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Computational flow visualization to reveal

hidden properties of complex flow

with optical and computational methods

Jianging Huang, %> Hecong Liu,*>>* Shuo Zhu,” Yingzheng Liu," Edmund Y. Lam,?*

and Weiwei Cai''*

SUMMARY

Flow visualization has long played a crucial role in understanding
complex fluid dynamics, especially reactive flows, but traditional
techniques face limitations in realizing the measurement of multiple
dimensionality and multiple physical parameters. In this perspective,
we introduce computational flow visualization, a new paradigm that
combines optical and computational methods to revolutionize
experimental flow analysis. We showcase representative techniques
that excel in multi-dimensional and multi-parameter measurements,
enabling detailed insightsinto flow phenomena. To address key chal-
lenges, such as spatial resolution, computational efficiency, harsh
environments, and portability, we emphasize the immense opportu-
nities offered by advanced reconstruction algorithms, novel imaging
modalities, and cutting-edge optical components. By leveraging
these advancements, computational flow visualization promises
more accurate, higher-dimensional, real-time, and intelligent assess-
ments across diverse applications. This transformative approach
unlocks new frontiers in our understanding of intricate flow charac-
teristics, with implications spanning from fundamental fluid dy-
namics research to practical fields like engineering, environmental
monitoring, and biomedical research.

INTRODUCTION

Flow visualization techniques are integral to fluid-related disciplines such as fluid dy-
namics, aerodynamics, combustion science, and chemical engineering, offering
means to illustrate and understand the patterns and dynamics of fluid flow." These
methodologies are particularly valuable given the inherent transparency of fluids,
enabling researchers and engineers to extract both quantitative and qualitative
data regarding flow characteristics, such as velocity, pressure, temperature, and
density fields. For reactive flows, the visualization of species is another important
topic. Merzkirch? categorized flow visualization techniques into three primary types:
introducing foreign materials into gas or liquid flows (e.g., particle image velocime-
try [PIV]Y), employing optical methods based on density variation (e.g., interferom-
etry,” Schlieren and shadowgraphy?®), and marking flow fields through the addition of
heat or energy (e.g., laser-induced fluorescence [LIF]®). These techniques provide
invaluable insights into phenomena like turbulence, vortex separation, and shock
waves, thereby facilitating the design and optimization of various systems and pro-
cesses. These optically based methods have the advantages of non-intrusiveness
and fast responses. Even within the first category, where foreign materials are intro-
duced into the flow, optical detectors are essential for capturing the motion of these
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materials, and the added materials should not change the nature of the flow. How-
ever, as most practical industrial flows are physically and geometrically complex,
such traditional flow visualization techniques have their own limitations, which may
include restrictions in multiple dimensionality and multi-parameter coupling. For
example, planar LIF can only measure two-dimensional (2D) quantities, lacking volu-
metric resolution, and coherent anti-Stokes Raman spectroscopy is limited by tem-
perature and pressure coupling.

Computational optical imaging stands as an increasingly promising paradigm that
exploits advancements in computational resources.” Its key distinction from tradi-
tional imaging lies in the incorporation of imaging models, which provide specific
physical interpretations. Unlike traditional methods that directly produce images
as representations of the scene or object, computational optical imaging employs
additional computational algorithms to extract hidden or higher-dimensional opti-
cal information (e.g., phase, polarization, spectrum), which may not be readily
observable in raw images.”'? These techniques also enable the enhancement of
specific aspects of the captured images, including resolution, and the revelation
of hidden details. The post-processing techniques employed in computational op-
tical imaging encompass a wide range of methods, with reconstruction algorithms
being the most important. Nevertheless, computational optical imaging also faces
a significant challenge compared to traditional imaging, i.e., computational effi-
ciency. The advancement of computational optical imaging has spurred the emer-
gence of numerous novel imaging technologies, including lensless imaging,'" scat-
tering imaging, '? polarization imaging,'® and quantum imaging.'* These innovative
approaches have found applications across diverse fields, ranging from machine
vision and remote sensing to fluid dynamics, facilitating new insights and advance-
ments in these domains.

The integration of computational optical imaging into flow visualization has cata-
lyzed the emergence of a revolutionary diagnostic approach known as computa-
tional flow visualization (CFV). This method leverages comprehensive computational
algorithms alongside advanced optical imaging techniques to capture and analyze
flow patterns and dynamics, revealing more hidden fluid properties and character-
istics. CFV offers notable advantages over traditional methods, including 3D resolu-
tion and the ability to measure multiple parameters simultaneously. Currently, three
prominent techniques have emerged within CFV: tomography,'” plenoptic imag-
ing,'® and digital holography.'-'® Tomography utilizes multiple projections to
augment the dimensionality of measured quantities, plenoptic imaging employs a
micro-lens array to split the light, and digital holography enables the extraction of
3D particle information from a single hologram with flexible refocusing capability. '’
In this perspective, we provide an overview of these representative techniques, high-
lighting the improvement of these techniques and the key challenges and opportu-
nities of CFV. Moreover, we delineate future research directions and discuss the
broader implications of CFV.

COMPUTATIONAL FLOW VISUALIZATION

The fundamental concept underlying CFV pertains to the substantial requirements
for computational resources. The captured raw images cannot directly represent
the nature of flow or just provide limited information. Specific computational ap-
proaches are able to reveal more hidden properties of flow by interpreting the
captured optical information in different dimensions. This section summarizes the
basic concepts of three kinds of widely employed CFV techniques: tomography,
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Table 1. Summary for existing computational flow visualization techniques

Techniques Modalities Applications

Tomography emission tomography velocity, temperature, etc.

