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We propose a novel algorithm that bridges the existing representation gap between
simulations and experiments. From refractive index fields obtained by CFD, the algo-
rithm produces shadowgraphy and schlieren images. Modeling fidelity is improved by a
comprehensive image formation pathway, from light propagation through the medium,
to optics and sensor response. With appropriate scale-resolving simulation capabilities,
our results may be visually indistinguishable from their experimental counterparts. This
allows the creation of a unified space where CFD simulations and experimental observa-
tions can be compared one-to-one. Of equal importance, the space facilitates CFD-driven
augmentation of experimental data for the study of underlying dynamics, in turn offering
a principled avenue for model inversion of imaged experiments.

1. Introduction and background

Unparalleled pace in semiconductor technology progress is driving a paradigm shift
toward synergistically fusing CFD data with signals acquired in flow experiments. In
experiments, flow visualization methods not only elucidate flow physics but also produce
large volumes of data. Traditionally, the use of schlieren imaging and shadowgraphy is
limited to qualitative diagnostics of flow features, and is not directly relatable to CFD
quantities. At the same time, these imaging modalities are non-intrusive, ubiquitous, and
able to produce information-rich multidimensional signals (Settles & Hargather 2017;
Traldi et al. 2018).

In the past three decades, there have been a plethora of studies seeking to reproduce
the experimental observations using computational modeling. Such a task is generally
referred to as the computational flow imaging (CFI) problem (Havener 1994). CFI also
enables an additional degree of control in visualization, which otherwise would be difficult
or impossible to achieve from actual measurements (Brownlee et al. 2010). Separation of
concerns (e.g., third-party ray tracers as black boxes, off-the-shelf screen-space filtering
tools), and dedicated consumer workstations, seem to be fundamental traits common to
the computational models proposed so far (Brownlee et al. 2010; Gori & Guardone 2018;
Luthman et al. 2019; Chen et al. 2024).

Radically departing from conventional practice, we fuse knowledge from CFD, signal
processing, and optics, to propose a novel vertical approach for in silico shadowgraphy
and schlieren imaging. Moreover, we target the same HPC infrastructure used for CFD
(e.g., many-core CPUs, GPUs, and interconnects) to produce images as seamless post-
processing workloads.

1.1. Contributions and novelty.

This brief makes the following contributions:
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Figure 1. Conceptual stages of numerical schlieren imaging: (1) collimation, (2) propaga-
tion through the index of refraction, (3) focusing and filtering of light by optical elements,
and (4) sensing at the detector.

• A novel algorithm that takes CFD flow state as input and produces numerical
schlieren and shadowgraph images as output,
• A qualitative assessment of the algorithm output on several flow problems, and
• A quantitative demonstration that such an algorithm creates a unified space where

CFD and experimental images can consistently coexist.

Furthermore, it is underpinned by and describes the following three novel ideas:

• Meshing of beams to model illumination,
• Using a numerical scheme for solving the ray equation without inconsistencies, and
• Relying on a sampling scheme to compute sensed irradiance at the detector.

To the best of our knowledge, these three ideas have not been proposed or discussed
previously, and they have proven to be central to high-fidelity optical imaging model-
ing. The algorithm has been built around contemporary computing microarchitectures,
and targets both CPU-only and GPU-accelerated systems. Details about these aspects,
however, will be elaborated elsewhere. This document is organized as follows: Section 2
reviews prior work. Section 3 presents the modeling and numerical schemes. In Section 4,
the numerical solution of the ray equation is verified. Section 5 reports the experimental
comparison and latent space analysis. Section 6 offers conclusions and an outlook.

2. Prior work

2.1. Background

Schlieren images and shadowgraphy rely on collimated light propagating through a test
section (stage 2 in Figure 1), where the flow experiment is taking place, through the
optical elements (stage 3) and onto a detector (stage 4), also called the film plane (Yates
1993; Brownlee et al. 2010), where the image is formed. Variations in the index of re-
fraction (IoR, also denoted as n) in the test section causes light to deflect and result
in an interplay of bright and dark shades at the film plane. If the test section is long
enough, or ∇n is strong enough, incident light at the detector creates the so-called hidden
phase in the wavefront, where light beams originated at different source positions hit the
film plane at the same location. Moreover, in schlieren imaging, after the test section,
beams are focused and then filtered with a blocker (stage 3 in Figure 1), such as a knife
edge, before sensing. Depending on its shape and position, the blocker can behave like a
low-pass, band-pass, or high-pass filter.
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2.2. Simplifications

