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I. Introduction

URTHER human and robotic exploration of the solar system presents unique challenges to scientists and
Fengineers in terms of mission and vehicle design. To address some of these challenges, NASA has recently
been developing deployable atmospheric decelerator technologies that will allow for an increase in mission
design possibilities and flexibility over that provided by rigid aero-shells. These deployable entry technologies
will allow for an increase in the number of feasible landing sites and an increase in the maximum deliverable
payload mass to the surface of multiple planetary bodies in our solar system such as Mars, Venus, and
Titan. One of these technologies is the Adaptable, Deployable Entry Placement Technology (ADEPT)[1-3]
shown in Fig. 1[4]. As can be seen in Fig. 1, ADEPT vehicles consist of a solid spherical nose cap and a
flexible thermal protection system material which remains stowed until atmospheric entry and is deployed
mechanically using several ribs, much like an umbrella. Due to the large aerothermal loads placed on the
vehicles, the entry, descent, and landing (EDL) phase is one of the most dangerous and critical phases of
any interplanetary mission. Therefore, accurate predictions of the aerothermal loads experienced by vehicle
are essential in developing a thermal protection system (TPS) with minimal mass that can survive the EDL
mission phase. The TPS also needs to be robust and reliable, which can be achieved through extensive
laboratory testing and through uncertainty quantification (UQ) integrated to the analysis and design.

Unlike most legacy entry vehicle designs,
ADEPT vehicles are not axisymmetric due to the
TPS deployment system. ADEPT vehicles contain
sudden surface changes at the rib locations which
can potentially lead to larger heat fluxes than ax-
isymmetric vehicles with the same nose radius and
cone angle. Thus, accurate prediction of these heat
fluxes is paramount to the success of the ADEPT
development. The completion of the nano-ADEPT
SR-1 test flight in 2018 demonstrated the viability
of the ADEPT design[5], however much more analy-
sis and investigation is needed to scale up the design
to large diameters needed for human exploration.

Due to the velocities, temperatures, and atmo-
spheric compositions, entry conditions are often dif-
ficult or impossible to recreate in a laboratory set-
ting. Thus, researchers often turn to computational
modeling to predict the aerothermal loads on hy-
personic entry vehicles in lieu of laboratory tests.

Figure 1. ADEPT[4] conceptual design.
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Figure 2. Accuracy vs. computational cost.

However, due to the complex physics seen at these flow regimes (including turbulent flow, non-equilibrium
thermo-chemistry, and radiation heat transfer), high-fidelity computational fluid dynamics (CFD) and ther-
mal response simulations can be computationally very expensive. Therefore, CFD may not be practical
for direct use in the analysis, design, and reliability assessment under uncertainty with traditional UQ ap-
proaches. This is because these approaches, such as Monte-Carlo analysis, generally require a large number
of simulations making them unfeasible for use with CFD simulations. Multi-fidelity modeling is uniquely
suited to solve this problem by creating low cost, high accuracy multi-fidelity surrogate models using a very
limited number of high-fidelity CFD simulations.

To date, investigation of the use of multi-fidelity surrogate modeling for use in the study of entry vehicles
has been very limited. Single fidelity surrogate modeling of high-fidelity CFD simulations has been previously
used to reduce computational costs of robust aerothermal analyses of Hypersonic Inflatable Aerodynamic
Decelerator (HIAD) vehicles by Brune et al.[6-8]. Multi-fidelity modeling offers an alternative method that
has the ability to achieve the accuracy of high-fidelity simulations but at a further reduced computational
cost over single fidelity methods. A recent study [9] has shown that there is currently no quantitative
method to determine whether or not a multi-fidelity approach is appropriate for a given problem a priori.
Therefore an investigation of multi-fidelity modeling as a method to reduce the computational cost of the
design and analysis of ADEPT vehicles is important. Early work with applying multi-fidelity modeling
to hypersonic vehicles was that of aerothermal anchoring utilized by the CBAERO software package[10].
Previous studies by the authors[11, 12] demonstrated that a multi-fidelity approach can produce low cost,
accurate predictions of laminar, turbulent, and radiative aerothermal loads on axisymmetric, large diameter
deployable entry vehicles such as the HIAD. These studies also demonstrated that the multi-fidelity approach
was computationally less expensive than a single fidelity surrogate approach.

