-Box algorithm [34], based on the iterative particle
reconstruction coupled with prediction and correction of the
particle images positions along individual trajectories (see
figure 4), has demonstrated higher accuracy and efficiency
with respect to correlation-based algorithms.

PIV is now considered the dominant method in experi-
mental flow characterization, and it is the most prominent can-
didate to provide full flow description in experiments. This
is particularly relevant in applications where numerical sim-
ulations are either not reliable or not even feasible. While
PIV processing can now be regarded as well established, large
margins for improvement are foreseen with a clear reward
ahead. PIV is still considered a technique for expert practi-
tioners and with significant user-dependence on the results,
being this especially true for volumetric measurements. Fur-
thermore, we have witnessed the progressive increase in data
size and dimensionality of PIV along its history, starting
from few instantaneous snapshots of planar measurements to
thousands of time-resolved volumetric representations of flow
fields, each one including tens of thousands of vectors. The

complete flow description is extremely attractive for valida-
tion of numerical methods and is fostering research efforts in
data assimilation.

Current and future challenges

Despite the widespread use of PIV in research laborator-
ies worldwide, applications of the technique in the industrial
environment are hindered by several limitations concerning
both the measurement hardware and the data processing
algorithms. Those include: the relatively small size of the
measurement domain; the large times required for system
calibration; the presence of unwanted laser light reflections,
which locally hinder the evaluation of the flow velocity;
the limited dynamic spatial and velocity ranges, both not
exceeding O(100) [35, 36]; the dependence of the meas-
urement results upon the user’s expertise, and in particu-
lar the selection of the processing algorithm; the limited
knowledge on the measurement uncertainty. These issues are
further exacerbated when 3D flow measurements are per-
formed, due to the use of multiple cameras and volumetric
illumination.

Notwithstanding these difficulties, research efforts in the
last decade have led to establish volumetric PIV as a stand-
ard tool for research [37]. Time-resolved velocity measure-
ments are now available up to frequencies approaching 1 MHz
[38], thus opening an unprecedented perspective for com-
plete moderate-to-high-Reynolds number flow characteriza-
tion. Nevertheless, the high frequency content of the velo-
city spectra is typically inaccessible due to measurement
noise; currently, it is not clear whether multi-frame processing
algorithms are capable to suppress the measurement noise
without filtering the physical fluctuations. Enforcing first prin-
ciples to extract field measurements of pressure [39] and scalar
transport has pushed PIV in the last years beyond the mere
measurement of kinematic quantities. Such approaches require
high-repetition-rate equipment to achieve time resolution, thus
limiting their applicability to relatively low speed flows. A cur-
rent challenge is to overcome this limitation to transform PIV
into a robust complete-flow-characterization tool in experi-
mental aerodynamics.

Advances in science and technology to meet
challenges

Advances in high-repetition rate equipment, seeding particles
for small response time, as well as multi-frame image interrog-
ation algorithms, will be key enablers for MHz-range PIV [40],
thus unveiling flow dynamics occurring at high-frequencies.
Bridging the gap between research laboratories and
industry requires a higher level of automation in the PIV data
acquisition and processing. Robotic PIV systems have been
introduced [41] to enlarge the size of the measurement domain
to cubic metres without compromising the data acquisition
time. The development of Al approaches is considered cru-
cial to optimise both image acquisition (automatic identifica-
tion of viewing directions, measurement regions and number
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Figure 3. Analysis of double frame PIV recording based on digital cross-correlation. Reprinted by permission from Springer Nature

Customer Service Centre GmbH: Springer. [35] © 2018.
original

prediction

processing step o

normal
triangulation

triangulation,

shaking reduced views

residual image

Figure 4. Schematic description of the Shake-the-Box algorithm. Reprinted by permission from Springer Nature Customer Service Centre

GmbH: Springer. Experiments in Fluids. [34] © 2016.

of samples to maximise the data quality) and data processing
(user-independent optimisation of the processing parameters).
Furthermore, robust uncertainty quantification methodologies
based on the design of experiments framework shall be intro-
duced that quantify the uncertainty associated with each of
the relevant error sources [42]. Finally, image and data com-
pression approaches will be crucial to enable researchers and
engineers to handle the incredible wealth of flow information
acquired.

