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Entry, descent, and landing (EDL) relies on blunt-body entry vehicles, or entry capsules, to survive atmospheric

entry and successfully complete planetary missions. In the supersonic through the transonic flight regime, these

entry capsules can display dynamic instabilities. While research is ongoing to leverage nonlinear functional fits to

determine dynamic stability coefficients, advancements in computational fluid dynamics–rigid body dynamics

(CFD-RBD) simulations produce rich aerodynamic data, which might aid researchers in understanding and

quantifying the dynamic stability characteristics of these capsules. The objective of this research is to build upon

previous work that developed an aerodynamic Reduced-OrderModel (ROM) to predict forced rotational oscillation

trajectories, addressing key limitations. A ROM is a form of field-based surrogate model capable of efficiently

leveraging high-fidelity aerodynamic data to mimic the results of CFD simulations. Results showed success at

predicting the mean aerodynamic trends of a free-flight validation trajectory for CP and CF data for both the

heatshield and backshell regions using a ROM methodology.

Nomenclature

A = batch snapshot matrix
aref = speed of sound
b = batch number of snapshots
c = number of inducing points
CA = axial force coefficient
CF = skin friction coefficient
Cl = rolling moment coefficient
Cm = pitching moment coefficient
Cm;α = Cm as a function of α
CN = normal force coefficient
Cn = yaw moment coefficient
CP = coefficient of pressure
CY = side force coefficient
D = singular value matrix
~D = batched singular value matrix

d = ROM dimension
ff = forget factor of streaming singular value decomposition
fn = natural frequency
g = regression function operator
h = preserved left singular vectors
I = identity matrix
Iyy = moment of inertia in y-direction

i, j = generic indices
K = generic covariance matrix
Kcc = covariance matrix between inducing points
Kmm = exact covariance matrix

Kmc = covariance matrix between input samples and inducing
points

k�⋅� = kernel function
Lref = reference length
M = Mach number
m = number of snapshots
n = degrees of freedom of samples
p = vector of design variables
Q = orthogonal basis of incorporated data
Qmm = sparse approximation of covariance matrix
q̂ = dynamic pressure
R = upper triangular matrix of incorporated data
S = data scatter matrix
Sref = cross-sectional area
U = left singular vectors of R or mode matrix
U 0 = partial mode matrix
~U = batched partial mode matrix

Û = truncated partial mode matrix

V = right singular vectors of R
~V = batched right singular vectors Ri

v = number of validation snapshots
wj = jth weight of regression model

X = matrix of snapshots
x = single snapshot
�x = snapshot matrix mean
Z = matrix of latent coordinates
z = single latent coordinate
zi = ith coordinate of z
α = angle of attack
αtotal = total angle of attack
_αtotal = total rate of angle of attack
β = side slip angle
Δ = normalized distance function
δ = desired information content
ϵ = observed noise
θ = pitch angle
_θ = pitch rate

θk = length scale of covariance function
μ = mean of prior Gaussian distribution
ρ = atmospheric density
Σ = singular value matrix
σ = singular value

σ2v = variance of covariance function

σ2n = noise variance

Φ = POD mode matrix
ϕ = POD mode
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ϕ = roll angle
_ϕ = roll rate

ψ = yaw angle
_ψ = yaw rate
ωn = natural angular frequency

I. Introduction

T HE entry, descent, and landing (EDL) for planetary missions
have utilized blunt-body vehicles, or entry capsules, for several

decades. Entry capsules are designed to withstand the stress of entry,
effectively dissipate heat, and slow the vehicle down to safely land
scientific payloads onto a planet’s surface. However, a critical chal-
lenge with entry capsules is that they display dynamic instabilities in
the supersonic to transonic flight regimes, which is exacerbated by
the vehicle’s rapid deceleration [1]. Accurately quantifying this
dynamic stability behavior both through physical testing methods
[1–4] and computational fluid dynamics (CFD) simulations [5–11]
has been a significant research effort. Current practices of dynamic
stability quantification make linear and quasi-static aerodynamic
assumptions, utilizing assumed functional forms to derive dynamic
stability coefficients from trajectory-fitting techniques [1]. Research
is ongoing to account for the nonlinear dynamic nature of these
vehicles with nonlinear functional forms for dynamic stability coef-
ficients [12,13]. Research by Ernst et al. [7] avoided dynamic
stability coefficients altogether by using neural networks to predict
time-accurate forces and moments on the vehicle. These research
efforts highlight that the focus of recent dynamic stability quantifi-
cation is devoted to finding more physically consistent functional
forms to represent the dynamic aerodynamic characteristics of entry
vehicles. Since the aerodynamic response of the vehicle is driven by
surface pressure and skin friction fields [14], what if there were a way
to efficiently predict these aerodynamic sources? This would capture
the vehicle behavior and eliminate the need for linear and quasi-static
dynamic stability coefficients [15].
Reduced-order models (ROMs) are a type of surrogate model

with the ability to efficiently leverage high-fidelity aerodynamic
data to predict fields of data [15–22]. ROMs mimic the results of
CFD simulations by predicting the full aerodynamic field of interest
[15,22]. ROMs find a low-dimensional representation, or latent space,
of the high-fidelity aerodynamic data, capturing the dominant and
fundamental characteristics of the original data [15,16,23]. By utilizing
this latent space, predictions of the unsampled high-dimensional space
can be generated, producing similar results as CFD solutions but with
less online computational cost. ROMs are actively being applied to
fluid flow problems similar to blunt-body entry vehicles, such as
vortex shedding [24], turbulent flows [25,26], compressible flow
[17], unsteady aerodynamics [27], and store separation [28].
Dean et al. [15] previously applied a ROM methodology to

predict pressure distributions on the surface of the Genesis Sample
Return Capsule (SRC) ballistic range model resulting from forced
pitching oscillation trajectories. The results showed success in
predicting an unsampled trajectory, with greater success occurring
with the heatshield predictions than with the backshell. The authors
outlined some limitations of the work, which are summarized here.
Firstly, the CFD grid was only suitable for resolving pressure forces;
therefore, skin friction predictions were not explored and may be
critical to understanding dynamic instability. Secondly, some grid
refinement was needed to better resolve the flow over the shoulder
region of the entry capsule, as most of the error in the heatshield
predictions was related to this region. Thirdly, the ROMs were
constructed using kriging regression, which is known to scale
poorly with large amounts of training data; using approximate
kriging methods was suggested to efficiently incorporate the large
amount of data that the CFD produces. Finally, Dean et al. [15]
stated that the ROMs were constructed from forced rotational
oscillation data which could result in the vehicle having an unreal-
istic behavior when used in free-flight trajectory prediction. Apply-
ing the ROM methodology to free-flight CFD data would progress
the methodology further by capturing more physically consistent
dynamics [15].

This research advances the work of Dean et al. [15] by updating
the ROM methodology to account for more representative CFD-in-
the-loop flight simulation data to produce both pressure and skin
friction ROMs. Additionally, this research contributes to the quan-
tification of the dynamic stability of blunt-body entry vehicles by
creating an aerodynamic ROM capable of predicting aerodynamic
forces and moments without traditional linearized aerodynamic
assumptions.

II. Reduced-Order Modeling Methodology

The ROMs outlined in this research are classified as nonintrusive,
or data-driven, requiring only the inputs and outputs to be trained
[16,29]. This is favorable in many applications involving black-box

analysis codes, like in cases leveraging industry-standard CFD
simulations [15,16,29]. When it comes to fluid flow analysis with
ROMs, applications are divided into two categories: parametrically
varying fluid flows and time-varying fluid flows [15]. Parametri-
cally varying ROMs are built on the parametric variation (i.e.,
variations in Mach number M or angle of attack α) of steady flow-
fields [15,30]. In contrast, time-varying ROMs are built on modal
decomposition and identifying underlying structures in unsteady
fluid flows [15]. To build an entry vehicle ROM that captures the
dynamic response of the vehicle resulting from the flowfield and the
vehicle state, it is critical to develop a parametric and time-varying
ROM [15].
As stated by Dean et al. [15], a ROM can be divided into four

main components: training data generation, dimensionality reduc-
tion (DR), interpolation or regression, and backmapping. The ROM
methodology outlined in [15] is summarized below, with several key
additions for this application.