The main idea behind multi-fidelity surrogate modeling is to combine low-fidelity and high-fidelity models
in a way that produces high accuracy surrogate models that are computationally efficient to evaluate. By
using information from the low-fidelity models to inform us about the behaviour of the high-fidelity model,
multi-fidelity modeling limits the number of high-fidelity model evaluations required to produce accurate
surrogate models. A graphical representation of multi-fidelity modeling process is illustrated in Fig. 2. This
figure illustrates that by combining a low cost, less accurate engineering correlation with a more accurate
high cost CFD model, multi-fidelity modeling can produce a model that has a computational cost comparable
to the engineering correlation but an accuracy comparable to the complex CFD model. These low cost multi-
fidelity surrogate models can then be utilized in UQ analyses or design optimization studies that require large
numbers of model evaluations. Multi-fidelity modeling has been used in many disciplines ranging from elec-
trical to aerospace engineering where high-fidelity models are either computationally expensive or unknown.
In the field of aerospace engineering, multi-fidelity modeling has been primarily used in low-speed applica-
tions for interpolation [10], wing and airfoil shape optimization[13-15], and uncertainty propagation[15-17].
There are currently several different multi-fidelity methods available that are appropriate for different ap-
plications. Adaptive and fusion techniques, such as space-mapping[13] and co-Kriging[14], are primarily
used for interpolation and design optimization, while techniques using polynomial chaos expansion[16] and
multi-fidelity Monte Carlo estimation[17] are used primarily for uncertainty quantification and propagation.
This study will use the co-Kriging based multi-fidelity modeling approach previously developed for large
diameter re-entry vehicles in both laminar and turbulent flow[11, 12].
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The objective of this work is to implement and demonstrate a co-Kriging based multi-fidelity
(CKMF) modeling methodology for the prediction of laminar and turbulent convective heating
on large diameter ADEPT vehicles in Mars entry. The multi-fidelity surrogate models for laminar and
turbulent convective heat flux will be constructed as a function of velocity, density, and nose radii to predict
aerothermal loads along various entry trajectories and ADEPT geometries. This research will utilize several
computational tools of various fidelity levels such as the Sutton-Graves [18] with Krasnov [19] correlations
(low-fidelity) and NASA’s LAURA CFD software using a 10-species non-equilibrium gas (high-fidelity) that
will provide the necessary data to build the CKMF models. Due to the vehicle axial asymmetry, CKMF
models will be built for the heat flux distributions at several circumferential locations on the vehicle.

The following section describes the ADEPT geometries used and the determination of the sample space
with a six degree-of-freedom Mars entry model. Section III describes the computational tools used to
construct the multi-fidelity surrogate model. Section IV describes the co-Kriging approach and methodology
used in this research. Section V contains the current CKMF model results for the laminar and turbulent
convective heat flux and the final section includes key conclusions and future work.

II. Vehicle Geometry and Sample Space

The first step of this study was to define and determine the ADEPT vehicle geometry parameters. The
ADEPT vehicle concept consists of a solid nose cap forward of the payload section, surrounded by a flexible
TPS that is deployed mechanically using several ribs and is attached to the solid nose cap. An illustration
of the ADEPT can be seen in Fig. 3. The ADEPT geometries used for this study are based on the 18.8 m
large diameter Mars ADEPT geometries described in NASA’s Exploration Feed-Forward[20] (EFF) study.
The geometric parameters describing the vehicle shape are shown in Fig. 4. For this study, the ADEPT
vehicles used had a base radius (Rp) of 9.4 m, shoulder radius (Rs) of 0.47 m, and half-cone and shoulder
turn angles (6 and 6 respectively) both 70°. A nose radius (Rp) range of 4 to 20 m was chosen as the nose
radius space.

For this study, the ADEPT vehicles have twelve
ribs used to deploy the flexible TPS with each rib
having a width of 20 cm and are distributed at every
thirty degrees about the center axis. These parame-
ters were chosen using a baseline case from a struc-
tural study of large diameter ADEPT vehicles by
Peacocke et al.[22], and an example ADEPT geom-
etry used in this study is illustrated in Fig. 5. Notice
that for this geometry, there is a plane of symmetry
at every 15° in the azimuthal, 3, direction starting
Figure 3. ADEPT vehicle diagram/21]. at a rib center line. For this study, it is assumed
that the transition from the solid spherical nose cap
to the flexible TPS occurs at the spherical to conical
geometry transition location. Thus, the diameter of
the solid nose cap changes proportionally with the
nose radius. For this study, it is also assumed that
there is a smooth transition from the solid nose cap
to the flexible TPS region.