Rudimentary attempts at reproducing schlieren and shadowgraph images involve plotting
functions of the magnitude of density gradients at spanwise flow locations or applying
edge detection filters to the density field (Samtaney & Zabusky 2012). However, these ap-
proaches are insufficient for quantitative CFD-to-experiment validation, as comparisons
between experimental and simulated data can only be carried out using visual perception
metrics (Luthman et al. 2019).

For quantitative reproductions, light propagation through the flow field must be mod-
eled explicitly. Aggressive analytical simplifications are possible when modeling the net
light deflection as a function of density variations along the light path (Havener 1994).
Alternatively, applying the paraxial approximation (Yates 1993) allows for very efficient
computation. However, the underlying assumption of these approaches, that overall de-
flection is small, rarely holds in compressible or multiphase flow problems.

2.3. Photorealism

A conventional approach for representing light is to consider it as a pointwise photon
beam source, with the goal of tracing a large number of beams from the source to the
film plane. The intensity at each pixel is obtained by resampling the trajectories nearby
(Gori & Guardone 2018; Brownlee et al. 2010; Luthman et al. 2019). However, even with
careful sampling procedures, the underlying pointwise representation is inherently prone
to spurious artifacts. A convergence analysis on the number of rays sampled is typically
needed (Dias Paulino da Costa et al. 2021).

Some older work considered the light source in a more homogeneous manner, such that
the light source is split into elements with non-zero surface area. The element deforms
as it traverses the flow field, and the change in cross-sectional area is proportional to
the variation of energy and intensity of the light element (Yates 1993). This method
is conceptually similar to transporting a streamtube through the flow field (Ihrke et al.
2007). Finally, the effect of the knife edge is typically modeled by attenuating the radiance
carried by the trajectory.

3. Method

A schematic of the image formation pathway proposed herein is shown in Figure 1,
which involves modeling of
• Light beams (Section 3.1),
• Light propagation (Section 3.2),
• Refractive index (Section 3.3),
• Optical elements (Section 3.4), and
• Sensing (Section 3.5).

This section details the computational procedure required for each component of the
framework.

3.1. Light beams

Conventionally, illumination is modeled with discrete point light sources (Figure 2, left).
Here, we instead discretize the collimated light by employing a conforming mesh of (non-
overlapping) triangular beams, as depicted in Figure 2 (right). Each beam is bounded by
three boundary rays, its vertices. Adjacent beams share vertices, creating a watertight
partition, as in beam tracing (Heckbert & Hanrahan 1984). Vertices, because of their
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Figure 2. Light modeled as point sources by prior work (Luthman et al. 2019; Brownlee
et al. 2010), conception of the beam mesh (center), and subsequent improvement to make
illumination more isotropic (right).

infinitesimal size, no longer represent light sources. Light trajectories originate from ver-
tices and obey the governing ray equation.

Since the light source is collimated, it can be represented as a Kronecker delta aligned
to the collimating direction, i.e. the source radiance, and the latter is assumed to be
uniform. The beam radiant intensity is proportional to its surface area Asrc, formed by
the planar triangle, and propagates in the direction normal to its surface. When a beam
hits the detector, a triangle will be projected in the film plane. There will be a mismatch
between the triangle area in its initial configuration, and the sensed one, Adet. The
contribution to the incident radiation Edet from the beam at the detector is determined
by an area ratio such that

Edet ∝
Asrc

Adet
. (3.1)

This novelty enables transformative improvements in image quality: we capture arbitrar-
ily smooth or sharp intensities in a continuous representation, avoiding any need to deal
with point sources. We are unsure why, to the best of our knowledge, this approach has
not been proposed before. One possible explanation is that off-the-shelf software does not
support it. One would have to extend the ray-tracing algorithms to enforce beam connec-
tivity and consistent ray ordering, as it involves software modifications across multiple
abstraction layers.

