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This work explores the use of axisymmetric background-oriented schlieren (BOS) imaging
for reconstructing supersonic flow fields over a scaled NATO 5.56 mm M855 projectile at Mach
1.50, 2.00, and 2.50, as well as a 15° cone at Mach 2.50. A method for recovering density fields
from BOS displacement maps was implemented, with results compared to a Taylor-Maccoll
solution for the cone and a RANS CFD wind tunnel model for the projectile. Density field
reconstructions showed errors below 15% overall and under 10% across most of the field,
with the largest deviations near shock boundaries and stagnation regions. Additionally, force
balance measurements were conducted on the projectile at Mach 2.50, showing an agreement of
1.2% with firing data from the literature and 8% with the RANS model. A custom U-Net was
subsequently trained to predict pressure, temperature, and velocity fields from grid-transformed
numerical density inputs over the cone, using a physics-exclusive loss function derived from
the Euler conservation laws and specified boundary conditions. However, large residuals near
the shock and stagnation point due to grid interpolation were found to impede the network’s
performance. A purely data-driven model demonstrated good accuracy for pressure and
temperature, a moderate performance for radial velocity, and poor accuracy for axial velocity.
The model failed to generalize when fed with experimental data, reinforcing the need for strong
physical constraints.
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I. Nomenclature

Background-oriented schlieren

Convolutional Neural Network

Grid Convergence Index

Gaussian Error Linear Unit

Mean squared error

Physics Informed Neural Network

Physics Informed Convolutional Neural Network
Reynolds Averaged Navier-Stokes
Shockwave-Boundary-Layer Interaction

Lens focal length

Camera sensor height

Refractive index

Flow field radius

Radial coordinate in physical space

Fluid temperature

Axial component of fluid velocity

Radial component of fluid velocity

Camera sensor width

Axial coordinate in physical space

Vertical coordinate in physical space

Ratio of specific heats

Fluid density

Angular coordinate in the shockwave’s reference frame
Axial coordinate in computational space

Radial coordinate in computational space

Drag coeflicient

Extrapolated zero-yaw drag coeflicient to zero discretisation error
Experimental zero-yaw drag coefficient

Freestream Mach number

Number of interior points

Number of boundary points

Refractive index of light in the freestream

Picture horizontal resolution

Picture vertical resolution

Mesh refinement ratio

Radial coordinate along cone surface

Normalised radial velocity component in the shockwave’s reference frame
Freestream velocity

Distance between camera lens and flow plane

Distance between reference pattern and flow plane
Average error between values from different meshes
Extrapolated error between values from different meshes
Approximate relative error

Extrapolated relative error

Angle of axial light ray deflection

Angle of radial light ray deflection

freestream value of quantity ¢

freestream normalised value of quantity ¢

Cone angle

Shock angle

Non-dimensional axial coordinate relative to projectile/cone length
Non-dimensional radial coordinate relative to projectile/cone diameter



I1. Introduction and Objectives

A. Introduction

External ballistic calculations are crucial to understanding and predicting the dynamics of projectiles [1]. Such
dynamics are strongly determined by the aerodynamic forces and moments acting on the projectiles during flight,
influencing their precision, range, and stability [2]. The aerodynamic coefficients of a projectile are typically obtained
in ballistic range experiments [3H5]], however, the unsteady nature of these flows make it difficult to examine specific
conditions with high accuracy, generally presenting a large spread in results [6]. Alternatively, more repeatable
conditions may be achieved using high-speed wind tunnels. Nevertheless, scaling effects such as sting interference,
blockage, and shock reflections must be correctly accounted for and understood [7]. Furthermore, the force sensors that
are traditionally used in these applications [8]], may impose experimental constraints in terms of minimum model size
and usable test section size, which can be problematic in smaller wind tunnels.

Instead, the strong density gradients that are characteristic of supersonic flows may be exploited for quantitative
measurement through optical techniques, such as background-oriented schlieren (BOS) [9,[10]]. Unfortunately, only
density fields may be reconstructed from standard BOS measurements, whereas additional information, such as pressure,
is necessary to infer aerodynamic forces. To expand on this technique, emerging machine learning models have been
applied to different fluid mechanics applications.