To calculate the entry trajectories, the ADEPT
vehicles were assumed to be in ballistic entry with 0° angle of attack. Again using the EFF study as a guide
for the mass and entry velocity ranges, the six degree-of freedom (DOF) model utilized by Brune et al.[6] was
used to determine the trajectory range for a ADEPT vehicle in Martian entry. In this model, the spacecraft
was assumed to enter the atmosphere at 0 degrees longitude, 0 degrees latitude with an easterly heading
of 90 degrees. The flight path of the vehicle was assumed to be at an angle of -15 degrees with an entry
interface altitude of 104 km above the surface. The minimum and maximum entry velocities used in the
trajectory calculations were 3.35 to 7.3 km/s, respectively, and the minimum and maximum vehicle masses
used were 7.2 to 40 MT, respectively. The resulting bounding entry trajectories are shown in Fig. 6. For
each trajectory point, the Sutton-Graves correlation [18], shown in Eq. 1, was used to calculate the cold-wall
stagnation point heat flux (¢). Eq. 1 assumes a gas mixture of 97% COy and 3% Ng by mass in chemical

Figure 4. ADEPT geometry parameters.
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equilibrium flowing over an axisymmetric blunt body in terms of the density (p) and velocity (V):

G =1.83x10"*\/p/R, V3 [W/m?| (1)

The velocity-density space chosen for this study is illustrated by the black dashed line in Fig. 6. This
space was chosen because it contains all of the predicted maximum heating locations while being low enough
in altitude to be in continuum flow and high enough in altitude that an aerodynamic decelerator would still
be feasible to be in use. The chosen three dimensional density, velocity, and nose radius space used for this
study is summarized in Table 1.

Table 1. The boundaries of the three-dimensional sample space used in analysis.

Nose Radius [m] Flight Velocity [km/s] Density [kg/m?]
Minimum 4 2 6.6752x10~°
Maximum 20 7 1x1073
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Figure 5. Example ADEPT vehicle used in this study. Figure 6. Velocity-density trajectory profiles.

III. Computational Models

III.A. LAURA CFD Predictions

NASA Langley Research Center’s high-speed thermochemical non-equilibrium CFD software LAURA is
used as the high-fidelity computational model for this study to obtain both fully laminar and fully turbulent
boundary layer solutions. The LAURA software utilizes an upwind relaxation algorithm and includes grid
adaptation and interior grid clustering to effectively capture and model shock waves in the flow field [23] and
to cluster the grid cells near the wall to obtain wall cell Reynolds numbers of approximately one. The flow
field was assumed to be steady state with a two temperature, thermochemical nonequilibrium gas model. The
turbulence model used was the Cebeci-Smith algebraic model[24]. The Martian atmosphere was assumed to
be composed of 97.417% CO4 and 2.583% N2 by mass with the flow field modeled by a 10 species composition
model: CO,, CO, Ny, Oy, NO, C, N, O, CN, and C,. The reaction finite rate chemistry model that was
used is given by Johnston and Brandis [25]. This model was tuned to match CO Fourth-Positive and CN
Violet emission measured in the EAST shock-tube experiments.

The grids used for this study are half-geometry structured grids with an O-H grid topology for the vehicle
surface to allow for accurate flow modeling at the stagnation point. Each grid has approximately 1.84 x 106
cells determined using a grid convergence study given in the Results Section V.A.The grid is divided into two
blocks: a rectangular grid block at the stagnation region, and a polar grid block outside of the stagnation
region. Both grid blocks have 96 cells normal to the vehicle surface with the rectangular grid region having
dimensions of 48 x 96 x 96 cells, and the polar grid region having dimensions of 76 x 192 x 96 cells. Adaptation
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of the grid near the wall to produce cell wall Reynolds numbers near one ensures that the first cell height off
the wall is at y© ~ 1. A cold wall boundary condition was used for the vehicle surface along with a super-
catalytic surface chemistry model. These wall boundary conditions were chosen as they give a conservative
prediction for convective heating. The cold wall boundary condition also allows for a hot wall correction
to be applied to obtain corrected convective heat fluxes for higher wall temperatures. An example surface
grid used in this study and corresponding laminar heat flux distribution are shown in Fig. 7. A solution was
considered converged if the L2 norm was below 107!° and if there was minimal change in the convective
heating over the previous 100,000 iterations. Using 108 2.2 GHz Intel Xeon processors, a fully converged
high-fidelity solution requires approximately 60 hours of computation time.
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(a) Surface mesh. (b) Laminar heat flux.