Tomography absorption tomography temperature, concentration, etc.

Tomography background-oriented Schlieren refractive index, density,
tomography and temperature

Plenoptic imaging plenoptic particle image velocimetry velocity

Plenoptic imaging plenoptic background-oriented refractive index, density,
Schlieren and temperature

Holography digital holography particle size, location,

and morphology

plenoptic imaging, and digital holography, which are detailed in Table 1. All tech-
niques can work separately to realize multi-dimensional visualization or be incorpo-
rated with each otherto implementmulti-dimensional, multi-parameter visualization.

Imaging models

Typically, imaging models relate unknown quantities of interest (Qols) and known
measurements and can be represented by a mathematical formula, such as y =
f(Qol)+¢, where y denotes the measurements, which are raw or pre-processed im-
ages captured by the optical system, f{Qol) is the mapping function of the unknown
variable Qol, and ¢ represents the noises or errors. Distinct CFV techniques employ
various imaging models (Figures TA-1C).

Tomography stands out as one of the most well-known methods, further categorized
into emission tomography, laser absorption tomography, and background-oriented
Schlieren (BOS) tomography. A traditional tomographic system utilizes multiple sen-
sors to capture images from various directions, and each sensor consists of
numerous pixels. In cases where only a single sensor is available, the acquisition
of multiple images can be achieved through the rotation of either the sensor or
the target,”” relying on the assumption of temporal stability. Irrespective of the spe-
cific tomography type, the measurements are also known as projections, and the
mapping function can be further simplified, i.e., iQol) = A x Qol, where A is called
as the weight matrix. Various factors, such as absorption and scattering of the me-
dium and the arrangement of the tomographic system, can influence the weight ma-
trix and should be taken into consideration when constructing the matrix. The major
improvement of tomography to traditional flow visualization is that this technique al-
lows for a 3D visualization of the target flow, thus extending the dimensionality with
the cost of resolution due to the limitation of computational resources.

In emission tomography, the projections are line-of-sight integrated emission inten-
sities captured by cameras, and two approaches can be employed to construct the
weight matrix: pixel-centric and voxel-centric models (Figure 1A)."> In the pixel-
centric model, each pixel emits a ray interacting with voxels, and the matrix elements
represent these intersects. The nature of these intersects depends on the type of
rays chosen, such as thin, cylindrical, or conical rays. Parameters like chord length,
cylindrical volume, conical volume, or other empirically derived estimations can
be used to describe these interactions.”" In the voxel-centric model, multiple points
are assumed within each voxel, and the matrix element is the ratio between the num-
ber of received points by a specific pixel and the total points in one voxel.”” Emission
tomography encompasses various tomographic modalities: chemiluminescence,”
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incandescence,’” scattering,25 LIF,?® and laser-induced incandescence.?’ Scattering

tomography, for instance, can be employed to infer the velocity field via further
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Figure 1. lllustrations of imaging model and flow visualization setup

A) Imaging model for tomography.

B) Imaging model for plenoptic imaging.

C) Imaging model for digital holography.

D) Flow visualization setup for emission tomography.

E) Flow visualization setup for background-oriented Schlieren (BOS) tomography.
F) Flow visualization setup for laser absorption (LA) tomography.

G) Flow visualization setup for plenoptic imaging.

H) Flow visualization setup for plenoptic BOS.
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I) Flow visualization setup for digital holography.

correlation”® or optical flow algorithms,”® while incandescence serves as a valuable
indicator for estimating the temperature field.”” These modalities leverage distinct
physical mechanisms associated with the emission process to provide valuable in-
sights into specific flow characteristics.
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In laser absorption tomography, the thin ray model is consistently employed, given
that the captured signal is from an external light source.’® The matrix element is
chord length, and the unknown Qol is the local absorption coefficient. The projec-
tion in this context is represented by the absorbance («, = —In(l,,0/l,,1)), where I, o
and I, correspond to the light intensity at emitters and sensors, respectively.
BOS tomography also uses the thin ray model.?’ The light from the background
will be continuously deviated from a straight line due to the different refractive index
of the target flow field. As a result, the matrix element is a combination of the chord
length and corresponding differential within each voxel, and the unknown Qol is the
local refractive index.?” The projection is integrated deflection, which can be calcu-
lated from a pair of images (i.e., one with a target flow field and the other without a
target flow field). Once the refractive index of the target flow is obtained, the tem-
perature and density can be resolved simultaneously.

Plenoptic imaging, also known as light-field imaging, represents an advanced
alternative to tomography, particularly when optical accessibility is limited."®
Compared to tomographic systems, plenoptic imaging systems are more compact,
but this comes at the cost of reduced depth resolution. In plenoptic imaging, a mi-
cro-lens array will be installed in front of the sensor to separate the light from
different directions. Normally, the light field can be parameterized within a camera
by considering two planes of importance. Therefore, the radiance intensity distri-
bution of the light rays can be described by the following 4D plenoptic function,
L = L(u,v,s,1), where L is the radiance density and (u,v) and (s,t) are the coordinates
of the intersection points between the light ray and the planes.** Considering the
special design of the plenoptic camera and the fact that one point in space corre-
sponds to multiple points in the sensor plane, the thin ray model is most widely
used to construct the weight matrix (Figure 1B). Analogous to tomography, ple-
noptic imaging encompasses diverse modalities, such as plenoptic BOS and ple-
noptic PIV. Consequently, the projections and Qols in the imaging model vary
across different modalities.