A. Training Data Generation

This research focuses on developing an entry capsule ROM
capable of predicting the pressure and skin friction distributions
over the surface of a vehicle. The pressure and shear stress training
data are generated using a CFD-in-the-loop flight simulation envi-
ronment that combines the six-degree-of-freedom (6DOF) trajectory
simulation tool, Program to Optimize Simulated Trajectories II
(POST2), and the CFD simulation tool, Fully Unstructured Nav-
ier–Stokes (FUN3D). This tool was first developed by Ernst et al.
[31] and has been applied to the Army–Navy Finner (ANF) projec-
tile, Supersonic Inflatable Aerodynamic Decelerator (SIAD) ballis-
tic range tests [31–33], Mars Science Laboratory (MSL) Reaction
Control System (RCS) jet firing [5], and high-fidelity human-scale
Mars Lander simulations [34,35]. Utilizing the POST2/FUN3D
framework, the vehicle can be simulated in full 6DOF motion,
providing time-accurate aerodynamics and dynamics of the vehicle.
To construct the ROM, the aerodynamic fields of interest must be

related to all relevant vehicle states. Ideally, relevant state variables
would be selected and variable ranges would be established for the
entire trajectory space. Then, a design of experiments (DoE) would
be generated to capture the vehicle state space most efficiently. The
samples of such a DoE would normally be uncorrelated to avoid
introducing any bias to the model. Finally, the simulations would be
run for each sample of the DoE. However, this procedure is not
possible with free-flight simulations, as the vehicle states are only
explicitly prescribed at the initial conditions. Therefore, the follow-
ing is a key research question: How can CFD-in-the-loop flight
simulation be sampled to populate the free-flight ROM input space?
As outlined in [36], only the initial configuration of the vehicle at

release can be controlled, with the vehicle motion resulting from
aerodynamic interactions. Each point along the flown trajectory
provides a potential training point for the ROM, but the vehicle
states captured by a single trajectory are unknown until it is flown.
With multiple flown trajectories, the observed vehicle states are
unlikely to be uniformly distributed, i.e., the trajectories could
converge, diverge, or remain constant throughout the state space.
Similarly, gaps in the state space sampling are possible, as those
regions could correspond to states that a vehicle would rarely
encounter in real flight. Such nonideal sampling distribution will
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affect the quality of the ROM and potentially result in poor pre-
dictions. To combat this issue, the following sampling methodology
was implemented:
1) Identify the vehicle state variables of interest and their relevant

bounds.
2) Apply an initial DoE sampling to the first, or highest, Mi,

varying all other defined state parameters.
3) At each initial condition, simulate the free-flight trajectory,

terminating the run at the final Mf or lowest M that the vehicle
decelerates to, which has been established earlier.
By following this sampling methodology, the free-flight state

space should be sufficiently captured, enabling the generation of a
free-flight ROM. Specifics about how the sampling was conducted
for the given application are discussed in later sections.

B. Dimensionality Reduction

Dimensionality reduction (DR) is applied to the generated train-
ing data to establish the low-dimensional space for the ROM.
Previous research has leveraged principal component analysis
(PCA) or proper orthogonal decomposition (POD) to effectively
reduce aerodynamic surface distributions resulting from the forced
rotational oscillation of the Genesis SRC ballistic range model [15].
POD is an unsupervised, linear DR method that utilizes eigenvalue
decomposition to extract the main features of the data [37]. The
objective of POD is to decompose the full-order model (FOM) into
basis functions called modes that capture the highest amount of
energy or variance in the data in the least number of modes neces-
sary [37]. The following section summarizes the methodology.
From the free-flight simulations, a snapshot matrix X � �x1; : : : ;

xm� ∈ Rn×m is generated from m snapshots x having n degrees of
freedom. For this ROM application, a snapshot x is a sample of the
aerodynamic field of interest, m represents the total number of
samples produced from all the simulated free-flight trajectories,
and n represents the size of each field. Specifically, the pressure
and wall shear stress fields, or CP and CF in nondimensional form,
are calculated at the CFD grid surface points. Note that the wall
shear stress is a vector field, meaning that each grid point holds three
shear stress values and that the resulting snapshot is three times the
size of the grid. The input matrix X is mean-centered before apply-
ing POD, resulting in [15,16]

�x � 1

m

m

j

xj � 0 (1)

After centering, the high-dimensional snapshot matrix X is pro-
jected into the low-dimensional latent space composed of the POD
modes, represented as orthonormal basis vectors ϕ [15,16]. These

are collected into a mode matrix Φ � �ϕ1; : : : ;ϕd� ∈ Rn×d, where
the number of selected modes d defines the dimension of the latent
space [15,16]. The POD modes are defined such that the following
Rayleigh quotient is maximized [38]:

max
ϕj

ϕT
j Sϕj

ϕT
j ϕj

(2)

where S � �1∕m�XXT is the data scatter matrix [15,16]. Singular
value decomposition (SVD) is performed on the input snapshot
matrix X to calculate the mode matrixΦ. Traditional SVD methods

have a computational scaling of O�nm2� and require O�nm�
memory [39]. This would be computationally prohibitive consider-
ing the amount of training data generated by the free-flight simu-
lations. As in [15], this work leverages instead a streaming SVD
algorithm developed by Maulik and Mengaldo [39]. This approxi-
mate method reduces the computational cost and the memory needs
toO�nmh� and O�nh�, respectively, where h is a user-defined value
to truncate the matrix calculations.¶ As part of the process, the

snapshot matrix is split into smaller batch matrices Ai ∈ Rn×b,
where b is the number of snapshots associated with each batch. A
QR decomposition is applied to the first subset, or batch, of dataA0,
resulting in [15]

A0 � Q0R0 (3)

A conventional SVD is applied to the generated upper triangular
matrix R0:

R0 � U 0D0V
T
0 (4)

The initial mode matrix U0 is then given by

U0 � Q0U
0 (5)

Avalue h such that d < h ≪ m, where d is the number of retained
POD modes, is predefined to set the number of singular vectors to
preserve with each batch load [15]. The goal is to maintain a
significant amount of variance from each batch before optimizing
the final number of retained POD modes. For each additional batch,
a QR decomposition is applied after the columnwise concatenation
of the new batch Ai to the combined preserved modes and singular
values, resulting in

�ff�Ui−1Di−1kAi� � QiRi (6)

where a forget factor ff ∈ �0;1� is specified to vary the effect of
previously loaded batches of data on the final result of the algorithm.
This application uses an ff � 1.0 so that the batches are included
equally [39].
The process continues by computing an SVD on the combined

data:

Ri � ~Ui−1 ~Di−1 ~VT (7)

The singular values of ~Di−1 are checked to ensure that they are in

descending order. Then ~Ui−1 and ~Di−1 are sliced to incorporate only
the defined h values as specified by the user. The truncated matrix of

modes becomes Ûi−1, and the truncated matrix of singular values
becomes Di. The truncated mode matrix is recombined with the
orthogonal basis of the incorporated data Qi, resulting in

Ui � QiÛi−1 (8)

This process is repeated until all batches of data are included. The

end result is a matrix ~U ∈ Rn×h of singular vectors, and a diagonal

matrix Σ � D � diag�σ1; : : : ; σk� ∈ Rh×h containing the corre-
sponding singular values σ in descending order. The POD modes

ϕj are found using the d-largest singular vectors of ~U who also

correspond to the first d columns.
The final number of POD modes d is selected using the relative

information content (RIC) defined as

RIC�d� �
d
i�1 σ

2
i

r
j�1 σ

2
j

(9)

Desired information content δ ∈ �0;1� is selected that preserves d

basis vectors that achieve RIC�d� ≥ δ [15,16,40]. Values of δ can
vary depending on the application, although δ ≥ 0.99 are commonly
found in the literature [15,16,41]. Next, the latent space coordinates

are calculated using the retained POD modes by Z � ΦTX [15,16].

The matrix Z � �z1; : : : ; zm� ∈ Rd×m contains a set of coordinates
for each snapshot [16].