Advances in data fusion and data assimilation approaches
will have a key role in enriching the measurement data by
enabling the determination of flow properties otherwise not
accessible, such as surface pressure and wall shear stress,
thus leading to the evaluation of the aerodynamic load dis-
tributions, or flow scales beyond the Nyquist limit imposed
by the spatial sampling with particles. Promising pathways
include imposing the compliance with the governing equations
of fluid motion, either based on the Navier—Stokes or on the
Lattice-Boltzmann formulations, and the use of variational
data-assimilation frameworks employing adjoint computa-
tional fluid dynamics.

ML algorithms are also expected to be a key player in
addressing the challenges to increase the robustness and user-
independence of PIV image processing. Promising research
avenues are opened by the deployment of DL algorithms.
The perspective of such methods is to exploit the recent
advances of computer vision to increase the temporal and
spatial resolution of PIV beyond the limits of the image
acquisition system. The developments in super-resolution ML
algorithms (see, for instance, generative adversarial neural net-
works) are now offering intriguing research pathways. This
is expected to stimulate research efforts on novel physics-
informed algorithms since in most of the applications of PIV

the underlying equations are known and can be enforced to
regularize the final output. Furthermore, ML algorithms can
pave the way towards embedding time-resolution in stand-
ard low-repetition-rate PIV using sparse high-repetition-rate
simultaneous measurements, thus easing the achievement of a
complete flow dynamics characterization.

Concluding remarks

PIV is offering the perspective of a complete technique for
flow characterization, with robust and reliable measurements
to validate numerical simulations and to explore configura-
tion where simulations are not accessible. The main challenges
ahead are identified in the improvement of the flexibility and
robustness of the technique to ease its transition from being
a specialized technique to a standard tool also in industrial
practice. Although hardware advances are foreseen as a strong
beneficial asset for this process, very promising opportunit-
ies in this direction are offered by advanced signal processing.
A strong embedding of first physical principles by means of
data fusion, data assimilation or physics-informed DL meth-
ods is expected to be a key player in the next years. The recent
advances in computer vision are also already contributing to
setting up a new generation of PIV processing methods, open-
ing new perspectives for improved accuracy, mitigation of the
user dependence, and for uncertainty quantification.
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3.2. Interferometry signal processing
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Status

Interferometry conveys information about distance and
changes in distance by the interference of a sinusoidal light
signal that is transmitted with its reflection from an object of
interest, such as a mirror or a diffusing target. The interfer-
ometric signal to be processed comes from a photodetector;
ideally the signal to be processed has the form:

I=1Iy[1+mcos (2ks + o). (1)
This is the output signal obtained at the photodetector as the
beating of the reference beam Er = E exp iwt, and the meas-
urement beam propagated forth and back to the target at dis-
tance s, Es = Egpexp i(wt — 2ks). We wish to trace back the
distance s or displacement As contained in the phase term
p = 2ks + o under the cosine function. Specifically, s = s(f) is
the time-dependent distance of the target, / is the photodetector
current, Io = Eoy? + Eso? its mean value, m = 2 EsoEgo/lo
the modulation index (or fringe visibility), ¢ = 2ks the inter-
ferometric phase accumulated over the path 2s, k = 27/ the
wavevector and A\ the wavelength, and ¢y a constant phase
term, equal to arm imbalance in a two-beam interferometer
[43, 44]. While the problem is trivial when s(¢) is monotonic,
because we can invert equation (1) as s(f) = (1/2k) arccos
[(/ly — 1)/m] — g, as soon as s(f) has minima or maxima
the cosine function periodicity (or the multi-values of arccos)
prevent to obtain an unambiguous inversion.