One of the most popular approaches is the use of Physics Informed Neural Networks (PINNs) [[11]] which implement the
governing physical laws directly into the network’s cost function. PINNs have been directly applied to high-speed flow
cases [12], successfully obtaining pressure and velocity fields from two-dimensional oblique shock density gradient
data, using the Euler equations and discrete pressure measurements to create training penalties. Other uses of the
Euler equations include the work in [13]], with additional irrotationality constraints for BOS image pairs from the
axisymmetric cone and expansion fan experiments. More recent efforts have used the Reynolds Averaged Navier Stokes
(RANS) governing equations, successfully recovering pressure and velocity information for an underexpanded turbulent
jet [14] and hypersonic bluff bodies [[15)]. Further additions to the physics constraints, such as measured wall pressure
distributions or wall shear stress conditions have been shown to be key in predicting separating flows in shock boundary
layer interactions (SBLI) and boundary layer profiles accurately [16].

Moreover, the image-to-image regression nature of mapping density fields to other flow quantities has also inspired the
application of Convolutional Neural Networks (CNNs). Recent works have employed CNNs in BOS data pre-processing,
enabling super-resolution in displacement field refinements [[17], and fast, high accuracy, pixel resolution displacement
field calculations from image pairs with imposed irrotationality constraints [[18]. In terms of flow-field reconstruction,
CNNs may leverage the advantage of the physics-based loss functions from fully connected PINNs, while extending to
higher-dimensional problems and benefitting from parameter sharing and local connections [[19]. This was exemplified
in [19]], where a physics-informed CNN was used to predict a steady-state temperature field from a heat source layout, in
[20] for Darcy flows, or in [21] for the incompressible Navier-Stokes using grid transformations.

B. Objectives of the Research

The primary objective of this research is to evaluate the feasibility of using BOS imaging to reconstruct density fields
around axisymmetric bodies, focusing on two canonical cases: a sharp cone at angle of attack and a scaled small-caliber
supersonic projectile. The study aims to identify regions where BOS measurements are prone to higher errors,
particularly near steep flow gradients or zones with low pixel displacement sensitivity, and to assess which flow features
present the greatest challenge for accurate reconstruction. Secondly, we aim to investigate the use of physics-informed
convolutional neural networks (PI-CNNs) to recover full flow fields from BOS-derived density inputs. This includes eval-
uating how well PI-CNNs trained on numerical (CFD) data generalize to experimental data, and where discrepancies arise.

The end goal of this research seeks to develop a fully integrated workflow that combines CFD, wind tunnel simulations,
physics informed machine learning models, and experimental BOS and force sensor data to predict a projectile’s
zero-yaw drag coefficient over a range of supersonic Mach numbers.



II1. Methodology

A. Experimental Methodology

1. Wind Tunnel Facility

The experiments were carried out at the UK Defence Academy’s 150 X 150 mm blowdown supersonic wind tunnel.
The tunnel was supplied with dry air by an L110-10 Compair compressor, and stored in a pressure reservoir at an
absolute pressure of 6.75 bar. The nozzle geometry was modified manually using mechanical actuators to achieve
nominal test section Mach numbers of 1.5, 2.0, and 2.5.

2. Background-Oriented Schlieren Measurements

The setup for the BOS measurements is shown in Figure 1] where the wind tunnel test section is rotated around its
axis by 90° better to show the window’s location and the model arrangement. For image capture, a 26.1-megapixel
Fujifilm X-T30 II camera with a 70-210 mm f/3.5-4 macro lens was used. The camera was supported by a tripod with
the lens axis perpendicular to the test-section window and at the same height as the projectile centerline. The BOS
reference pattern was generated using a random distribution of circular dots and placed on the opposite side of the test
section relative to the camera. The pattern was stretched between two aluminium frames mounted on a tripod whose
head orientation and height were adjusted to maintain the frame parallel and at the same height as the test-section
window. A plexiglass pane was used to shield the pattern to avoid its deformation by any spurious stream of air in the
room. The measurement parameters are summarised in Table|T]

Wind tunnel .

\ / Dowel pin attachment

M Tunnel window
Light Source

\ Camera
Projectile
Pattern | — Stingsupport
Strut —_—
Not to scale

Fig.1 Bird’s-eye view diagram of the BOS setup; the wind tunnel test section is rotated 90° to show the window’s
location and the model arrangement.
Table 1 Measurement parameters for BOS experiments

Ze,mm Zg,mm f,mm w,mm h mm Ry pix R,,pix
1250 390 105 23.5 15.6 6240 4160

3. Wind Tunnel Models

In this work, we consider two different model geometries, Figure [2] The first one is a canonical cone-cylinder
geometry [22] that is used as a reference case for the BOS set-up in our initial experiments. This consists of a cylindrical
body whose diameter and length are 21 mm and 87.5 mm, respectively with a 39.2 mm long conical nose (for a cone



angle of 15°, i.e. a tip angle of 30°). The base of the steel-made model was screw-mounted on a sting support projecting
forward from a strut located in the middle of the wind tunnel diffuser. The second model is a 4.5:1 scale NATO 5.56 mm
MS855 projectile [4], manufactured from polyoxymethylene (POM) plastic. This model incorporates a 15 mm opening
through its base where a sting balance or, alternatively, its dummy equivalent is inserted by means of which the model is
mounted on the projecting sting support.