C. Interpolation or Regression

The next step in the ROM methodology is to create a parametric
mapping of the latent space coordinates Z to predict unsampled
input parameters [15]. Namely, some interpolation or regression

¶In Maulik and Mengaldo [39] and Dean et al. [15], the user-defined value
to truncate matrix calculations is defined by k.
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function gi∶p ↦ zi is trained to map some input vector p ∈ Rm,

where m is the dimension of the input parameter space, to the ith

coordinate zi. With this research, the input p is composed of vehicle

state parameters, such as α, side slip angle β, andM. Note that a total

of d independent mappings gi are trained to predict all the coor-

dinates of the POD latent space, which will be leveraged during the

backmapping phase described in Sec. II.D.
Regression techniques used in ROMs include cubic spline [17],

radial basis function (RBF) [20,41], kriging [15,16], and artificial

neural network (ANN) [42], to enumerate a few. In a previous effort,

Dean et al. [15] leveraged a kriging regressor to predict unseen

latent coordinates. A kriging model was chosen in particular for its

robust training process, ability to handle noise in the training data,

and capability to estimate prediction uncertainty. The latter aspect

regarding prediction uncertainty is not directly relevant to the

current work but is a capability that was identified for future

ROM-based trajectory simulation efforts. Dean et al. [15] noted that

training kriging models from unsteady CFD results was challenging

due to the large amount of training data to process. The training

complexity of a kriging model scales with O�m3�, where m is the

number of training samples, i.e., the number of snapshots in the

current work. This represents a substantial computational burden

considering the current simulation framework generates tens of

thousands of samples and the expectation that only more samples

will be used in the future. As such, this work implements an
approximate or sparse kriging method to alleviate the computational

burden of the regression stage of the ROM. The following section

briefly summarizes both exact and sparse kriging modeling.

1. Exact Kriging Modeling

A conventional kriging model is a form of Gaussian process

regression [43] that represents some quantity of interest as a collec-

tion of random variables following a Gaussian distribution. A

predictor is formed by conditioning this Gaussian distribution to

some observations, i.e., the training data, and taking the mean of the

resulting posterior distribution. Using the current nomenclature, the

functional representation of the kriging predictor can be generally

written as

z�p�� �
m

j�1

wjk�p�;pj� � μ�p�� � ϵ (10)

where z is the quantity being predicted, p� is the input parameter for

the prediction, and pj are the observed data. The form of Eq. (10)

shows that the model is a sum of function k�pi;pj� multiplied by a

corresponding weight wj. This function is referred to as a covari-

ance or kernel function and captures the dependence between two

coordinates in the input space. The result of the predictor is offset by

a variable μ that represents the assumed mean of the prior Gaussian

distribution. In most situations, μ is either assumed to be constant or

to have a simple functional form, such as a multivariate polynomial.

For this particular work, μ is represented by a simple linear function.

Lastly, ϵ represents the observed noise, which is modeled as

ϵ ∼N �0; σ2n�, where σ2n is the noise variance.
The covariance function k�pi;pj� can take several forms, with

some being more suited for specific types of problems. Common

choices include the Matérn family of functions, which includes

the well-known squared-exponential function [43]. This work lev-

erages instead the Matérn 3∕2 kernel due to its robustness, which is

given by

k�pi;pj� � σ2v�1� 3
p

Δ� exp�− 3
p

Δ� (11)

where Δ is a normalized distance defined as

Δ �
b

k�1

pi;k − pj;k

θk

2

(12)

In the above, the variables σ2v and θk are the variance and the length
scales of the covariance function. Together with the noise variance

σ2n, these are often referred to as hyperparameters, and their appro-
priate values must be determined through training. This is com-
monly done by maximizing the marginal log-likelihood of the
Gaussian process. This objective is given by

L � −
1

2
~zT�K� σ2nI�−1 ~z −

1

2
log jK� σ2nIj −

m

2
log�2π� (13)

where ~z � z − μ1, and K ∈ Rm×m is a covariance matrix whose
entries Kij � k�pi;pj� are the covariance function evaluated for

each observation pair. Most of the training computation arises from

calculating the inverse and the log-determinant of the matrix K�
σ2nI in Eq. (13). This is typically done using a Cholesky decom-

position having a numerical complexity of O�m3�, which becomes
prohibitive for large m. For this reason, kriging is not usually
recommended for datasets larger than a few hundred samples [44].

2. Sparse Kriging Modeling

Multiple authors have recognized the scalability issue of kriging and
Gaussian process regression and have offered approximate methods to
improve their applicability to large datasets (see [45] for a review).
Among these solutions are methods using pseudo or inducing points to
construct a sparse approximation of a Gaussian process [46–49]. This
smaller set of points exists in the same input space as the training data
and forms a low-rank approximation of the true covariance matrix.
This results in the following Nyström approximation:

Kmm ≈Qmm � KmcK
−1
ccK

T
mc (14)

whereKmm ∈ Rm×m is the exact covariance matrix as used in Eq. (13),
and Qmm ∈ Rm×m is its sparse approximation. This is constructed
from the matrix Kcc that holds the covariance between pairs of c
inducing points uj ∈ Rm, as well as the matrix Kmc ∈ Rm×c repre-

senting the covariance between the input samples and the inducing
points. Using the Sherman–Morrison–Woodbury formula, one can

approximate the inverse of Kmm � σ2nI with

�Qmm � σ2nI�−1 � σ−2n I� σ−2n Kmc�σ2nKcc �KT
mcKmc�−1KT

mc

(15)

and using the matrix determinant lemma, its log-determinant with

log jQmm � σ2nIj � log jK−1
cc j � log jσ2nKcc � KT

mcKmcj (16)

This sparse approximation results in a complexity ofO�mc2� that is a
significant reduction over the O�m3� complexity of the exact solution
when c ≪ m. One should note that the number and location of
inducing points uj must still be defined. They can be a subset of the

observed inputs pj, be randomly distributed within the input space, or

even be determined through some optimization process.
The sparse kriging method implemented in this work is based on

the variational free energy (VFE) formulation proposed by Titsias
[49]. In this approach, the location of uj is optimized jointly with the

values of the other hyperparameters fσ2v; σ2n; θkg of the kriging
model during the training. This is made possible by introducing a
variational Gaussian distribution that approximates the true pos-
terior distribution. As such, instead of maximizing Eq. (13), the
VFE formulation maximizes the variational lower bound of the true
marginal log-likelihood, which is given by

LVFE � −
1

2
~zT�Qmm � σ2nI�−1 ~z −

1

2
log jQmm � σ2nIj

−
m

2
log�2π� − 1

2σ2n
tr�Kmm −Qmm� (17)

The above objective is similar to Eq. (13) except for the last trace
term, which acts as a regularization term [49]. Because of this term,
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the VFE formulation usually produces more robust models com-
pared to other sparse approximations [50], which tend to overfit.
Note that when the inducing points uj match exactly the observa-

tions pj, the true log-likelihood of Eq. (13) is recovered. The current

sparse kriging model is implemented in Python and leverages the
JAX package [51] to automatically differentiate Eq. (17). The train-
ing is done using gradient-based optimization with random restarts
to prevent the training from getting stuck in a local optimum.

D. Backmapping

Finally, after the regression model is used to predict a point, p�, a
backmapping technique is used to project the latent space coordi-
nates back into the high-dimensional space [15]. With POD, back-
mapping is easily achieved by the linear operation x�p�� �
Φz�p��, which takes advantage of the direct linear relationship
between the latent coordinates and the high-dimensional space
[15,16]. This creates a ROM of the form shown in Eq. (18) [15]:

f̂�p� � �x�
d

i�1

ϕizi�p�� � �x�Φz�p�� (18)

E. Evaluating Model Performance

The accuracy of the ROM is evaluated at the v number of
validation points along a selected free-flight validation trajectory.
The accuracy of predicting the aerodynamic field using the ROM is
determined by calculating the total mean absolute error (MAE) [15]:

MAEtotal �
v
j�1 kxj�p�� − x�j k1

nv
(19)

where xj�p�� is the predicted field and x�j is the actual field at an
unsampled point in the trajectory [15]. Errors in the ROM can be
divided into two main sources: compression error and regression
error [15]. Some fidelity is lost when the high-dimensional data is
projected into the reduced subspace defined by the POD modes.
This loss can be measured by compression error and calculated
using [15]

MAEcomp �
v
j�1 kΦΦTx�j − x�j k1

nv
(20)

where ΦΦTx�j is the reconstructed field from the original x�j field

using the POD modes [15]. If this error is large, it can either indicate
that more POD modes are needed to capture the desired fidelity or
that the selected DR technique is insufficient to capture the struc-
tures present in the high-dimensional data. The other main source of
error in a ROM is regression error, which measures the regression
model’s ability to predict untrained latent space coordinates [15]. It
is calculated by

MAEreg �
v
j�1 kzj�p�� − z�j k1

nv
(21)

where zj�p�� is the predicted latent coordinates, and z�j is the actual
latent coordinates at the unsampled vehicle state [15]. If this error is
high, it might be an indication that the regression model of choice is
insufficient to predict the trends exhibited by the latent space.
Additionally, axial coefficient CA, side force coefficient CY ,

normal force coefficient CN , pitching moment coefficient Cm, yaw-
ing moment coefficient Cn, and rolling moment coefficient Cl are
calculated by integrating the ROM-predicted pressure and skin
friction fields and comparing them to the aerodynamic results
generated by FUN3D. Evaluating the ROM-based aerodynamic
coefficients is critical to assessing the ROM’s ability to capture
relevant aerodynamic features in the reduced-order space and pre-
dicting these trends at unsampled points. Figure 1 shows the coor-
dinate system for the vehicle, noting the angle of attack α, side slip
angle β, bank angle ϕ, and relevant aerodynamic coefficients.