3.1.1. Slit

Numerical shadowgraphy works well even with idealized collimation, as beams will
form smooth variations in the intensity gradient, and create an interplay of patterns with
hidden phases, like in caustics. The light-blocking nature of schlieren, however, requires
a slit of finite size at the light source, i.e. slightly uncollimated light, as explained in
Settles (2001). To model a finite-size source aperture, we consider hundreds of slightly
tilted directions. These directions are replicated in the triangle mesh with small angular
perturbations that sample the source’s solid angle, and their detector contributions are
summed. In the sampling limit, this reproduces the blur and penumbra of an extended
emitter.

Outside the flow region, the light paths are linear due to the IoR being completely
uniform, such as in the ambient environment, and experience a sudden deflection at the
optical elements.

3.1.2. Adaptive mesh refinement

To ensure that the quality of the image is not significantly influenced by the dis-
cretization of the light source, a-posteriori adaptive mesh refinement of the light element
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Figure 3. Light cone from the slit is modeled with hundreds of slightly different directions
(left). A dedicated beam mesh is assigned to each tilted direction, since it represents a
collimated light source (right).

is performed before generating the final image. This procedure first generates a schlieren
image with an initial beam mesh, then identifies and refines the beams that contribute
most to the error in the film plane. The procedure is repeated until the discrete nature
of the triangular mesh has a negligible influence on the resulting image.

3.2. Light propagation

A light ray is modeled as a wave in the complex plane, and its propagation is governed by
the Helmholtz equation, which ensues fromMaxwell’s system (Magnanini 2022; Gonzalez-
Acuna & Chaparro-Romo 2024). Focusing on the real component of the Helmholtz equa-
tion, in the case of small wavelength, this simplifies to the eikonal equation (Luthman
et al. 2019; Magnanini 2022; Lehujeur & Chevrot 2020; Gonzalez-Acuna & Chaparro-
Romo 2024):

|∇Ψ| = n. (3.2)

The solution, Ψ, is related to the optical path length and is the position of the wave-
fronts (Ihrke et al. 2007; Gonzalez-Acuna & Chaparro-Romo 2024) in the local refractive
index n. Thus, the eikonal equation is a partial differential equation with nonlinearity
that represents the behavior of the Helmholtz equation in the large wavenumber asymp-
tote. This problem formulation assumes that for the wavelength under consideration,
there is neither absorption nor emission, and is aligned with scenarios involving weakly
participating media.

Light rays described by the eikonal equation travel at constant speed and form a
wavefront. A reparameterization of a ray path by its arc length leads to the ray equation
(Ihrke et al. 2007; Gonzalez-Acuna & Chaparro-Romo 2024):

d

ds

(
n
dr⃗

ds

)
= ∇n. (3.3)

Here, s is the arc length parameter and r⃗ represents the position of the light ray. Hence,
dr⃗/ds corresponds to the direction in which light propagates. Under arc length parame-
terization and wavefront tracking, the properties of dr⃗ds are captured by

dr⃗

ds
=
∇Ψ
|∇Ψ| = (cosα, cosβ, cos θ), (3.4)

where α, β, and θ are the angles between the ray direction and the Cartesian axes. The
above equation indicates that dr⃗/ds is a unit length vector and its components are the
optical direction cosines. Solving for Eq. (3.3) is the fundamental procedure for describing
the trajectory of light in the flow field. To this end, different methods have been proposed
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(Sharma et al. 1982; Sakamoto 1987; Ihrke et al. 2007; Brownlee et al. 2010). In Euler
methods, the equation is reparameterized through a differential transformation for

dt = nlds, (3.5)

where l is an integer constant. Hence, the optical ray vector can be defined as:

v⃗ = n
dr⃗

ds
= nl+1 dr⃗

dt
. (3.6)

Thus (3.3) can be recast into:

dr⃗

dt
=

v⃗

nl+1
,

dv⃗

dt
=
n∇n
nl+1

.

(3.7)

This system of ordinary differential equations (ODEs) can be solved with numerical
recipes, such as the fourth-order Runge-Kutta (RK4) scheme. Depending on the choice
of l, the reparameterization leads to various inherent properties, and the independent
parameter t is not necessarily the arc length. We focus on the case of l = 0, which is one
of the most popular choices since, here t = s is the arc length.