Figure 7. Example ADEPT surface mesh and corresponding laminar heat flux.

III.B. Sutton-Graves with Krasnov Correlations

The low-fidelity computational model used in this study is the Sutton-Graves with Krasnov laminar con-
vective heating correlations. The function of this model is to provide a fast, correlation based prediction of
the centerline laminar convective heat flux on an arbitrary axisymmetric blunt body at given flight condi-
tions. The surface heat flux prediction starts with the calculation of the stagnation point heat flux with the
Sutton-Graves correlation given by Eq. 1. For heating downstream of the stagnation point, correlations for
the ratio of heating at an arbitrary point to the stagnation point from Krasnov[19] are used. The body is
separated into its sphere and cone regions, using different correlations for the heating ratio, q.% , for each
region. For the spherical region, the following is used in terms of freestream Mach number, M.,

4 _ (1 — ¢sin?g) qﬁsingzﬁl ©)
Qo [fi(#) = (@)

where,
1
C=1- 3 3)
f1(6) = ¢* — ¢sin2¢ + sin’¢, (4)
fa(o) = % ;;52 + ¢psin2¢ g + sin¢p | + ;sinQ(b + %sin4¢ . (5)
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Here, 7y is the frozen freestream specific heat ratio and ¢ is the surface inclination angle measured from the
normal direction at the nose to a point on the spherical region, as shown in Fig. 4. Next, the heating ratio
on the conical surface is modeled by,
i A (©)
Go B+B

where,

) st | (3 a)}é, ™

_ iD( 0)/9
B() = (- 6) sind5 + 22

— cot®s, (8)

D(0) = (1= 1) (- Gointa0) + 51 - costaen) ) + (qs - gsin(20) + 51~ cos(20))) (9

C+s

R,
Here, ¢ is the running length as shown in Fig. 4. To ensure a continuous heat flux distribution, an offset to
the running length is added to the heat flux in the conical region. This offset, s, is found by equating the
heat flux found in both regions and solving for s using the secant method. Then, with the offset found, the
final heat flux over the body can be determined. Utilizing a single 2.2 GHz Intel Xeon processor, a single
Sutton-Graves-Krasnov solution for convective heating requires approximately 2 seconds of computation
time.

{=

(10)

IV. Multi-Fidelity Model

Co-Kriging is an interpolative method that has also been used extensively in low-speed aerospace appli-
cations [13, 15]. For this study, a co-Kriging based multi-fidelity surrogate modeling approach was used that
was developed previously by Santos et al.[11, 12] for the prediction of the laminar and turbulent aerothermal
response of deployable entry vehicles. In this approach, several refinements to co-Kriging approach were
implemented to increase computational speed and accuracy. These refinements include adaptive sampling,
LU decomposition, and distribution shape parameterization.

IV.A. Co-Kriging Modeling

Co-Kriging modeling is a direct extension of Kriging modeling and therefore a brief overview of the Kriging
method is necessary for the discussion of co-Kriging. The co-Kriging formulation used for this study is the
same auto-regressive form given by Forrester et al.[26].

Kriging models are surrogate models used to interpolate an unknown function, f, given n number of data
points. In Kriging models the interpolated data points are modeled by a Gaussian process in the form of
v = u+bV¥, where y is a column vector of model responses, 4 is the maximum likelihood estimate (MLE), b
is a row vector of coefficients, and V¥ is a correlation matrix between the sampled data points, z(*), and the
interpolated data points, ”*!, with k& dimensions. In the Kriging approach, each element of ¥ is a radial
basis function of a specific form given in Eq. 11.

k
WO = eap | =3 Ajlagtt — 2| (11)
=1
Where A and p are coefficients to be determined. Thus, the covariance matrix is given by Eq. 12.

Cov(y,y) = 0¥ (12)
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where

o (=1 U (y —1p)

= 13
o : (13
and
1Ty 1y
H=3mg-11 (14)

An estimate of the accuracy of the surrogate can be determined from the log-likelihood given by Eq. 15.