It should be noted that aerodynamic coefficients are computed along
the x-y-z axes shown in the figure. However, FUN3D uses flipped x

and z axes internally (denoted xFUN3D and zFUN3D), which are also
used for surface field visualization in this study.

III. Application: Genesis Sample Return Capsule

To demonstrate the methodology of the previous section, the
Genesis SRC outer mold line was selected to construct an aerody-
namic ROM. This capsule geometry has known dynamic instabil-
ities at the low supersonic to transonic Mach regime, leading to an
increased tumbling risk during longer flights [52]. Figure 2 shows
the dimensions of the ballistic range model utilized to construct the
CFD grid, and Fig. 3 shows the near-field and far-field two-
dimensional (2D) planar slices of the computational grid used for
the CFD-in-the-loop flight simulations. This grid was designed for
−30° ≤ α ≤ 30° and 0.3 ≤ M ≤ 2.5, resolving both pressure and
skin friction data on the vehicle’s surface. These ranges were
selected to balance the computational demands of the computational
grid and identified trends in the Genesis SRC ballistic range testing
shown in [52]. Several refinement regions exist in the grid to capture
shear layers, recirculation, wake regions, and the traveling bow
shock that occurs as the vehicle decelerates. This results in a total
of 55.6 million nodes in the full mesh (240,076 nodes on the
vehicle’s surface) and about 320.4 million total elements. The
CFD simulations were conducted with a detached eddy simulation
(DES) turbulence model using a 5 μs time step. Additional CFD

Fig. 1 Vehicle coordinate system.

Fig. 2 Genesis SRC ballistic range model (reproduced from [52]).
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settings include a heuristic van Albada flux limiter (called hvanal-

bada in FUN3D) and a Dissipated Low-Diffusion Flux-Splitting
Scheme (DLDFSS) for flux construction. Comparisons between the
CFD-in-the-loop flight simulations and the Cheatwood et al. [52]
ballistic range shots showed similar dynamics, indicating the CFD
settings and grid were sufficient to capture general trends in the data.

A. Vehicle State Space Sampling

As outlined in Sec. II.A, the free-flight trajectory sampling begins
with identifying the relevant state variables. Traditional aerody-
namic databases include the atmospheric density ρ, M, α, and β,
with the latter sometimes combined into the total angle of attack
αtotal [53–55]. Possible vehicle state parameters to vary in the free-

flight simulation includeM, pitch angle θ, pitch rate _θ, yaw angle ψ ,
yaw rate _ψ , roll angle ϕ, and roll rate _ϕ. All these variables can
feasibly be varied as initial conditions to the POST2/FUN3D frame-
work. Literature was leveraged to establish the bounds of the
sampling space. The initial Mach number was held constant atM �
1.9 for each variation in the vehicle state parameters, allowing the
vehicle to decelerate down to M � 0.99 during the free-flight
simulation. This allows future work to compare results with the
ballistic range shot at Maverage � 1.4 from Cheatwood et al. [52].

Initial pitch and yaw angle ranges were selected to be −15° ≤
θ ≤ 15° and −15° ≤ ψ ≤ 15°, respectively. Based on the data
reported by Cheatwood et al. [52], initial conditions for the reported
ballistic range shots tend to be below 10° for all averageM numbers.
Specifying initial θ and ψ values lower than the bounds of the CFD
grid (up to α 	 30°) allows room for oscillations to grow beyond the

initial conditions. Including the _θ and _ψ in the sampling is impor-
tant, as changes in these values can have large implications for the

vehicle dynamics. However, _θ and _ψ , or even _αtotal, are not explicitly
reported in the Genesis SRC literature. Additionally, the initializa-
tion procedure for the POST2/FUN3D framework does not cur-

rently allow the explicit selection of an initial _θ and _ψ . To simulate a
free-flight trajectory with the POST2/FUN3D framework, a series
of initialization steps are conducted: 1) generate a converged
FUN3D steady simulation of the static vehicle; 2) generate a con-
verged FUN3D unsteady simulation of the static vehicle; and 3)
generate a forced motion simulation to bridge the gap between static
simulation conditions and initial conditions of free-flight simula-
tions. The challenge arises in the third step, where a forced motion
trajectory is generated to match an input amplitude, frequency, and
phase. This process can account for both pitch and yaw forcing
functions. Amplitude values are selected based on the desired θ and
ψ values. Frequency is determined using the natural frequency of
the vehicle at the initialM using Eqs. (22) and (23) together with the

vehicle parameters outlined in Table 1. A Cm;α value was selected

using data reported in Cheatwood et al. [52]. Phase can be visualized

as a proxy to varying _θ and _ψ for the vehicle. By varying the phase

angle between 0° and 90° and combining that with both negative

and positive amplitudes, a range of _θ and _ψ can be achieved.

fn � ωn

2π
(22)

ωn � −Cm;αq̂SrefLref

Iyy
(23)

Roll angles and rates were not reported in the ballistic range testing

of the Genesis SRC. Estimated roll rates can be calculated using the

spin rate reported for the full-scale Genesis SRC capsule during

flight provided by Desai and Cheatwood [56]. This results in a

ballistic range model roll rate nearing 2000°∕s. A roll rate this high

aligns with the work of Ernst et al. [33], where roll rates were seen

up to −1860°∕s for the SIAD ballistic range shot. These results also

show that roll rates remain relatively constant throughout a flight.

Therefore, to capture roll effects in the large free-flight sampling

space of this vehicle, a significant amount of samples would be

required. Therefore, the vehicle will be free-to-roll during the free-

flight simulations, but ϕ and _ϕ are not included as DoE sampling

variables.
Table 2 summarizes the DoE variables and ranges that were

simulated using the POST2/FUN3D framework. A Latin hypercube

sampling scheme was selected, resulting in 25 trajectories that were

simulated. While the CFD simulation time step was 5 μs, surface
pressure and skin friction shear data were exported every 50 μs to

Fig. 3 Two-dimensional slices of free-flight computational grid.

Table 1 Genesis SRC
parameter summary

Variable Value

Mi 1.9

ρ, kg∕m3 1.213

aref 343.11

Cm;α −0.0815
Sref , m

2 0.00378

Lref , m 0.06942

Iyy, kg ⋅m2 1.99E−04
ωn, rad∕s 166.43
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save computational time and storage. Table 3 summarizes the initial

conditions of the sampled trajectories, including their ID numbers.
The ROMs are constructed utilizing the data from 24 of the

available trajectories. The free-flight trajectory labeled as 113 was

omitted from the training of the ROM to be used as the main

validation case for ROM capabilities. This process was repeated using

trajectory 102 as the left-out case for additional validation. Figure 4

shows the vehicle state space spanned by the capsule throughout the
trajectories. The sampled free-flight trajectories cover a wide range of

angles and rates the vehicle may encounter in this flight regime.While

there are likely still sparsely sampled regions, most notably in the

hyperdimensional spaces that result in a star-like pattern (see Pitch

Rate vs Yaw Rate), the sampled space is sufficient to evaluate the free-

flight ROM methodology. Each point in this scatterplot matrix rep-

resents a sampled pressure and skin friction distribution on the surface

of the vehicle that a ROMwas trained with. Four ROMs are generated

in this research: a heatshield CP ROM, a heatshield CF ROM, a

backshell CP ROM, and a backshell CF ROM. The methodology for

constructing each ROM is mostly identical, with small changes noted

in the relevant sections. Table 4 summarizes the size of the resulting

snapshot matrices. It is important to note that when creating a skin

friction ROM, the components fCFx
; CFy

; CFz
g are combined in the

snapshot matrix by stacking the data in the n-dimension.