(a) (b)
Fig.2 Wind tunnel models (a) 4.5:1 scale NATO 5.56 mm M85S5 (b) cone-cylinder geometry

4. Force Balance Measurements

An Aerotech 6-component sting balance was used to measure the drag of the projectile model. The balance was
connected to the projectile through the base opening that terminates with a 12 mm cylindrical hole snugly fitting around
the tip of the balance. Their relative position was secured by a dowel pin passing through the body of the projectile
and the tip of the balance, shown in Figure[I] The balance’s design load ranges are 100 N for drag and side forces,
+200 N for lift, £2 Nm for the rolling moment and +4 Nm for the pitch and yaw moments. Although steady state forces
were well within the balance’s limits, large peaks of the yawing moment were measured during start-up and end-of-test
ramp-down that reached the corresponding overload values and thus limited the use of the balance only to the Mach 2.50
case. The balance’s strain-gauge voltages were recorded at a sampling frequency of 1 kHz by a Dewetron NEX[DAQ)]
data acquisition system and converted to force and moment values according to the balance calibration data.

B. Numerical Approach

1. Computational Fluid Dynamics

A 3D RANS CFD model was built using the commercial software Star-CCM+ 2306 [23]], for direct comparison
with the experimental flow field and force measurements. The computational domain was simplified to a quarter model,
shown in Figure 3] as per the axisymmetric nature of the flow considered. The model extends from the stagnation
chamber interface down to three projectile lengths aft of the projectile’s base, as any further extension was shown not to
affect the upstream field. The flow inlet was modelled using a stagnation boundary condition, where the reservoir’s air
pressure and temperature were set to match the compressor settings during experiments. The nozzle geometry was
modified to achieve the desired test-section Mach number, following the wind tunnel’s engineering drawings. The
outlet temperature and pressure were calculated using the isentropic flow relations, and the inlet stagnation pressure
and measured test section Mach number. All remaining non-symmetrical boundaries were assigned as no-slip walls.
The flow turbulence was modelled using the k — w SST model [24]], with no-slip walls meshed to obtain y* values
around 1, as per the model’s recommendation [23]]. The turbulence model was chosen for its superior performance
in handling adverse pressure gradients, expected to form across shockwave reflections, compared to other methods
typically used in similar cases, like the Spalart-Allmaras model [25]. The mass, momentum, and energy conservation
equations were solved using the coupled flow and energy methods. A third-order MUSCL discretization scheme was
employed to treat cell face convection and diffusion fluxes, as this was seen to better capture shock structures and Liou’s
AUSM+ Flux-Vector Splitting (AUSM+ FVS) scheme was used to manage the inviscid fluxes [26]. All solutions were



initialised with the built-in grid-sequencing method. To further increase convergence speed, automatic Courant number
control was employed for the implicit pseudo-time stepping as well as the continuity convergence accelerator.
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Fig.3 Computational domain of the 3D RANS model

2. Density Field Reconstruction

Sets of reference/flow-off and flow-on image pairs were processed using OpenCV’s library implementation of the
Gunnar-Farneback optical flow algorithm[27, 28] in Python. The algorithm allows for the computation of the observed
pixel shifts in the background pattern due to the light source rays refracting through the compressible air. These were
then related to the refractive index gradients using modified inverse Abel transforms [29]:
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where e, (x,y) and €,(x,y) represent the angular deflections of the light rays passing through the flow field, ng

is the refractive index of the freestream air, R is the radius of the flow field, g—z and % are the gradients of
the refractive index in the radial and axial directions, and y is the coordinate along the projected image plane. The

angular deflections can be directly obtained from the pixel displacement maps and the geometrical layout of the setup [30].

The refractive index field, n(r), may be expressed as a series of sinusoidal functions, Eqns. (EI) and @) The coefficients
A, are obtained by substituting Eq. ([3) into Eqs. () and (Z), then least square fitting using the measured, angular
displacement matrices [31].
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We implement this workflow using an in-house Python code, which employs the Numba Just-in-Time (JIT) compiler
library [32]], allowing for speed-enhanced, parallelised calculations.