This widely used approach, however, suffers from a consistency problem in the pres-
ence of strong gradients in the refractive index: the optical vector v⃗ may completely
reverse direction, in turn forming images with sudden and unrealistic decreases in in-
tensity. We eliminate this fundamental inconsistency by proposing a Taylor series-based
method, which enforces the unity of the optical ray vector and introduces the concept of
a curvature vector. By defining w⃗ = dr⃗

ds as the directional cosine vector, Eq. (3.3) can be
decomposed into another system of equations:

dr⃗

ds
= w⃗,

dw⃗

ds
=

1

n
[∇n− (∇n · w⃗) w⃗] .

(3.8)

This system can also be solved with various numerical schemes. This novelty offers the
consistency advantage that even in the presence of strong IoR gradients, crucially im-
portant in the case of flame proximity, the optical direction remains consistent and does
not experience any reversal. To the best of our knowledge, this approach has not been
proposed before.

In addition to the RK4 integrator for the trajectories, we exploit the reversible nature
of Eq. (3.3) by leveraging a local, three-step back-and-forth error compensation and
correction (BFECC) scheme (Dupont & Liu 2003) to considerably improve accuracy.

3.3. Refractive Index

The refractive index field is used to compute trajectories of light propagating through
the flow field, and is numerically reconstructed from the CFD simulation output. The
local refractive-index field n is computed using

n = 1 +
∑

k

ρYkGk , (3.9)

where Yk denotes the species mass fractions and Gk the Gladstone-Dale coefficient of
the k-th species modeled in the flow field. Since the path of the rays will most likely not

94



High-fidelity modeling of schlieren imaging

Figure 4. Impulse sampling of irradiance field contributed by a single projected beam
(left), box sampling for the same configuration (center), and a conceptual illustration of
how to carry out the intersection quadrature efficiently (right).

intersect with grid nodes, interpolative schemes compute the IoR value and its gradi-
ents at arbitrary spatial locations. In prior work, computing the IoR gradient at nodes
typically requires approximation procedures that directly operate on the discrete nodal
samples (Samtaney & Zabusky 2012; Dias Paulino da Costa et al. 2021; Gao et al. 2022;
Kouchi et al. 2025). Different interpolating kernels have been considered, including the
box kernel (Brownlee et al. 2010; Gori & Guardone 2018), linear tent (Tamura & Fujii
1990; Jiang & Takayama 1999; Huang et al. 2016), radial basis function (Dias Paulino
da Costa et al. 2021), and distance-averaged interpolation function (Liu et al. 2020). Ef-
ficient search algorithms may assist locating the position of the light beam with respect
to vertex positions of the computational grid, which tracks the intersection of the beam
with cells as it traverses through the flow medium (Tamura & Fujii 1990; Yates 1993;
Jiang & Takayama 1999), by involving data structures such as kd-tree or max-min Octree
(Gori & Guardone 2018; Brownlee et al. 2010).

To achieve superior image quality, we leverage spectral upsampling schemes for n and
spectral derivatives for ∇n (3D DCT types II and III for upsampling, and zero-padding
+ 3D DFT for derivatives). We note that high-accuracy spectral derivatives are limited
to grids that have a Cartesian logical space, such as curvilinear coordinates on structured
mesh.

To sample n and ∇n when solving the ray equation, we use the cardinal cubic spline as
the interpolating function. The cardinal cubic spline does not have compact support, but
it can be factorized as an infinite impulse response (IIR) filter cascaded with a fourth-
order B-spline finite impulse response (FIR) filter (Unser et al. 2002), and the latter is
based on a smooth piecewise tricubic volumetric reconstruction kernel with 4 × 4 × 4
support.

IIR prefiltering as in Unser et al. (2002) computes the interpolating coefficients for
n and ∇n (previously obtained through spectral differentiation). With a careful HPC
implementation, this stage takes negligible time, as it leverages the regularity of the
data access patterns. The implementation relies, in turn, on the separability of the ten-
sor product used to extend B-splines to higher dimensions, data-level parallelism across
sample runs, and fast transpositions.

