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Abstract
Imaging plays a vital role in enabling the visualization and analysis of objects and phenomena
across various scientific disciplines and industrial sectors, spanning a wide range of length and
time scales. This roadmap presents a critical overview of 13 industrial imaging techniques,
which are organized into three thematic categories according to their applicability to either
solid, fluid, or both solid and fluid targets. The objectives of this roadmap are to highlight
challenges and provide perspectives for next-generation imaging systems, which can serve as a
guide to researchers and funding agencies in identifying new prospects. It has been found that
the common challenges of imaging techniques have remained fundamentally unchanged over
the years, including improving coverage, speed, resolution, accuracy, and robustness; however,
there is an increasing reliance on data-driven or artificial intelligence (AI) approaches.
Addressing these challenges necessitates easy access to high-performance computing resources.
Notably, the trustworthiness and traceability of AI approaches should be enhanced through the
sharing of benchmarking data, balancing with physics-based techniques, and the adoption of
more explainable AI.

Keywords: signal processing, image processing, computer vision, machine learning,
nondestructive testing and evaluation, imaging informatics, multimodal imaging
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1. Introduction

A picture is worth a thousand words. Imaging technology has
come a long way since the first camera obscura was invented
in ancient Greece. Since then, imaging technology has been
continually evolving, driven by human curiosity to better com-
prehend and record the world around us, and the need to find
solutions to the challenges we face. Imaging technology offers
a plethora of techniques, each with its unique characteristics
and capabilities. They range from generating visualizations
directly through mechanical waves to reconstructing images
indirectly via electromagnetic interference. While some tech-
niques excel in producing detailed 2D still images, others bring
scenes to life through animated videos. Additionally, the ver-
satility of these methods is evident as some are optimized for
examining vast macroscopic landscapes, whereas others excel
in the intricate world of nanoscale phenomena. Their devel-
opment has supported vivid, detailed visualization of the tar-
gets and provided insights that would have been impossible to
obtain just a few decades ago.

Among all imaging techniques, some have been identi-
fied as having significant potential to revolutionize our ways
of life through improved healthcare, easier daily navigation,
and access to high-quality products, yet, some of them have
received comparatively less attention than their substantial
potential for industrial enhancement in relevant sectors war-
rants. Against this backdrop, this roadmap presents a critical
overview of 13 industrial-relevant techniques, aiming to high-
light challenges and provide perspectives for upgrades that
may profoundly alter the future landscape. Nevertheless, it is
important to clarify that the selection is certainly not exhaust-
ive, and there is no intention to suggest that those not included
are of lesser potential or significance.

The remainder sections of this roadmap present the selec-
ted imaging techniques according to the physical forms of tar-
gets to which they can be applied. Specifically, with refer-
ence to figure 1, Category A is dedicated to techniques that
can perform imaging on targets in solid form; Category B to
techniques capable of imaging both solids and fluidic targets;
while Category C is reserved for those techniques suitable for
targets in fluid form only. Note that the term ‘fluids’ encom-
passes both liquids and gases. It is important to clarify that
the classification is based on the general applicability of the
techniques, without being confined to the examples provided
or the specific application fields focused on in the respect-
ive sections. For instance, while photoacoustic imaging (PAI)
(section 10) is presented primarily based on biomedical ima-
ging of biological tissues, which are effectively solids, this
technique is classified under Category B due to its suitability
for flow-field imaging [1] as well. Similarly, electrical tomo-
graphy (ET) (section 9), which is being presented leaningmore
towards fluid-flow applications, is classified under Category
B because of its ability to image property inhomogeneity or
damage in solids [2]. In order to give a rough idea where a
technique stands relative to the other, the presentation order
of the techniques within their respective categories is gener-
ally arranged by the descending physical size of the targets.
It is therefore easy to find that the techniques can be broadly

divided into two groups in each category: one for macroscopic
targets and the other for microscopic targets, as depicted in
figure 1. Exceptions are the PAI (section 10) and holography
(section 11) techniques, which are applicable to both macro-
scopic and microscopic targets.

Discussions on the 13 imaging techniques, presented in the
subsequent sections of this roadmap, reveal that the common
challenges encountered by these techniques today are not sig-
nificantly different from those faced decades ago; namely, the
need to improve spatial and/or temporal resolution, enhance
accuracy, increase imaging speed, and ensure robustness in
highly variable environments. While delving into the tech-
nical specifics of each technique is beyond the scope of
this introduction—with detailed information available in the
respective sections or cited references—it is noteworthy that
these challenges and inherent possibilities converge at several
key junctures. For instance, many techniques are still limited
to two-dimensional visualizations at specific moments, des-
pite the fact that the targets exist in three-dimensional phys-
ical spaces and evolve over time. This limitation in coverage is
particularly apparent for techniques like multiphase flow pro-
cess imaging (section 12), which restricts the visualization to
phase fraction distribution at specific locations within a larger
system. Addressing this constraint could significantly enhance
our understanding of the targets, thereby unlocking new pos-
sibilities. For example, in the context of multiphase flow pro-
cess imaging, achieving comprehensive coverage in both spa-
tial and temporal dimensions could enable precise automatic
control of complex systems.

Secondly, the imaging speed restricts the overall through-
put and temporal resolution across many imaging techniques.
For instance, phosphorescence activities at high temperatures
can occur within microseconds or nanoseconds, necessitating
frame rates for phosphor thermometry (section 8) in the MHz
or GHz range. Yet, the highest frame rate currently stands at
approximately 100 kHz. Additionally, spatial point-scanning
methods, such as PAI (section 10) and ultrasound propagation
imaging (UPI) (section 3), are typically limited in terms of
throughput. This limitation is especially pronounced in UPI
(section 3) where the targets, such as thin-walled engineer-
ing structures like airplanes, require larger imaging regions
of interest (ROIs) compared to the smaller biomedical tar-
gets used in PAI (section 10). Overcoming the speed limita-
tion by developing faster hardware or implementing compress-
ive sensing for reduced measurement points would, obviously,
enable imaging of more targets or larger ROIs in a shorter
time and enhance our ability to understand and address more
dynamic problems.

Thirdly, as highlighted in some sections, imaging accur-
acy, robustness, and contextual understanding can be signi-
ficantly improved by fusing complementary information from
more than one set of data, each acquired using different meas-
urement modalities or parametric settings. This approach is
applicable even for techniques beyond the 13 selected ones.
For example, distortion in the imaging plane of UPI (section 3)
can be reduced or corrected by incorporating depth inform-
ation from LIght Detection and Ranging (LIDAR) imaging
(section 2); a comprehensive temperature-velocity history of
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Figure 1. Classification of selected imaging techniques based on their applicability to solid, fluid, or both solid and fluid targets.

a flow field can be obtained by merging temperature data
from phosphor thermometry (section 8) with velocity data
from particle image velocimetry (PIV) (section 13); imaging
accuracy can be enhanced by integrating ET (section 9) data
with data from other techniques such as radiometric and ultra-
sonic imaging; contextual understanding of scanning elec-
tron microscopy can be improved by amalgamating topo-
logical information from atomic force microscopy (section
7). Potential fusions applicable for both the selected tech-
niques as well as for other techniques not covered in this
roadmap, remain to be discovered. This includes possibil-
ities within the existing scope of example applications and
to applications beyond those outlined in the sections. For
instance, although endoscopy is described under the context
of the biomedical industry in section 5, it is also commonly
employed for the inspection of airplane turbine engines and
industrial pipelines. In this broader applications, combining
endoscopy (section 5), which provides visual information,
with techniques like luminescence imaging (section 4), which
can provide information regardingmaterial degradation, might
enhance understanding of the target through an information-
rich, fused image.

Fourthly, artificial intelligence (AI) technologies, partic-
ularly deep learning (DL) and machine learning (ML), are
revolutionizing imaging techniques through improved image
reconstruction, interpretation, and measurement accuracy.
However, their trustworthiness is often compromised by the
notorious scarcity of benchmarking data, which is crucial
for training and validating AI models, as well as for fair
comparisons and quantification of advancements. Therefore,
the sharing of diverse and well-annotated benchmarking data-
sets is essential, as exemplified commendably by the authors
of [3]. Moreover, while AI algorithms vary in transparency,
DL networks are particularly noted as ‘black-box’ algorithms,

with their input–output relationships being largely opaque.
Thus, it is imperative for all stakeholders, particularly imaging
technologists, researchers, and the broader AI community,
to enhance transparency and traceability by directing more
efforts toward explainable AI [4]. Last but not least, the sig-
nificant increase in data-driven approaches due to AI should
be complemented by physics-based approaches, ensuring that
they support one another for a holistic understanding.

To fundamentally address the previously delineated chal-
lenges and fully leverage the potential of imaging techniques,
access to high-performance computing resources, such as par-
allel graphics processing units (GPUs) and tensor processing
units, has become more of a requirement than an option.
Consequently, the development of scalable computing archi-
tectures and next-generation processing technologies should
progress concurrently with advancements in imaging tech-
niques. Furthermore, revisiting and learning frommoremature
techniques by defining performance metrics, ensuring trace-
ability, and establishing standardization is beneficial. The dis-
cussions on traceability in section 7 ‘atomic force microscopy’
and on uncertainty in section 13 ‘particle image velocimetry’
serve as good examples. Only when these aspects are defined
and established can a technique be considered a measurement
tool rather than merely a visualization tool, thereby paving the
way for it to be widely embraced by industries.

In conclusion, it is hoped that this roadmap, constituted by
the overall discussion presented in this Introduction and the
status and challenges of all techniques detailed in the respect-
ive sections, will catalyze cross-disciplinary collaborations
and dismantle existing barriers. The aim is to foster a unified
approach that synergizes diverse expertise and state-of-the-art
technological resources for the comprehensive advancement
of imaging techniques, thereby aiding the continuous and sus-
tainable progress of global society.
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2. LIDAR imaging
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Status

LIDAR is one of the most discussed 3D machine vision
technologies due to their growing demands in autonomous
vehicles [5–7], object detection in smart manufacturing [8–
10], human–machine interaction for collaborative robots [10–
13], automated guided vehicles in smart factories, which com-
monly requiresmachine intelligence [14, 15]. LIDARhas been
also the prerequisite in other broad applications of geodetic
survey, formation flying of smart satellites, environmental
monitoring of chemical leakages, and understanding of global
warming effects. General machine vision technologies are
split into 2D and 3D imaging; LIDAR technologies currently
span over a large part of 3D machine vision over passive-type
stereovision, active-type optical triangulation, and active-type
interferometry, as shown in figure 2. The principle of LIDAR
is strongly dependent on the required measurement range and
precision. In most LIDAR applications requiring mm-level
precision, fast and simple geometrical optics and time-of-flight
detection principles are readily applied. However, when the
target precision approaches sub-millimeter or even down to a
few micrometer-level, the time-of-flight detection resolution
or the wave nature of light, optical diffraction starts to limit
the attainable precision. Therefore, the other wave nature of
light, the optical interference, should be introduced for realiz-
ing sub-micrometer-level precision.

The basic principle of LIDAR was first demonstrated
in 1961 [18], shortly after the invention of the laser; 3D
imaging LIDARs determine the absolute distances from the
LIDAR to the target objects by measuring the time-of-flight
of the reflected or back-scattered photons from the objects
and multiplying the times-of-flight (∆t) by the speed-of-light
(c= 299 792 458m s−1), one of the fundamental physical con-
stants, as shown in figure 3(a) [19, 20]. The time-of-flight can
be detected by detecting ultrashort light pulses having a pulse
duration of nanosecond (10−9 s), picosecond (10−12 s) or even
down to femtoseconds (10−15 s). The state-of-the-art photo-
detectors and event timers [21] support picosecond-level time
resolution, which is converted into 0.15 mm level precision
considering the double-path configuration.

For higher sub-millimeter-level precision, the optical
interference can be introduced as demonstrated in FMCW
(frequency-modulated continuous wave) LIDAR [22, 23], as
shown in figure 3(b). A fast wavelength-swept laser is used
as the light source in the FMCW LIDAR system. The laser
beam is split into two parts; one works as the measurement
beam that is transmitted to the target (Tx) and the returns from
the target (Rx), while the other beam works as the reference

(local oscillator (LO)) without any travel. These two beams are
recombined so as to form the optical beat frequency, f beat, at
the high-speed photodetector. Because the time-of-flight to the
target makes the f RX and f LO different, FMCW can detect the
f beat as the difference between f RX and f LO; therefore, the f beat
can be converted to the time-of-flight∆t for the distancemeas-
urement. Because FMCW utilizes the coherent nature of the
laser beam, the measurement range and attainable precision
are strongly dependent on the spectral linewidth and signal-
to-noise ratio (SNR) of the f beat, as shown in figure 3(b). The
spectral linewidth and SNR are governed by the coherence
degree of the swept laser in use and other system background
noise.

For the time-of-flight detection with lower timing jitters,
high-frequency amplitude modulation can be utilized with
internal injection current modulation or external electro-optic
modulators, instead of using short laser pulses with a fast
photodetector, as shown in figure 3(c) [24]. Periodic sinus-
oidal waves (with the modulation frequency of fAM) can be
generated with a simple amplitude modulator in front of the
laser; then, the phase difference (∆φ) between the reflected
or back-scattered beam (Rx) and the local reference beam
(Tx) can be measured at the phase meter. The resulting phase
difference can be converted to the time-of-flight informa-
tion ∆t for the distance measurement. In AMCW (amplitude-
modulated continuous wave) LIDAR, however, the phase
ambiguity hinders the absolute determination of the target
distances; therefore, some objects having complicated large-
stepped surface structures or having fast motions cannot be
measured.

Current and future challenges

Themeasurement range, precision, and speed are the three key
performances of 3D LIDAR imaging technologies. Therefore,
we will discuss four critical challenges in these three key per-
formances for state-of-the-art LIDAR systems based on direct
TOF, FMCWTOF and AMCWTOF detections. The first chal-
lenge is in the beam scanning mechanism. All LIDAR systems
are based on the TOF detection of a single point at a time;
therefore, a beam scanning mechanism should be involved
for reconstructing the 3D information of the object. Wide-
angular mechanical scanning with rotating mirrors, small-
angular mechanical scanning with MEMS (micro-electro-
mechanical system) mirrors [25] and OPA (optical phased
array) scanners [26] are the available scanning mechanisms.
An ideal scanning system should have a wide scanning range,
high angular resolution, high scanning speed, high reliability,
and low production cost at the same time, which cannot be
realizedwith a single system. The second challenge is inmulti-
path interference (MPI). Because the laser beam has a physical
beam size and the beam is later expanded during the propaga-
tion, the returned beam can come from different sections of
the target objects or even from intermediate obstacles. This
MPI effect should be suppressed by post-processing, whose
algorithms are different for different LIDAR principles. The
third challenge is in 3D object detection. The LIDAR provides
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Figure 2. LIDAR as a 3D machine vision technology. LIDARs currently span over a large part of 3D machine vision over passive
stereovision, active-type optical triangulation, and active-type interferometry. LIDAR image courtesy USGS. Machine vision image
courtesy Cognex Corp. Reproduced from [16]. CC BY 4.0. Reproduced with permission from [17].