In(L) = fgln(02) - %ln\\ll\ (15)

To create a Kriging model, the parameters A, and p in Eq. 11 are solved for by finding the A and p that
maximize the log of the likelihood, L. Once the parameters A and p are known, the response at any point
can be interpolated. The process of creating a co-Kriging model is very similar to the process of creating
a Kriging model. In the co-Kriging model, the co-variance matrix is given by Eq. 16. Here, two sets of
parameters (Apr, Prr, p, Ag and Py) corresponding to Uy r and ¥, will need to be determined to create
the co-Kriging model.

C_ 02 o Vir (Xpr, XLr) pot Vi (Xop, Xar) (16)
o2 oV p (Xpr, Xor) p?otpVir Xar, Xar) + 029V (Xgr, Xur)

First, a Kriging model of the low-fidelity data is first built to obtain Apr and Prr. Then, a difference
model, d = ygr — pyrLr(zpF), is constructed where yr(zgp) are the values of yrr at locations common
to those of zgr. Applying the Kriging method to this difference model results in a log of the likelihood of
the difference model, L4, given by:

n 1
In(La) = —= " n(0F) — 5ln|Va (Xpr, Xnr)| (17)

Next, p, A\g, and P, are then found by maximizing Eq. 17. Once the optimum p, A\, Prr, A\g, and Py
are found the co-Kriging model can be used to interpolate the response at any point.

IV.B. Sampling Method

In this study, the low-fidelity model was sampled linearly in each dimension. However, co-Kriging models are
very sensitive to the number and location of the high-fidelity data points used to train the model. Choosing
appropriate sample locations can minimize the number of high-fidelity samples needed to achieve a global
level of accuracy, which reduces overall computational cost. Thus, the sampling plan used to build the model
is a very important part of the co-Kriging process. The sampling method used in this study is a distance
weighted root mean square error (RMSE)[26] adaptive sampling scheme. Along with the function response,
the co-Kriging model can also estimate the RMSE of the prediction at any point. In this sampling scheme, a
minimum number of data points, V,,;,, are chosen and a space filling Latin hypercube is found using Ny, .
Next, the high-fidelity model at the training points are evaluated, and the Co-Kriging model is built using
these data points. This co-Kriging model is then used to predict both the high-fidelity model response and
the RMSE over the sample space. The RMSE at every location is then weighted by the distance to the
nearest training point. New training points are then added at the locations with the largest weighted RMSE
values and the process is repeated with the updated training set. An example of this sampling scheme is
shown in Fig. 8.

IV.C. Surface Distribution Parameterization

A study by Santos et al.[11] demonstrated that applying the CKMF modeling technique to Hicks-Henne
parameterized[27] output distributions instead of each surface point individually resulted in predictions that
were more computationally efficient and accurate. This study also uses the Hicks-Henne parameterization
technique to parameterize the output surface convective heat flux distributions. The Hicks-Henne shape
parameterization technique is commonly used in aerospace engineering applications for parameterization of
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Figure 8. Example of distance weighted RMSE sampling technique.

airfoil shapes [27]. In this technique, a set of n control points on a baseline shape are chosen. A linear
combination of sine functions over the n control points, shown in Eq. 18, are used to perturb the baseline
shape, y(z)%, to get the desired “deformed” shape, y(x). Here, a; are amplitude coeflicients, b; are width
coefficients, and c; are the x-locations of the control points. In this study, the baseline shape was assumed
to be a straight line at a constant value of one.

n
y(@) =y'(@) + ) ajsin (rz"O>/) (18)
j=0

Hicks-Henne bump functions work well when the original shape is subject to small deformations of less
than one. Thus, for best results, the surface distributions should be scaled to be approximately between zero
and one. For convective heating, this scaling was achieved by scaling the distributions by the stagnation
value. The 22 control point locations used in the previous study by Santos et al.[11] were also used in
this study. An example of the Hicks-Henne bump function being used to approximate a convective heating
distribution can be seen in Fig. 9. Applying the CKMF method to the Hicks-Henne shape parameterization
technique requires only 23 separate CKMF models for the convective heat flux, one model for the stagnation

value, and 22 models for the control points.

IV.D. Application of CKMF Process to ADEPT

As previously stated, the ADEPT vehicle is non-axisymmetric which leads to a surface heat flux distri-
bution that is also non-axisymmetric. Therefore the described CKMF process needs to be applied to a
two-dimensional heat flux distribution. For this study, the ADEPT geometries and heat flux distributions
have a plane of symmetry every 15 degrees in the azimuthal direction, starting at a rib center line. Therefore
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only a 15 degree section of the vehicle need actually be modeled. Thus, to apply the described CKMF ap-
proach to the ADEPT, each geometry is evaluated along four lines across the surface: Odeg, 5deg, 10deg, and
15deg, as shown in Fig. 10. The low-fidelity model is evaluated along these lines using the surface inclina-
tion and the high-fidelity LAURA CFD results are sliced along these lines. The described CKMF approach
with Hicks-Henne parameterization is then applied to each line separately, resulting in four different CKMF
models. Interpolation is then used to obtain the heat flux between slices.