Differing from tomography and plenoptic imaging, the measurements of digital ho-
lography (Figure 1C) are hologram, and the mapping function hinges on the interfer-
ence phenomenon between an object wave (Ep) and a reference wave (ER)."® Central
to digital holography is the elucidation of this interference pattern to discern and
retrieve particle properties,’” i.e., particle morphology and 3D location. Normally,
the object wave is the light diffracted by the particles in the flow field; the reference
wave is the illumination light without disturbance from the particles. Following inter-
ference, the recorded hologram can be obtained as I(x,y) = |Eo(x,y) + ER(x,y)|,2 where
| is the recorded intensity and (x,y) is corresponding coordinate. The hologram
amplitude h(x,y) is proportional to the hologram intensity l(x,y). Both amplitude
and phase distributions®® of the propagating object wavefront are encoded in the
holographic fringes, enabling access to the complex light field with proper recon-
struction methods.

Reconstruction methods

In mathematical parlance, two types of fundamental problems emerge: the for-
ward problem and the inverse problem.?® The former entails the utilization of
known parameters, often denoted as inputs, in conjunction with a prescribed map-
ping function to derive resultant projections or outputs. Conversely, the inverse
problem involves the utilization of measured outputs, typically in the form of pro-
jections, alongside the same mapping function to ascertain the unknown inputs or
Qols. While the establishment of the mapping function is usually straightforward,
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the inversion of said function poses considerable challenges, thereby rendering
the inverse problem inherently more complex. This complexity primarily stems
from issues such as non-uniqueness, ill-posedness, and noise within the system,
which complicate the precise reconstruction of the original inputs from the pro-
vided outputs.”® In CFV methodologies, exemplified by techniques like tomo-
graphic reconstruction in fields such as medical imaging and fluid dynamics, the
inverse problem is a characteristic challenge and can be solved by iterative
methods or cast into a minimization problem, i.e., Qol = argmin(|ly — fiQol)|)). Re-
searchers have developed specialized reconstruction methods to address this chal-
lenge, aiming to accurately recover the underlying parameters from the measured
projections.

The initial method is model-based reconstruction, which necessitates a pre-calcu-
lated imaging model. In the realm of tomography, reconstruction can be accom-
plished through analytic and algebraic algorithms. Analytic algorithms encompass
filtered back projection and Abel inversion. Filtered back projection necessitates a
substantial quantity of projections,’® whereas Abel inversion mandates axisym-
metric flow,?” thereby limiting the applicability of both algorithms in practical flow
visualization. In algebraic algorithms, the Qol is reconstructed using iterative
methods with an initial guess. Two distinct approaches exist within algebraic
methods. The first approach involves updating individual Qolvalues one by one dur-
ing each iteration, e.g., the algebraic reconstruction technique (ART),?® multiplica-
tive ART,*” and maximum likelihood expectation maximization.*? In contrast, the
second approach involves updating all Qol values simultaneously and comprehen-
sively within each iteration, resulting in expedited reconstruction processes, e.g.,
simultaneous ART*" and Landweber.*? Due to the inherent ill-posed nature of in-
verse problems, regularization techniques are commonly employed. In CFV tech-
niques, two predominant forms of regularization are utilized: Tikhonov regulariza-
tion,** which emphasizes smoothness, and total variation regularization,31 which
balances smoothness with the preservation of sharp edges. In plenoptic imaging,
the reconstruction process bears similarities to that of tomography, with the multipli-
cative ART being the most prevalent method employed for reconstruction®’
because of its fast convergence. The imaging model of digital holography is quite
different from tomography and plenoptic imaging, leading to different reconstruc-
tion methods.'®** The undistorted real image of the target object can be received
by illuminating the hologram with the complex conjugate of the reference wave (E*
R(x,y)). By back-propagating the light wave (E* R(x,y)h(x,y)) to a specific plane, the
image of the object can be reconstructed via Fourier transform such as the angular
spectrum algorithm.'®

In recent years, data-based reconstruction methods have gained increasing popu-
larity due to their rapid reconstruction speed and high level of accuracy.”** The
most notable distinction between model-based and data-based reconstruction
lies in the fact that data-based approaches require large-scale datasets instead of
explicit imaging models. In data-based reconstruction, artificial neural networks
play a crucial role in extracting implicit features from the dataset. They have a
different architecture*®*” and have been successfully applied in CFV.">'%% During
the supervised training process, the network’s output is compared to the labels us-
ing a loss function, and the network parameters can be updated iteratively until the
loss function converges to a satisfactory level. After training, the network can be de-
ployed for reconstruction purposes. The inputs to the network are typically projec-
tions or holograms,*® while the outputs are the reconstructed images. However, col-
lecting such a large-scale dataset remains a challenge.
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Visualization setup

This section summarizes the general visualization setup components for CFV
(Figures 1D-1l), including light sources, optical elements, and detectors. More advanced
components will be provided in the opportunities section.

Depending on whether an external light source is utilized, CFV can be categorized
into passive and active techniques. In active techniques, various light sources have
been employed to facilitate the visualization process. The light emitted from the
light source passes through the target flow, where it undergoes attenuation,?® scat-
tering,®” or deviation®” or may even excite new light phenomena® due to interactions
with the flow. Finally, the light that encodes flow information can be recorded by the
detector. The laser stands out as the most well-known light source, extensively uti-
lized in tomography, plenoptic imaging, and digital holography. Tailored to specific
applications, laser wavelengths span across the ultraviolet, visible, and infrared
ranges, with frequencies varying from continuous to high-frequency pulses. Addi-
tionally, high-power light-emitting diodes have been introduced in techniques
such as BOS tomography and tomographic PIV. Broadband light sources, such as
laser-driven light sources and halogen lamps, are typically used when monochroma-
ticity is not a critical requirement or multiple-wavelength illumination is necessary.