We opt for cardinal cubic spline interpolation for two reasons. Firstly, the ∇ operator
is a high-frequency amplifier, while the cardinal cubic function is a low-pass filter with
a 0.88π/sample cutoff, which suppresses only near-Nyquist frequencies, which are pre-
sumably numerical noise from differentiation. Secondly, we accelerate online lookup by
offloading workload once to the IIR prefilter. A single interpolation request can then be
carried out very quickly (4× 4× 4 = 64 lookups), yet it is influenced by a cloud of about
4200 nearby grid points.
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Figure 5. One-dimensional IoR with a sharp sigmoid function at x = 0.4. Trajectories of
rays overlaid on top of the IoR are computed using the Taylor series system and the Euler
system. These rays have different initial locations, but they all have initial directions that
are perpendicular to the sharp change.

3.4. Optical elements

Lens focusing and blockers are a crucial stage of the algorithm, as illustrated in Figure 1
(stage 3). Once light propagates outside the flow problem under examination, we assume
a uniform n ≈ 1 surrounding medium. This stage takes very little computational time,
yet it is as critical to outcome quality as the light propagation stage.

The lenses are assumed to be a homogeneous medium which enables light beams to
traverse in a straight line, with n = 1.5. Hence, the interaction of individual rays with
the lenses is completely governed by the sharp transition interfaces with undefined gra-
dients, hence Eq. (3.3) is not applicable. We directly leverage Snell’s law to compute the
trajectories as light propagates across optical elements. Blockers, such as knife edges and
orifices, create the necessary occlusion patterns to form schlieren images. This type of
cutoff leads to a reduction in intensity. Further, if one of the vertices of the triangular
beam deflects outside the coverage of the lenses or is blocked by the knife edge, then the
contribution of that triangular element is excluded from the final image.

3.5. Sensing

In the experimental setup, sensor arrays probe the irradiance field at the film plane.
To computationally emulate sensing, we must solve a resampling problem: the final im-
age has to be represented with pixels, whereas the radiant intensity is represented as a
linear superposition of projected triangles, with homogeneous but diverse intensities as
described by Eq. (3.1). The main strategy is to employ an accumulation framebuffer.
We iterate over each triangle and perform rasterization to obtain pixel fragments, and
we reduce these by accumulating intensities in the framebuffer. This approach, however,
is vulnerable to aliasing, since both refractive index and optical elements shear trian-
gles considerably. An approach to effectively remove aliasing is to compute the area of a
target pixel intersecting with the incident beam triangle, as shown in Figure 4. This is
equivalent to convolving the incident beams with a box function, cascaded by an impulse
train. Such a low-pass filter can be implemented very efficiently, resulting in compara-
ble computational time to that of a classical rasterization, but results in a considerable
improvement in image quality.
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Figure 6. Shadowgraphy relying on impulse sampling of a beam’s incident radiation (left),
and improved approach based on box sampling(right).

4. Verification

Numerically solving the ray equation is the critical step in simulating the propagation
of light through the medium of interest. For optimal performance in complex media, it is
paramount that the employed numerical scheme is both highly accurate and consistent.
In Section 3, two approaches were mentioned that permit recasting of Eq. (3.3) into
a system of ODEs, namely, the Euler method and the approach we suggest, a Taylor
series method. Both are advanced numerically using an RK4 scheme. We present a 1D
verification problem with a pseudo-discontinuity in n featuring a sharp sigmoid function
that is perpendicular to the ray paths. This case assesses the ability of the schemes to step
through discontinuities, which may arise in practice from shocks or material change. The
gradient is analytically defined. Thus, any sources of error in verification are attributable
to the employed numerical schemes.

We consider a refractive index field varying in one dimension due to a sharp disconti-
nuity, represented by

n(x, y) = n̄− nδ
1 + exp(−σ(x− x̃)) x ∈ [xL, xR],

where n̄, nδ, σ ≫ 1, and x̃ ∈ [xL, xR] are constants. Here, the sigmoid function is
used as a continuous approximation of the Heaviside step function representing a sharp
change in IoR. This sharp change in IoR is practically motivated, specifically arising
from physics such as the presence of shocks in high speed flows, flames in turbulent
combustion, or the interface between dissimilar fluid phases in multiphase systems. The
ray component that is perpendicular to the surface of the discontinuity must traverse
through the discontinuity and remain orthogonal to the surface, since the refraction does
not change its direction. This test case thus examines whether the numerical schemes are
capable of producing ray paths that are consistent with the underlying physics. In our
implementation, we set n̄ = 1.5, nδ = 0.5, σ = 5000, and x̃ = 0.4. We consider three rays
with initial positions of

r⃗T0 = [x0, y0] =





[0.26,−0.6],
[0.26, 0],

[0.26, 0.6]