Figure 5 shows an example of sine-wave displacement
s(t) = 5o sinwgt for which the signal cos(2ksy sinwot + o)
exhibits a slower periodicity in correspondence with the max-
ima/minima of s(f) [43]. Traditionally, the problem is solved
by modulating the laser wavelength (heterodyne interfero-
meter, typical solution for vibrometers [45]), or by adding a
second interferometric signal, of the type sin (2ks + (), soO
as to have a complete pair {siny,cosp} identifying the phase
(p = 2ks unambiguously.

A different approach to overcome the ambiguity was
developed after the introduction of the self-mix configuration
of interferometry [46] by which, as soon as the feedback level
is moderate the interferometric waveform becomes distorted
and a switching appears with the sign of the increasing/de-
creasing displacement (figure 5, bottom panel). Taking advant-
age of this self-unwrapping, the inversion operation can be car-
ried out with no error and a limit set by noise at about £5 nm,
provided the parameter of the experiment (feedback factor C
and linewidth enhancement «) are known [47].

Current and future challenges

The first challenge of interferometric measurements is that
of applications to mechanical engineering [48] and machine

1

tool control is to work on native, untreated surfaces (the non-
invasiveness feature) and this means that the phase measure-
ment shall be carried out in the speckle pattern regime [43]
of optical field returning from the target. The speckle statist-
ics corrupts both amplitude and phase of the returning field. In
amplitude, we have fading of the signal, with the occurrence of
dark speckles with near-to-zero amplitude, whereas the phase
error amounts to a full 27 every time we go out of a coher-
ence region or swing out of the speckle size. Amplitude fading
is defeated by operating in space (or eventually wavelength)
diversity, and the technique known as bright speckle tracking
[49] has been shown to solve the problem, at the expense of
a small addition to the optical objective collimating the beam
out of the laser source: a piezo XY deflector moving the spot
projected on the target so as to maximize the amplitude of
the return. Once fading is overcome, it is the residual speckle
phase error to limit the measurement accuracy. An analysis
of the phenomenon [50] has revealed that, also in the speckle
regime, we can attain a sub-pm resolution and precision by
properly trading beam size and distance of operation. Even
better is the hypothetic perspective of cancelling the speckle
phase error by taking advantage of the Hilbert conjugation of
phase and logarithm of the amplitude, till now demonstrated
only partially and in special cases [43]. A second challenge to
interferometry is the improvement of sensitivity and resolution
limits for the most demanding applications, like the gravita-
tional wave detection [51]. Figure 6 shows the optical scheme
of VIRGO, the French-Italian detector that uses Fabry—Perot
resonators (mirrors WE-WI and NE-NI) to improve sensitivity
of a factor ~10> equal to the finesse of the resonator, so as to
reach the record sensitivity As/so = 10723 that is necessary to
sense gravitational waves.

A further challenge is the application to medicine and bio-
logy of low-coherence source imaging, also known as optical
coherence tomography (OCT) [52]. Upon scanning the refer-
ence arm length, we get the in-depth scan of the surface from
which the interferometric signal is collected, and in this way,
we obtain a 3D image of the tissue (skin, blood vessel, ret-
ina) under test. The 3D image is further processed to identify
and recognise the diagnostic details of interest (lesions, melan-
oma, etc). Since now, identification and recognition have
been carried out by convolutional neural network (CNN) pro-
cessing of the image at a single wavelength. A new possib-
ility is offered by spectral-scanning OCT because it entails
also the wavelength dependence of image details and there-
fore contains potentially more information as described in next
section.

Advances in science and technology to meet
challenges

Signal processing for an interferometric instrument becomes
increasingly crucial to tackle physical and technological lim-
its. For mechanical applications, digital acquisition at high
sampling frequency allows to better filter out disturbances
and to highlight the desired measurement. Thanks to going
digital, complex processing strategies, such as neural networks
(NNs) and ML techniques, are applicable in real time to the
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Figure 6. VIRGO optical scheme principle (from [51]). This is an
example of very-large Michelson interferometer, with 3 km long
arms and enhanced sensitivity. Reproduced from [51]. © IOP
Publishing Ltd. All rights reserved.

phase evaluation (for example, NN are applied to gravitational
waves). Various complex inverse problems can now be solved
numerically, to reach the desired information.