Figure 3. Schematics of ToF-based LIDAR 3D imaging techniques. This figure represents LIDARs’ system configuration, signal
processing procedure and distance calculation method of (a) direct ToF, (b) FMCW (frequency-modulated continuous wave) ToF, (c)
AMCW (amplitude-modulated continuous wave) ToF LIDAR, respectively.

the object information in the form of 3D point clouds only.
Therefore, the 3D point data should be processed for easier
object detection with background noise removal. However,
the distance information may not be enough for object detec-
tion because one cannot tell whether the target object is a
human being or a static obstacle. The fourth challenge lies in

weather and environmental sensitivity. The water vapors can
absorb, scatter, or reflect the laser beam in different directions.
Therefore, the LIDARs can be strongly influenced by wet tar-
gets, heavy rain or heavy fog. For the more ubiquitous applic-
ation of LIDARs, the above-mentioned four challenges should
be overcome.
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Advances in science and technology to meet
challenges

Regarding the four technological challenges of LIDAR, there
have been a series of important advances in the last two
decades. Regarding the first beam scanning challenge, the
advanced OPA concepts have been realized with the aid of
semiconductor lithography processes; one concept realized the
active 2D phase-shifter array by combining the MEMS actu-
ator layer with sub-wavelength grating layer, and the other
concept by realizing the on-chip optical-waveguide OPA.
Regarding the second challenge on MPI and the third chal-
lenge of 3D object detection, the introduction of reinforce-
ment learning or other AI technologies could resolve the
key issues in distinguishing the unwanted multi-path inform-
ation from the target information or in recognizing the 3D
objects out of the numerous point clouds. About the fourth
challenge of weather/environmental sensitivity, other types
of sensors that are immune to environmental conditions can
be used in parallel for making appropriate decisions. GPS,
RADARs, ultrasonic sensors, and infrared sensors can work
for this purpose. The partial data loss in LIDAR due to envir-
onmental issues can be reconstructed with the aid of ML
technology.

Concluding remarks

LIDARs have received extreme attention in the last decade
owing to the solid technological trends in machine intelligence
for autonomous vehicles, Industry 4.0, smart factories, col-
laborative robots, and AI. Therefore, many non-precedented
research efforts and investments have been addressed in terms
of system hardware, software, computing powers and search-
ing for business chances. These have resulted in consistent per-
formance improvement of 3D LIDAR imaging with real mar-
ket opportunities. Nowadays, many LIDARmarket leaders are
waiting for the tipping points where real business chances are
open. Three key requirements, the measurement range, preci-
sion and speed, that the businessmodel requires will determine
who is the first market leader. Then, the other groups will try
to catch up with them with advanced concepts. By this series
of market competition, we will be able to enjoy an opulent life-
style with the bright future of LIDAR technologies in the next
decade.
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3. Ultrasound propagation imaging (UPI)

Chen Ciang Chia and Jung-Ryul Lee

Department of Aerospace Engineering, Korea Advanced
Institute of Science and Technology (KAIST), 291 Daehak-ro,
Yuseong-gu, Daejeon 34141, Republic of Korea

E-mail: chiacc@kaist.ac.kr and leejrr@kaist.ac.kr

Status

Since the magnetostriction excitation of elastic waves by
James Prescott Joule in 1847 [27], ultrasound rapidly became
a major modality for nondestructive testing and evaluation of
aero-mechanical structures. Continuous use and adoption of
thin-walled design for these safety-critical structures lead to
active research of UPI of thin-walled structures using guided
waves and bulk waves (see figure 4 and [28, 29] for differ-
ences). In the recent decade, we have witnessed the imaging
of large (about 1 m2 [30]) ROI at high speed (4 m2 min−1

[31] or higher with compressive sensing) due to the availabil-
ity of galvanometric laser scanners. The great applicability of
UPI is demonstrated by the successful visualization of all com-
mon flaw types associated with conventional materials and the
hybrid use of new functionalmaterials, including delamination
and crushed honeycomb core. Research focus has also shifted
from geometrically simple specimens, such as isotropic metal-
lic plates, to in-situ inspection of full-scale structures, such as
in-service airplanes and wind turbines. Aside from flaw visu-
alization, UPI also has great potential for material evaluation
and wave physics study. It is used in topological acoustics [32]
to visualize wave propagation in metamaterials with a specific
acoustic property, such as directionality [33]. Similar studies
for ‘natural’ materials, i.e. materials without repetitive fea-
tures like metamaterials, have also been validated using UPI,
for example, for acoustic superlensing, trapping, and cloaking
[34].

Despite significant advances, material degradation that
does not have an abrupt material discontinuity, such as the
weakening of interfacial adhesion [35], the onset of mater-
ial fatigue [36], and incipient thermal degradation, remained
an open problem for UPI. With the widespread use of UPI
in research laboratories worldwide, improving the UPI for
more industrial acceptance would logically be the next step.
Potential targets include silicon wafers at one end of the phys-
ical scale, with aircraft, petrol-chemical tanks, and bridges
at the other end. More focus could be directed toward large-
scale structures because the micro/nanomanufacturing envir-
onment is laboratory-like. Along this line, for minimiza-
tion of system footprint and flexibility of operation without
any scanning scaffolding, an ideal UPI system should be
an angular-scanning pump-probe system. With a bolder ima-
gination, ultimately, it could be a mobile cobot-borne or
airborne system equipped with a high-speed camera for
ultrasound measurement. Diverse challenges originated from

different aspects of the UPI can be identified, and those related
to hardware are addressed in the next section.

Current and future challenges

Currently, there are many variants of UPI, distinguishable
according to the use of guided or bulk waves; angular, transla-
tion, or robotic scanning; and functionality for flaw detection,
material evaluation, or wave study. Their common challenge
is the limited SNR when measuring surface displacement (or
velocity) from attenuative materials, such as thick compos-
ites and additively manufactured parts. Even with measure-
ment averaging, getting a clear image for such materials above
10mm thickness is often difficult. For Lambwaves-basedUPI,
frequency optimization is another challenge affecting both
data acquisition and result processing. Theoretical or numer-
ical analysis could be done if the material properties of the
specimen are known; else, it becomes an educated-guessing
process. Furthermore, when inspecting geometrically complex
structures, it is difficult to effectively extract useful inform-
ation from the complicated interferences of multimodal and
dispersive Lamb waves. For angular-scanning UPI, large and
complex three-dimensional (3D) imaging planes may suffer
from pincushion distortion. In addition, if the measurement
is performed by angular-scanning a laser Doppler vibrometer
(LDV), the signal strength could be inconsistent or lost with
increasing laser incident angles. Increasing the stand-off dis-
tance (SoD) could reduce the incident angle, but the advantage
gained would be offset by the reduction of its numerical aper-
ture (NA).

We envision that the UPI will advance according to the
timeline given in figure 5 in the near future and will let us visu-
alize flaws and distribution of material properties in large and
complex structures by synchronously scanning both the pump
and probe lasers using an angular scanner in an autonom-
ous fashion. The above-stated challenges of SNR, image-plane
distortion, and inconsistent LDV signal strength remain for
this future UPI. Some of the challenges are even greater. To
imagematerial properties, the distortion of the scannermust be
reduced, and a confocal state or a micron-scale displacement
between the pump and probe laser focus must be maintained,
at least within a few meters of SoD regardless of the angu-
lar displacement. To inspect 3D curved or multifaceted struc-
tures, keeping a normal incident angle for the lasers is crit-
ical. Even if the ultrasound were successfully measured, a sub-
sequent challenge is to geometrically morph the imaging plane
according to the specimen surfaces so that an intuitive inter-
pretation of the result is possible. Ultimately, the UPI will be
mobile cobot-borne or airborne by unmanned aerial vehicles.
Foreseeable challenges include the miniaturization of system
packaging suitable for deployment in the industrial environ-
ment, considering the confined space, extreme temperatures,
vibration, dust, precipitation, etc. Measurement must also be
completed at a photographic speed, perhaps without any time-
consuming grid point scanning.
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Figure 4. Measurement principle of ultrasound propagation imaging (UPI) using (a) guided waves and (b) bulk waves. Application (a)
shows hidden wall thinning damages in an aluminum plate. Reproduced with permission from [37]. Application (b) shows hidden
corrosions in a steel plate. Reproduced with permission from [38].

Figure 5. Roadmap of the key developments related to UPI in the past and in the near future.
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Advances in science and technology to meet
challenges

Increment of SNR is currently performed using a continu-
ous steady-state excitation [31] and optimizing the pump
laser’s spatial and/or temporal profiles [39]. These techno-
logies come along with some limitations; thus, there is still
a craving for better transducers. More research to improve
SNR, for example, by fully exploiting existing or new func-
tional materials [40] or by developing a laser with an arbit-
rarily tunable wavelength for optimum depth penetration in
specimens [41], is verymuch welcomed. For frequency optim-
ization without material information, spectroscopy imaging
could be done during result processing, provided that the ultra-
sound is measured using a broadband transducer. Otherwise,
with appropriate material information, it is good to optimize
the imaging frequency at a narrow band. Perhaps better still, at
one selected ultrasound mode [42–44], for easier image pro-
cessing. Note that the frequency linearity of the transducer
and related equipment is important because the sensitivity of
UPI could be increased for material evaluation through non-
linear ultrasound [45], similar to that used in [36] for fatigue
evaluation.

Distortion of the imaging plane due to large angular dis-
placement in the scanner can be corrected through better
control [46]. Distortion caused by 3D specimen surfaces must
be corrected using depth-of-field information, which could be
measured using a depth sensor such as LIDAR or surface pro-
filer. It appears that inconsistent or loss of signal at large laser
incident angles will remain the biggest challenge. Before a
solution emerges, it is necessary to demarcate the 3D surfaces
into multiple smaller ROIs according to the limitation of laser
incident angle and then perform imaging for each ROI after
matching the normal angle of the imaging plane with that of
the ROI. An algorithm is needed to collect the results from
all ROIs and ‘stitch’ them into the final result. Considering a
large number of ROI for large 3D structures, delegating the
laborious imaging works to a mobile cobot-borne or airborne

UPI must be considered. To realize this, we need to at least
miniaturize the system components, such as the LDV [47] and
pump laser. High-precision position and attitude reference sys-
tem must be established so that the UPI platform has suffi-
cient environmental awareness to perform ROI demarcation
and subsequent imaging. For the reduction of imaging time,
a multi-sensing-points LDV [48] or a high-speed camera [33,
49] could be used to measure the ultrasound wavefield, but the
sampling/frame rate, spatial resolution, sensitivity, and vibra-
tion immunity [50] must be significantly improved.

Concluding remarks

The UPI is perhaps the most powerful ultrasonic imaging tool
available for flaws visualization and material evaluation of
plate-like specimens in the laboratory. The main challenges
to getting the UPI into the field for imaging of large-scale
thick-walled 3D structures are identified, i.e. the increment
of measurement SNR, frequency linearity of the measurement
system, and mode selectivity of transducers. But, perhaps, the
game-changing technology is the realization of remote ultra-
sound measurement at large incident angles or wireless ultra-
sonic propagation sensing. These advancements, together with
the growth in related fields, including robotics, signal pro-
cessing, and DL, would prime the evolution of next-generation
autonomous UPI.
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Status

One key challenge encountered in the PV (photovoltaic)
industry is the removal of defective crystalline Silicon solar
cells before they are assembled to become PV modules.
Among different types of defects, micro-crack is one of the
most common defects which occurs during the various stages
of manufacturing. The trend of manufacturing thinner Silicon
wafers makes PV cells vulnerable to micro-cracks. This type
of defect is typically invisible to naked eyes and therefore
require specialized tools to enable detection. The optical trans-
mission (OT) method [51] is one of the popular instruments
used in visual inspection of PV modules, particularly during
the bare Silicon wafer manufacturing stage. However, the new
diamond-wire slicing technology [52, 53] leaves saw marks
that can camouflage micro-cracks, thus reducing the effect-
iveness of OT. Emerging technique such as the transflection
(TF) system [54] are a very promising since this method is
less vulnerable to interference caused by these saw marks.
Another two popular methods, especially for downstream seg-
ments of PV manufacturing, are the photoluminescence (PL)
[55] and the electroluminescence (EL) [56] imaging tech-
niques. In addition to micro-cracks, these technologies can
also be used to detect other types of defects such as dark
regions, finger interruptions, stains, scratches, etc. Important
components of OT, EL, PL and TF are shown schematically
in figures 6(a)–(d) (i) respectively. A good perspective over-
view of these imaging technologies is published elsewhere
[57]. Meanwhile figures (a)–(d) (ii) show examples of images
captured by OT, EL, PL and TF techniques respectively. Close
examination of these figures revealed that images produced
by TL and EL are visually very complex and relatively noisy.
This is most prevalent for polycrystalline cells where different
crystals produce luminescence of different intensity [58, 59].
This is the main drawback of TL and EL techniques. Hence,
these technologies require a very sophisticated algorithm for
image analysis and data automation [57]. For this reason,
TF offers a good alternative solution as this modality is not
influenced by the different crystalline structure. Unlike EL

and PL, unfortunately, TF is sensitive to micro-cracks only.
Hence, EL and PL remain popular with PV manufacturers as
these technologies can map micro-crack and other types of
manufacturing defects. Nevertheless, the difficulty in inter-
preting EL and PL images remains an issue, and this field,
constitutes an active area of research. One recent develop-
ment is the application of AI and DL such as the convolu-
tion neural network (NN) [60]. The use of AI-driven soft-
ware can help enhance decision making and refine predictive
analytics which are essential for efficient and accurate image
interpretation.

Current and future challenges

To-date there is no single ideal modality which is suitable
for inspecting PV modules in manufacturing-based environ-
ment. Though OT, EL, PL and TF provide valuable inform-
ation about solar cells or silicon wafers, however, these ima-
ging technologies are largely complementary. This means that
they have their own characteristics, strengths and weaknesses.
Trends in the future may lead to the development of a hybrid
inspection system, with a combination of different types of
luminescence modalities. In the case of micro-crack, TF is
very promising since this modality produces clean and less
noisy images. In contrary PL offers a good solution for other
types of defects since this technology has speed advantage
compared to OT or EL. Therefore the fusion between TF and
PL has many advantages compared to the fusion of other mod-
alities. The development of line-scan PL imaging system is
prerequisite as most currently deployed PL systems are based
on area scan. While line-scan PL imaging for solar cells cur-
rently exists [61, 62], it would be significantly more challen-
ging for Silicon wafers as PL emission is significantly less
intense. This poses a speed limitation especially for on-the-fly
inspection as much longer exposure time is required to com-
pensate for the weak PL signal. For a hybrid TF and PL to
work harmoniously, speed is very crucial factor to be con-
sidered and these modalities have to share the same inspection
station or space in the manufacturing line. While it may be
possible to use a single camera for both TF and PL, both tech-
niques require very different illumination set-up. In this case
TF requires light source with wavelength longer than 1200 nm.
In contrast PL operates at much shorter wavelength, prefer-
ably less than 950 nm in order to avoid interference caused by
Silicon emission which peaks at around 1040 nm. Currently,
the design of such a system is active under development.