B. Data Transformations

To enable comparison to literature values and simplify the ROM

analysis, the data used in the ROM need to be in a consistent

reference frame. The surface data output by FUN3D for each

trajectory simulation is in the FUN3D inertial reference frame

[57]. Yet entry vehicle aerodynamics are often reported in the body

frame, utilizing aerodynamic coefficients like the axial, normal, and

pitching moment coefficients. To ease the computational burden, the

untransformed and untranslated vehicle grid is used to calculate the

aerodynamic coefficients. This is referred to as the origin grid. From

this grid, the surface normal vectors are calculated, and no trans-

formation matrix is required to integrate CP into pressure forces. As

for viscous forces, a transformation is required to map the skin

friction shear vector fCFx
; CFy

; CFz
g into the body frame. It is

generally simpler to have the ROM prediction in the body frame,

and as such, the CF data from FUN3D is transformed before the DR

step. This is achieved with the following RIB rotation matrix [31]:

RIB �
cosψf cos θf cosψ i sinϕf sin θf − cosϕi sinψf sinϕf sinψf � cosϕf cosψf sin θf

cos θf sinψf cosϕf cosψf � sinϕf sinψf sin θf cosϕf sinψf sin θf − cosψf sinϕf

− sin θf cos θf sinϕf cosϕf cos θf

(24)

where θf, ψf, and ϕf are the pitch, yaw, and roll angles in the body

reference frame defined by FUN3D. Additionally, due to the nature

of the POST2/FUN3D framework, a correction factor must be

applied to the aerodynamic coefficients to account for changing

freestream conditions [31]. This is achieved by multiplying the

results by Q∕Qref, where Q is the dynamic pressure at the specific

time step of interest, and Qref is the reference dynamic pressure in

FUN3D [31].

Table 2 Initialization state variable ranges

Variable Minimum Maximum

Mach — — 1.9
Frequency, Hz — — 46.49
Pitch amplitude, deg −15 15
Pitch phase, deg 0 90
Yaw amplitude, deg −15 15
Yaw phase, deg 0 90

Table 3 Initial conditions for CFD-in-the-loop flight simulation cases

Forcing function inputs Translated POST2/FUN3D inputs

Job ID Pitch amplitude Pitch phase Yaw amplitude Yaw phase Pitch angle Pitch rate Yaw angle Yaw rate

101 2.82 19.59 1.07 26.66 0.94 453.64 0.48 163.49
102 1.48 27.33 3.91 75.99 0.68 224.53 3.80 161.99
103 4.13 56.90 2.04 48.28 3.46 385.78 1.52 231.47
104 −1.26 62.87 −7.26 34.21 −1.12 −98.38 −4.08 −1026.76
105 9.76 6.07 −1.10 29.21 1.03 1659.28 −0.53 −163.47
106 −11.05 3.12 0.12 56.24 −0.60 −1886.20 0.10 11.78
107 −2.95 45.68 −10.33 20.69 −2.11 −352.49 −3.65 −1651.77
108 7.87 32.08 5.43 52.46 4.18 1140.14 4.31 564.27
109 −3.00 83.09 10.48 89.10 −2.98 −61.75 10.48 28.18
110 12.03 33.89 −1.97 41.43 6.71 1707.22 −1.30 −250.37
111 −5.87 17.77 8.22 14.44 −1.79 −955.42 −2.05 −1359.66
112 0.23 24.52 13.93 13.61 0.10 35.95 3.28 2315.56
113 5.99 42.36 8.87 80.77 4.03 756.49 8.75 242.46
114 −7.15 48.18 7.71 39.27 −5.33 −815.55 4.88 1016.22
115 −12.43 11.85 −3.28 74.89 −2.55 −2079.41 −3.17 −146.15
116 4.73 39.26 11.45 3.27 2.99 626.45 0.65 1951.40
117 12.71 76.93 4.44 4.33 12.38 491.41 0.34 739.38
118 −5.25 60.34 −14.19 62.24 −4.57 444.50 −12.56 −1126.74
119 −8.50 67.61 −11.45 83.31 −7.86 −553.71 −11.38 −225.99
120 −14.89 80.44 −5.35 66.86 14.68 −422.55 −4.92 −347.83
121 10.92 74.13 −9.50 68.44 10.50 510.49 −8.84 −586.98
122 7.21 53.56 13.30 22.93 5.80 732.70 5.18 2083.08
123 14.62 70.23 −6.35 45.56 13.75 845.21 −4.53 738.20
124 −12.66 10.79 9.09 9.60 −2.37 −2126.18 1.51 1530.39
125 −9.89 88.98 −12.73 60.39 −9.89 −30.01 −11.07 −1059.37
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IV. Results

A. Dimensionality Reduction

1. Relative Information Content

Figure 5 displays the RIC plots for the heatshield and backshell

ROMs for CP. Figure 6 displays the RIC plots for the heatshield and

backshell ROMs for CF. These plots indicate the amount of variance

stored in each POD mode and the number of modes required to

achieve the user-specified RIC value. The caption of each figure

indicates the RIC value for each ROM. Similar to Dean et al. [15],

Fig. 4 Vehicle state space for sampled free-flight CFD-in-the-loop flight simulations.

Table 4 ROM snapshot matrix dimensions

Data type Degrees of freedom, n Snapshots, m

Heatshield

CP 85,452 136,304

CF 256,356 136,304

Backshell

CP 154,624 136,304

CF 463,872 136,304

Fig. 5 RIC plots for CP ROMs.
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POD with streaming SVD significantly compresses the input snap-

shot matrices. The ROMs average about four orders of magnitude

reduction in the degrees of freedom, indicating more distinct, dom-

inant structures occur in the free-flight data. Figure 6b, showing the

backshell CF data, has the lowest RIC value of all the ROMs at 0.7.

To achieve an RIC of 0.9, the backshell CF ROM required over 170

modes. This would be a significant computational burden to regress

each mode; therefore, a lower RIC was selected. The high number of

modes required to achieve an RIC of 0.9 suggests significant noise

or chaos in the data, indicating that a few coherent structures cannot

fully explain the variance present.

2. Proper Orthogonal Decomposition Modes

Figure 7 visualizes the three most significant POD modes of the

heatshield CP ROM, and Fig. 8 visualizes the three most significant

POD modes of the backshell CP ROM. POD modes represent the

dominant static structures present in the training data. These modes

have the same support as the CFD surface grid, allowing the

visualization of these modes on the vehicle’s surface. The literature

notes that POD modes combine both spatial and temporal structures

and can be nonphysical [15,58]. Mode 1 on the heatshield and

backshell display similar concentric circle patterns, whereas modes

2 and 3 display a striping pattern that appears similar to the pitch or

Fig. 6 RIC plots for CF ROMs.

Fig. 7 Three most significant POD modes for the CP heatshield ROM.

Fig. 8 Three most significant POD modes for the CP backshell ROM.
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yaw directions of the vehicle. Modes 2 and 3 on the heatshield,

Figs. 7b and 7c, appear to be similar to the first POD mode of the

forced oscillation ROM in Dean et al. [15]. This indicates a similar

dominant structure is present in both the forced rotational oscillation

data and the free-flight data, likely related to the pitching of the

vehicle. The structures of modes 2 and 3 suggest that the side-to-

side variations of the field are not aligned with the reference axes of

the vehicle. This could imply some coupling in the pitching and

yawing dynamics of the vehicle, although Fig. 5a shows that mode 2

is only marginally more important than mode 3.

Figure 9 shows the three most significant POD modes of the CF

heatshield ROM. Recall that to construct the CF ROM, all vector

directions of CF are combined into a single snapshot matrix. The

magnitude of CF is indicated by the color scale, while white arrows

drawn on the surface represent the orientation of the vector field

captured by the mode. Mode 1 of the heatshield, Fig. 9a, shows a

similar concentric circle phenomenon as the CP distributions, with

the CF field oriented radially. In this case, the POD mode is a

negative of the actual physics, i.e., where the POD vector field is

directed inward yet the skin friction vectors should be outward. This

makes no difference to the ROM, as the negative of a POD mode is

still a valid mode. Modes 2 and 3 show patterns similar to the

directions of modes 2 and 3 for the heatshield CP. The CF modes

tend to be isolated around the shoulder region of the capsule, which

can be seen upon close inspection of Fig. 9. Similar trends exist in

the three most significant POD modes of the CF backshell ROM,

shown in Fig. 10. Mode 1 shows the CF vector lines pointing in a

similar direction as mode 1 on the heatshield. Although the lines are

distinctly more curved, following the shape of the capsule. Modes 2

and 3 on the backshell are also oriented similarly to theCP backshell

modes, with CF vectors showing the dominant structures moving
around the outer edge of the backshell (see Fig. 2). This phenome-
non could align with the direction of the attached flow moving over
the three-dimensional (3D) capsule’s surface as the vehicle oscil-

lates in that axis. Experimental wind tunnel testing would be neces-
sary to verify the structures identified in this analysis represent
physical structures occurring on the vehicle.