(4.1)

The initial directions for the three rays are set to dr⃗/ds
0
= [1, 0]T , which indicate that

the rays are parallel to the x-axis and perpendicular to the sharp step in the sigmoid
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Figure 7. Qualitative comparison between real schlieren imagery (a) from Strelau et al.
(2023), imagery formed with the present approach (b), and simplified in silico imaging
widely used in literature (c) from Passiatore et al. (2024).

function. The step size for the arc length used in the numerical scheme is set as ∆s =
0.01. The trajectories of the three rays simulated using the Euler system and the Taylor
series system are shown alongside the surface plot of the IoR field in Figure 5. The plot
demonstrates that our approach successfully computes the trajectory that traverses the
sharp change, while the Euler system failed to do so.

Ultimately, without imposing an excessively small arc-length step size ∆s, the Euler
system may not be able to traverse through sharp changes for two reasons. The first is
the lack of projection consideration in the ODE system (i.e. ∇n · dr⃗ds is not removed from
the direction update), and the second is the lack of enforcement of the unity condition
of the direction vector.

4.1. Sensing

Comparison of impulse sampling and box sampling approaches is shown in Figure 6,
demonstrating the superiority of the latter.

5. Results

5.1. Laser ignition of gaseous methane/oxygen combustor

The proposed schlieren simulation technique was applied to obtain numerical schlieren
visualization snapshots of the laser ignition process of gaseous methane/oxygen combus-
tion, conducted in Passiatore et al. (2024). Crucially, experimental data is also available
for the same setup in Strelau et al. (2023), enabling both a qualitative and a quantitative
assessment of the performance of the proposed method. Figure 7 depicts the evolution
of the flame kernel at different time instances. Experimental results are shown in the top
row, results from the present method in the middle, and pseudo-schlieren from Passiatore
et al. (2024) in the bottom row (consisting of slices of overlaid density gradient magni-
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Figure 8. Trajectories of the turbulent combustion process in a rocket combustor repre-
sented in the latent space. The latent space is created by examining the experimental
schlieren images with a GMVAE (left). CFD output followed by simplified modeling of
the schlieren imaging is incompatible with the generated latent space (center), whereas
CFD-based images formed with the present approach enable a unified investigation of
the underlying dynamics (right).

tude). The superior quality of the current visualization is observed both in terms of the
resolved scales and perceptual resemblance to experimental images. It is essential to note
that the same source numerical fields are used to obtain results both for Passiatore et al.
(2024) and the present work.

A further important assessment of the proposed technique was conducted to better
characterize the underlying structure of the perceived flow field and its applicability in
downstream machine learning tasks. To this end, a Gaussian mixture variational au-
toencoder (GMVAE) was trained (Fan et al. 2025). GMVAE extends the standard VAE
by incorporating a mixture of Gaussian priors in the latent space, to learn disentan-
gled, cluster-structured representations from experimental schlieren images. The GM-
VAE model employs a U-Net–based convolutional architecture for both encoder and
decoder modules, enabling hierarchical feature learning across spatial scales. We first fit
the GMVAE model to a dataset consisting only of experimental schlieren images. The
trained model is then used to extract latent representations from both the numerical
schlieren images and the CFD-based images formed with the present approach. Compar-
ing the distributions of latent representations corresponding to ignition experiments and
simulations, we observe that the CFD-based images formed with the present approach
produce considerably more realistic and physically consistent features in the schlieren
image space. The GMVAE was specifically chosen for its ability to extract meaningful
latent representations while simultaneously preserving physical structure and clustering
experiments based on physical states. The model, serving as a dimensionality reduction
technique, projected the time series trajectories from the numerical schlieren images onto
a latent manifold. Our objective was to use these latent representations to test whether
the proposed schlieren method yields a more accurate representation of the underlying
latent dynamics when compared to previous non-optics-based methods and experimental
observations. As shown in Figure 8, the trajectories of the proposed method demonstrate
significantly better agreement with experimental data and capture underlying dynamics
uncaptured by images directly from CFD. Most importantly, this implies that available
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(a) (b)

(c) (d)

Figure 9. Simulated hypersonic boundary layer visualized through, (a) shadowgraphy, (b)
schlieren obtained with a horizontal knife edge, and (c,d) vertical knife edges (blocker on
the left, and on the right, respectively).

simulation data can be used in conjunction with existing experimental schlieren for en-
hanced flow diagnostics and access to full three-dimensional virtual flow fields.