3. Taylor-Maccoll Flow
The flow over the cone portion of the cone-cylinder body is well represented by the Taylor-Maccoll equations for
inviscid, compressible, conical flow:
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where 1 is the ratio of specific heats, V. is the normalised radial velocity component across the shock wave, and @ is
an angular coordinate in the shock plane. We implement the shock-fitting method described in [33] to solve for the
shock-relative velocity components as a function of their angular coordinate. This is followed by a reference frame
transformation from which the density, pressure, and temperature fields are interpolated on a 256 X 256 numerical grid,
shown in Figure[d The density field predictions were used for comparison with the BOS reconstructed fields and later
coupled with pressure, temperature, and velocity for the training of our CNN.
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Fig.4 Taylor-Maccoll flow solver results (a) Mach 2.50 Density field with velocity streamlines over a 15 degree
cone (b) Shock angle against cone angle for Mach 1.50, 2.0 and 5.0, compared with and adapted from [33]

4. Convolutional Neural Network

We employ a custom U-Net-style CNN [34] to map normalized input density fields at specific grid coordinates to
predicted output pressure, velocity, and temperature results. The architecture is designed for pixel-wise regression on
structured axisymmetric domains, representative of projectile or cone bodies at zero yaw. The network is divided into an
encoder, bottleneck, decoder, and output head components. The encoder is made up of two convolutional blocks, each
comprised of two 2D convolutional layers with 3x3 kernels and Gaussian Error Linear Unit (GELU) activation functions.
These map the input tensor into a compressed latent representation. The bottleneck receives the lowest-resolution
features using a similar convolutional block to capture the high-level spatial semantics. Next, the decoder upsamples the
latent representation through bilinear upsampling followed by 3x3 convolutions. The upsampling stages are followed by
convolutional blocks which integrate skip connections from the encoder to preserve spatial detail, eventually restoring
the original input resolution. Finally, we use four output heads to separately predict the individual tensor channels, i.e.
the predicted flow fields, this way minimising interference between the different magnitude variations between them.

Here we focus on the conical flow case, using a dataset of 1377 simulations as described in Section[[V.C.1] The dataset
is separated into training and validation sets using an 80/20 stratified split. A batch size of 1 is used as is typical of
physics-informed models. The Adam optimizer [35] is employed with a learning rate of 1x10~* and a norm threshold of
1.0 to increase training stability. All models are trained using A100 Nvidia GPUs using the Royal Military Academy’s
and Cranfield University’s high-performance computing clusters, Reynolds and Delta, respectively.



IV. Results

A. General Flow Field

The different flow cases at Mach 1.5, 2.0, and 2.5 are shown in Figure@ Each result compares an instantaneous,
traditional, schlieren visualization with a pixel displacement magnitude map, obtained from two distinct runs of the
same experiment. The Mach 2.0 and 2.5 cases were shown to achieve a consistent steady state, through very similar
flow features observed in the different runs. On the other hand, the Mach 1.5 flow showed instabilities near the end of
the cylinder and boattail of the projectile, visible as separation from the body in the schlieren image. The corresponding
BOS displacement contour shows similar features up to the ogive-cylinder junction, beyond which the results differ due
to the unsteady flow and different time instants represented.

Generally, the main features captured by the higher contrast traditional Schlieren system are meaningfully replicated
by the BOS results, such as the leading bow shock and its adjacent density gradient, the expansion fans around
the geometry transitions along the projectile, and the weaker expansions induced by the covered dowel pin holes
toward the end of the ogive section. The traditional schlieren system can capture weak density variations, such
as those induced by imperfections in the upstream nozzle geometry, which are less discernable in the BOS results.
Notably, however, the BOS contours more clearly discriminate the shear layer around the projectile wakes in all
cases. The shock reflections on the wind tunnel test section are similarly captured with both methods, and can be
seen travelling downstream between the Mach 1.50 and Mach 2.0 cases, eventually leaving the measurement window
as the bow shock angles further reduce at Mach 2.50. Additionally, small non-zero pixel shifts are observed in the
upstream regions, most noticeably in the Mach 2.0 case. These are caused by shifts in the pattern and/or camera’s origi-
nal relative locations due to vibrations induced by the facility during operation and minor air currents induced in the room.
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Fig.5 Comparison of BOS pixel displacements and schlieren images for the 4.5:1 scale NATO 5.56 mm projectile
at (a) Mach 1.5 (b) Mach 2 (c) Mach 2.5