In a CFV setup, various optical elements are employed. Among these, the most com-
mon is the lens system, which reshapes light and focuses the object onto a detector.
Moreover, by using two convex lenses, a 4f system can be established to work as a
spatial filter. Prisms and mirrors alter the direction of the light and can sometimes be
integrated to form a quadscope. Filters are typically installed in front of detectors to
suppress undesired light and transmit desired light, while a polarizer can select the
polarization of transmitting light. Attenuators reduce the energy of laser pulses,
ensuring that the fluence remains below the damage threshold of other optical com-
ponents. Beam splitters separate light beams based on specific wavelengths. Grat-
ings are commonly used in spectrometers to disperse light. Diffusers generate uni-
form illumination and can also alter the profile of a laser beam. Windows are
associated with target flow and provide optical access in confinement situations.

For tomography, multiple detectors are positioned around the target flow to capture
data from various angles. In contrast, plenoptic imaging and digital holography typi-
cally utilize a single detector. Camera specifications for CFV, including sensor size,
frame rate, and spectral response, can vary widely. More pixels may provide higher-res-
olution images, while higher frame rates allow for the capture of fast-flowing phenom-
ena. Spectral response refers to the range of wavelengths that the sensor can detect,
which may be important for capturing specific flow phenomena or using specialized
lighting sources. In situations where short exposure times and high speed are not
critical, lower-cost industrial cameras are often used.*” However, in situations where
high-speed visualization is required to capture fast-moving phenomena,”” such as in
scientific research or high-speed imaging applications, specialized high-speed scienti-
fic cameras are necessary. Similarly, in scenarios where the signal strength is low and
requires amplification for better imaging, intensified scientific cameras are utilized.
These cameras incorporate specialized components such as image intensifiers to
enhance the signal-to-noise ratio and improve sensitivity, making them ideal for low-
light conditions or applications where weak signals need to be detected.

KEY CHALLENGES

CFV technologies hinge upon the utilization of comprehensive optical systems and
sophisticated computational methods to decipher intricate optical-flow information.
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Figure 2. The key challenges of computational flow visualization

The challenges include limited spatial resolution (3D-3C, three-dimensional three-component),
limited computational efficiency, lack of robustness in harsh environments (T, temperature; P,
pressure), and lack of compact and portable devices.

Consequently, this enables the multi-dimensional and multi-parameters characteris-
tics of the target complex flows to be revealed. Despite its remarkable performance
having been demonstrated in various research facilities, the field still encounters
numerous hurdles that impede its progression and hinder its practical implementa-
tion. The key challenges of CFV (Figure 2) are categorized into limited spatial reso-
lution, limited computational efficiency, lack of robustness in harsh environments,
and lack of compact and portable devices. It is noted that these challenges may
occur interdependently in specific scenarios. For enhanced clarity, in this section,
comprehensive assessment and discussion of these challenges are conducted
separately.

Limited spatial resolution

Limited 3D spatial resolution is one of the key challenges in CFV techniques, espe-
cially in the axial direction (i.e., perpendicular to the imaging plane) for plenoptic im-
aging and digital holography.®' The main reasons for this limitation include spatial
sampling rate, optical diffraction, noise, and reconstruction algorithms. Firstly, the
spatial resolution of an imaging system is fundamentally limited by the sampling
rate, which is dominantly determined by the number of detector elements or pixels
in the sensor (typically ranging from 1 to 40 megapixels with micron-level pixel size).
If the sampling rate is less than twice the highest spatial frequency (Nyquist-Shannon
sampling theorem), then it can lead to aliasing artifacts and a loss of high spatial
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frequency information in the reconstructed image. Specifically, in tomography, the
projection number and angle, which are usually cost related or scenario constrained,
can also affect sampling efficiency.*® Moreover, plenoptic imaging usually has lower
spatial resolution due to the finite size of the micro-lenses, their spacing, and angle
disparity.”” Secondly, diffraction sets another fundamental limit on the spatial reso-
lution of an imaging system. The diffraction limit depends on the wavelength of light
and the numerical aperture of the imaging system, which is related to the size of the
aperture or the focusing angle of the lens.>® Diffraction effects can cause blurring
and limit the ability to resolve fine details in the image. Thirdly, noise, such as elec-
tronic noise and photon shot noise, can degrade the spatial resolution of an imaging
system.>® High levels of noise can make it difficult to distinguish small variations in
intensity or phase, leading to a loss of fine detail in the reconstructed image. Lastly,
the selection of the reconstruction algorithm can also impact the spatial resolution.>”
Some algorithms may be more sensitive to noise or may introduce artifacts that limit
the effective spatial resolution. For example, in holographic particle imaging, auto-
focusing algorithms will directly affect the accuracy of particle positioning and

tracking.”**’