5.2. High-enthalpy turbulent hypersonic boundary layer

Figure 9 depicts computational schlieren of a turbulent hypersonic boundary layer (Williams
et al. 2023), for which the hydrodynamic fields are obtained from high-fidelity direct nu-
merical simulation (DNS) accounting for finite-rate chemistry and multicomponent dif-
fusion. Representative of atmospheric re-entry at a freestream Mach numberMa∞ = 25,
the flow exhibits high temperatures (T > 5300 K). As such, nearly all molecular oxygen
dissociates within the near-wall region, generating significant densities of radical species,
including atomic oxygen, atomic nitrogen, and nitric oxide. Owing to the activation of
both these complex aerothermochemical processes and multiscale turbulent mixing, as
well as their mutual interaction (Williams et al. 2024), replication and optical inspection
of these re-entry conditions in controlled ground experiments prove highly intractable.
The combination of numerical simulation of light transport with fully scale-resolved hy-
drodynamics calculations presented here therefore provides a predictive complement to
ground-test investigations of hypersonic flight, which may be hindered by a combination
of limited test durations, optical access, or stagnation enthalpies.
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(a)

(b)

(c)

(d)

Figure 10. (a) schlieren and (b) shadowgraph visualizations of the supersonic rectangular
jet, from the short nozzle side; (c) schlieren and (d) shadowgraph of the same flow problem
but from the long nozzle side.

5.3. Supersonic rectangular jet

Figure 10 shows an instantaneous computational schlieren image of an aspect ratio 4:1
supersonic rectangular jet. The flow field originates from the high-fidelity large-eddy
simulation (LES) performed byWu et al. (2023). When operating at off-design conditions,
a system of shock cells develops in the jet plume. Interaction between the shock cells
and downstream-traveling Kelvin-Helmholtz (KH) waves gives rise to broadband shock-
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associated noise (BBSAN) as well as intense tonal noise, known as jet screech (Tam
1995). In Figure 10, we observe intense flapping motions downstream of the jet, associated
with the most unstable Kelvin-Helmholtz wave. The numerical schlieren can be used to
directly visualize interactions between downstream-traveling instability waves and shocks
producing freestream acoustic waves (Manning & Lele 1998). Additionally, numerical
schlieren images provide a valuable means to validate the shock structure in the LES
directly against experimental schlieren measurements, which is crucial for accurately
predicting BBSAN and screech tones. In future work, we plan to apply the numerical
schlieren to validate and analyze LES of aspect ratio 2:1 rectangular jets with secondary
fluidic injection (Dai et al. 2025) as well as dual-stream jets with internal lobed mixers
and plugs (Martin et al. 2024).

6. Conclusions and outlook

We presented a computational framework that maps the refractive index field from
CFD to numerical schlieren and shadowgraph images through a vertical pathway that
models light sourcing, light propagation in the test section, optics, and sensing. Three de-
sign choices were central to fidelity and robustness: representing a collimated source with
a mesh of beams to determine irradiance by area ratios, solving for the ray equation with-
out bounce-back inconsistencies, and modeling analog-to-digital sampling conversion at
the detector. The results demonstrate superior fidelity image synthesis, a common image
space for consistent comparison between CFD simulations and experimental observa-
tions, and a forward operator to assist data augmentation and model inversions through
machine learning.

We carried out verifications of the approach against problems featuring invariants
with exact closed expressions, and validations on CFD datasets against experiments
of turbulent combustion flow problems. Verification confirmed conservation properties
and the expected behavior of the propagation scheme. Validation supported quantitative
agreement in image statistics and spatial structure. We also tested our approach against
hypersonic boundary layers and supersonic jets.

Limitations of the present work include the application scope, restricted to weakly
participating media and collimated illumination. It also assumes grids compatible with
the differentiation and interpolation operators used herein.

We are already using such images for large-scale model inversions. Future work will
extend the formulation to a broader class of media and optical configurations, including
participating media, and will apply the method across diverse flows and sensing setups.
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