The optical flow processing method allows for the decomposition of the pixel displacements into horizontal and vertical
components. This is shown for the Mach 2.0 flow case in Figure[f] The separation of components makes it possible to
separate flow features such as the bow shock reflections, almost completely accounted for by the horizontal displacements.
The vertical displacement contour shows the compression and expansion structures along the windward and leeward
sides of the projectile to be qualitatively symmetrical, showing opposite sign deflections for shocks and expansions
along either side, as well as opposite sign deflections between equivalent features on the two opposite sides of the
projectile. Quantitatively, the edge of the shockwave on the top half of the contour (y > 285pix) exhibits larger absolute
vertical displacements, of 7-8 pixels relative to the shock edge on the bottom half (y < 285pix), with a 6-pixel average
shift. Conversely, the expansion fans regions over the bottom projectile surface show a consistent upward shift of 1.5
pixels relative to the top surface displacements. Finally, the flow region adjacent to the top shockwave extends further



downstream by 68 pixels on average or 0.44 projectile diameters. On the other hand, The horizontal displacement
map exhibits near-perfect symmetry about the projectile longitudinal axis (y = 285pix), with average shifts of 8 pixels
across the bow shock and 0.1-1.2 pixels across the expansion fan, depending on projectile proximity. The displacement
magnitude exhibits similar asymmetries to those identified in the vertical shift maps. These are likely caused by
small misalignments between the camera lens and the horizontal axis of symmetry, which is further supported by the
negligible asymmetry in the horizontal shifts. The component decomposition of the observed pattern displacements
can therefore be used in the future to fine-tune the tripod position and this way minimise the error induced by misalignment.
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Fig. 6 Pixel displacement maps for the scale x4.5 Nato 5.56 M855 at Mach 2 (a) Horizontal displacement (b)
Vertical displacement (c) Magnitude of displacement

Additionally, significant displacements are observed in the near-wall region of the projectile in the displacement
magnitude plot. The component decomposition indicates that vertical refractions are the primary contributor, showing
the light rays are deflected away from the projectile body. The near-wall displacement regions grow in thickness along
the projectile longitudinal axis, in a similar fashion to the boundary layer. However, said thickness is overpredicted by
the BOS images when compared with the traditional schlieren images shown in Figure[5] A known limitation of the
BOS technique is the model blur which occurs when attempting to bring two separated planes (model plane and pattern
plane) into focus equally. Furthermore, flow-induced vibrations on the supports and projectile are equally captured as
shifts from the reference image by the optical flow algorithm. Finally, the blurring effects make precise masking of the
wall boundaries difficult, resulting in artifacts associated with the highest displacement peaks in both components. The
measurement and processing errors introduced in this region warrant careful consideration and difficult further analysis
of the boundary layer. On a similar note, the stagnation points are typically misrepresented by low pixel displacements,
despite the largest flow compression being expected here. Again, the size of this region is comparable to the blurring
around the projectile nose, obscuring the measured deflection.

B. Reconstructed Density Fields

1. Conical Flow

The results for the cone cylinder flow at Mach 2.50 are shown in Figure[7} The pixel displacement magnitude contour
plot in[7c exhibits values in a similar range to the projectile experiments described in Section[IV.A] with a clear capture
of the conical shock, stronger expansion fan, boundary layer-like near-wall region with increasing thickness, and final
expansion near the base of the cylinder. Focusing on the cone portion of the model (650pix <y < 900pix), Figure[7]
presents the processed density field. Overall, the results show good qualitative agreement with the Taylor-Maccoll
solution presented in Figure ] with near unity upstream values, and a clearly delimited shock region with a positive
density gradient along the flow direction.
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Fig. 7 Cone flow results at Mach 2.5 (a) Contour of BOS reconstructed noramlised density, with colorbar
capped at the maximum and minimum predictions from the numerical Taylor-Maccoll solution (b) Relative
error between experimental and numerical density fields (c¢) Pixel displacement magnitude contour for the
cone-cylinder flow (left) with BOS random dot pattern used (right)