Limited computational efficiency

To effectively visualize complex, unsteady flow fields in practical applications,
computational efficiency remains a significant challenge for CFV techniques. While
snapshot flow visualization technologies can provide some instantaneous character-
istics of the target flow, researchers continue to pursue advanced techniques with
high temporal resolution (e.g., more than 100,000 frames per second) and 3D visu-
alization.”®*” The extensive amount of raw data generated in CFV techniques (e.g.,
typically several gigabytes per second for high-speed imaging) presents consider-
able challenges in terms of data storage, transmission, and processing, leading to
significant information redundancy and low computational efficiency.®’ The informa-
tion redundancy often arises from duplicate recordings of non-interest areas or
abundant background elements. For instance, model-based reconstruction algo-
rithms in tomographic imaging typically require tens or hundreds of seconds to pro-
cess a single frame and repeat for all frames separately (parallel computing can be
applied, but more computational resources are required).’” Although numerous
data-based reconstruction algorithms claim to dramatically reduce the reconstruc-
tion time (e.g., down to milliseconds),®'*? data pre-processing and model training
remain time consuming (e.g., several hours or more). Furthermore, when faced
with different application scenarios, the trained model often cannot be applied
directly, necessitating careful adjustments or retraining to achieve optimal recon-
struction quality. Due to limited computational efficiency, most existing CFV tech-
nologies rely on online data collection and offline processing. To accomplish real-
time 3D flow visualization and, consequently, more precise flow field control, it is
crucial to urgently address the challenge of improving computational efficiency.

Lack of robustness in harsh environments

The demanding conditions present in various harsh environments pose significant
challenges to flow visualization techniques, which are crucial for understanding com-
plex flow dynamics. When examining the intricate characteristics of diverse flow
fields, including those found in practical apparatus (e.g., engines, combustors,
and wind tunnels), these methodologies often confront substantial interference
arising from extreme environments. Such environments are characterized by factors
such as mechanical vibration, elevated temperature, high pressure, large density
variation, intense turbulence, rapid spatiotemporal dynamics, multiple mixed
phases, and multiple scattering events.®** These factors, in turn, contribute to
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the degradation of raw image quality through motion blur, artifacts, overexposure,
and a low signal-to-noise ratio (i.e., below 10 dB), ultimately impacting the final
reconstruction accuracy. For example, holographic imaging often encounters chal-
lenges related to phase distortion when employed in extreme conditions character-
ized by the presence of shockwaves and substantial thermal gradients.®® Further-
more, the confined spaces within which these flow fields exist frequently make it
challenging to provide adequate optical detection windows, potentially affecting
the robustness and reliability of current flow visualization technologies.®® For
instance, tomographic imaging typically necessitates capturing multiple projections
(e.g., more than three) of the target flow field from unique perspectives.’”*” The
restricted optical access and spatial occlusion resulting from intricate channel struc-
tures pose pressing issues that need to be solved for this particular volumetric imag-
ing technique to be successfully implemented.

Lack of compact and portable devices

Developing compact and portable devices (i.e., decimeter-level dimensions and ki-
logram-level weight or less) for in situ flow visualization is another important
concern. Although laboratory-based flow visualization systems demonstrate impres-
sive performance, the miniaturization of these systems is imperative for numerous
applications where space, mobility, and ease of deployment are critical consider-
ations.®®*” However, achieving compactness and portability while preserving the
required functionality and performance is intricate and multifaceted. To attain
advanced capabilities in light-field encoding and decoding, CFV systems often
necessitate a complex integration of optical elements, sensors, data processing
units, and power sources. Shrinking these components without compromising their
functionality and performance is a delicate balance. It involves addressing issues
such as size constraints, power consumption, heat dissipation, and mechanical sta-
bility. For example, the design and fabrication of miniaturized optical systems
require precise alignment, packaging, and calibration techniques.”®’”" While mini-
mizing the device's dimensions is advantageous, it may impede the field of view
and resolution of flow measurements.”? Achieving high spatial and temporal resolu-
tion in a compact device can be much more challenging due to the limitations
imposed by the size of optical components, power supply unit, sensors, and data
processing capabilities. In addition, the issues related to data storage, transmission,
and user interface must be considered. Efficient data handling and real-time visual-
ization of flow information pose technical hurdles in resource-limited devices. Opti-
mization of reconstruction algorithms, wireless communication protocols, and user-
friendly interfaces are essential to accommodate the device’s compact nature while
still providing meaningful and accessible data representation to users.

OPPORTUNITIES

Owing to its exceptional capability in interpreting light-related flow information,
CFV has garnered extensive attention and experienced rapid advancements in
recentyears. Despite the existing challenges, our optimism regarding this promising
paradigm remains steadfast, driven by the inspiring progress at the intersection of
material science, optical technologies, and computational science. From the
perspective of system optimization, the exploration of novel reconstruction algo-
rithms, imaging modalities, and optical components presents a wealth of opportu-
nities to tackle the aforementioned challenges (Figure 3). This section aims to pro-
vide a comprehensive and systematic review of several noteworthy emerging
technologies that exhibit substantial potential in augmenting and streamlining
CFV techniques.
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Figure 3. The remarkable opportunities of computational flow visualization
The opportunities are categorized into advanced reconstruction algorithms (including physics-informed neural networks, untrained networks,
generative models, and advanced regularization techniques), novel imaging modalities (including hybrid imaging, hyperspectral imaging, non-line-of-

sightimaging, and computational neuromorphic imaging), and cutting-edge optical components (including optical frequency comb, metalens, optical
neural networks, and quantum optics).

Advanced reconstruction algorithms

When a flow visualization system is well established or a substantial amount of exper-
imental data has already been collected, optimizing the computational methods for
the inverse problem becomes a highly effective approach. By leveraging advanced
reconstruction algorithms, significant opportunities arise for improving computa-
tional efficiency and enhancing the quality of flow reconstruction. We present here
several notable techniques that have demonstrated promising results.