1
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Figure 9. Hicks-Henne approximation of a scaled sur-
face convective heat flux distribution at surface slice

. Figure 10. Solution slice locations for CKMF process.
location.

V. Preliminary Results and Discussion

First, the appropriate grid resolution for the high-fidelity LAURA CFD model had to be determined
by performing a grid convergence study. Next, the performance of the CKMF approach in predicting the
convective heating on ADEPT vehicles in Martian entry needs to be evaluated. This work is currently in
progress and the preliminary results are included in this abstract. To evaluate the model performance, the
CKMF model will be evaluated at select test points and compared to the high-fidelity LAURA CFD results
at these points. The CKMF approach will be used to model the laminar and turbulent convective heat flux
distributions on ADEPT vehicles across the chosen sample space detailed in section II.

V.A. CFD Grid Convergence Study

To determine an appropriate grid resolution for the high-fidelity CFD model that resulted in accurate con-
vective heat flux predictions while minimizing computational cost, a grid convergence study was performed.
For this grid convergence study two different cases were used: a low heat flux case and a high heat flux case.
The high heat flux case used was a 4 m nose radius geometry at a velocity of 6.0 km/s and atmospheric
density of 1.9710 x 10~* kg/m?. The low heat flux case used was a 20 m nose radius geometry at a velocity
of 3.0 km /s and atmospheric density of 3.3868 x 10~* kg/m?3. The quantities of interest analyzed in this grid
convergence study were stagnation point heat flux and the total surface heating (defined as the integral of
the heat flux over the entire surface) given in Eq. 19.

Q= /S Geomo dA (W] (19)

Five grid sizes were used in this convergence study. These grid sizes are coarse, medium-coarse, medium,
medium-fine, and fine with total cell sizes of 1.5360x10°, 2.3040x10°, 1.2288x10%, 1.8432x10%, and 9.8304x 106
cells, respectively. The results of the convergence study are given in Table 2 and are plotted in Fig. 11. In
both Table 2 and Fig. 11, the quantities of interest are normalized by the medium grid value for ease of
interpretation. These results show that there is very little change in accuracy from the medium-fine to the
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fine grid levels while the computational cost increases by a factor of four. Thus, the medium-fine grid level
was chosen as the grid size to be used in this study.

Table 2. Grid convergence study results.

Low Heating Case

Quantity of Interest  Coarse Medium-Coarse Medium Medium-Fine Fine
Stagnation Heat Flux 1.0616 1.0308 1.0 0.99176 0.98670
Total Heating 1.0838 1.0464 1.0 0.99200 0.98020
High Heating Case

Quantity of Interest  Coarse Medium-Coarse Medium Medium-Fine Fine

Stagnation Heat Flux  1.2364 1.0442 1.0 0.98582 0.97930
Total Heating 1.1390 1.0570 1.0 0.97504 0.96418
1.35 ;_—B— Stagnation Point Heat Flux (20 m, Low-Heating)
| ——~&—— Total Heating (20 m, Low-Heating)
13— —3- — Stagnation Point Heat Flux (4 m, High-Heating)
[ — = — Total Heating (4 m, High-Heating)
125k
i o
12F !

:\\\\l IR | IR |
08 10° 10° 10’
Number Of Cells

Figure 11. Grid convergence study results.

V.B. ADEPT Vehicle in Mars Entry

To evaluate the performance of the ADEPT CKMF surrogates, 36 random test cases across the design space
have been chosen using a Latin hypercube sampling scheme. These test case locations are given in Table 3.
The freestream Reynolds number ranged between 0.2308 x 10° and 5.969 x 10° [1/m] and the Mach number
ranged between 9.59 and 33.06 for these test cases. Note that the test cases will be used exclusively to assess
the performance of the CKMF models and will not be used in the construction of the CKMF models. For
all CKMF models in this study, 512 low-fidelity training points (8 points in each design space dimension)
will be used to construct the CKMF models. This number of low-fidelity training points was determined to
be optimal in a previous study by the authors[11]. Note that the low-fidelity model is the same for both the
laminar and turbulent heating predictions.