Noticeably, the shock interface is less sharp than in the calculated solution, which is an expected consequence of the
limited camera resolution, BOS flow plane blurring, and windowing effects of the optical flow algorithm. This results in
the largest source of error, as identified in Figure[7p. As shown, the pointwise relative error between the Taylor-Maccoll
numerical solution and the experimental density field shows a distinct rise in perfect alignment with the shock location,
exceeding the 15% error threshold imposed on the contour. Another noticeable spike is visible at the bottom left
corner of the contour (x/L = —0.2), which is a numerical artifact occurring around the axis of axisymmetry during the
integration process. This may be minimised by using finer integration steps, at the cost of additional computational time.
Other visible discrepancies occur upstream of the shock, as the experimental flow field captures the shocks created by the
imperfections in the upstream nozzle geometry, which are not modelled in the uniform upstream field of the numerical
solution. Finally, some near-wall spikes in error are visible due to the artifacts discussed in Section@ Otherwise, the
relative error in the resolved field differs by less than 15% at worst, with the majority of the error below 10%.
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2. Projectile Flow

Following the cone flow experiments, the projectile pixel displacement maps were processed to yield the experimental
density fields. The Mach 1.5, 2.0, and 2.5 flows around the projectile model are shown in Figure[8p-c. The filled contours
show the free-stream normalised density fields, over which the RANS model results are overlaid with black contour
lines. In all cases, the fields are qualitatively well represented. The shock and expansion locations and orientations are
captured, while the filled contours show the gradients in density occurring between the different structures. The shear
layer around the wake is visible in both experimental and numerical results for the two higher Mach number cases,
although worse agreement is seen for the Mach 1.50 case.
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Fig.8 Normalised denity contours of the flow over a 4.5:1 scale NATO 5.56 M855 projectile. Coloured contours
represent experimental BOS result with overlaid CFD contours in black. Flow fields and relative error between
experimental and numerical methods are shown for (a),(d) Mach 1.5, (b),(e) Mach 2.0 and (d),(f) Mach 2.5

The plots in[Bd-f show a pointwise comparison of the relative error between the experimental results and the CFD results
interpolated on an equally sized grid, with contours limited to a maximum absolute error of 15%. Similarly to the conical
flow results, the errors spike along the leading shockwave. In this case, however, the error magnitudes are smaller. The
shock-fitting Taylor-Maccoll method provides a sharper transition between upstream and compressed flow, whereas the
shock-captured solution from the RANS model resembles the smoothed-out shock at the current mesh resolution. The
near-wall error region increases with projectile length, differently from the cone example, due to the more developed
boundary layers over the longer projectile length. Most notably, large errors also occur along the projectile’s base in
all cases. Since the near base wake is subsonic, density gradients in this region are orders of magnitude weaker and
so the measurement technique struggles to capture the flow density accurately in this region. As expected from the
pixel displacement results, the stagnation points are regions of large error in all cases. The density peaks predicted
by the CFD models are significantly underpredicted due to the image blur near the projectile nose, explaining the
discrepancy. Additionally, all cases show a sharp transition between low (<8%) to higher (10-15%) relative errors
along the projectile’s cylinder region. The exact location varies between flow cases, advancing downstream with Mach
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number, however, in all result sets the error dominates the entire flow region and then fades towards the projectile’s
boattail. This is visible in the filled contours as a visible transition between compressed flow to freestream density
between the bow shock and the first expansion fan. The error is more pronounced at the highest speed, and lowest at
Mach 2.0. Nevertheless, an equivalent transition is not perceptible in the pixel displacement fields, suggesting the
artifact is introduced by the inverse Abel integral computation. The remaining field regions differ by less than 10% with
the CFD solutions.

As further validation of the CFD methodology, the drag coeflicient grid convergence is presented against the
experimentally measured drag coefficients for the Mach 2.50 flow case in Table 2]

Table2 Grid Convergence Study of the 4.5:1 scale NATO 5.56 M855 drag coefficient at Mach 2.5 and comparison
with wind tunnel experiments and live firings [4]

Cells X107 Cp  Fmesh GCL %  €xpproxs T €exirps T Chextrp Cpexp Cp silton
3.704 0.2371 1.53 0.59 0.56 0.36 0.2362 0.2569 0.3103
1.038 0.2384 1.50 1.15 1.03 0.93 Base flow corrections

0.3079 0.2409 1.54 2.37 2.31 2.10 0.2859 0.3066

0.0849 0.2466

The initial mesh was progressively refined in the test-section volume, projectile and sting surfaces, and wake region.
A representative mesh size was calculated in each case and tracked between refinements to ensure a refinement ratio
rmesh > 1.3[36]. The final drag coefficient was calculated using Richardson extrapolation and taking all cases into
account, resulting in a value of 0.2362 and an associated Grid Convergence Index (GCI) of 0.59%. The experimental
drag coefficient was obtained by normalising the measured force with the test section Mach number. The force signal was
averaged over a 3-second window after the start-up pressure fluctuations had settled. The numerical result underpredicts
the experimental value of 0.2569 by 8.06%. To account for sting interference, the base drag correction from [37] is
added, assuming a nominally uniform pressure distribution over the projectile base. The corrected coefficients agree
within 1.2% (experimentally) and 16.6% (numerically) with a quadratic fit of the live firing data from [4] at the same
Mach number.