Advances in science and technology to meet
challenges

The availability of highly sensitive sensors in the near infrared
(NIR) range such the indium gallium arsenide (InGaAs) cam-
eras could potentially enable high-speed acquisition of PL and
TF emissions. However, the limitations on resolution and cost
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Figure 6. The schematics of (a) the optical transmission, (b) the electroluminescence, (c) the photoluminescence and (d) the transflection
methods. Important components are shown in (i) while (ii) shows one example of luminescence image produced by each imaging set-up.
The square box in each image depicts the area containing defect, in this case a micro-crack defect. Reproduced from [59]. © IOP Publishing
Ltd. All rights reserved.

factor of such cameras are hindrance to large scale install-
ation. In future it is envisioned that the high resolution but
cheaper NIR sensor would be available commercially as many
major camera producers are actively investing and working to
mass produce such a device. This would speed-up the deploy-
ment of PV inspection system integrating TF and PL modalit-
ies. Despite the positive outlook, the challenge of processing
PL images remains, especially with polycrystalline solar cells.
While micro-cracks can be dealt effectively with TF, other
artifacts may not appear distinctively since they are camou-
flaged by complex polycrystalline structures. Polycrystalline
solar cell image is inherently more complex to process since
it contains many interfering artifacts such as the crystalline
patterns, the dislocation clusters, etc. Recent development
in AI, in particular the DL framework, has a potential in
solving this complicated image processing problem as res-
ults from current research in this area suggest. For instance,
Rahman and Chen [63] designed a multi-attention U-Net for
classification of polycrystalline solar cells. Using a five-fold

cross-validation technique, these authors reported an accur-
acy of 99.1% when distinguishing good from defective cells.
In another study, Wang et al [64] developed a hybrid NN-
based defect detection model that combines the advantages
of ResNet152 and Xception networks. An accuracy of 96.2%
was reported by these authors when solving a binary classific-
ation problem. Nevertheless, the performance of the algorithm
dropped slightly to 92.1%whenmulticlass classification prob-
lem was attempted. More recently Binomairah et al [65] com-
pared the performance of various convolution neural network
(CNN) algorithms based on the you only look once framework
(YOLO). The algorithm was designed to inspect several types
of defects in monocrystalline cells. Results from this study
suggest that the heavy-weighted YOLO is the best perform-
ing algorithm, resulting in accuracy of 98.8%. Nevertheless,
this algorithm is relatively slow since it recorded a runtime of
approximately 62.9 ms. In contrast the tiny-weighted YOLO
with spatial pyramid pooling for improved ML resulted in
accuracy of 91.0% and runtime of 28.2 ms. Hence a trade-off
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Figure 6. (Continued.)

between speed and accuracy is essential to in-order to arrive
with acceptable solutions. Results from this research and other
studies suggest the potential in applying AI with DL capab-
ilities in solving complex EL or PL images. The combined
improvements in the image acquisition systems and software
would inherently yield much improved inspection accuracies.
Even though polycrystalline is less efficient that monocrystal-
line, however, the former is relatively cheaper to produce com-
pared to the latter. In future, it is predicted that the monocrys-
talline, particularly the passivated emitter real cell solar cells,
would be a dominant Silicon used in assembling PV modules,
possibly reaching more than 95% of the total PV production
worldwide [61]. As this trend continues, the challenges asso-
ciated with processing polycrystalline solar cells diminish as
more manufacturers shift to producing monocrystalline cells.
Hence, the CNN driven solutions in the future would be target-
ing monocrystalline instead of polycrystalline Silicon wafers
and solar cells.

Concluding remarks

In summary the primary modalities used for luminescence
imaging of Silicon wafers and PV cells include EL, PL
and very recently TF. Each of these modalities has tech-
nical advantages and disadvantages. PL has slightly bet-
ter merit compared to EL since the latter enables a fully
contactless-based inspection and rapid in-line instrumentation.
However, both modalities produce complex images which
constitutes their main drawback. In contrast TF produces
much cleaner image with less noise. However, this techno-
logy is suitable for inspecting mechanically induced frac-
tures especially micro-cracks. This is the principal weak-
ness with this imaging modality. In future such an inspec-
tion is best conducted by the combination of different lumin-
escence modalities or a hybrid system. In this regard the
integration between PL and TF offers distinct advantages
over other available luminescence modalities. Advances in AI
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and DL together with hardware breakthrough further fuelled
this interest, enabling high-throughput and high-resolution
image capturing at unprecedented performance and speed.
For this reason, many leading PV processors continue to
escalate their investment and support for AI for different
applications.
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5. Endoscopy

Dimitris K Iakovidis and Panagiotis Vartholomeos

Department of Computer Science andBiomedical Informatics,
University of Thessaly, Papasiopoulou 2-4, Lamia, Greece

E-mail: diakovidis@uth.gr and pvartholomeos@uth.gr

Status

Endoscopy is a primarily optical imaging technique for screen-
ing internal structures of the human body. It appeared in the
early 1800s, and since then, it is preferred because it enables
direct visual examination of tissues, and minimally invas-
ive interventions. Today, the application of endoscopy spans
various systems of the human body, including the digest-
ive, the respiratory, the cardiopulmonary, the urinary, the
reproductive, and the musculoskeletal system. Also, it can
be complemented by emerging imaging technologies offering
enhanced information about the examined tissues, in terms of
detail and/or tissue composition. These include optical coher-
ence tomography, near-infrared fluorescence imaging, con-
focal laser endomicroscopy, endocytoscopy, and multispec-
tral/hyperspectral imaging technologies [66, 67].

The endoscopic devices are evolving towards an improved
trade-off between the size of the endoscope and image fidel-
ity, enhanced safety, less invasiveness, and convenience for
both the patients and their operators. Rigid endoscopes (REs)
and flexible endoscopes (FEs) have a sufficiently large tip to
accommodate high-resolution image sensors, e.g. the diameter
of a standard colonoscope is ∼13 mm [68]. Ultrathin FEs
enable transnasal esophagogastroduodenoscopy and broncho-
scopy, with a very small diameter (∼3–5 mm). Such FEs are
typically based on bundles of optical fibers for image and light
transmission. High-resolution images can be obtained bymini-
ature FEs with diameters that can reach up to sub-millimeter
level, by using a single fiber and a scanning laser light [69].
Wireless capsule endoscopes (WCEs) appeared in the early
2000s. They are swallowable alternatives for the examination
of the gastrointestinal (GI) tract, with a size of a large vitamin
pill. Most of them have a length of 24–27.9 mm, a diameter of
10.8–13 mm, and a wide field of view ranging between 140◦

and 170◦. The image resolution of such endoscopes is limited,
not only by the size of the sensor, but also by their energy
requirements, e.g. for wireless image transmission. Various
miniature robotic endoscopic systems coping with the lack of
navigation, biopsy, and targeted drug delivery of the conven-
tional WCE devices, have been proposed [68, 70]. Robotic
mechanisms have already been integrated into commercially
available RE/FE solutions, mainly offering enhanced preci-
sion and convenience with respect to motion control and
navigation [68, 71]. Virtual endoscopy (VE), performed by
3D reconstruction of the internal body structures from com-
puted tomography (CT) images, offers non-invasive screen-
ing; however, although there are studies indicating that VE
can provide a comparable sensitivity with optical endoscopy
for lesion detection, it involves radiation exposure, and unlike

optical endoscopy alternatives, it does not allow neither biopsy
nor surgical interventions [72]. AI provides tools for clinical
decision support (CDS) by detection/recognition of findings,
and in vivo visual measurements [73]. Virtual/augmented real-
ity (VR/AR) offers immersive visualizations that can contrib-
ute to easier endoscope navigation, lesion recognition, and
clinical training [74].

Current and future challenges

The miniaturization of the endoscopes to have millimeter or
even sub-millimeter diameters, while maintaining an imaging
fidelity sufficient for diagnostic purposes, is still one of the
major challenges. Miniaturization does not refer only to the
imaging sensors, but also to the tools required for endoscopic
interventions, as well as the design of the robotic systems
to support safe endoscopic procedures. Despite increasing
interest in minimally invasive surgical techniques and related
developments in FEs and catheters, follow-the-leader motion
remains elusive [76]. Following the path of least resistance
through a tortuous environment requires the control of many
degrees of freedom. This typically results in large-diameter
instruments. Furthermore, the capability of miniaturized FEs
to apply sufficient lateral forces is currently limited by the
low stiffness of the mechanical structure. This is a critical
challenge, which when solved will enable effective physical
interaction between the endoscope tool and the tissue, and it
paves the way for conducting a broad range of interventional
procedures. Advancements in this direction open perspectives
for less invasive screening procedures and interventions, as
well as navigating in narrow anatomical regions, such as those
encountered in nasal, urological, and endovascular interven-
tions for repairing vascular-related abnormalities.

WCE offers a model paradigm of applied innovation in
GI endoscopy. However, there are still a lot of challenges
with respect to enhancing WCE with capabilities such as
controlled navigation, biopsy sampling, and targeted drug
delivery. These capabilities require actuation mechanisms,
e.g. mechanisms to manipulate forceps and needles, which are
demanding in terms of energy. Research towards the devel-
opment of energy-efficient WCEs (figure 7), could pave the
way for next-generation robotic capsules with autonomy to
perform diagnostic and therapeutic interventions. Although a
lot of WCE designs have been proposed, timely traversing the
pathway from a theoretical design to the market is by itself
another challenge.

Image enhancement and visualization techniques can
address limitations of the imaging hardware. Image super-
resolution (ISR) reconstruction techniques can be used to
address the ill-posed inverse problem of converting a given
low-resolution image with coarse details to a corresponding
high-resolution image with better visual quality and refined
details [77]. Also, the 2D images of a monocular endoscope
can be used to create enhanced 3D visualizations, which
may contribute to improved diagnostic yield, e.g. by reducing
abnormality miss rates through 3D reconstruction and panor-
amic visualization, in combination with VR/AR devices. The
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Figure 7. Design concept of a wirelessly powered WCE for
colonoscopy. Reproduced from [75]. © IOP Publishing Ltd. All
rights reserved.

visualizations can be improved by fusing information from dif-
ferent endoscopic modalities, e.g. optical endoscopy and CT
colonography [78]. Enhanced visualizations can also be con-
sidered in conjunctionwithVE andAImethods inferringmiss-
ing information, e.g. the prediction of tissues appearance from
the CT images. Coping with the drawbacks of CT imaging for
VE, the improvement of magnetic resonance (MR)-based is a
promising alternative; however, cost-efficiency issues should
be considered.

AI-based CDS in endoscopy faces two main challenges:
data availability and system interpretability/explainability. DL
methods have significantly progressed during the last decade;
however, their performance is limited by the limited availab-
ility of sufficiently large and diverse annotated datasets. Such
datasets have slowly started becoming available mainly in the
context of GI endoscopy and laparoscopy [79–81]; however,
the availability of appropriate datasets for other endoscopic
modalities remains a gap. Interpretability indicates the degree
to which a human can understand the cause of a system’s
decision [82], and it can effectively contribute in earning clini-
cians’ trust.

Advances in science and technology to meet
challenges

The miniaturization and the energy efficiency requirements
can be addressed by considering novel bio-inspired designs.
Nature has a lot of successful paradigms to offer, that can act
as a source of inspiration for the development of novel ima-
ging sensors and actuators [83]. The advantages of soft robot-
ics in biomedicine are increasingly becoming evident, offering
enhanced safety, adaptability, and flexibility [84]. First steps
towards this direction indicate the feasibility and the poten-
tials of their application, both in FE andWCE [68, 70]. Further
advances should be considered with respect to (a) the mater-
ials used, aiming to achieve improved interaction of the soft
robotic components with mucosal surfaces; (b) the robot loco-
motion, which should ensure stability for both imaging and

Figure 8. Digital twin of the GI tract for medical device testing,
being developed by our research group. (a) Multiphysics model for
in silico testing of a WCE device. (b) Appearance model showing a
respective camera-view of the digital twin GI tract from the virtual
WCE device.

surgical interventions, while maintaining energy efficiency;
(c) the variable stiffness of the FE structure, and the actuation
mechanisms employed for distal force transmission. A prom-
ising technology for achieving atraumatic follow-the-leader
endoscope motion and solving the force transmission limita-
tions is magnetic guidance and control of the FE structure and
tip [76, 85]. To speed up the traditionally long translation times
from research to market, multiphysics, digital-twin platforms
of human organs, such as the GI tract, are under investigation
for endoscopic device testing and in-silico clinical trials within
a realistic simulation environment [86] (figure 8). Regulatory
bodies responsible for the approval of medical devices, such as
the US Food and Drug Administration, are becoming increas-
ingly supportive of such platforms.

Today, AI is an integral part of most state-of-the-art image
processing methods for ISR, and CDS systems. Considering
the limited availability of endoscopic training data for super-
vised DL algorithms, research should focus on algorithms
with fewer training requirements, such as weakly supervised,
self-supervised and zero-shot learning techniques [70, 77], as
well as physics-informed approaches, considering the image
acquisition physics, and the characteristics of the endoscopic
images under investigation. Fuzzy set theory is a promising
direction towards interpretable CDS systems that needs fur-
ther investigation, since it offers a sound mathematical frame-
work for linguistic representation of numerical data under
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uncertainty [87]. Uncertainty is inherent in real-world data,
e.g. due to measurement errors, the diversity of the structures
being measured, and the subjectivity of expert opinions being
considered for the development of a CDS system. Establishing
uncertainty estimates in measurement outputs enable a con-
fidence level approximation that can be decisive for clinical
decision making and user trust.

DL is also promising for the development of methods infer-
ring image contents across modalities. Visual measurement
methods need to be further investigated, since they can contrib-
ute to in vivo assessment of useful parameters, such as the size
of abnormal findings during endoscopy, image depth, and the
distance travelled by the endoscope [73]. Depth assessment is
also useful for the implementation of the 2D to 3D image trans-
formation required for immersive VR/AR visualizations. Pre-
operative 3D models of anatomical structures under investiga-
tion can be enhanced using intra-operatively collected imaging
data, and application of rendering techniques; thus, offering
complementary information with respect to realistic appear-
ance of the examined tissues.