3. Latent Space Visualization

The ROM’s latent space is sampled by projecting the snapshot
matrix into the reduced space spanned by the PODmodes. Figure 11
plots the latent coordinate values versus nondimensional time for the
three most significant latent dimensions of the CP heatshield ROM,
with colors representing the 24 training trajectories. It is important
to remember that the vehicle conducted 6DOF motion to create the
training data. Therefore, each point in Fig. 11 can be explained by a

set of vehicle state variables. The latent space was plotted against
time to represent this hyperdimensional space concisely. From these
plots, connections can be drawn between latent space coordinates
and vehicle state variables. For example, latent coordinate 1 shows a
similar trend as the Mach versus time plot of the vehicle. Latent
coordinates 2 and 3 appear to show similar functional relationships
to either pitch θ or yaw ψ versus time plots. Using Eq. (20), the
MAE of the DR component of the ROM is calculated to be

	0.0043, with the mean of the CP heatshield field being 0.310;
this is summarized in Table 5.
Figure 12 plots the latent coordinate values versus the nondimen-

sional time for the three most significant latent dimensions of the CP

backshell ROM. Similar to the heatshield, there are some underlying
trends in the latent spaces when plotted through time. While latent

Fig. 10 Three most significant POD modes for the CF backshell ROM.

Fig. 9 Three most significant POD modes for the CF heatshield ROM.
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coordinate 1 is mostly linked to the Mach number, there are also

oscillations present. Further analyses of these “oscillations” identify

the pattern to be a pulse-like change in the CP field throughout the

trajectory, aligning closely with changes in the cross-sectional area

of the vehicle along the x-direction. Latent coordinate 2 on the

backshell shows oscillations, but the trend also has a distinct “square

wave” trend. This trend is emphasized in Fig. 13, where trajectory

115 is plotted with αtotal. Additionally, Fig. 13 highlights a lagged

pressure phenomenon being captured in the latent space. This is

most notable in latent coordinates 1 and 2, where the latent space

coordinate peaks are shifted slightly from the αtotal motion of the

vehicle, indicated by the dashed black line. Literature notes that this

lagged pressure phenomenon exists in experimental wind tunnel

tests for blunt-body entry capsules [59]. It is important to note that

the distinct structures of the backshell were unlike the structures

seen in Dean et al. [15], which displayed much more chaotic
phenomena and turbulent structures. Equation (20) is used to cal-
culate the MAE of the DR component of the ROM. The MAE at
each node is 	0.0013, while the mean of the CP backshell field is
−0.184. Table 5 summarizes these values.
Figure 14 plots the latent coordinate values versus nondimen-

sional time for the three most significant latent dimensions of the CF

heatshield ROM. The trends in CF are similar to CP; the main
difference is the magnitude of the latent coordinate value. The most
significant latent coordinate of CP ranged around �−150;60�,
whereas CF ranged around �−0.4; 0.3�. The CF-based results likely
contribute less to the total aerodynamic coefficient compared to CP-
based values but might still play a key role in the capsule dynamics
over time. Using Eq. (20), the MAE of the DR component of the
ROM is calculated to be 	2.411e − 5, with the mean of the CF

heatshield field being 3.37e − 4; these values are summarized in
Table 5.
Similar to the CP backshell latent space, more noise or chaos is

present in the backshell CF latent space, which is shown in Fig. 15
for the three most significant latent coordinates. Latent coordinate 1
appears to be highly correlated with M variations, with a distinct
bend in the data around time step 2000 that is unlike the other
explored latent spaces. Latent coordinate 2 also appears to have a
“square-wave”-type feature, with the changes in latent coordinate
value being sharper than in CP. It is hypothesized that the square
wave captures an attachment and detachment phenomenon that
occurs on the backshell of these vehicles. The trend is likely sharper
in the CF backshell field because it would be related to the shear

Fig. 11 Three most significant latent spaces for the CP heatshield ROM.

Table 5 MAE summary

Data
type Compression error

Interpolation
error Total error

Heatshield

CP 0.310 	 0.0043 	0.548 0.314 	 0.0036

CF 3.37e − 4 	 2.411e − 5 	0.0038 3.41e − 4 	 2.601e − 5

Backshell

CP −0.184 	 0.0013 	0.488 −0.185 	 0.0047

CF −1.239e − 5 	 1.595e − 5 	0.0023 −1.277e − 5 	 1.987e − 5

Fig. 12 Three most significant latent spaces for the CP backshell ROM.
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Fig. 13 Zoomed-in version of three most significant latent spaces for the CP backshell ROM—trajectory 115.

Fig. 14 Three most significant latent spaces for the CF heatshield ROM.

Fig. 15 Three most significant latent spaces for the CF backshell ROM.
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layers in that region. Experimental testing would be required to

confidently draw connections between the phenomena observed in

the reduced-order space and the actual physics. The MAE is calcu-

lated using Eq. (20), resulting in the MAE at each node equal to
	1.595e − 5, with the mean of the CF backshell field being

−1.239e − 5; these values are summarized in Table 5.
Similar to Dean et al. [15], autocorrelation and frequency domain

analysis were applied to the latent space to isolate the frequency

content of the data. Autocorrelation, or other time series statistics,

can be used to decipher signal correlations in the data [60]. Results
for the shown latent spaces consistently showed the dominant

frequencies of latent coordinates 2 and 3 to be 19.19 and

18.84 Hz. These values are around the average natural frequency

of the entry vehicle between 0.99 ≤ M ≤ 1.9. Additionally, power
spectral density (PSD) values, specifically in the backshell latent

spaces, show high-frequency content that decays at a rate of f−5∕3,
aligning with turbulent theory on energy cascade and the previous

work of Dean et al. [15].

4. Reconstructed Aerodynamic Coefficients

By representing the free-flight data with reduced modes, some level

of fidelity is inevitably lost. Reconstructing the aerodynamic coeffi-

cients from the POD modes and the latent spaces of the training data

is a way to evaluate which data structures remain of the high-

dimensional training data. The high-dimensional space of the training
data is reconstructed using backmapping, where x�p�� � Φz�p��.
The resulting low-dimensional form of the input snapshot matrixX is

integrated to produce forces and moments and then nondimension-

alized to produce aerodynamic coefficients [15]. Pressure-based

aerodynamic coefficient reconstructions were explored, demonstrat-

ing similar accuracy as the pressure-based reconstructions from
Dean et al. [15]. Figure 16 shows the reconstructed aerodynamic

coefficients for CF heatshield data for one of the training trajecto-
ries. The red lines represent the CFD-based aerodynamic coeffi-
cients for CF heatshield data, and the green lines represent the
reconstructed aerodynamic coefficient for CF heatshield data from
the reduced latent space and PODmodes. POD sufficiently maps the
full-order space into a linear subspace and preserves the majority of
the data structures associated with the aerodynamic coefficient
responses. Visually, the largest discrepancies appear to be occurring
in the rolling moment, Cl (Fig. 16f); however, the magnitude of this
coefficient is small. It is possible that the selected number of modes
washes out some of the chaotic phenomena associated with the
rolling moment. By preserving more modes during dimensionality
reduction, more of these phenomena could be captured. However,
due to the low magnitude of this coefficient, the benefits of captur-
ing this chaotic phenomenon may not outweigh the computational
expense of training additional POD modes.
Figure 17 shows the aerodynamic contributions for CF backshell

of one of the training trajectories. Similar to Fig. 16, these plots
indicate that the data structures relevant to the vehicle aerodynamic
response are being captured by POD. Additionally, the backshell CF

data only uses 70% of the RIC of the high-dimensional data; there-
fore, it is significant that the POD modes are capturing these trends
with this low RIC value. The rolling moment Cl shows similar
trends on the backshell, indicating that the selected modes wash out
the low-magnitude rolling moment trend. It is important to recog-
nize that the free-flight trajectories were not initialized by distinct
roll angles and roll rates. The roll angles and rates seen here result
from the simulations’ unsteadiness. It is possible that if trajectories
were sampled in those variables, more distinct structures associated
with roll would appear in the data, andCl would be captured in more
dominant modes. Aerodynamic coefficients associated with CP

data follow similar trends to the CF data, as well as mimic the
minimal discrepancies shown in Dean et al. [15]. The CP data also

a) Axial coefficient b) Normal coefficient c) Side force coefficient

d) Pitching moment coefficient e) Yawing moment coefficient f) Rolling moment coefficient

Fig. 16 Actual vs reconstructed heatshield CF contributions to aerodynamic coefficients—trajectory 118.
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shows similar discrepancies in Cl, like those seen in the CF

reconstructions.