C. CNN Procedure

1. Training Data

The training data for the CNN was generated using the Taylor-Maccoll solver described in Section[[IL.B.3] A total of
1377 data samples were created, including normalised density, pressure, temperature, axial and radial velocity fields, and
a label array including absolute free-stream values. The flow cases ranged between Mach 1.20 and 5.0, and shock angles
between 1 and 80 degrees, where non-physical results were automatically discarded. The resulting cone angles varied
with Mach number to satisfy the imposed shock angles, resulting in different geometries amongst the dataset. To improve
generality, the physical grid was transformed into a square computational domain via the coordinate transformations:

x(&)=¢ (6)

r(&,m) = rout(€) + n(1 = reuf(€)) @)
_Jétan(6.), ifE>0

Fourt(§) = {O, otherwise ®

where x and y are the axial and radial physical coordinates, £ and 5 are the axial and radial computational coordinates,
rsurt 18 the radial coordinates along the symmetry axis (r = 0) and cone surface and 6. is the cone angle. The physical
and computational grids were created as Pytorch tensors [38]], allowing for exact computations of the grid metrics
and Jacobian determinant using the built-in automatic differentiation functions. The grid transformation is shown in
Figure[0] The model input data is a multichannel tensor with the normalised density field and computational coordinates
and the outputs are the four remaining scalar fields.
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Fig. 9 Physical (left) and computational (right) grids with normalised density contours for a Mach 2.50 flow
over a 15 degree cone. Every 5th mesh point is plotted for clarity.

2. Physics informing

To extend the model’s predictive capability outside the numerical data, the steady, inviscid axisymmetric mass,
axial and radial momentum conservation equations were implemented to construct a purely physical cost function. In
addition, Dirichlet boundary conditions were specified at the inlet and symmetry boundaries, and a Neumann boundary
condition was assigned to the top boundary for all fields. A velocity tangency condition was applied over the cone
surface. The resulting loss functions are:

N; 2
LN a9y e
ass = — + + 9
Linass Nint ; ( ox; or; r ®)
Nj % %2 wo ok ok sk k % 2
1 8 [0Gprui™)  d(pruivi)  piupv; 1 dp;
axial = —— + + + —L 10
deml Ninl ; ( axi (97‘,' ri y MDZQ (9xl~ ( )
N; sk ok Py Py * 2
I a(pi uivi) a(pivi ) PiV; 1 51’,-
adial = + + + —t 11
erdlal Nint ; ( Bxi ari ri 7M§o (9ri ( )
1 Noc 2
Lvoundary = — i—q; (12)
oundary = - ]Z:; “‘IJ q,||

where the * values denote freestream normalised quantities, p, u, v, p represent the density, axial, and radial velocity
components, and pressure, M, is the free-stream Mach number, vy is the ratio of specific heats, N;,; is the number of
interior points, Np. are the boundary points and g and § are the predicted and target boundary conditions. The physical
derivatives are evaluated using the exact metric terms using convolution operations with central difference kernels.
Each contributing loss term is weighted such that residuals were of order of magnitude 1, to prevent the network from
over-optimizing a particular equation over the rest. The resulting weighing factors were 1 x 1075, 1 x 107, 1 x 1074,
and 1 x 1072 for mass, axial momentum, radial momentum and boundary loss respectively.

Now, we focus on the main roadblock impeding the network’s performance. To illustrate this, the pointwise residual
maps for the three conservation loss terms are shown in FigurdT0|for a Mach 2.50 flow over a 15-degree cone target
field, i.e. a direct output from the numerical solver. In all cases, the residuals are near zero upstream of the shock region,
as would be expected. Similarly, the conservation laws are well obeyed away from the cone tip within the compression
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Fig. 10 Physics losses on the numerical solution of a Mach 2.50 flow over a 15 degree cone (a) mass (b) axial
momentum (c¢) radial momentum

region. However, moderate residuals are observed near the cone tip due to the grid introduced error increasing as the
gradients steepen. Most importantly, large violations of the loss terms are observed over the thin shockwave region. This
sharp shock-induced gradient results in an overall significant loss in the ground-truth case. The model was observed to
minimise the loss on the training and validation data below said ground-truth loss, but nevertheless, this resulted in
ignoring the shock and hence unphysical predictions. Further improvements to the loss treatment are required to provide
a way of mapping the shock location and adapting the weights around this region.