Concluding remarks

The technologies related to endoscopy span various discip-
lines, including optics, instrumentation and measurement,
mechanical engineering, image processing and computer
vision, AI, and robotics. This paper highlighted research

challenges and future directions considering the multidiscip-
linarity of the domain, which has a high socioeconomic
impact, considering that early detection of diseases, such as
cancer, can improve lifespan and reduce healthcare expendit-
ure. AI-based image processing and CDS applications can
enhance the diagnostic yield of endoscopy and increase clini-
cians’ productivity by being able to examine more patients in
less time. Therefore, meeting the related challenges identified
in this paper, within the next decade, should be prioritized. The
evolution in imaging sensors and robotics, which include hard-
ware aspects, is also important; however, considering the cur-
rent advancements and the steps to follow, a milestone for the
next 20 years is to increase the level of autonomy of the endo-
scopes, which also necessitates the standardization of medical,
legal, and ethical concerns. Advancements in miniaturization,
force transmission, precision and motion dexterity could offer
miniature flexible robotic endoscopes for performing interven-
tions in the central nervous system.

This paper focused on endoscopy, addressing the bio-
medical domain. However, endoscopy can have impact-
ful industrial applications as well, and most of the identi-
fied challenges are also applicable to borescopes for non-
destructive testing, e.g. inspection of airplane engines [88]
and industrial pipes [89]. Also, the advances in endoscopy
can have impact in the evolution of imaging systems used in
other domains, e.g. energy-efficient miniature camera-enabled
robots with increased autonomy for inspection and exploration
[88, 90].
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Confocal reflectance microscopy (CRM) is an optical imaging
technique that provides high-speed three-dimensional (3D)
surface profiling of objects [91]. It provides highly accurate
3D images with a lateral resolution of less than 200 nm and
a depth resolution of less than 10 nm [92]. In particular, its
ability to measure both large areas quickly and small features
accurately in a non-destructive manner makes CRM a valu-
able tool in many industries. This makes it ideal for applica-
tions such as surface topography analysis and high-throughput
metrology in industrial manufacturing applications including
semiconductors and displays.

The working principle behind CRM involves the use of a
laser beam that is focused onto a focal point on the sample
surface [93]. The reflected light is then detected by a photo-
detector through a confocal pinhole aperture. Since the con-
focal pinhole removes out-of-focus light, it only detects light
coming from the focal point. Therefore, it is easy to find the
surface of a sample, which exhibits strong intensity. By accu-
mulating these data points into a 3D volume, highly detailed
3D images can be generated. The intensity profile along the
depth is called the axial response curve, and the peak posi-
tion of the axial response curve is the surface position of the
sample.

CRM has several advantages over conventional optical
microscopy or other types of 3Dmetrology [94]. Most import-
antly, CRM produces 3D images, whereas optical micro-
scopy only provides magnified two-dimensional (2D) images
without precise depth information [95]. Another major advant-
age is the non-destructive acquisition of the 3D surface pro-
file of a sample without or with minimal sample prepara-
tion, whereas other types of 3Dmeasurement techniques, such
as electron microscopy, atomic force microscopy and stylus,
require extensive sample preparation or unavoidable sample
damage [96]. In addition, CRM works on different types of
surfaces as long as the light is either reflected or back-scattered
from the surface.

The lateral resolution of CRM is determined by the NA
of the objective lens and the wavelength of light because the
spot size is limited by diffraction [97]. Lateral resolution of
less than 200 nm can be achieved by using short-wavelength
light, i.e. blue or violet, and high-NA objectives. The axial res-
olution essential for depth profiling, which is determined by
the objective lens and wavelength, is highly dependent on the
depth profiling algorithm and surface reflectance. Typically,
the axial resolution can be on the order of nanometers when
measuring flat surfaces with an objective lens with an NA

of 0.95 and a light source with a wavelength of 405 nm. In
addition, a hybrid confocal technique combined with interfer-
ometry can be employed to achieve a robust and improved ver-
tical resolution [98].

The surface profiling speed of CRM is quite fast, offer-
ing the capability to generate over 1 volume per second, each
accompanied by a height map of 1024 × 1024, depending on
the measurement parameters [92]. However, the field of view
is very small because of the use of high-magnification lenses
and the need for 3D volume data acquisition. Additionally,
obtaining high-precision surface profiling requires a large
number of image stacks, which inevitably increases measure-
ment time.

While the measurement speed is considered relatively fast
compared to other 3D surface profiling techniques, much
higher speeds are always needed, especially in manufacturing
processes where in-line total inspection is required. Therefore,
technology development to achieve faster 3D measurements
continues as optical and electronical technologies advance and
new ideas are developed.

Current and future challenges

As the axial and lateral resolutions of CRMs are considered
to be physically limited by diffraction, not much effort has
been made to improve resolutions, unlike their fluorescent
counter-parts, where several super-resolution techniques have
been successfully implemented [100]. Instead, many advances
have been made to improve imaging speed, especially by
applying various scanning methods. Typically, laser beam
scanning using fast- and slow-axis scanners combined with
depth scanning has been used to cover 3D volumes. Galvano-
scanningmirrors, resonant-scanningmirrors, polygonmirrors,
and acousto-optic deflectors can also be used as fast-axis scan-
ners, and provide scan rates up to tens of kHz. Because of the
fast scanning unit, real-time 2D confocal images can currently
be acquired. Figure 9 shows the different scanning methods
used in CRM.

However, precise 3D surface profiling requires 2D confocal
image stacks consisting of tens to hundreds of frames, which
make 3D imaging time consuming. Acquiring multiple con-
focal points instead of a single point is one way to speed up
imaging. For example, using a rotatingNipkow disk can poten-
tially increase the pixel acquisition rate, which is limited only
by the acquisition rate of 2D image sensors such as CMOS
and CCD [101]. Another solution would be to use line beams
instead of points [102]. In this case, the acquisition rate of
the linear detector can be the limiting factor. Although these
methods can improve the 2D imaging speed, mechanical focus
scanning to acquire 2D image stacks with different depths will
also affect the 3D surface acquisition speed. Depth scanning
is usually performed by mechanical scanning of the object-
ive lens, using a precise stage such as high resolution piezo
stages. There are faster alternatives such as deformable mir-
rors, micro-mirror array lens, and electrically tunable lens, but
stacking multiple 2D images is still a limiting factor for speed
[103]. Therefore, the speed limit can be overcome by using
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Figure 9. Confocal reflectance microscopy scanning methods. (a) Beam scanning with two scanning mirrors. (b) Multi-beam scanning
using rotating Nipkow disk. (c) Line scanning using a slit and linear detector. Reproduced from [99]. © IOP Publishing Ltd. All rights
reserved.

Figure 10. Examples of 3D surface images taken by confocal reflectance microscopy. (a) Side view and (b) top view of the detector surface.
Reproduced with permission from [111]. (c) Bump. (d) Diamond. Reproduced with permission from [112].

depth scanning techniques without mechanically changing the
focal depth.

Advances in science and technology to meet
challenges

While confocal microscopy acquires information one point at
a time, if we create multiple foci along the depth direction,
depth information can be acquired without mechanical depth
scanning. One clever way to accomplish this is to utilize the

chromatic focal shift of a broadband light source [104]. Instead
of using a monochromatic light source, a broadband light
source and axial chromatic aberration can create a rainbow-
like pencil beam at the focal point. As it covers a specific depth
range, the axial response curve is simultaneously acquired
by the spectrometer [105]. Therefore, the surface height is
determined immediately without any mechanical depth scan-
ning. In this case, the speed of depth profiling is limited by
the speed of the spectrometer used to detect color information
from the chromatic focal beam. Spectrometers are basically
array detectorsmade up of thousands of pixels, so their readout
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rate is much slower than point detectors such as PMTs and
PDs. As a result, chromatic confocal microscopy is not signi-
ficantly faster than general confocal microscopy, even if the
mechanical depth scanning is eliminated.

In fact, colors containing depth information can be determ-
ined without using a spectrometer. For example, our eyes only
have three different types of cones to perceive all natural col-
ors. Likewise, only two photo-multiplier tubes can be used
to determine the color of the light returned through a con-
focal pinhole, which corresponds to the surface height [106].
This allows height acquisition rates that are over 1000 times
faster.

Other methods have been recently reported which acquire
depth information using only a few detectors, such as differ-
ential confocal microscopy (DCM) and dual detection con-
focal microscopy (DDCM). DCM uses axially shifted axial
response curves from two pinhole detectors with different
focal positions to acquire the height information without depth
scanning [107]. DDCM uses two confocal detectors of differ-
ent sizes [108]. Surface height can be directlymeasured by cal-
culating the intensity ratio between the two confocal detectors.
Using multiple pinhole detectors at different focal positions
can be another way to increase imaging rangewithoutmechan-
ical axial scanning [109]. In addition, the recently introduced
3D volumetric imaging technique in the field of biomedical
optics can also be employed for high-speed surface profiling
[110].

Concluding remarks

CRM, often regarded as the gold standard for non-invasive
precision surface profiling, is widely used in research and
industry. As the demand for faster acquisition rates increases,
great efforts have been made to improve imaging speeds. This
has made CRM increasingly efficient and reliable in industrial
inspection applications and it will continue to be an important
tool for quality control in production processes (figures 10).

With the introduction of faster and more sensitive high-
speed detectors, images can now be captured in a fraction of
the time that was previously required. Recent advances in DL
technology allow the three-dimensional surface topography
of a sample to be estimated with a reduced amount of data,
which will also speed up imaging. In addition, the enhanced
computational power allows the use of sophisticated image
processing algorithms in real-time. Furthermore, novel light
sources and detectors offer distinct opportunities for acceler-
ating the measurement speed. Due to the unique advantages
of confocal surface profilers, including precise microscopic
three-dimensional surface measurements, they will continue
to evolve to meet industrial measurement needs.
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The invention of the atomic force microscope (AFM) in 1986
[113] closely followed the invention of the scanning tunnel-
ing microscope (STM). Both opened the nanoscale world
enabling imaging of surfaces at the nanoscale and opening
the area of nanoscale science and technology. These micro-
scopes have transformed from the initial homemade instru-
ments into sophisticated commercial instruments found in vir-
tually every laboratory concerned with nanoscale science and
technology. An AFM, unlike an STM, can image either con-
ductive or nonconductive samples as well as very soft (biolo-
gical) structures. The basic principle of operation of an AFM
is shown in figures 11 and 12 shows an AFM image of a sil-
icon amphitheater structure that can be used for calibration
of the AFM’s vertical axis. The imaging part of the micro-
scope is a small cantilever, typically a few tens of micromet-
ers wide and about 150 µm long with a sharp tip underneath
it; the radius of the tip ranges from a few tens of nanomet-
ers to <5 nm. For a comprehensive review of AFM canti-
levers and tips, together with illustrative examples see [114].
There are several modes of operation, the simplest being con-
tact mode where the tip is scanned along the sample surface,
rather like a profilometer. The cantilever bends as it follows the
surface topography. A light beam is reflected from the canti-
lever surface onto a quadrant photodiode. The position of the
light spot on the photodiode varies with cantilever bending and
gives an indication of the cantilever deflection. The photodi-
ode signal is used as the process variable for a servo control
system that is used to provide a signal to a voltage amplifier
that is connected to a piezoelectric tube. The length of the
piezoelectric tube varies as a function of the applied voltage
such that the force applied by the cantilever on the sample
remains constant. The other most commonly used modes are
non-contact and intermittent contact, where the cantilever is
oscillated at or near to its resonant frequency just above the
sample. Depending on the mode of operation the tip either taps
the surface gently or remains just above the sample. As the
tip approaches the sample, the interaction of forces between
the atoms at the end of the tip and on the sample surface
causes a reduction in the amplitude of oscillation of the tip.
This change in oscillation is used as the process variable with
the servo system being used to keep the amplitude of oscilla-
tion constant and hence the distance between the tip and the
sample constant. In whichever mode of operation is used, the
output voltage from the servo system can be related to the
sample topography. Following on from the development of

Figure 11. Schematic diagram showing the major components of an
atomic force microscope. Note that in practice the cantilever is
much smaller than shown in the diagram.

Figure 12. Monoatomic steps in an amphitheater construction, each
step 0.314 nm.

the AFM and STM other variants have been developed all of
which are fall into the generic family of scanning probe micro-
scopes. These include, for example, conductive force AFM
[115], contact resonance force microscopy [116], kelvin probe
force microscopy [117], magnetic force microscopy [118],
scanning near-field optical microscopy [119], photon scanning
tunnelingmicroscopy [120], scanning capacitancemicroscopy
[121], scanning thermal microscopy [122] and scanning resist-
ive probe microscopy [123].

Current and future challenges

Many imaging techniques, including those based on AFMs
are making the transition from qualitative imaging to quant-
itative imaging where users are wanting to extract abso-
lute measurements rather than a relative indication of dif-
ferences within an image. To achieve this, traceable calibra-
tion is required. For dimensional measurements this has been
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realized through the development of metrological AFMs that
use optical interferometry to measure traceability the relative
movement between the tip and sample resulting in a trace-
able three-dimensional set of coordinates of the surface of
the calibration sample [124]. These can then be processed to
provide a traceable measurement of either a lateral (grating)
or step height standard that can then be used to calibrate an
AFM. Nevertheless, a recent comparison of AFM measure-
ments shows that accurate calibration of an AFM is still a chal-
lenge for many users [125]. It is possible that some degree of
automation of the calibration process could be beneficial to
users.

A major weakness of an AFM has been its slow scanning
speed, of the order of micrometres per second. In the last few
years there have been many advances in the area of high-speed
AFMs [126, 127] with scan rates of several millimeters per
second and images recorded with video rate now available
commercially. However, in these cases the scan range of the
AFM is still limited, often to a few square micrometers and
data density may be compromised, as may be the linearity of
the scanning stage.

Particularly within the life sciences, there is increasing
interest in correlative microscopy to combine results from dif-
ference techniques [128]. This requires both traceable calib-
ration and a thorough understanding of AFM instrumentation
and imaging artifacts [129]. The ever-increasing drive towards
miniaturization and measurement of smaller structures, mean-
ing that instrumentation artifacts, i.e. features that appear in an
image but are not a genuine measurement of the sample prop-
erties, will need to be understood to reduce their contribution
to the measurement uncertainty.

Tip shape has been amajor source of uncertainty for AFMs;
when the tip scans the surface the image obtained is dilated
by the shape of the tip. There are several samples avail-
able for determining the tip shape and the blind tip recon-
struction routines initially developed by Villarubia [130] have
been refined over the years together with the development
of sharper tips. Nevertheless, as structure sizes are reduced,
particularly for semiconductors [131] and critical dimension
metrology, quantum structures and devices are fabricated
with more complex structures and the shape of the tip will
make an increasingly large contribution to the measurement
uncertainty.

Advances in science and technology to meet
challenges

Over the last few years there have been significant develop-
ments in atomic force microscopy. In addition to the numer-
ous modes developed (see status section), many commercial
systems are moving away from scanning using piezoelec-
tric tubes for lateral scanning and moving towards precision
stages, sometimes combined with non-raster scan paths for
more efficient data collection [132]. There are now continually

developing software packages for AFM data processing [133]
that can also accommodate non-raster scanning and data from
different modes of operation. Routines are also available for
correction of multi-axis drift [134] in AFM data when operat-
ing AFMs in less benign environments.