B. Predicting an Unsampled Free-Flight Trajectory

1. Predicting the Latent Space

A sparse kriging model using a Matérn 3∕2 kernel was trained

using the state space variables M, θ, _θ, ψ , _ψ , ϕ, and _ϕ to map the

ROM latent space. The ROMs were tested using the unseen free-

flight trajectory resulting from the initial conditions of trajectory

113 (see Table 3). The dynamics of this validation trajectory fall in

the middle of the training data set, minimizing extrapolation in

predictions. Figure 18 shows the actual versus predicted plots of

the three most significant latent spaces for the CP heatshield ROM.

While predictions were made using fM; θ; _θ;ψ ; _ψ ;ϕ; _ϕg, the data is
plotted against time for simplicity. The red points indicate the actual

latent space of the validation trajectory, calculated by taking the

actual CP distribution of the heatshield and projecting the data into

the latent space via the POD modes. The blue points are the

predicted latent space of the ROM. The trained model can accurately

predict the latent space of the validation trajectory, with small

discrepancies existing in the first latent space. Using Eq. (21), the

MAE for this component of the ROM was 	0.548. This is a small

amount of error relative to the magnitude of latent space values

being predicted; Table 5 summarizes this value.

Figure 19 shows the actual versus predicted values of the three

most significant latent spaces versus time for the CP backshell

a) Axial coefficient b) Normal coefficient c) Side force coefficient

d) Pitching moment coefficient e) Yawing moment coefficient f) Rolling moment coefficient

Fig. 17 Actual vs reconstruction of backshell CF contributions to aerodynamic coefficients—trajectory 118.

Fig. 18 Actual vs predicted of three most significant latent spaces for heatshield CP ROM.
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ROM. The sparse kriging model using the state space variables can
capture the mean trends exhibited by the validation trajectory. Addi-
tionally, the “square wave” phenomena of latent coordinate 2 (see
Fig. 19b) can be visualized more distinctly by the predictions of the
regression. The model captures the mean trend of the validation
trajectory latent space, with the capability to capture the chaotic
phenomena through uncertainty quantification. The MAE of the
regression component of the ROM was calculated using Eq. (21).
For the CP backshell latent space, the MAE is 	0.488. This is an
acceptable margin since the magnitude of the latent space values is
large; this is summarized in Table 5.
Figure 20 shows the actual versus predicted values for the three

most significant latent spaces for the CF heatshield. The trends in
these latent space predictions are nearly identical to the CP data, the
key distinction is the magnitude of the latent space coordinate. The
trained model can accurately predict the validation trajectory in CF.
Larger discrepancies between the actual versus predicted plots can
be seen in peaks of the oscillation. It is unclear if these discrepancies
are due to poor sampling around the peaks of the validation trajec-
tory or if some significant structures are absent for the selected POD
modes. Future analysis would be required to identify the root cause
of these errors. The MAE of the regression component of the ROM
was calculated using Eq. (21). For the CF heatshield latent space,
the MAE is 	0.0038, which is summarized in Table 5.
In contrast, the CF backshell magnitudes for the three most

significant latent spaces shown in Fig. 21 are orders of magnitude
smaller than both CP backshell, and CF heatshield spaces. Even
with the small magnitude, the model predictions are fairly accurate.
Similar to CP backshell predictions, the CF predictions capture the

mean trend of the data, with the chaotic phenomena likely captured

by implementing some uncertainty quantification within the regres-

sion. The MAE of the regression component of the ROM was

calculated using Eq. (21). For the CF backshell latent space, the

MAE is 	0.0023; this is summarized in Table 5.

2. Predicting Aerodynamic Fields

The CP and CF fields can be reconstructed by leveraging linear

transformations of the POD modes and the predicted latent coor-

dinates. For each fM; θ; _θ;ψ ; _ψ ;ϕ; _ϕg combination in the validation

trajectory, distribution of CP and CF can be calculated for both the

heatshield and backshell of the vehicle. An absolute error calcula-

tion between the actual and predicted aerodynamic field at each step

of the trajectory was calculated. Then, the absolute error of each

field at each time step of the trajectory is averaged together to plot

the error in the field across the trajectory into a 2D plot. Figure 22

displays the average absolute error of the CP ROMs. The heatshield

CP fields have randomized errors, indicating the ROM has suffi-

ciently captured the dominant features in the data. The backshell CP

fields appear to have the largest errors around the shoulder region of

the vehicle, in a direction that aligns with POD mode 2. The large

error is likely a result of the distribution of points present in the

latent space. The total MAE of the CP ROMs was calculated using

Eq. (19). For the heatshield, the MAE at each node was calculated to

be 	0.0036, with the predicted CP mean equal to 0.314. For the

backshell, the MAE at each node was calculated to be 	0.0047,
with the predicted CP mean equal to −0.185; this is summarized in

Table 5.

Fig. 19 Actual vs predicted of three most significant latent spaces for backshell CP ROM.

Fig. 20 Actual vs predicted of three most significant latent spaces for heatshield CF ROM.
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Figure 23 shows the average absolute error of the CF ROMs. On
average, the largest errors in these plots tend to be isolated around
the sharp edges of the vehicle’s outer mold line. For the heatshield,
this is around the shoulder region of the vehicle. For the backshell,

this is around the second angled region and top edge of the vehicle.
The total MAE of the CF ROMs was calculated using Eq. (19). For
the heatshield, the MAE at each node was calculated to be
	2.601e − 5, with the predicted CF mean equal to 3.41e − 4. For

Fig. 22 Average absolute error in CP across validation trajectory.

Fig. 21 Actual vs predicted of three most significant latent spaces for backshell CF ROM.

Fig. 23 Average absolute error in CF across validation trajectory.
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the backshell, the MAE at each node was calculated to be
	−1.277e − 5, with the predicted CF mean equal to 1.987e − 4;
this is summarized in Table 5.

3. Predicting Aerodynamic Coefficients

Each predicted aerodynamic field can be integrated to generate
aerodynamic coefficients to evaluate the ROM’s abilities to predict
the dynamic aerodynamics of the entry capsule. For each ROM, CA,
CY , CN , Cm, Cn, and Cl were calculated, comparing the ROM-
predicted values to the actual values produced from the CFD
aerodynamic fields. For conciseness, only CA, CN , and Cm are
reported. Relevant trends in the other aerodynamic coefficients are
noted when applicable. The contributions of CP, CF, heatshield, and
backshell to the aerodynamic coefficients remained separated to
isolate the accuracy of each ROM’s predictions within each region
and field. Figure 24 shows the aerodynamic coefficients resulting
from the heatshield CP distributions. The red line indicates the
CFD-based coefficient for the particular data region of interest.
For example in Fig. 24, the red line is the CFD-based coefficients
resulting from the CP heatshield region. The blue line is the result-
ing aerodynamic coefficients from the ROM-predicted fields. The
ROM can accurately predict many of the aerodynamic coefficients,
utilizing only the POD modes and latent coordinates predicted with

fM; θ; _θ;ψ ; _ψ ;ϕ; _ϕg. Small discrepancies exist at the peaks of CN

and Cm; however, the main aerodynamic trend is captured accu-
rately with the ROM.

Figure 25 shows the aerodynamic coefficients resulting from the

backshell CP distributions. The backshell CP contributions are

noticeably more chaotic, but the mean trends are still captured by

the ROM. The chaotic phenomena of the backshell might be cap-

tured in lower dimensions in the latent space; thus, including those

spaces may improve the predictive performance. However, it is

important to evaluate whether or not increasing the dimensionality

of the ROM is required to capture the dynamic stability phenomena

of interest. Additionally, future work can explore how the uncer-

tainty bounds of the latent space captured by sparse kriging are

projected into the aerodynamic coefficients.

Figure 26 shows the aerodynamic coefficients resulting from the

CF heatshield ROM. Similar to the CP heatshield results, the CF

heatshield aerodynamic coefficients can be predicted accurately for

the validation trajectory, with the largest discrepancies occurring in

CA. Similar to CP, the ROM was able to capture the oscillating

trends in CN and Cm, with slight discrepancies occurring in the peak

values. These plots show that the heatshield CF ROMs contribute

several orders of magnitude smaller aerodynamic coefficients than

their CP counterparts. This raises questions regarding the necessity

to model CF trends with a ROM to capture the dynamic stability

phenomena of an entry capsule.