3. Data-Driven Results

The model was also trained with physics loss weights set to zero, only relying on a mean squared error (MSE) data
loss cost function. The model outputs and MSEs with the target fields after 1000 epochs of training are presented in
Figure[TT] The flow case shown is for a Mach 2.55 flow over a 15.2-degree cone, since the exact experimental conditions
(Mach 2.5 flow and 15-degree cone) were not explicitly included in the dataset. In all cases, values outside of + 1%
the minimum and maximum of the fields are masked to the respective upstream quantities for clear visualization. The
normalised pressure and temperature fields show excellent agreement over the majority of the domain, with a clear
capture of the shock discontinuity location. The error contours show a near-zero loss in the free field and post-shock
regions, with predictions of similar accuracy for the temperature field along the discontinuity. The model’s radial
velocity output shows larger discrepancies with the numerical results, with an MSE of around 0.08. Noticeably, the axial
velocity component is poorly predicted over practically the entire post-shock region, with large error values of 0.2-0.4
throughout. Other peaks in the error are visible across all fields in localised near-wall pockets, beyond x/L > 0.269. A
similar pattern is observed amongst all test cases in the dataset.

Despite the shortcomings of the exclusively data-driven predictions, particularly on the velocity fields, the pressure
and temperature variables are predicted with enough accuracy to expect reasonable predictions for an experimentally
obtained BOS density result. However, after evaluating the model on the experimental density results, the predictions
were non-physical and so are not presented here. This result implies the need of additional physical constraints to
translate the model to data samples truly outside the training sets.

V. Conclusions and Future Work

In this work, we have investigated the use of axisymmetric background-oriented schlieren (BOS) on the Mach 1.50,
2.0, and, 2.50 flow over a scaled NATO 5.56 mm M855 projectile across several Mach numbers, as well as a 15° cone at
Mach 2.5. We implemented a reconstruction method for recovering density fields from BOS displacement maps and
noted a practical approach to improve camera alignment based on analysis of the vertical displacement component.
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Fig. 11 Data model outputs (top) and MSE errors relative to the Taylor-Maccoll numerical solution (bottom)
over a 15.2 degree cone at Mach 2.55. Values outside of +1% of the minimum and maximum field values are
masked to the freestream quantities for visual comparison. (a)(e) pressure (b)(f) temperature (c)(g) axial velocity
(d)(f) radial velocity

To evaluate the cone flow, we implemented a Taylor—-Maccoll solver to provide a theoretical comparison, and a wind
tunnel RANS CFD model for the projectile configurations. Across all test cases, predictions from the BOS-based
reconstruction remained within 15% error globally and within 10% over most of the domain. The primary discrepancies
were concentrated near shocks, expansion fans, and near model regions, including the stagnation point, where BOS
resolution is reduced due to blurring. A force balance was used to experimentally estimate the drag coefficient at Mach
2.50 and provide further validation to the CFD model, showing an agreement with live-firing data of 1.2%, 8.1% error
between CFD and force balance, and 16.6% between CFD and live fire.

Next, we trained a custom U-Net architecture to infer pressure, temperature, and velocity components from grid-
transformed density field inputs. Initially, we applied a physics-only loss based on the axisymmetric conservation of
mass, momentum, and boundary conditions, which proved unsuccessful due to large localised residuals around the
shock and stagnation point regions, introduced by grid interpolation. Finally, a purely data-driven model was trained,
which produced good predictions for pressure and temperature, moderate accuracy for radial velocity, and poor results
for axial velocity. The model failed to produce physical results from an experimental density input, revealing the need
for additional physics-based constraints.

Future work will focus on improving the robustness and physical consistency of the model’s predictions, potentially
applying further treatment to the experimental inputs. Furthermore, we will incorporate shock-aware masking or adaptive
loss weighting in the neural network to prevent sharp discontinuities from dominating the training process and distorting
gradients in smooth regions. Finally, integrating complementary measurement techniques like Pressure-Sensitive Paint
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could help resolve near-wall pressure fields more accurately, overcoming some of the limitations of blurring, and further
contributing to the goal of drag coefficient predictions from image data.
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