In the last few years photothermal actuation of the canti-
lever is becoming more widespread [135]. This uses an addi-
tional light beam for exciting the cantilever and has the advant-
ages of direct oscillation of the cantilever without excitation
of other components in the AFM leading to lower noise levels
and better operation in liquid environments thereby supporting
biological studies. There have been improvements in the effi-
ciency of the excitation leading to reduced damage to delicate
biological samples [136].

The development of piezo active cantilevers and MEMS
based AFM on a chip has led to miniaturization of AFMsmak-
ing them potentially suitable for integration into larger meas-
urements systems. For example, placing an AFM in a scan-
ning electron microscope [137]. Other approaches to detect-
ing the cantilever motion including using a miniaturized inter-
ferometric readout [138] have also been developed. Piezo
active cantilevers have also opened the possibility of com-
bined dimensional and electrical investigations of samples.
The developments in AFM as a microscopy technique also
support its development for use for probe lithography [139],
offering the potential for imaging and fabrication from the
same tool.

Concluding remarks

Atomic force microscopy has developed rapidly over the last
three and a half decades and made a major contribution to sci-
ence opening many new areas and posing challenges for the
instrumentation engineer. The technique is used in research
laboratories and in industrial sectors, life sciences, material
science and the semiconductor industry. The transition from
qualitative high-resolution imaging to high accuracy metro-
logy at high speed is well under way, with the need for ever
smaller measurement uncertainties being particularly import-
ant for semiconductor applications as well as the ability to
measure more complex structures that may require adaptive
scanning routines. As a result, numerous challenges still exist
for the instrument developer and scientist in achieving these
goals. With the support of improved data processing, devel-
opments in instrumentation such as scanning technology, and
fabrication of lower costMEMS typeAFM systems, the poten-
tial for AFM to support the nanoscale world will undoubtably
grow.
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High-accuracy non-invasive or minimally invasive temperat-
ure measurements are continual challenges for thermal sci-
ence. In this context, phosphor thermometry has attracted con-
siderable attention in recent years owing to its advantages of
low intrusiveness, high accuracy, and high spatial resolution.
Phosphor thermometry realizes real-time non-contact meas-
urement through the quantitative relationship between phos-
phorescence and temperature. Phosphors used for temperature
measurements are mainly ceramic oxides doped with lanthan-
ides or transition metals [140], which was first attempted as a
tool for temperature measurement in the late 1930s [141]. Due
to the continuous improvement of laser and camera devices, it
has developed rapidly in the past 20 years.

Figure 13(a) summarizes a phosphor thermometry sys-
tem: excitation light, detector (camera), and phosphor are
the primary measurement units. Auxiliary measurement units
include filters, controllers for excitation signals, etc. From
the earliest relatively low-accuracy temperature measurement
based on phosphorescence intensity, a variety of higher-
precision phosphor thermometry methods based on the phos-
phorescence characteristics in intensity (intensity ratio) and in
the time domain (rise and decay) have been developed (shown
in figures 13(b) and (c)). Especially with the rapid develop-
ment of high-speed cameras, it is possible to record the rise and
decay behavior of phosphorescence in milliseconds or even
microsecond time scales, which greatly assisted the improve-
ment of the accuracy of phosphor thermometry. Currently,
mature temperature imaging systems based on phosphores-
cence have been developed. Generally, it tends to use the
intensity ratio method to achieve temperature imaging in the
fluid [142] (figure 13(d)), and use phosphorescence decay or
rise to achieve wall temperature imaging [143] (figure 13(e)).
The temperature measuring range has also been expanded
from near room temperature to −190 ◦C [144] ∼1700 ◦C
[145].

Phosphor thermometry has already demonstrated its applic-
ation potential in a variety of aspects. First of all, it is super-
ior to conventional optical temperature measurement techno-
logies readings in harsh environments with complicated geo-
metries and optical noise interference. As temperature probes,
phosphor particles can be easily sprayed on the target sur-
face with any shape to achieve in-situ temperature monitor-
ing. And due to the selectivity of the measurement spectrum
provided by a variety of phosphors [146], phosphor thermo-
metry can be used to measure temperature in harsh envir-
onments such as flames and strong radiations by selecting

Figure 13. Phosphor thermometry system (a); phosphor
thermometry based on the characteristics of phosphorescence in
intensity domain (b) and time domain (c); temperature imaging
using intensity ratio methods. Reproduced from [142]. CC BY 4.0.
(d) Using rise time method (e). Reproduced from [143]. © IOP
Publishing Ltd. All rights reserved.

the proper spectrum. Another advantage of phosphor thermo-
metry is that it can be used in conjunction with thermal bar-
rier coatings (TBCs). The TBC can be modified with rare
earth ion doping to have the temperature measurement func-
tion while preserving the thermal insulation function [147].
This makes phosphor thermometry promising in the field
of thermal research on high-temperature components of gas
turbines and aero engines. Furthermore, utilizing phosphor
particles as tracer particles in conjunction with PIV or PTV
technology allows for temperature-velocity synchronic meas-
urement in fluids [148], which makes phosphor thermometry
gain interest in the field of experimental fluid dynamics and
thermodynamics. Given the aforementioned advantages, it is
evident that phosphor thermometry, which only started to gain
popularity nearly 20 years, is considered a promising tool for
temperature measurement.

Current and future challenges

Despite the broad applicability and superior measurement cap-
abilities of phosphor thermometry, there are still several lim-
itations that impede its usage in more technological and sci-
entific fields. The current and future challenges are summed
up in the following points:

Firstly, the camera’s performance such as sensitivity,
recording rate, and memory storage capacity will be a major
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obstacle to the advancement of phosphorescence-based tem-
perature imaging.

(1) The camera’s sensitivity limits the maximum temperature
of phosphor thermometry. Due to thermal quenching, the
intensity of phosphorylation decreases in high temperat-
ure environments significantly. And the thermal radiation
is intensifying dramatically and shifting into the measured
spectrum. This makes it harder for the camera to obtain the
phosphorescent signals.

(2) The camera’s sensitivity also limits the frequency of phos-
phor thermometry. High frequency measurement requires
extremely short exposure time, which results in weak
captured phosphorescence signals and leads to a sharp
decrease in SNR.

(3) The frame frequency of the camera restricts the fre-
quency of phosphorescence-based temperature imaging. A
time domain measurement method requires a high camera
frame frequency even for low-frequency temperature ima-
ging (for example, a 10 Hz temperature imaging requires
a 1 kHz camera frame frequency, that is, 100 images
of phosphorescence for each decay period is needed).
Therefore, a very high recording frequency of camera is
required if the frequency of temperature imaging is further
increased.

(4) The frame frequency of the camera will also restricts the
upper limit of phosphor thermometry. Due to thermal
quenching, the phosphorescence behavior in the time
domain (rise and decay) in high-temperature will become
very fast (µs level or even ns level), which poses a chal-
lenge to the recording frequency of the camera.

(5) The memory of the camera limits the measurement dur-
ation of phosphor thermometry. As mentioned in the
point (3), temperature imaging requires a large number of
images in the time domain, therefore, it is necessary for
the camera to have sufficient memory to ensure long-term
temperature measurement.

Secondly, issues in the imaging, whichmainly occur in fluid
measurement.

(1) Measurement errors brought on by multiple scattering.
Phosphor particles dispersed in fluids can serve as temper-
ature probes. However, there is strong scattering between
particles and between walls and particles, resulting in
the image containing a large amount of scattered light.
Therefore, research on the removal (or correction) of scat-
tering effects is a concern for in flow phosphorescence
thermometry.

(2) Particle movement. The movement of phosphor particles
in the fluid makes it impossible to obtain the rise or decay
curve of phosphorescence, which is the reason why the in-
fluids phosphor thermometry can only be made using the
intensity ratio method. In addition, the movement of phos-
phor particles along the camera’s normal direction affects
their signal intensity during the imaging process, which
also brings errors to the measurement.

Thirdly, the challenges encountered in practical applica-
tions involve specific implementation strategies for phosphor
thermometry.

(1) The influencing conditions that lead to temperature meas-
urement errors: the initial phosphor thermometry simply
established the relationship between temperature and
phosphorescence, but more recent studies have shown
that the excitation energy, excitation duration, and oxy-
gen concentration in the environment will all affect the
phosphorescence-temperature relationship.

(2) The problem of phosphor coating peeling off on the sur-
face of high-speed moving, air-impacted, or deforming
objects.

(3) The extensive post-processing required when using high-
precision time-domain based phosphor thermometry, as
well as the demanding requirements for high-speed
detectors.

Fourthly, the simultaneous measurement of multiple para-
meters is also on the agenda due to the connection of diverse
thermophysical parameters in thermal situations. In addi-
tion to the developed phosphorescence-based temperature-
velocity measurement, there is also an urgent need for temper-
ature/strain, temperature/pressure, etc measurements, which
also pose further challenges for the development of measure-
ment technology.

Advances in science and technology to meet
challenges

Overcoming the above challenges will mainly depend on
the development of advanced camera and optimized imaging
strategy, the design of high-performance advanced phosphor
materials, and the perfection of phosphor thermometry theory.
Several needed advances are outlined below.

Relying on the development of advanced camera and
optimized imaging strategy, phosphor thermometry continues
to expand towards high-frequency, high-resolution, and high-
precision.

(1) With the continuous improvement of camera measure-
ment frequency and sensitivity, µs and even ns level phos-
phorescence can be effectively recorded, which makes 2D
phosphorescence temperaturemeasurement at kHz or even
10 kHz levels possible [149]. In addition, the phosphores-
cence analysis in the time domain will be more detailed,
which allows for the highmeasurement precisionwith sub-
◦C, even in high-frequency measurements [150].

(2) New imaging strategies are constantly being developed,
and optimization methods based on time domain imaging
are constantly being proposed. This can achieve high spa-
tial resolution while maintaining measurement accuracy
[151]. And using high-frequency excitation methods and
novelty temperature referencing methods [152], kHz-
based time-domain phosphorescence thermometry can
also be achieved in an optimized time-domain analysis
manner.
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(3) The use of structured light technology [153] has made it
possible to lessen measurement errors in fluid measure-
ments caused by scattering.

According to recent studies, phosphorescence temperature
imaging has achieved measurements at different scales from
nm level [154] to meter level, while the maximum frequency
has reached 100 kHz [149]. In terms of resolution, the full
frame resolution can reach up to 4000 ∗ 2672 pixels [151],
and research on imaging methods is currently being conduc-
ted towards sub pixel algorithms [155]. Related research has
also been conducted on phosphorescence temperature meas-
urement imaging of moving objects (mainly in fluids), tem-
perature analysis using the image of decaying phosphores-
cence will be affected by the displacement of particles [156].
According to Massing et al’s study [157], there is a 20%
change in the phosphorescence intensity values of the discrete
particle images due to the shift in the sub-pixel position even
without any additional noise. Thus, the influence of displace-
ment and deformation of phosphorescence signals on temper-
ature measurement should be focused on the future research.

On the development of phosphor materials, new design
methods for thermographic phosphormaterials need to be con-
tinuously proposed:

(1) By selecting luminescent ions with a large energy gap
between the radiatively emitting energy level and the next
lowest energy level, phosphor for high-temperature sens-
ing could be developed. Furthermore, the co-doping of
sensitizers can further enhance the luminescence intens-
ity. At this point, Dy ion-doped phosphors and multi-ion
co-doped sensitized phosphors will be important materials
for ultra-high temperature measurements. YAG: Dy phos-
phor thermometry capable of measuring up to 2033 K has
been reported [158].

(2) Via co-doping multiple rare earth ions, the sensitivity of
phosphor thermometry for both the intensity ratio method
[159] and the decay time method [160] can be improved.

The theory of phosphor thermometry also needs to be con-
tinuously improved. Franck–Condon’s model [161] based on
the configurational coordinate model explains the phosphor-
escence emission mechanism from the temperature in most
cases. Its improvement will provide a theoretical basis for the

further development of the phosphorescence thermometry the-
ory. Studies on excitation energy [162], excitation duration
[163], oxygen concentration effects [164], etc have also been a
significant development direction in the field of phosphor ther-
mometry research. These studies will aid in the improvement
of phosphor thermometry to measure temperatures accurately
over a wider range and with fewer measurement errors.

In addition, based on phosphor thermometry, multi-
parameters measurement methods could be developed. The
development of 3D PIV/PTV technology makes it pos-
sible to measure 3D temperature velocity in fluids [165].
Method of phosphorescence-based temperature-thermal
strain measurement [166] based on phosphor thermometry
and digital image correlation has been proposed in high-
temperature environments. The concept of temperature-
oxygen concentration measurement [167] has also been
proposed.

Concluding remarks

In a conclusion, low-invasive temperature imaging technique
utilizing phosphorescence has shown its strong development
potential in the fields of scientific research and engineering
applications. The multi-environmental applicability of phos-
phor particles also brings infinite possibilities for its applica-
tion in various temperature measurement fields in the future.
Higher temperature ranges, higher sensitivity, more conveni-
ent engineering application methods, and multi-functional
measurement methods will all be the goals of future devel-
opment. Phosphor thermometry will unquestionably continue
to grow in popularity as a method for measuring surface and
in-fluid temperatures as a result of the advancement of novel
material preparation techniques and continuing improvement
in the performance of imaging equipment.
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ET is a non-invasive electrical detection method, and has been
applied in the biomedical field and in the field of industrial pro-
cess detection, e.g. the multiphase flow detection as described
in section 12. To adapt to the detection needs, ET still needs to
be greatly improved in terms of accuracy and resolution. This
section is focused on discussing the challenges and advances
in ET technology itself.

ET uses electromagnetic fields to detect the electrical prop-
erties of the object under test, including electrical capacitance
tomography (ECT), electrical resistance tomography (ERT),
and electromagnetic tomography (EMT). ECT and ERT detect
the distribution of permittivity and conductivity respectively,
while EMT detects the distribution of conductivity or per-
meability. In the biomedical field, EMT is also known as mag-
netic induction tomography. Figure 14 shows the components
of the ET system [168], which can be divided into the sensor
array, the signal control/acquisition unit, and the image recon-
struction unit.

For the technical maturity or technology readiness level
(TRL), ERT and ECT have achieved TRL 7 to TRL 9 [169].
They have been successfully applied to production-scale fluid-
ized bed processes, hydrogeology, and other fields [170, 171].
Compared with the above two tomography technologies, the
development of EMT is relatively backward. The technology
maturity of EMT only reaches TRL 6 or lower [169], and the
current research progress is still in the testing of themodel/pro-
totype. The optimization of sensor arrays, the enhancement of
electronic circuits, and the application of new sensors are the
main focus of EMT. As a soft-field measurement technology,
the imaging accuracy of ET is limited. The improvement of
image reconstruction algorithms is a research hotspot. Each
reconstruction algorithm has its advantages. In addition to the
improvement of the existing iterative algorithm, non-iterative
algorithm, and direct algorithm, the combination of different
algorithms can also improve the spatial resolution and quality
of reconstructed images.