As an example, the central problem of interferometric
image reconstruction for detail recognition that are of clinical
interest in using an OCT can be formulated in very general
terms: it is to be able solving the constitutive Kubelka—Munk
set of equation for the ongoing power flux I(x, y, z, A\) and

the backscattered power flux J(x, y, z, A) through the sample.
Writing the fluxes simply as I(z, A) and J(z, A), i.e. letting the
x, y dependence implied, we have:

dl(za/\)/dz = 7A(Z7 )‘)I(Za )‘) + S(Z,)\)J(Z, )‘)

d‘](za/\)/dZ:A(Z7>‘)J(Z7>‘)7S(Z7)‘)I(Z7>‘) 2
where A(z, A) and s(z, \) are the attenuation and backscattering
coefficients of the details inside the image at depth z.

In the equation above, the quantity J(z, A) is the measure-
ment output coming from the OCT interferometer, and our
computational task is to find out the best estimates of the spec-
tral attenuation A(z, A) and of the spectral backscattering s(z,
A) coefficients for every pixel of the x, y image, given the meas-
ured J(z, A). The problem is a difficult one because it is ill-
conditioned and requires an algorithmic improvement of the
calculation process respect to the well-known Gauss—Newton
method, but is worth considering because the A(z, \) depend-
ence more easily identifies the class of detail in the 3D image
compared with the CNN processing used so far. The rather
large dimensionality (the typical image may have 64 pixels
in each coordinate and 16 values of \) and the real time
requirement add another challenge to the computation, which
is however interesting because applicable to a wide class of
problems.

Concluding remarks

Interferometry is one of the most powerful measurement tech-
niques in Physics, Engineering and Biomedical Sciences, and
we have observed it is advantageously cross-fertilised by the
advances in technology on one side and advances in data pro-
cessing on the other side. Modern techniques of signal pro-
cessing find broad application to interferometry, for phase
evaluation or reconstruction of the desired measurand. The
current signal processing trend shows a progressive evolution
from analog systems [45] to digital processing (see bibli-
ography of [44]), thanks to high-speed sampler with high-
resolution, and to real-time signal processors. Next genera-
tion of interferometry could be simplified in optical architec-
ture and more and more advanced in digital signal processing:
this evolution will allow to reduce the cost, thus broaden-
ing the possibilities of application in the industrial world (see
[43, 44, 53, 54]).
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4. Biomedical measurements

4.1. Biosignal processing for pervasive health
monitoring
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Status

Historically, healthcare is one of the domains that is highly
benefited from the technological advancements in the differ-
ent scientific areas, with the continuous creation of new clin-
ical pathways, and innovative treatment plans. The contribu-
tion of information and communication technologies on this
was fundamental, establishing the concepts of eHealth and
mHealth, and accelerating the adoption of solutions for proact-
ive and personalized care, which play key role in the enhance-
ment of the mental and physical health and in the improvement
of wellbeing in general [55]. In a broad context, ‘eHealth’ or
‘electronic healthcare’ refers to the sets of computing infra-
structure and applications that assist the provision of medical
services utilizing digitized medical data processed or in raw
formats. In case the applications allow the users to be ‘mobile’
then we are referring to the ‘mHealth’ ecosystem. The evolu-
tion of sensing technologies, the availability of sophisticated
hardware in commodity products and the wide use of smart
‘things’, from phones, watches, and wearables, to advanced,
special purpose equipment for the continuous measurement
of vital signs, creates a rich profusion of data which can be
exploited in pervasive health monitoring. The impact, in pop-
ulation and individual level, of these immense amounts of
biosignal data which are produced every day, is even higher
as a result of the modern methodologies and techniques which
are used for signal processing and knowledge extraction. This
knowledge, which is produced by analysing streaming data
from biosignal sensors, and by correlating health data from
personal, organizational, or public repositories, is nowadays
crucial in the processes of decision-making by healthcare pro-
fessionals and the assessment of patients’ health condition.
There are also cases, that the processing results are directly
consumed by systems for the identification of health deterior-
ation, estimation of risks, and for personalized coaching in the
concepts of quantified-self and assisted living. ML, complex
event processing and anomaly detection are among the techno-
logies which are used for the processing of biosignals and are
at the core of modern provisioning models in healthcare, such
as the notion of digital-twin, the Al-assisted diagnostics, and
the personalized medicine (figure 7). The importance of the
vital sign processing approaches and the creation of valuable
insights is also significant, if we take into consideration the
disruption in everyday life due to extreme events such as the
COVID-19 pandemic, and their effect in healthcare and other
digital systems.
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Figure 7. Vital sign processing overview for pervasive health.