Figure 27 shows the aerodynamic coefficients resulting from the

CF backshell fields. At an RIC of 70%, the backshell CF ROM

captures the mean trends. The largest discrepancies between the

CFD-based result and the ROM predictions are in CA, which was a

a) Axial coefficient b) Normal coefficient c) Pitching moment coefficient

Fig. 24 Actual vs predicted CP contributions to aerodynamic coefficients across trajectory 113—heatshield.

a) Axial coefficient b) Normal coefficient c) Pitching moment coefficient

Fig. 25 Actual vs predicted CP contributions to aerodynamic coefficients across trajectory 113—backshell.
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common trend in the CF ROMs. Future work can explore the root
cause of these inaccuracies, since Fig. 16 and Fig. 17 show the CF

phenomenon is encoded into the latent spaces and POD modes
during DR. The magnitude of the CF component to the aerodynamic
coefficients is minimal, continuing to raise questions about whether
or not it is necessary to build CF ROMs to capture the dynamic
stability characteristics of entry vehicles.

C. Additional Validation Trajectory Evaluation

To complement the previous free-flight ROM results using tra-
jectory 113, the following section briefly repeats the analysis using a
different validation trajectory. The intent is to demonstrate that the
proposed methodology remains valid when applied to a trajectory
with a different dynamic behavior. Namely, trajectory 102 is used
here for validation instead of trajectory 113, the former being
initialized at a lower oscillation amplitude (see Table 3). As pre-
viously, the ROMs are constructed using the proposed methodology,
and the validation case, trajectory 102, is held out of the training set.
For conciseness, the DR results, latent coordinate predictions, and
aerodynamic field reconstructions are omitted. The following sec-
tion focuses instead on the resulting aerodynamic coefficients pro-
duced from the ROMs.
Figure 28 shows the heatshield CP contributions to the aerody-

namic coefficients for trajectory 102, comparing the CFD-based to
the ROM-predicted aerodynamic coefficients. The results show that

the heatshield CP ROM can accurately reconstruct the untrained

aerodynamic coefficients of this low-dynamics trajectory. While

some small discrepancies remain, particularly at the oscillation

peaks in CN and Cm, this suggests that the current methodology

can generalize to different vehicle dynamics.

Similarly, Fig. 29 shows the backshell CP ROM contributions to

aerodynamic coefficients compared to the equivalent CFD results.

The ROM predicts the mean trend, whereas the CFD-based coef-

ficients include chaotic phenomena, which are captured in the

posterior distributions of the sparse kriging model. Overall, the

ROM captures the CA mean trend well, while larger discrepancies

exist in CN and Cm at the beginning of the trajectory. Since these

errors occur in the early states of the trajectory, they could propagate

into larger changes in the vehicle’s final state. Experiments would be

required to evaluate how impactful these discrepancies could be on a

simulated vehicle flight.

Figure 30 continues with the validation results of the aerody-

namic coefficients computed with heatshield CF. The discrepancy

between the ROM-predicted and CFD-computed coefficients is the

largest so far in the CA results, while the difference is much smaller

for CN and Cm. The CA trend shown in Fig. 16 shows much more

oscillation compared to the smooth trend seen in 30. These

differences could be causing the errors in the ROM.

Finally, Fig. 31 shows the backshell CF contributions to aerody-

namic coefficients for trajectory 102. Similar to the previous CP

a) Axial coefficient b) Normal coefficient c) Pitching moment coefficient

Fig. 27 Actual vs predicted CF contributions to aerodynamic coefficients across trajectory 113—backshell.

a) Axial coefficient b) Normal coefficient c) Pitching moment coefficient

Fig. 26 Actual vs predicted CF contributions to aerodynamic coefficients across trajectory 113—heatshield.
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results, the trends for CN and Cm exhibit a larger discrepancy at the

beginning of the trajectory. The error trends in CA also appear

similar to those validated against trajectory 113, indicating that

the root cause of the error may be related to characteristics of that

particular field. However, it is important to consider how these small

errors impact the overall vehicle dynamics when considering all the

fields and their respective contributions. Since the backshell CF

aerodynamic coefficient contributions are orders of magnitude

smaller than others, one can still achieve accurate vehicle dynamic

predictions despite their marginally larger error.

a) Axial coefficient b) Normal coefficient c) Pitching moment coefficient

Fig. 30 Actual vs predicted CF contributions to aerodynamic coefficients across trajectory 102—heatshield.

a) Axial coefficient b) Normal coefficient c) Pitching moment coefficient

Fig. 28 Actual vs predicted CP contributions to aerodynamic coefficients across trajectory 102—heatshield.

a) Axial coefficient b) Normal coefficient c) Pitching moment coefficient

Fig. 29 Actual vs predicted CP contributions to aerodynamic coefficients across trajectory 102—backshell.
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V. Conclusions

The results of this research support the use of ROMs to quantify
the dynamic aerodynamic characteristics of blunt-body entry
vehicles. It expands on earlier efforts from Dean et al. [15] by
applying the ROM methodology to CFD-in-the-loop flight simula-
tion data, as well as the prediction of the skin-friction field. Another
contribution of the current work is the use of sparse kriging regres-
sion to efficiently train the ROMs on a dataset containing hundreds
of thousands of snapshots. Overall, the results continue to show that
a linear subspace is sufficient to capture the dominant characteristics
of the aerodynamic fields, including the CF data. Analysis of the CP

backshell latent space over time identified a lagged pressure phe-
nomenon being captured in the latent space similar to observed
trends in experimental testing of entry vehicles [59]. Validations
have shown that the sparse kriging regression could accurately
predict the mean aerodynamic trends in CP and CF data for both
the heatshield and backshell regions. Notably, this indicates that
free-flight data is easier to predict using a ROM than forced rota-
tional oscillation data of Dean et al. [15]. Larger errors were seen
when validating against trajectory 102 than trajectory 113, indicat-
ing areas for improvement in the ROM methodology. The accuracy
of the ROM predictions shows the potential of this methodology to
bypass dynamic stability coefficients, predicting the combined
static-dynamic aerodynamic fields throughout the trajectory. Addi-
tionally, the resulting aerodynamic coefficients of the explored
ROMs provided insights into the contributions of each data region.
The CP data appears to dominate the total aerodynamic coefficients
of the entry capsule, with CF contributions being several orders of
magnitude smaller. From this observation, one could argue that the
prediction of skin friction is not essential to accurately capture the
dynamic stability characteristics of a blunt-body entry vehicle.
There are several avenues for future work based on this research.

For instance, one could explore additional validation trajectories to
further demonstrate the ROM robustness and identify additional
weaknesses of this formulation. More analysis should be conducted
on the latent space trends and resulting POD modes to identify if the
extracted characteristics have physical meaning. This would likely
require experimental testing to validate the surface distributions of
the CFD simulation. Advances in pressure-sensitive paint (PSP)
testing may make this possible for the CP distributions, while it
may prove more difficult for the CF distributions. It may be possible
to validate the CF directions by tufting experimental models and
using cameras to track the tuft directions during dynamic testing.
Additionally, a stable and unstable definition from the ROM should
be explored. Traditionally, stability coefficients are used to deter-
mine if the vehicle is stable or unstable. Since the ROMs do not use
these traditional coefficients, other methods for defining a stable or
unstable vehicle should be explored. It is possible that exploring
the wake structures of the vehicle may provide more insight into

defining stability within the ROM, as well as help identify character-
istics of the POD modes.
While ROMs continue to show promise in accurately predicting

the aerodynamics of entry vehicles, their use in the dynamic simu-
lation of an entry vehicle in flight has yet to be shown. Up to this
point, the ROMs have been evaluated by providing the explicit
vehicle states of a validation trajectory, evaluating only the accuracy
of the aerodynamic predictions. In the context of a dynamic simu-
lation, the ROM aerodynamic predictions would impact the result-
ing dynamics of the entry vehicle over time. The small prediction
errors shown in the backshell CP or CF latent spaces may amount to
a larger impact on the resulting dynamics of the capsule. As such,
efforts are underway to embed the ROM predictions into a trajectory
simulation, allowing the aerodynamic predictions to impact the
resulting dynamics. Additionally, this capability could enable the
evaluation of the CF contribution to the dynamics and determine if
this field could be omitted in practice.
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