Due to the advantages of non-invasive, low cost, fast meas-
urement speed, convenience, and safe operation, ET is suit-
able for the harsh industrial environment. Currently, ML tech-
niques have opened up a new way to deal with nonlinear and
ill-posed problems. Therefore, the reconstruction of electrical
properties distribution and the extraction of useful information
for industrial applications can be realized quickly and accur-
ately. In addition, ET is radiation-free. With the development
of sensor miniaturization and electronic circuit integration, the
portable ET system will be suitable for long-term continuous
monitoring in the biomedical field.

Current and future challenges

Quantitative measurement is an inevitable requirement for the
development of the technology. Since ET is a soft-field meas-
urement technology, its natural nonlinearity, ill-condition, and
ill-posedness make the true electrical parameter distributions
difficult to obtain. Currently, the common solution is to linear-
ize the nonlinear problem to ensure solvability and computa-
tional speed. The quantitative results are later obtained by lin-
early mapping the reconstruction results to the known interval
of the electrical parameters. However, the medium distribu-
tion is complex in the actual process. Linearized solutions can
only image the approximate electrical parameter distributions,
making it difficult to achieve accurate quantitative measure-
ments, which limits the further development of ET. Algorithms
such as D-bar and Calderon algorithms have been proposed
to solve the nonlinear problem directly and achieve quantitat-
ive measurement, but they still have limitations and cannot be
generalized. The big challenge is to find a generalized solution
for the nonlinearity, ill-condition, and ill-posedness from the
mathematical and physical aspects.

Another challenge concerns the construction of the simu-
lation model. To facilitate the study of the ET imaging mech-
anism, simple models such as the square/circular/cylindrical/-
sphere models have been adopted in the initial research phase.
However, such models are too simple to represent the dis-
tribution of electrical properties of the real measured object.
Future research will require the establishment of more realistic
and complex simulation structures with reference to specific
applications. Inevitably, the enormous amount of computation
involved in building complex models needs to be taken into
account.

Most of the current research has focused on imaging the dis-
tribution of electrical properties on 2D slices. In this case, it is
usually assumed that the electrical properties remain constant
in the axial direction. When the assumption is untenable, the
reconstruction of the electrical properties of the cross-section
is affected, leading to incorrect interpretation. Therefore, a
correction to the 2D reconstruction or a direct implementation
of the 3D reconstruction is required to fully demonstrate the
spatial distribution of electrical properties and provide more
accurate information.

Advances in science and technology to meet
challenges

To address the poor imaging accuracy of ET, ML methods
provide an effective solution. ML methods are based on math-
ematical theories such as probability and statistics, and utilize
computers with powerful calculation capacity to extract effect-
ive information from measurement data and to reconstruct the
distribution of electrical properties. In some applications, ML
methods have demonstrated higher imaging accuracy com-
pared to traditional algorithms. In addition, multi-modality
data fusion is also an approach for imaging accuracy improve-
ment. Through the combination of different modalities of
ET [172] or the combination of ET and other measurement
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Figure 14. Block diagram of a typical ET system. Reproduced with permission from [168].

Figure 15. Roadmap of the key developments in ET in the past and future.

methods, such as the radiometric method [173], ultrasonic
method [174], and differential pressure method [175], the
information is complementary or redundant. Thereby, the
measurement accuracy is improved, and the measurement
uncertainty is reduced.

As computer hardware has evolved in terms of speed and
data throughput, GPUs with high computational performance
have been used to accelerate the tasks of complex model
building and image reconstruction [176, 177]. Besides, paral-
lel computing of multiple GPUs can also significantly reduce
computation time. Parallel solutions and large-scale com-
puter/GPU clustering technologies will be the focus of future
investigation.

In order to improve the convenience of the system, cent-
ralized and miniaturized hardware system design is one of
the future trends. Currently, the three parts of the ET sys-
tem are in a separate state as shown in figure 14. By devel-
oping the small and economical sensor array as well as the

integrated data processing circuits, and connecting them to
the remote image reconstruction unit using wireless trans-
ceiver technology, long-term continuous detection can be
achieved, which will greatly expand the application field of ET
[178, 179].

The 3D reconstruction of ET is a research hotspot. In order
to obtain detailed information on the spatial distribution of
electrical properties, more sensors are employed than in the
2D reconstruction. The spatial arrangement of the sensor array
needs to be optimized [180]. In addition, more sensors open
up more possibilities for data acquisition strategies. Good
strategies can improve the ill-condition and ill-posedness of
ET [181]. Besides, the design of the imaging algorithm is
also an important part of the process. Compared with 2D
reconstruction, the number of pixels to be calculated in 3D
reconstruction increases exponentially, and the computational
complexity increases significantly. The image reconstruction
algorithms suitable for large-scale matrix calculations are
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required. At this point, the compressed sensing techniques
provide a solution [182, 183].

Concluding remarks

With its low cost, adaptability to harsh environments, and
absence of radiation, ET is suitable for continuous monitoring
in industry and biomedicine. However, its soft-field character-
istics limit spatial resolution and imaging accuracy. The huge
computation time of solving forward and inverse problems for
complex 3D models also constrains the further development
of ET. ML methods, multi-modality data fusion techniques,
parallel computing techniques, and large-scale computer/GPU

cluster techniques offer the possibility of breaking through
these bottlenecks. In addition, with the development of hard-
ware, a truly practical and portable ET system will appear. For
clarity, the roadmap of the key developments in ET is summar-
ized in figure 15.
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The concept of the photoacoustic effect, wherein sound waves
are generated in a material following pulsed light irradi-
ation, was initially proposed by Alexander Graham Bell in
1880 [184]. Over the subsequent century, this phenomenon
garnered increasing attention within the biomedical domain,
with the first documented investigation occurring in 1964
by Amar [185]. Transitioning into the late 20th century, the
concept was introduced to the realm of biomedical imaging,
with pioneering research by Oraevsky et al in 1994 [186].
The turn of the millennium marked a pivotal period for PAI,
as technological advancements in laser sources, ultrasound
detectors, and data acquisition and processing algorithms
facilitated a significant surge in research activity. As a result,
PAI emerged as one of the most rapidly expanding and focal
areas within the field of biomedical imaging [187].

The fundamental principle underlying PAI is that a spe-
cific tissue was illuminated by a light source (a nano-second
pulsed laser is commonly used) resulting in the generation of
ultrasound waves that could be detected by detectors and form
images (figure 16). Compared with traditional imaging meth-
ods like x-ray imaging, CT, MR imaging, and positron emis-
sion tomography, PAI has numerous advantages: high optical
contrast into ultrasound waves that leads to a higher spatial
resolution. It is free from ionizing radiation, and it is small,
easy, and safe to manipulate. These advantages make PAI a
promising method and have great potential for various clinical
biomedical imaging applications [188].

Emerging as a novel imaging technique developed over
the past 20 years, PAI has garnered significant attention. It
has already been subjected to rigorous investigation in diverse
clinical applications [189] including domains such as breast
imaging [190, 191], dermatologic imaging [192], and muscu-
loskeletal imaging [193].

Current and future challenges

As shown in the figure 17, based on different fundamental
principles of image reconstruction, non-invasive PAI meth-
odologies can be classified into two categories: photoacous-
tic tomography (PAT) or photoacoustic computer tomography
(PACT), and photoacoustic microscopy (PAM). In PAT/PACT,
a high-energy laser is used as a light source. The light illumin-
ation is diffused to the tissue. The generated acoustic waves
arise from the thermally induced expansion of the tissue, sub-
sequently being captured by surface-based detectors for image

reconstruction. In PACT, the spatial resolution typically ranges
between 100 µm and 1 mm depending on imaging depth.
Integrated with other techniques, such as multi-angle illumin-
ation technique, the penetration depth was further improved to
approximately 10 cm [194].

On the contrary, PAM is a direct image formation
method through focused scanning. It has two forms: acoustic-
resolution PAM (AR-PAM) which uses ultrasound focusing,
while optical-resolution PAM (OR-PAM)which employs light
focusing, both of which targets at improving spatial resolution
in images. Different from PACT, it can achieve higher spa-
tial resolution at shallow depths. PAM achieves a penetration
depth of approximately 1–2 mm, showcasing spatial resolu-
tions below the 10 µm threshold. While these non-invasive
methods yield high resolution and offer a lot of advantages,
their imaging depth is limited to several centimeters [195, 196]
due to the light attenuation. Therefore, their clinical applica-
tions are limited. To overcome this issue, the concept of min-
imally invasive PAI (miPAI) has emerged, resulting in the
development of various miPAI systems in the past decade.
Different from the non-invasive methods, miPAI system incor-
porated an optical fiber within the instrument, enabling direct
delivery of the excitation light to internal body tissues. This
innovative approach extends PAI to encompass a broader spec-
trum of applications [197].

PAI has many exciting achievements in biomedical ima-
ging, yet several challenges persist. The utilization of a pulse
laser source, though effective, does impose constraints on
imaging speed due to inherent limitations in laser rates.
Furthermore, the pursuit of higher image resolution and qual-
ity warrants further investigations. Although miPAI presents
as a promising solution to address the depth limitation of PAI,
its clinical applications remain a challenge. Besides the tech-
nical challenges, the commercialization of the PAI system is
still in the early stage.

Advances in science and technology to meet
challenges

With the development of AI and the tremendous growth of its
applications in different fields, the utilization of DL algorithms
for imaging reconstruction in the realm of PAI field has attrac-
ted a lot of attention. The convergence of novel AI algorithms
with PAI holds the potential to propel image quality enhance-
ment, signifying a pivotal trajectory for forthcoming advance-
ments in the PAI domain. The advancement of techniques con-
stitutes a pivotal realm of investigation as well. The enhance-
ment of light sources such as the improvement of pulsed
lasers and exploration of alternative laser types can improve
the imaging speed. Progress in photoacoustic transducers and
detectors, including the utilization of all-optic systems such as
Fabry–Perot fiber optic sensors, will be another potential area
[198, 199] to improve spatial resolution. Moreover, another
crucial field for the future improvement of PAI lies in the
exploration of suitable contrast agents. The increase in types
of contrast agents has the potential to significantly enhance
imaging depth, resolution, and quality.
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Figure 16. Schematic of photoacoustic principle.

Figure 17. Timeline of the development and the classification of PAI methods.

In addition, the combination of PAI with established ima-
ging methods such as ultrasound imaging and CT is another
critical trend and a future direction. This synergistic approach
holds the potential to accelerate the integration of PAI into
clinical applications, thereby contributing significantly to the
ongoing enhancement of the biomedical imaging domain.

Concluding remarks

PAI emerged as a novel and promising imaging technique
in the biomedical field and has undergone massive growth

in the past two decades. Various methods based on PAI
were developed such as PAT/PACT, OR-PAM, AR-PAM, and
miPAT. A lot of exciting clinical practices and improvements
were investigated as well. It can be expected that the PAI will
have a wide application in the biomedical imaging field in
the future. To face the challenge, the combination of PAI and
established biomedical imaging methods, the integration of
DL algorithm for technique improvement including excitation
light source, transducer, and detector, as well as the develop-
ment of contract agent, will collectively stand as transformat-
ive steps that are poised to propel PAI into a new chapter of
exploration and application.
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Dennis Gabor invented and named holography in 1947 [200],
for which he received the Nobel Prize in Physics in 1971.
Further developed by Leith, Denisyuk, and many other
researchers around the world, holography becomes an import-
ant and versatile imaging technique that is extensively applied
in various fields of optical engineering [201]. As illustrated
in figure 18, holography is a two-step process, in which the
first step records the interference pattern as the hologram,
and the second step reconstructs the wavefront from the holo-
gram. Both amplitude and phase distribution of the propagat-
ing wavefront can be obtained simultaneously, which is the
unique feature of holography in contrast to other conventional
imaging techniques. Furthermore, the reconstruction process
enables us to change the focus and perspective of the targeted
three-dimensional (3D) scene. Consequently, holography is
considered as the most promising technique to realize true 3D
imaging and display [202].

Digital holography (DH), which records the hologram
using digital cameras and numerically reproduce the wave-
front, is the fastest growing holographic technique due to the
rapid improvements in digital technology and computational
power [203]. As a well-established technique, DH has a wide
range of practical applications such as 3D sensing, data stor-
age, surface topography, and phase imaging. For example, not
only the 3D shape but also the inner structure of transparent
and translucent samples can be quantitatively analyzed using
digital holographic microscopy [204]. Nowadays, holographic
instruments for various purposes are commercially available.

The core of DH is the calculation of the wavefront
using diffraction theory, followed by several procedures to
improve the image quality or accomplish specific measure-
ment tasks, such as aberration correction, speckle reduction,
resolution enhancement, focus prediction, and phase unwrap-
ping. All of these calculations can be performed by physics-
based approaches or data-driven methods. The former usu-
ally employs explicit analytical formulations of physics mod-
els, which enables robust outputs for any valid single-shot
measurement. While the data-driven methods can establish
implicit relationships between input and output pairs without
any prior knowledge of the imaging model. In particular,

the emergence of DL in recent years has substantial influ-
ence on the field of DH, showing superior computational effi-
ciency, improved measurement accuracy, and higher image
quality [205]. Nevertheless, the data-driven methods applied
in DH are still in exploration stage and cannot completely take
the place of mature physics-based approaches. To meet the
growing demands in the performance of holographic meas-
urements, it is encouraged to put continuous efforts into both
types of holographic image processing algorithms.

Current and future challenges

Despite the successful application of holography in laboratory
and industrial practice, there are still several challenges that
hinder the further development of holography. The first chal-
lenge is to improve the spatial resolution of holographic ima-
ging in both lateral and axial directions.With the finite NA and
spatial bandwidth product (SBP) of the imaging system, the
spatial resolution is mainly limited by several factors, includ-
ing wavelength and coherence of the light source, diffraction,
image sensor area, and pixel size. Aiming to record the fine
holographic fringes, the pixel size of image sensor is usually
the primary limitation. Furthermore, owing to the depth-of-
focus problem [206], the measurement accuracy and uncer-
tainty of holography in axial direction is significantly inferior
to that in lateral direction. Thus, researchers have spent lots
of efforts in developing autofocusing algorithms for improved
in-focus depth determination.

The second challenge is to enhance the robustness of holo-
graphy in practical applications with harsh environment. As
a versatile imaging technique, DH has been demonstrated in
the in-situ characterization of complexmultiphase flows [207],
such as combusting dense particle clouds, fuel sprays, burn-
ing aluminized propellants, and shockwaves. However, the
measurement accuracy and image quality are inevitably influ-
enced by the harsh environment which usually features high
dynamic rages in temperature, pressure, species, or particle
density. For example, refractive index variation in reactive
flows caused by the change of media properties, will dis-
tort the recorded hologram and consequently deteriorate the
reconstructed wavefront [208]. Therefore, it is highly desired
to develop new optical configurations, calibration methods,
and post-processing algorithms to understand and prevent the
impact of harsh environments.