PINNs
Physics-informed neural networks (PINNs) integrate domain-specific knowledge
and physical principles into neural network architectures, thereby combining the
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advantages of both model-based and data-based reconstruction techniques.”® By
incorporating governing equations (e.g., Navier-Stokes equations) and boundary
conditions as constraints, PINNs can leverage the power of deep learning to infer
flow characteristics from sparse or noisy data.'’* For example, Wang et al.”* used
a PINN to improve the 3D velocity resolution and predict the pressure field from
sparse tomographic PIV data. Cai et al.”® proposed a PINN-based method to infer
3D velocity and pressure fields from temperature fields provided by BOS tomogra-
phy. The embedded prior knowledge alleviates the need for large-scale training
data and improves the network’s interpretability. This approach not only enhances
the precision and robustness of solving the inverse problem of flow reconstruction’”
but also enables the extraction of additional physical insights, leading to a more
comprehensive understanding of complex flow phenomena.”®

Untrained networks

Untrained networks, also known as training-free or self-supervised iterative optimi-
zation methods, offer an alternative reconstruction approach to CFV. Instead of
relying on explicit training (e.g., traditional end-to-end networks’? typically require
supervised training with large-scale, diverse, and labeled data), untrained networks
utilize a deep image prior framework®® to directly reconstruct high-quality flow im-
ages from observed data. For instance, Chen et al.®' demonstrated an untrained
U-Net architecture to solve the inverse problem of linear tomographic absorption
spectroscopy. Qayyum et al.? provided a comprehensive review of untrained net-
works for various inverse imaging problems such as image restoration, inpainting,
and super-resolution. In these paradigms, a known forward-mapping function that
represents that the imaging process is embedded in the network for converging
the iterative optimization problem, providing enhanced practical interpretability
and generalization capabilities.®® These networks can capture complex relationships
and patterns without the need for extensive training datasets, making them partic-
ularly useful in scenarios where data collection and annotation are challenging or
limited.

Generative models

Generative models, such as generative adversarial networks, variational autoen-
coders, and probabilistic or score-based diffusion models, offer another powerful
framework for solving inverse problems in CFV.%* Based on an unsupervised learning
strategy (without labels), these models can learn the underlying data distribution to
solve ill-posed inverse imaging problems, such as limited-projection tomography®
and single-shot holography.®® In addition, generative models can leverage the
relevant physical laws and constraints to generate synthetic samples that closely
resemble real flow visualization data.?” The captured prior data distribution along
with well-established physical models are beneficial for improving the generalization
capability of generative models to unknown measurement processes. Generative
models enable data augmentation and uncertainty quantification, thereby enhancing
the training process and enriching the available data for CFV applications.

Advanced regularization techniques

Advanced regularization techniques play a crucial role in mitigating the ill-posedness
and noise sensitivity of flow reconstruction problems, improving the generalization abil-
ity of a model.?% By incorporating prior knowledge or assumptions about the flow field
(e.g., similarity, sparsity, smoothness, and symmetry) through regularization terms,
these techniques stabilize the inversion process and improve the robustness and accu-
racy of CFV.®’ By integrating them into the Bayesian framework, ' it is easy to add more
than one kind of regularization and derive uncertainty quantification. Recent research
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shows that proper modified regularization techniques can further improve the recon-
struction accuracy. For example, Cai et al.”””" developed several regularization
methods for linear/non-linear laser absorption tomography, demonstrating superior

reconstruction accuracy of temperature and concentration fields. Cao et al.”*"”

con-
ducted a comprehensive investigation into the utilization of the total variation regulari-
zation method in compressive holography, yielding remarkable twin-image suppres-
sion in holographic phase and amplitude reconstruction. Regularization methods can
effectively suppress artifacts, enhance spatial and temporal resolution, and promote

more realistic and physically plausible flow representations.

Novel imaging modalities

The development of novel imaging modalities can indeed lead to fundamental im-
provements in capturing and interpreting light-related flow information. By pushing
the boundaries of imaging techniques, researchers can enhance their ability to cap-
ture and analyze flow phenomena based on light interactions. Some remarkable
novel imaging modalities are highlighted in this context.

Hybrid imaging

Hybrid imaging, which involves integrating multiple imaging techniques into a sin-
gle system, offers a versatile strategy for flow visualization.'® A prime example of
this is digital holography,” which possesses a simple optical configuration and
can be effectively combined with various imaging modalities such as tomographic
imaging,”” scattering imaging,”® polarization imaging,”’” and two-color imaging py-
rometry.”® On the one hand, hybrid imaging leverages the complementary strengths
of different techniques to improve measurement accuracy. For instance, tomo-
graphic holography offers a precise method for determining the depth of particles
within a volume, circumventing the depth-of-focus limitations encountered in tradi-
tional holographic imaging. By integrating multiple imaging techniques, the limita-
tions or errors inherent in one technique can be mitigated or compensated for by the
strengths of another. This results in enhanced accuracy and reliability in flow mea-
surements, enabling a more precise understanding of flow behavior and the analysis
of flow properties. On the other hand, hybrid imaging enables the detection of a
broader range of flow information by combining the capabilities of differentimaging
modalities. Each technique excels at capturing specific aspects of the flow, such as
density gradients, temperature variations, species concentrations, or velocity fields.
This simultaneous acquisition of multi-dimensional data enhances the understand-
ing of complex flow behavior and reveals correlations and interactions between
different flow parameters.””