In the final manuscript, the percent error in the CKMF model prediction of convective heat rate per unit
depth for each test case will be calculated using Eq. 20. In this equation, ¢,,,. is the multi-fidelity surface
heat flux distribution, ¢, , is the high-fidelity surface heat flux distribution, and ¢, ,, is the high-fidelity
stagnation point heat flux. The average percent error across all 36 test cases will be used as a performance
metric in a CKMF model convergence study as the number of high-fidelity training cases is increased.

1
% Error = R—b/

qMF — qHF

dz x 100 (20)

Q. ur
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Table 3. Test cases used in model performance evaluation.

Test Case R, [m] V [km/s]  p [kg/m?] Test Case R, [m] V [km/s] p [kg/m?]
1 11.77 3.000 9.2558x10~4 19 18.17 6.428 4.2711x10~*
2 20.00 4.428 3.3867x104 20 9.02 6.285 3.9532x10~4
3 9.48 5.714 6.6752x10° 21 11.31 4.285 6.2874x10~4
4 8.11 3.714 1.2392x10~4 22 10.40 2.857 3.6590x10~4
5 16.80 4.000 9.0952x10~5 23 10.85 4.857 1.0616x10~*
6 7.20 3.142 7.3391x10~4 24 5.37 3.285 1.6885x10~*
7 5.82 5.000 5.3865x104 25 8.57 2.000 9.8265x107°
8 16.34 6.000 1.1470x10~4 26 6.74 5.857 1.0000x10~3
9 4.45 6.142 7.7918x107° 27 19.54 6.571 1.3388x10~*
10 12.68 6.857 8.4182x107° 28 7.65 5.428 2.4856x10~%
11 4.00 4.142 6.7930x104 29 17.25 3.857 7.9294x10~4
12 6.28 2.142 2.9014x10~4 30 13.60 6.714 2.3006x10~4
13 18.62 5.142 7.2119x107° 31 19.08 3.571 1.9709x10~*
14 14.97 2.714 1.4465%x10~* 32 13.14 2.428 4.6146x10~*
15 9.94 2.571 1.8242x10~4 33 15.88 3.428 4.9856x104
16 15.42 5.571 8.5670x104 34 17.71 2.285 2.6855x104
17 12.22 7.000 5.8195x10~4 35 4.91 4.571 2.1294x10~4
18 14.51 4.714 3.1347x10~4 36 14.05 5.285 1.5628x10~*

V.B.1. Laminar Heating Prediction

To date, 18 high-fidelity laminar LAURA CFD training cases have been completed. These training cases
were chosen using the distance weighted RMSE sampling plan outlined previously. Heat flux distribution
results for the laminar heating CKMF models at selected test conditions using 18 high-fidelity training points
are shown in Fig. 12. Also included in this figure are high-fidelity CFD results for an axisymmetric sphere
cone geometry for comparison. Note that currently none of the high-fidelity CFD ADEPT test cases have
been evaluated and are not included in Fig. 12. The final manuscript will include the high-fidelity ADEPT
results for the selected test cases. Comparing the CKMF prediction to the high-fidelity axisymmetric results
shows that the CKMF model does well in predicting the stagnation point heat flux using 18 high-fidelity
training cases. However, the heat flux distributions have not converged and additional high-fidelity training
cases are being evaluated for the construction of the CKMF model until convergence is achieved. Previous
studies by the authors have shown that for axisymmetric vehicles, the CKMF models require between 24
and 36 high-fidelity training cases to converge[11, 12].

VI. Conclusion and Work to be Done

The objective of this work is to implement and demonstrate a co-Kriging based multi-fidelity (CKMF)
modeling methodology for the prediction of laminar and turbulent convective heating on ADEPT geometries
during Mars entry. Preliminary results for laminar heating show that the CKMF approach predicts the
stagnation point heat flux well using 18 high-fidelity training cases, however more high-fidelity training cases
are required to converge the CKMF model of heat flux over the entire surface. The final manuscript will have
convergence studies of the laminar and turbulent heating CKMF models versus the number of high-fidelity
training cases. The high-fidelity CFD ADEPT results for the test cases will also be included in the final
manuscript. Finally, the finished manuscript will have an analysis of the computational cost of the CKMF
models compared to the low and high-fidelity models.
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