Previous works have demonstrated the great potential that
real-time holographic imaging can be realized by using a
trained data-driven model [209]. But there are still several
important issues that need to be addressed when solving
holographic imaging tasks using data-driven methods. Those
include (1) a large number of data pairs is usually required
for the supervised training of data-driven models; (2) the lack
of application-specific holographic datasets hinders the valida-
tion of newly designedmodels; (3) the generalization perform-
ance of data-driven methods is limited when performing holo-
graphic imaging among various application scenarios; (4) the
interpretability of these implicit models is poor, which means
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Figure 18. Schematic of holography including the recording and reconstruction processes.

the model’s architecture is designed empirically and some-
times results in widely erratic outputs.

Advances in science and technology to meet
challenges

From the perspective of system theory, it is an intelligent
strategy to optimize the whole light path of the holographic
imaging system, including modulation of the light source,
transmission of the wavefront, acquisition of interference pat-
tern, and finally reconstruction of the wavefront. Advances
in new light sources, optical elements and configurations,
image sensors, and processing algorithms are the key ena-
blers to address the challenges and promote holography to new
applications.

For example, embedding higher dimensional information
in holography using a synthetic aperture can enhance the spa-
tial resolution [210]. Structured illumination, scanning holo-
grams in time series, multiple wavelengths, and polariza-
tion encoding are the representative strategies which have
been successfully demonstrated in holographic imaging. The
corresponding processing algorithms are also developed for
decoding the multi-dimensional information in the unusual
holograms.

Hybrid holographic imaging system is another remarkable
advance, in which a conventional in-line or off-axis holo-
graphy configuration is combined with other optical tech-
niques, such as optical frequency comb [211], tomography
[212], optical metasurface [213], Raman/Mie scattering [214],
and imaging pyrometry [215]. It can offer amazing potential
in improving image quality and measurement accuracy, and
broadening detection capability since more properties of the
target object can be measured simultaneously. Nevertheless,
such complex imaging systems are not mature in practical
applications. A higher level of reliability and flexibility is
always required to meet various harsh testing environments.

Finally, several attempts have been made to break the bot-
tlenecks of data-driven methods applied in holography. To
reduce the cost of preparing datasets and training data-driven
models, specific training strategies have been proposed, such

as semi-supervised learning, unsupervised learning, transfer
learning, and even untrained NNs [216]. It has been demon-
strated that a comparable result can be output even with lim-
ited data pairs. Furthermore, since the principle of holography
can be well-described in physics, it is a generally accepted
strategy to embed physics knowledge into data-driven models
for an improved generalization [217]. It is possible to realize
fast and interpretable holographic calculations by creating a
physics-informed and data-driven model.

Concluding remarks

Holography is a powerful imaging technique with the unique
advantages in 3D and phase imaging. It is highly desirable to
enhance the spatial resolution and robustness of holographic
imaging systems, especially in a practical environment with
extreme conditions. Advances in hardware and algorithms
play an equally important role in the development of holo-
graphy. Different from traditional simple configurations for
holographic imaging, embeddingmore information of the light
source in the hologram recording process enables us to bypass
the SBP limitation so that a higher spatial resolution under
the same field of view can be achieved. Moreover, integrat-
ing holography with other optical techniques makes it pos-
sible to broaden the system’s detection capability. Data-driven
methods can dramatically reduce the computational complex-
ity of hologram calculations, along with the improvement in
reconstruction quality. However, it usually suffers from the
lack of generalization and interpretability, which hinders the
reliable applications in practice. Incorporating physics-based
approaches with data-driven models is a promising strategy
to overcome the obstacle. It is believed that, in the not-too-
distant future, real-time and robust holographic imaging can
be extensively applied in industrial practice.
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Multiphase flow denotes the stream of two or more physic-
ally distinct and immiscible substances and it is important in a
broad range of engineering disciplines and in many other sci-
entific fields such as biology, chemistry and physics. Industrial
processes involving multiphase flows are present across many
applications, as diverse as steam generation, chemical pro-
cessing plants, oil and gas production and transport or metal-
lurgical processes. As a consequence, a considerable num-
ber of multiphase flow process imaging techniques have been
developed and used in the past. Classical imaging techniques
such as optical visualization [218] as well as particle imaging
velocimetry [219] have been applied in research of multiphase
flows for many years. Ultrasound imaging (sonography or
ultrasonic Doppler) has found some applications in industry
but predominantly in academia too [220]. However, the most
prominent imaging technique for multiphase flow is tomo-
graphic imaging. Tomography is a powerful imaging tech-
nique which has been widely used first in medical diagnostics
and later in non-destructive evaluation and dimensional met-
rology. Tomography to visualize industrial processes has been
introduced in the 1980s and the term process tomography
was coined [221]. Since then, different imaging modalities
have been developed and tested. Examples are electrical [222,
223], magnetic [224], ultrasound [225], microwave [226] and
radiation-based [227, 228] process tomography. Other than
in medicine, process tomography is required at high scan-
ning speed. Frame rates of thousand images per second and
more enable the monitoring of transient and complex flows in
industrial plants or equipment. The general principle of CT
for multiphase flow process consists of measuring a physical
quantity through the pipe or vessel that can be related to the
fluid property (e.g. electrical impedance, attenuation coeffi-
cient). A number of integral, independent measurements are
taken from sensors (or electrodes) placed on the periphery of
the test object at different angular positions either by rotation
of arrangements or electronic switching. After measurements
have been completed, the local properties of the flow can be
calculated bymeans of a so-called reconstruction algorithm. In
addition to classical reconstructionmethods, AI can be applied
to improve system performance [229]. Figure 19 schematic-
ally illustrates this process. Variations of the classical scheme
are also accepted as tomographic imaging. For instance, in
the field of multiphase flow research, an intrusive imaging
technique known as wire-mesh sensor has been successfully

Figure 19. Schematic representation of the general approach for
tomographic multiphase flow process imaging. The object real
distribution is defined as Φ(r) where r denotes a spatial vector.
From the multitude of integral measurements, an image of the
estimated distribution Φ∗(r) is obtained, which is the best estimate
of the real distribution.

applied in the past [230, 231]. Imaging based on nuclear MR
is also reported [232]. None of the mentioned technologies can
claim the fulfillment of stringent requirements of spatial and
temporal resolution as well as of sensor robustness for indus-
trial applications.

Current and future challenges

The current challenges for multiphase flow process imaging
can be divided into two main domains: (1) academic/research
and (2) industrial applications.

In the first domain, multiphase flow process imaging
provides detailed experimental flow data onwhich theories can
be developed (and then accepted or rejected), as well as for
validation of so-called computational fluid dynamics codes,
which have been fostered in recent years by the progress-
ively increasing computer power. Also, the new trends in AI
have supported the development of more powerful computa-
tional codes. Obviously, only sufficiently validated codes can
be admitted as reliable [233]. For this aim, small and medium
scale multiphase flow experiments with accurate flow ima-
ging is required. Also therefore, multiphase flow process ima-
ging faced more and more challenges regarding spatial and
temporal resolution in recent years. Several physical paramet-
ers are required in such applications, for instance phase frac-
tion distributions, temperature fields, pressure fields, velocity
fields, and concentration fields.

In a second domain, multiphase flow process imaging may
be applied for advanced automation and control of several
industrial processes [169]. Many industrial applications are
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very energy consuming while multiphase flows play a cru-
cial role in process efficiency and safety. Increasing the effi-
ciency of industrial processes is not only an economic issue,
it also concerns reduction of carbon dioxide emissions and
consequently to climate protection actions. In today’s indus-
trial plants, the usual process sensors only provide local meas-
urements (typically temperature, pressure, flow rate and/or
level). In most industrial systems, however, such local meas-
urements are not representative of the entire process. Hence,
advanced automation and control of such industrial processes
can only be achieved by better knowledge of spatially and
temporally resolved parameters. Multiphase flow process ima-
ging is therefore urgently needed here being able to gen-
erate and process multidimensional data in order to obtain
the required additional spatial/temporal information from pro-
cesses. Additional challenges arrive from the conditions of
flow confinement, such as opaque metallic walls, or com-
plex test section geometries. Such constrains may limit the
use of some measuring principles. Moreover, the robustness
of sensors is an import issue for some industrial applica-
tions where harsh environmental conditions occur, i.e. high
pressure, high temperature and/or the presence of aggress-
ive media. Further work is still required to ensure that these
imaging technologies are actually providing information that
can be easily adapted and used in process controlling, which
requires a holistic look at these sensing methods and data
analysis.

In both domains there is still a clear need for quantitat-
ive evaluation of flow parameters and their uncertainty assess-
ment. While the academic/research community is looking for
detailed information about the flow in the form of 2D/3D visu-
alization of parameters, the main interest in industrial applic-
ations is the safety and efficiency of the processes involved,
which requires the transformation and interpretation of flow
images into process parameters. Uncertainty evaluation is
therefore highly application dependent.

Advances in science and technology to meet
challenges

Since multiphase flow always involve combinations of dif-
ferent fluids, such as gas–water, gas–oil, wet–gas, oil–water,
sand–water flows, their flow status changes dramatically with
temperature, pressure, diameter, orientation, etc, and the flu-
ids property such as density and salinity would also change
with operating condition, there is no universal imaging mod-
ality that could deal with a wide range of operating condi-
tions and fluids. Besides, when it comes to mixing more than
two fluids, for instance oil–gas–water three-phase flow, single-
modality imaging would lose sensitivity to one of the fluids
and fails to separate all the three fluids information, where
more than one imaging modality is required to fuse different
sensitivity to deliver comprehensive information ofmultiphase
flow. Some attempts in this development have been reported
in past [230, 234, 235], but there is plenty of room for the
combination of several dimensions. Furthermore, for now,

most of process imaging systems are for laboratory research
purpose, systems that focus on specific applications and meet
industrial installation and data transfer standards are sought.
Hence, one challenge of industrial process imaging is that it
is more of a customized technology than standardized instru-
ments. For different plants and applications, process ima-
ging tools need re-design and optimization to meet differ-
ent sensing requirements. Additionally, the industry requires
robust and easy installation sensors, therefore, a kind of easy-
to-install sensors that are easily adapt to high-temperature
and pressure vessels, and multidimensional imaging tech-
nology is desired in future development. The term ‘dimen-
sion’ does not only stand for the classic spatial dimension,
but also for the various modalities: electrical, optical, acous-
tic, nucleonic—modality dimension, for the excitation energy
mode(s)—spectral dimension as well as the temporal resolu-
tion required for production processes—temporal dimension.
In the short term, multimodality via (software-based) data
fusion will continue to be developed, while in the long term,
new hardware solutions combining several dimensions shall
find their way into industrial applications, for example: high-
speed spectroscopic impedance imaging and multimodality
optical/acoustic/ET.

For process industries, process control still relies on easy
parameters, which have not taken advantages of new observa-
tions of the process status to improve control strategies. The
process is, however, too complex to be represented by just
temperature and pressure, such as in petroleum and chemical
engineering. The distinct advantages of multiphase flow pro-
cess imaging (in special process tomography) provide suffi-
cient process information, such as phase fraction, velocity and
flow patterns, to facilitate developing new control strategies
to further refine the process. There have been a number of
research outcomes focusing on the extraction of key para-
meters of multiphase flow with process imaging tools, which
can be of great help to process control [236] in the short
term. However, the control realm is still not aware of such a
new observer that can provide direct observations on the tar-
get process parameters and status, which would be an emer-
ging area for the process control industry that certainly needs
multidisciplinary approach from a control and instrumentation
perspective in the long term.

Concluding remarks

At present, modern industry is marching towards digitalization
and intelligence, such as digital twin, which requires abund-
ant information regarding the flow behaviors to diagnose or
prognose about the process status and development. This is
a newly developing application area of process imaging that
is calling for more contributions in sensing methods and data
analysis from both the academic and industrial endeavors.
Hence, improvement in hardware allied to data fusion of mul-
tidimensional (time, energy, mode and space) imaging tech-
nology together with AI shall place multiphase flow process
imaging into the next level.
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PIV is a prevalent technique in the field of non-invasive flow
measurement. It measures the instantaneous velocity field by
cross-correlating the recorded images of tracer particles in
flow. Over decades of evolution in methodology and asso-
ciated hardware, PIV has established itself in widespread
applications. Error analysis and optimization have made PIV
viable for planar (two dimensional two component (2D2C)
and two dimensional, 3 component (2D3C stereo)), multi-
camera volumetric (3D3C), and even single-camera volu-
metric velocity field measurements. However, the interplay
of various independent design parameters and the complex-
ity of the measurement chain still requires an expert user
to acquire a reliable velocity field. Uncertainty quantifica-
tion (UQ) in such measurements [237] is critical for assess-
ing the reliability of measurements, acquiring tolerance on
derived quantities that directly affect design decisions, and
validating numerical simulations or comparing multi-modal
measurements.

During the last decade, a significant effort focused on
uncertainty in planar PIVmeasurements. Indirect UQmethods
calibrated the sensitivity of the cross-correlation (CC) plane
SNRmetrics [238–240] and primary error sources to measure-
ment uncertainty. A more direct approach used statistical ana-
lysis of particle image mismatch or ‘disparity’ statistics [241].
A pixel-wise image intensity covariance propagation through
correlation peak 3-point fitting also yielded reliable displace-
ment uncertainty estimates [242]. A parallel approach com-
puted the second-order moment [243] of the PDF of error dis-
tribution directly extracted from the CC-plane. Comparative
analysis [244, 245] (figure 20(a)) for experimental jets and
wakes has shown better response and prediction for direct UQ
methods. The sensitivity of the direct UQ methods to image
SNR perturbations is used to formulate a meta-uncertainty
model [246] for improved uncertainty prediction in planar PIV,
as shown in figure 20(b).

Subsequent studies have focused on uncertainty propaga-
tion in displacement-derived quantities [247], e.g. vorti-
city, turbulent kinetic energy, Reynolds stress, etc. Velocity
uncertainty values have improved pressure field estimation
using a generalized least squares method [248]. UQ in
background oriented schlieren (BOS) density estimates also
incorporate PIV displacement uncertainties [249]. In micro-
scale PIV, the existing UQ methods can successfully predict
uncertainty in ensemble correlation measurement [250]. For

stereo PIV measurement, an uncertainty model quantifying
calibration uncertainty and its contribution to overall 2D3C
field uncertainty (figure 20(c)) is established [251]. Though
uncertainty propagation through volumetric self-calibration
and 2D CC based UQ methods exist [252], a comprehensive
framework for 3D PIV UQ is yet to be established.

A prominent growth in PIV uncertainty methodology, its
impact on flow measurement reliability and velocity field
denoising [253, 254] (figures 21(c) and (d)), and lack of bias
and random uncertainty models for complex measurement
processes begets the need for further development. In partic-
ular, challenges remain for UQ in multi-camera and single-
camera volumetric measurements, specific flow applications
(high-speed, near wall, optical distortion), processing settings
automation (covariance due to grid-overlap, numerical uncer-
tainty due to discretization), dense field estimation (CNN,
PINN’s) and data assimilation (using ML algorithms).