Current and future challenges

The main characteristic of the biosignals is that they are con-
tinuously updated and they can measure, quite effectively in
most cases, important characteristics of patients’ health status.
At the same time, the nature of biosignal data itself intro-
duces several challenges for their effective management, pro-
cessing, and analysis. The constantly increasing number of
different and diverse data types, following the abundance of
hardware and sensors for measuring activity and biosignals,
creates a complex environment for managing and manipu-
lating the data [56]. The analysis processes and methodolo-
gies are becoming even more complicated taking into con-
sideration the multi-modal nature of the signals, since they
have different granularity, with sensors and data sources to
produce on the one hand unprocessed raw data such as the
users’ heartrate, or aggregated data and events on the other
hand, such as the identification atrial fibrillation following
the measurement of ECG. The overall processing flow is
hindered though by missing, untrusted and inconclusive meas-
urements due to sensor misuse or network connectivity failures
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which introduce additional difficulties. da Costa et al [57] have
provided a very enlightening analogy between the character-
istics of health data from sensors and Big Data. The chal-
lenges related to the biosignal volume, velocity, variety, vera-
city, visualization and value are at the core of modern health
applications which not only deal with data but also with the
knowledge produced using processing techniques for noise
removal, data fusion, semantic annotation and trend analysis.
Since the processing typically takes place on mobile platforms
or on the edge of the network, the similarities become appar-
ent. The complexity increases in modern systems where differ-
ent data streams, local and remote, medical and non-medical
(e.g. location), should be combined and aggregated with his-
torical data from the centralized electronic health records of
healthcare organizations, taking also into consideration the
limitations on the resources availability and energy consump-
tion [58]. In this context, signal processing is often followed
by analysis techniques which are taking place in multiple lay-
ers of the application stack, such as clustering, support vector
machines, decision trees, neural and deep networks that are
used for predictions, assessment of health parameters and risk
estimation [59].

Advances in science and technology to meet
challenges

The first step towards the improvement of biosignal data pro-
cessing and analysis is the unification of the techniques for
manipulating data of different nature or data provided from
different sources. The analysis methodologies may consid-
erably benefit from the existence of an abstraction layer for
data access which will be able to support all data types and
sources across systems and devices. This should cover only
the different characteristics of biosignals that can be found in
electronic health records but also the interactions between sys-
tems that operate on the data, from mobile phones and edge
devices to centralized digital repositories for vital signs and
cloud computing platforms. Even though solutions for pro-
cessing health data in different levels are discussed in liter-
ature [60, 61], their generalization and applicability for per-
vasive health monitoring is limited. Furthermore, processing
methodologies dealing with streaming data such as complex
event processing, or data from external, non-health related,

sources such as users’ location or other environmental para-
meters are even more difficult to be adopted without unified
approaches for data exchange and health services interoperab-
ility. Although for several health data types there have been
notable implementations of standards and models e.g. HL7
and FHIR [62], the biosignal data, and their extensions on
Quantified-Self and social aspects [60], still lack of specific-
ations that are natively accepted in processing and analytics
frameworks. Example of this limitation is the incomplete list
of Bluetooth GATT specifications which only cover a frac-
tion of the constantly increasing list of biosignals acquired
from devices and sensors. In addition, advancements on the
semantic interoperability of biosignal data is a fundamental
feature for their effective analysis from healthcare profession-
als and experts in different domains. This also includes the
modelling and encoding of the analysis results and of the
knowledge that is created in the separate processing levels so
that experts and systems can effortlessly operate on them, and
in that way transparently re-instantiate the data analysis loop
following the annotation and fusion of new vital signs and
health data on top of the knowledge that has been already cre-
ated in the past.