Hyperspectral imaging

Hyperspectral imaging captures data across a broad range of wavelengths, offering
comprehensive spectral information about the reactive flows. Unlike traditional im-
aging, which captures only a few spectral bands or a single wavelength, hyperspec-
tral imaging enables the discrimination of subtle spectral differences.'®'%" This
capability is particularly useful in reactive flow visualization applications where
different flow constituents or materials exhibit distinct spectral reflectance or absorp-
tion properties. By analyzing the spectral information, researchers can identify and
differentiate various components within inhomogeneous or reactive flows,'%” such
as different fluids, particles, bubbles, or chemical species. Moreover, hyperspectral
imaging can reveal fine details and subtle variations in the flow field with higher spec-
tral resolution. This enhanced contrast and sensitivity enables the detection and
visualization of weak or low-contrast flow features that may be challenging to capture
using traditional imaging methods. Lastly, by calibrating the hyperspectral system
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and employing appropriate spectral models, researchers can convert spectral infor-
mation into quantitative measurements such as concentration, temperature, or
velocity.'?® This quantitative analysis provides valuable data for scientific research,
engineering applications, and process monitoring, allowing for precise characteriza-
tion and measurement of flow parameters.

NLOS

Vastamounts of practical scenes for flow visualization are complex in tightly confined
spaces or highly indirect around corners, e.g., gas leakage localization inside the
pipe and inspection defects inside running aircraft engines. Therefore, there is an ur-
gent demand for flow visualization approaches under such highly ill-posed inverse
imaging scenes that can work outside of the direct line-of-sight. Non-line-of-sight
(NLOS) imaging is an emerging technique that can detect hidden target information
through opaque scattering layers, around corners, or behind other obstacles.'® To
achieve indirect flow detection, more efficient sensing approaches could be intro-
duced into NLOS flow visualization, e.g., high-speed imaging and low redundant
tracking.'?>'%® NLOS imaging is a feasible and promising technique for signal
detection in invisible space and indirect scenes, which will promote unprecedented
flow visualization capabilities.

CNI

Event cameras encode per-pixel brightness changes of dynamic scenes with asyn-
chronous events, posing a neuromorphic imaging modal shift against traditional
modalities. Equipped with such a new imaging paradigm, event cameras are
capable of efficiently handling large-scale visual data with high temporal resolu-
tion,"?” high dynamic range, high pixel bandwidth, and minimal data redundancy,
among other remarkable features. The convergence of neuromorphic engineering
and computational imaging has propelled the rapid growth and advancement of
the field of computational neuromorphic imaging (CNI)."% Recently, BOS with an
event camera has been explored for flow visualization,'”""% and impressive results
have been achieved via multimodal fusion within the CNI framework. For instance,
Wang et al.""" proposed neuromorphic Shack-Hartmann wave normal sensing and
demonstrated its feasibility in measuring a dynamic flame front. It also has the poten-
tial to visualize the flow in low light levels, as the weak optical signals can be detected
in logarithmic responses with a higher sensitivity. Therefore, the performance of flow
visualization can be efficiently enhanced with the CNI paradigm, which promotes the
visualization technique beyond the bandwidth limitation of conventional imaging
sensors.

Cutting-edge optical components

Optical components play a critical role in CFV. They are involved in the generation,
transmission, manipulation, and detection of light, offering flexibility to capture
comprehensive information about the flow. Beyond traditional components in the
section of visualization setup, here are several cutting-edge optical components
that have the potential to significantly advance CFV, pushing the boundaries of
our understanding and control of fluid behavior.

Optical frequency comb

An optical frequency comb''? is a spectrum of equally spaced frequency lines, rep-
resenting precise marks in frequency as an optical ruler. Recent advancements in on-
chip micro-combs have greatly facilitated the miniaturization and application of this
technology. The utilization of an optical frequency comb empowers researchers to
explore molecular systems using a diverse array of accurate and precise optical
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frequencies. It can be used for high-precision measurements of flow properties, such
as velocity, temperature, and species concentration, by utilizing techniques like
dual-comb spectroscopy. For instance, Schroeder et al."'? demonstrated the simul-
taneous measurement of temperature and H,O and CO, concentrations in the
exhaust of a gas turbine using dual-frequency comb laser absorption spectroscopy.
In addition, it is feasible to integrate optical frequency combs into hyperspectral im-
aging, holography,'"* and optical coherence tomography,''® leading to more accu-
rate and high-resolution flow visualization.

Metalens
Metalenses are ultra-thin optical components capable of manipulating light at sub-
wavelength scales.’'® They offer a pathway to create compact, lightweight, and effi-
cient optical systems for flow visualization. For instance, Liu et al.''” demonstrated a
binocular metalens PIV system to resolve 3D velocity fields of vortex rings. In their
experiments, the traditional bulky lens system was replaced by a metalens weighing
only 116 mg. By designing metalens with specific functionalities such as beam steer-
ing, filtering, or focusing, it is possible to develop new measurement techniques,
simplify experimental setups, or improve imaging quality for flow visualization.”%""®
A representative case is the application of a metalens in hyperspectral imag-
ing, 119120

system. Furthermore, the emergence of tunable or re-configurable metalens has

which exhibits superior spectral resolution performance with a compact

garnered significant attention from the computational imaging and flow visualiza-
tion communities.'?" These metalenses offer enhanced flexibility in light manipula-
tion, enabling sufficient polarization, spectrum, phase, and amplitude modulation
through various switching mechanisms, including optical, chemical, electronic, ther-
mal, and mechanical actuation.'??