Current and future challenges

Existing PIV uncertainty estimation methods use an a-
posteriori image or correlation plane information to predict the
error bound on the velocity field. Although thesemethods reas-
onably predict the aleatoric uncertainty, the epistemic uncer-
tainty in the different components of the measurement model
has not been established. A detailed UQ for each element of
the imaging model and processing parameters is critical to bet-
ter assess the bias uncertainty in the presence of optical dis-
tortion, velocity fluctuations, near wall measurement, peak-
locking, high dynamic range, particle acceleration, varying
window size, grid overlap, and vector field validation. Recent
efforts to quantify PIV systematic uncertainty has relied on
the calibration of UQ method sensitivity to error sources,
e.g. the ‘uncertainty surface’ method [255]. Alternatively,
statistical analysis of repeated experiments has reported bias
uncertainty on mean velocity for varying experimental factors
(e.g. interframe time, aperture, light sheet thickness, etc) in a
boundary-layer flow, as shown in figures 21(a) and (b) [256].
Uncertainty in time-averaged fields due to peak locking error
was estimated using a multi-interframe time acquisition with
least squares regression [257]. However, these approaches
are neither exhaustive nor generalized for all types of flows,
enabling the need for a direct automated bias uncertainty
framework.

Volumetric PIV uses a tomographic reconstruction to
estimate the 3D field from 2D projections. Camera calibration,
view overlap, viewing angles, varying magnification, depth of
field, volume aspect ratio, particle concentration, etc play a
significant role in the dispersion of 3D3C measurements. The
sensitivity of those parameters is specific to the reconstruction
method. The complexity of the measurement chain makes bias
and random uncertainty estimation non-trivial. Limited optical
access has driven the methodology from multi-camera 3D
PIV (multiplicative algebraic reconstruction technique, defo-
cusing PIV, synthetic aperture PIV, coaxial volumetric veloci-
metry) to single-camera 3D3C measurements (holographic
and plenoptic PIV). Recent advancements have focused on
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Figure 20. (a) Shows comparison of direct and indirect uncertainty methods for benchmark PIV experiments. Reproduced from [244]. ©
IOP Publishing Ltd. All rights reserved. (b) Further improvement using meta-uncertainty model compared to existing direct methods (IM,
MC, CS). Reproduced from [246]. © IOP Publishing Ltd. All rights reserved. (c) Stereo PIV measurement RMS error and RMS uncertainty
spatial distributions for 4th PIV challenge case E data. Reproduced from [251]. © IOP Publishing Ltd. All rights reserved.

Figure 21. (a) Estimated total uncertainty using DOE ANOVA methodology and (b) contribution of systematic uncertainty due to different
error sources in potential flow region. Reproduced from [256]. CC BY 4.0. (c) Uncertainty and velocity power spectral density and its
correlation in low and middle frequency range for high-speed flow. Reproduced with permission from [254]. (d) Original and filtered
vorticity field after uncertainty based denoising for a vortex ring. Reproduced with permission from [253].
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x-ray PIV for interior flow measurements. With increased
applications, impetus in development, and non-linear combin-
ations and contributions from several experimental paramet-
ers, UQ in 3D PIV is critical and an existing challenge in the
field.

In flows with refractive index gradients (supersonic flows,
density stratified flows), simultaneous estimation of density
field variation, and flow velocity poses a significant challenge
due to the coupling of measurement errors. Simultaneous
PIV-BOS type experiments have been recently performed.
However, a systematic analysis of uncertainty propagation
is lacking in such applications. In micro-flow applications,
confocal imaging with a controlled depth of field using ras-
ter scanning of pixels introduce a bias error in measure-
ment. However, uncertainty in microscale measurements and
dependence on different confocal system transfer functions is
yet to be determined.

Advances in science and technology to meet
challenges

Technological advancements in high energy fast repetition rate
lasers and high-resolution, high-speed cameras have standard-
ized time-resolved (TR) regular or multi-pulse PIV measure-
ments, pushing the sampling rate even to the megahertz range.
Associated improvements in dynamic velocity range (DVR)
and better spatial-temporal resolution can reduce the Cramér-
Rao lower bound of the physical variable measurements [258,
259]. Consistent developments in UQ algorithms are required
to compare and assess the performance of comparable PIV
systems. Especially, error bounds in instantaneous PIV fields
with pyramid correlation, multi-pulse systems, and KHz range
TRPIV systems should be compared to optimize PIV system
requirements for high DVR experiments.

Modern-day computational resources, GPU’s and access-
ible ML algorithms have paved the way for NN based
PIV measurements. Data-driven measurements with super-
vised learning (CNN) can estimate pixel-wise dense dis-
placement fields based on an optical flow network model.
However, the predictions are limited by the training data-
set. UQ and flow and imaging parameters sensitivity in data-
driven PIV fields need further exploration. A recent approach

explored Bayesian formulation for volumetric reconstruction
with stochastic gradient descent. Extending the framework to
develop a forward model for image intensity distribution and
optical system distortion and incorporating a plenoptic [260]
or holographic PIVmapping functionmodel can directly bene-
fit the 3D flow field uncertainty estimation. Data assimilation
also plays a key role in noise reduction and dense field recon-
structions using physics-informed networks (PINN) or mul-
tiplemeasurementmodes. Quantification of instantaneous PIV
field uncertainty is critical for assessing the reliability of such
combined data analysis.

UQ has been applied to denoise data and reduces spa-
tial errors in the post-processing step. Temporal denoising
on high-frequency TRPIV data has shown a strong correl-
ation between velocity and uncertainty spectrum for low to
midrange frequencies. However, current algorithms are lim-
ited in predicting uncertainty bounds for high-frequency fluc-
tuations in PIVmeasurements. An increasing demand for auto-
mated running PIV systems for product design and quality
control is observed as PIV technology transitions to indus-
trial applications. Hence, a breakthrough in new algorithms
and pathways for PIV UQ will immensely benefit the state-of-
the-art in obtaining reliable PIV measurements.

Concluding remarks

We discussed up-to-date UQ methods and addressed some
critical challenges for UQ development in modern PIV tech-
niques. Rapid growth in PIV applications and methodology
will require continued growth in modeling uncertainty for
instantaneous PIV fields. Upcoming research should focus on
volumetric PIV uncertainty estimation for tomographic PIV
as well as newer single or multi-camera techniques. Modeling
uncertainty in individual components of PIV imaging and pro-
cessing is critical to quantify systematic uncertainty effect-
ively and, in turn, the overall uncertainty in the measurements.
The sensitivity of UQ methods needs exhaustive testing for
complex and challenging applications across a broader range
of lengths and time scales. Overall, the development of real-
time automated end-to-end measurements for PIV systems
should significantly benefit from UQ development efforts in
this decade.
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14. Microscopic particle image velocimetry (µPIV)
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Status

Microfluidic devices, i.e. fluidic systems with typical channel
dimensions in the sub-millimetric range, have several advant-
ages in comparison to macroscopic systems. Especially in
fields such as process engineering, micro reaction techno-
logy, biomedical research, and pharmaceutical applications,
the reduction in size allows for a precise handling of small fluid
volumes, particles and biological samples. Downscaling is
beneficial if expensive chemicals are used, for the investigation
and manipulation of individual biological specimens, for auto-
mated drug-response screening, or for lowering the amount of
energy needed for the production of specific particles/chem-
icals, to name a few. Due to the different scaling of forces
it is also possible to exploit several unconventional physical
mechanisms for particle manipulation or flow generation. In
this respect, acoustic, electric, magnetic, or even temperat-
ure or light fields have been used. Although the flow is typ-
ically laminar and the geometries are small, numerical simu-
lations are cumbersome. Often the boundary conditions (e.g.
electric potentials, surface chemistry, surface physics, etc) are
unknown due to the complex geometries and the uncertain-
ties given by the specific fabrication techniques (lithography,
etching, deposition, 3D printing, etc). Therefore, reliable high
spatially resolved measurements of the velocity field (and
other scalar fields) are necessary. Due to the small dimensions,
probes would alter the flow to a large extent and optical meth-
ods have to be applied.

µPIVwas proposed in the late 1990s as an adaptation of the
conventional planar PIV to microscopic setups, and it quickly
became the standard velocimetry method in this field [261].
The typical µPIV setup has remained basically unchanged
since its first application [262, 263] and is shown in figure 22.
Small fluorescent tracer particles that should ideally follow
the flow are added to the fluid. These particles are illumin-
ated in a volume by a laser light source or an LED and the
longer wavelength emitted light is reflected towards the cam-
era whereas the direct reflections are filtered. Two images are
recorded one after another and the average particle image dis-
placement inside interrogation windows is estimated using CC
as in conventional PIV (comp. section on PIV).

The emergence of global threads such as pandemics and
pollution, has given a new impulse to the improvement and
development of microfluidic technologies, especially with

respect to biological and biochemical analytical devices.
Consequently, improvements in the resolution, accuracy, and
capabilities of velocimetry methods for microfluidics will be
crucial to support the future technological developments.

Current and future challenges

Several challenges are inherent in the µPIV technique. Since
the seeding concentration is typically low in microfluidics to
not alter the fluid properties, the interrogations windows need
often to be large with respect to gradients in the flow. In the
out-of-plane direction, additional averaging occurs due to the
volume illumination and the three-dimensionality of the flow.
Particles outside the focal plane still contribute to the CC func-
tion which results in a depth wise average, quantified in terms
of depth of correlation (DOC, figure 22, right). The DOC is
typically in the order of tens of micrometers which may reach
a considerable part of the channel dimensions [264]. Although
correlation averaging [264] and some advanced algorithms
can be used to mitigate these effects [265], these challenges
(volume illumination, three-dimensional flow, limited optical
access) cannot be avoided in microfluidic imaging techniques,
and will inevitably affect µPIV measurements.

At the beginning of 2010s, several research groups start to
use slightly modified µPIV setups for 3D Lagrangian particle
tracking, essentially exploiting the defocusing principle with
different approaches [266]. These methods, here generally
referred to as defocusing particle tracking (DPT), have great
potential for the full characterization of microfluidic phenom-
ena. DPT methods do not suffer from averaging problems and
use the defocus information for 3D particle tracking [266,
267]. For an ideal optical setup, the defocus function is sym-
metric around the focal plane. In real experiments, optical
aberrations or an additional cylindrical lens can provide a non-
symmetric (thus unambiguous) defocus function in depend-
ence of the depth coordinate. If a model for the defocus is
known, this can be directly used to relate e.g. the size or
shape of a particle image to depth. This approach works well
for well-defined optical systems, high signal to noise ratios
and non-overlapping particle images from point sources with
uncertainties in the depth direction of the order of 1%–2%
of measurement depth [266, 267, 268]. To avoid image over-
lap the seeding concentration has to be low, which lowers
the resolution. A proper measure for the seeding concentra-
tion in the case of large particle images is the source density
Ns, a nondimensional parameter which is the ratio between
the sum of the particle image areas and the full image area
[269]. Low source densities are especially problematic for
non-stationary flows, where time averaging cannot be used to
increase the spatial resolution. Another recent approach used
a pattern recognition based on the correlation with templates
obtained from experimental images [270]. Especially in cases
with high seeding concentration, this approach is capable of
determining the position of overlapping particle images to a
certain extent, corresponding to a source density NS ∼ 0.2/0.3
[3, 270]. However, it still requires a monomodal particle
distribution.
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Figure 22. Schematic of a typical µPIV setup using fluorescent particles to avoid reflections from the channel walls. In µPIV analysis the
images are processed using cross-correlation providing a planar two-components (2D2C) measurement of the flow, averaged across a
certain depth of correlation. The same setup (with small modifications, e.g. with a cylindrical lens), can be used for defocusing particle
tracking (DPT), obtaining a volumetric three-component (3D3C) measurement of the flow across a measurement depth determined by the
imaging system and particle size. Reproduced from [266]. CC BY 4.0.

Figure 23. Current and future challenges in DPT methods for microfluidics. Development of new algorithms based on ML and neural
networks. Improvement of resolution (seeding density) and accuracy. Measurement of monodispersed/heterogeneous particle distribution.
Measurement of additional quantities (e.g. temperature, orientation of non-spherical particles). Reproduced from [270], with permission
from Springer Nature.

Advances in science and technology to meet
challenges

The DPT approaches with a large future potential are the ones
based on ML and in particular NNs, which are however still at
an early stage of development, see figure 23, left. ML as a part
of AI has gained lot of attention for many different applica-
tions in fluid dynamics during recent years, and is currently
the most promising candidate to meet the above-mentioned
challenges [271]. The basic idea is that a network learns the

behavior of a complex system on the basis of training data
without any knowledge of the underlying mechanisms. A use
case for ML tools are all the different approaches of defo-
cus µPTV. The first approaches showed a similar perform-
ance as for the classical methods and used predefined cropped
images [272]. In a recent study, different network architectures
were combined to perform the task of particle image detection,
depth regression and classification for a multimodal size dis-
tribution of particles [273, 274]. The big advantage of such
networks is that they show a similar performance in terms of
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uncertainty like the classical approach and also work well with
overlapping particle images, without the need for monomodal
size distribution.

The development of new algorithms based on NNs will
allow to process images with a large source density and better
accuracy, evenwith noisy data. These networks can be adopted
to also measure scalars or additional quantities (e.g. temper-
ature, pH, concentration, particle type, particle size, particle
orientation, etc., see figure 23, right) [271, 275]. If optimized
they are also fast enough for a feedback control for example the
active sorting of particles or biological specimens. In addition,
the networks can be pretrained and adopted easily to different
experimental conditions by non-expert users so that they will
find a bigger application in medical and biological research as
well as in fluid mechanics and engineering.

However, the development of methods based on ML and
NN must be supported at the same time by an adequate effort
from the DPT community in the preparation and sharing of
benchmark datasets with training/validation/test images, as
done for instance from the DL and computer vision com-
munity with the ImageNet project [276]. This is necessary
not only for the development and assessment of the methods,
but also to make these methods effectively applicable on real
applications.

Concluding remarks

The future development of velocimetry methods for micro-
fluidics goes in the direction of particle tracking methods
based on defocusing, with algorithms relying onML and NNs.
These methods are based on conventional µPIV setups, but
have the potential to achieve unprecedented performance in
terms of resolution, accuracy, robustness and speed.

Together with the development of new algorithms, it is cru-
cial to establish a systematic and widely-accepted benchmark
for evaluation and comparison of the different methods. This
aspect has generally been overlooked by the DPT community,
and most research groups propose their own method on their
own dataset, making impossible to give a fair comparison and
to effectively quantify the advancement of the processing tech-
niques. An example of standardized dataset based on synthetic
images [269] was recently proposed by the authors [3]. We
encourage the community to make use of this dataset and to
prepare and share new datasets with different type of images,
experimental conditions, and so on. The transition to methods
relying on ML will necessarily require a large amount of ref-
erence dataset to train and validate the NNs [272] and to make
these techniques applicable in real experiments.
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