Concluding remarks

The creation of harmonized data lakes of biosignals on which
the mechanisms for processing and analysis of data oper-
ate, should be the first step towards the wide adoption of
advanced and efficient biosignal analysis methodologies for
pervasive health monitoring. The increasing usage of sensors,
the innovations in sensing technologies, and the advance-
ments in fields of signal processing, event identification and
knowledge extraction, require the use of models and stand-
ards which will facilitate the data integration processes. Cor-
relation of biosignals and other health data, is fundamental in
a ubiquitous healthcare ecosystem, where advanced analysis
mechanisms can effectively function, allowing professionals
to exploit them to gain insights on public health, and individu-
als to improve their wellbeing [63]. The landscape is chan-
ging fast, with experts and end-users embracing these techno-
logies and concepts however, important steps are still required
to ensure the veracity of vital signs, as well as the privacy of
the users, through strict certifications and policies.
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dimension and approximate entropy [184], Box—Cox sparsity
measures [185], etc have been theoretically investigated and
they can categorised as sparsity measures and complexity
measures for machine condition monitoring. In figure 20,
signal processing algorithms including WT, squared envel-
ope and Fourier transform, and sparsity measures are lin-
early decomposed as the weighted sum of physical inter-
pretable nodes and their connections form a NN-like struc-
ture [186]. Moreover, the linear decomposition of sparsity

39

measures [187] in figure 21 are incorporated into the NN-
like structure to physically interpret the use of hand-crafted
features for fault feature extraction and to make the whole
NN-like structure physically interpretable. Here, the ReLU
function is used because machine condition monitoring is
only concerned about positive outputs of the ReLLU function
to detect machine abnormality. Secondly, composite health
indices with desired mathematical properties [188—190] were
proposed to fuse process and non-process data to improve the
prognostic ability of health indices. Thirdly, besides condi-
tion monitoring and fault diagnosis, exponential fault features
[191, 192] with random variables and Bayesian updating were
proposed to predict remaining useful life of an exponential
degradation process. Fourthly, WT was mathematically incor-
porated into in the first layer of CNNs [193] to make CNNs
partially interpretable for condition monitoring and fault dia-
gnosis. These works provide preliminary and inspiring res-
ults for further theoretical investigations on more advanced
fault features for condition monitoring, fault diagnosis and
prognostics.

Concluding remarks

Hand-crafted features and DL-based fault features are par-
allel features that can enrich the knowledge domain of con-
dition monitoring, fault diagnosis and prognostics. In recent
years, fault features are not fully and theoretically explored
and subsequently many fault feature issues and challenges will
be addressed. Theoretical investigations on fault features are
an emerging research direction that is helpful for engineers
and academia to fully understand how popular DL algorithms
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extract advanced fault features and how to artificially and spe-
cifically design advanced hand-crafted features to fully charac-
terize the distribution of a signal. Once various advanced fault
features are constructed in fault feature databases, condition
monitoring, fault diagnosis and prognostics would become
mature and reliable.
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5.7. Data-driven signal processing for additive
manufacturing (AM)
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Status

Over the past decades, AM has increasingly reshaped the
manufacturing industry, demonstrating benefits such as higher
geometric flexibility and material efficiency as compared to
the traditional subtractive processes as represented by metal
cutting. While details of the specific AM processes may vary,
the general principle of AM is to create tracks of material by
fusing powders within a laser-generated melt pool and layering
these tracks side-by-side and on top of one another to create
3D components [194]. The sequential relationship of process—
structure—property (PSP) is the central paradigm for scientific
understanding of AM [195], where the process thermal history
involves cycles of repeated melting and solidification of metal
powders to produce hierarchical microstructures.