ONNs

Optical neural networks (ONNSs) leverage light for information transmission, parallel
processing, and intelligent computing through optical propagation. The intercon-
nection forms of neurons in ONNs can be categorized into diffraction, interference,
coupling, and scattering types.'?? By utilizing photons as carriers of information
instead of electrons (without converting optical signals into electrical signals),
ONNs offer distinct advantages such as low energy consumption, minimal latency,
rapid computation at the speed of light, and high parallelism.’** Additionally, the

physical architecture of ONNs can be designed using metasurfaces,'”*"%°

thereby
enhancing functionality while reducing weight and volume. Considering these fac-
tors, ONNs hold significant potential for processing and analyzing flow visualization
data in real-time. This capability can facilitate faster and more efficient analysis of
intricate flow phenomena, enabling real-time feedback and control in fluid dynamics

experiments or simulations.

Quantum optics

Quantum optics explores the interaction of light with atoms and molecules, e.g., har-
nessing non-linear crystals to generate entangled photons, potentially leading to the
development of new flow visualization techniques. For extreme flow visualization con-
ditions, e.g., in low-light environments, it is crucial to consider the quantum nature of
light. This is because the presence of photons or shot noise can limit the quality of
the detected image.'’ Quantum imaging is a sub-field of quantum optics that lever-
ages quantum correlations, such as quantum entanglement of the electromagnetic
field, to produce advanced imaging techniques for object reconstruction. It promises
improved resolution and sensitivity at ultra-low light levels and measurements in
extreme noise conditions.'”® Consequently, quantum imaging can serve as a potential
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tool for sensing the flow of transparent media with weak signals. Moreover, quantum

imaging offers a viable method for ensuring precision in flow measurements.'*’

FUTURE RESEARCH DIRECTIONS AND BROADER IMPLICATIONS

As a versatile and powerful technique, CFV enhances the understanding of complex
flow systems and supports a wide range of applications. It is important to highlight
that the aforementioned three aspects of opportunities are not mutually exclusive
but rather can be integrated and coexist harmoniously. With comprehensive consid-
eration of these opportunities, specific promising directions can be explored to
further improve flow visualization.

Multi-parameters visualization: instead of focusing on a single flow parameter, such
as velocity or temperature, there is potential in visualizing multiple parameters simul-
taneously. By employing advanced imaging modalities or utilizing multi-functional
optical components, researchers can visualize and analyze multiple parameters,
such as velocity, temperature, pressure, and species concentration, simulta-
neously.?” 7% %% This multi-parameter visualization provides a more comprehensive

understanding of complex flows and their interactions."*’

Real-time visualization: real-time flow visualization is crucial for dynamic systems
where immediate feedback is required. To achieve this, lightweight computing
models and high-efficiency algorithms can be developed to process and analyze
the large amount of data generated by imaging techniques.*'*? Utilizing parallel
and distributed computing techniques can further enhance the speed and efficiency
of real-time flow visualization, enabling faster decision-making and responsive con-
trol in various applications.'** Moreover, integrated and portable devices are highly
desired for flow visualization in different industrial scenarios.

Intelligent flow diagnostics: by incorporating machine learning and artificial intelli-
gence techniques, flow visualization can be enhanced with intelligent flow diagnos-
tics. Classification, recognition, and identification algorithms can be employed to
automatically identify and characterize flow patterns, anomalies, or specific flow fea-
tures of interest.'**'?> This can help researchers and engineers gain insights into
flow behavior, detect critical events, and facilitate automated monitoring and con-
trol systems. Besides, as a widely recognized mathematical protocol, the data assim-
ilation"**""*? technique can adeptly integrate partial measurements with numerical
modeling, yielding enhanced accuracy in flow reconstruction, prediction, and
diagnosis.

Beyond common flows like air and water, CFV techniques also have great opportu-
nities for broader applications in various fields, such as oceanography, environmental
monitoring, biomedical research, and meteorology. For example, in oceanography,
hyperspectral imaging can be used to study the distribution of phytoplankton and
pollutants in marine environments.'* In biomedical research, flow visualization

142 and tissue

techniques can aid in studying blood flow patterns,’*' drug delivery,
perfusion.'*® By exploring these broader applications, flow visualization can
contribute to advancements in multiple scientific disciplines and address specific

challenges in different domains.
CONCLUSIONS

In this perspective, we have presented the concept of CFV as a means to achieve
higher-resolution, more accurate, and real-time measurements of fluid dynamics
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and flow phenomena. CFV offers a significant departure from traditional approaches
by leveraging comprehensive optical and computational methods to reveal a wealth
of information about the flow. We have introduced representative CFV techniques,
such as tomography, plenoptic imaging, and digital holography, to illustrate their
underlying principles and advantages. These techniques showcase the potential
of CFV in capturing detailed flow characteristics and providing valuable insights
into complex fluid dynamics. In addition, we have systematically analyzed and cate-
gorized the key challenges associated with CFV. These challenges encompass
spatial resolution, computational efficiency, harsh environments, and the need for
portable devices. However, we are optimistic about the opportunities that lie ahead,
driven by the rapid advancements in computer science, optical technologies, and
materials science. Specifically, we highlight the promising prospects in terms of
advanced reconstruction algorithms, novel imaging modalities, and cutting-edge
optical components. By embracing emerging optical and computational ap-
proaches, we can overcome existing challenges and pave the way for exciting new
discoveries in flow visualization. We anticipate that the fusion of optical and compu-
tational techniques will drive the sustainable development of CFV and unlock its full
potential in various scientific and engineering domains.
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