Due to the multi-physics nature of AM processes, signi-
ficant amount of sensor data can be acquired, making signal
processing an indispensable means for data analysis toward
the discovery of salient patterns that underlie the PSP rela-
tionship. While methods of signal processing have historic-
ally been based on analytical models, the increasing avail-
ability of data due to ubiquitous sensing has enabled data-
driven signal processing as an complementary technique of
growing importance [196]. As illustrated in table 1, model-
based approaches use analytical representation to perform sig-
nal analysis. For example, the characteristic frequency of the
temperature signal measured during AM process provides the
basis for time—frequency analysis of the thermal history and
the inference of properties of the printed part. In comparison,
data-driven approaches directly learn salient patterns that are
characteristic of the AM process from the measured data, and
associates them with part properties by means of numerical
modelling.

Besides the availability of data, increasing attention to data-
driven signal processing techniques can be attributed to sev-
eral additional factors: (a) the increasing complexity in AM
processes, for which high-fidelity analytical models are not
available, (b) new measurement techniques that enable multi-
modal data collection, and (c) advancement in computational
infrastructure for efficient processing of big data [197].

Current and future challenges

While data-driven signal processing techniques have shown to
be effective in deepening the understanding of AM, several
challenges have been identified.

Sensing resolution. AM process is characterized by rapid
interaction between the heat source and metal powders. While
sensing systems such as IR camera and pyrometer have
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enabled the in-situ capture of the thermal history associated
with the printed part at the macro-scale, knowledge gaps
at the meso-scale (e.g. powder scale) remain, such as the
mechanism underlying the formation of microstructure (e.g.
pore, crack, and keyhole), caused by the limited spatial and
temporal resolutions of the existing sensors. Revealing these
meso-scale phenomena will provide insight into the influ-
ence of the fundamental interactions driving the AM dynam-
ics. Therefore, research of high-resolution sensing system will
play a crucial role in advancing the state-of-knowledge in
AM [198].

Image processing. Due to the spatial and temporal charac-
terizations required for PSP modelling, imaging has become
the most prominent sensing modality for AM. However, find-
ing salient patterns embedded in the images that are indicative
of process conditions and defects such as porosity, cracking,
balling, delamination, and distortion has remained challen-
ging, since each type of the defects exhibits complex geomet-
rical characteristics, surface textures, and varying scales that
are difficult to characterize using traditional model-based or
even data-driven techniques. Research of advanced image pro-
cessing techniques is needed to take full advantage of the rich
information embedded in the sensing images, which can serve
as the technical foundation for establishing the PSP model
[199].

Model interpretation. The prediction logic of many data-
driven methods, especially that of DL models, is gener-
ally not transparent to the users. For example, it is unclear
which image pixels are used by the network as evidence to
recognize process defects and whether findings from the net-
work are consistent with physical knowledge of heat trans-
fer and material formation. These limitations create signi-
ficant barriers for establishing data-driven signal processing
as a trustworthy complement to physics-based reasoning by
human experts. Future research on interpretable prediction
logic will contribute to establishing user trust in the perform-
ance of data-driven and translating the findings into knowledge
creation [200].

Advances in science and technology to meet
challenges

In recent years, new advances in science and technology have
provided promising means to tackle the challenges in data-
driven signal processing in AM.

To provide sufficient spatial and temporal resolutions
and capture the fundamental interactions occurred in AM
processes, high-speed synchrotron x-ray imaging has been
developed to complement the traditional infrared and visible
light sensing (figure 22). X-ray imaging enables tracking of the
AM dynamics with significantly improved spatial (um scale
instead of mm scale) and temporal (10’ Hz as compared to
10° Hz) resolutions [198].

Recent advancement in data-driven techniques such as
CNNs, which are inspired by the mechanism of human vision
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interpretability are summarized, and early research efforts in

tackling these challenges are highlighted.
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