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Abstract. In this work we review selected experiments and inference
methods for the determination of atmospheric entry gas/surface interaction models for air catalysis and nitrogen ablation. Accurate prediction of
the gas/surface interaction during spacecraft reentry remains a challenging problem for thermal protection system design. Attempts to model
the surface chemistry of catalytic and ablative materials must account
for experimental and model uncertainties. We review two sets of experiments and models adopted in the relevant literature for the rebuilding
of catalytic properties and nitridation reaction efficiencies. The review
is enriched with new perspectives to these problems by using dedicated
Bayesian methods.
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Introduction

Space travel, since its beginnings in Low Earth Orbit (LEO) to the exploration of
our Solar System, has led to countless scientific advancements in what it is one of
the most challenging undertakings of humankind. Venturing into Space requires
large amounts of kinetic and potential energy to reach orbital and interplanetary
velocities. All this amount of energy is dissipated when a space vehicle enters
dense planetary atmospheres [24]. The bulk of this energy is exchanged during
the entry phase by converting the kinetic energy of the vehicle into thermal
energy in the surrounding atmosphere through the formation of a strong bow
shock ahead of the vehicle [1]. The interaction between the dissociated gas and
the protection system is governed by the material behavior which either acts as
a catalyst for recombination reactions of the atomic species in the surrounding
gas mixture [9] or ablates as a consequence of the reactive gas mixture that
surrounds it, injecting new species into the boundary layer [11]. Characterizing
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both phenomena for different atmospheric and material compositions is quite
challenging due to the coupling mechanisms between material surface properties
and the resulting ablation and heating rates. All these elements are also tightly
coupled to the flowfield computations [30]. A key element of the modeling behind
such phenomena is the heterogeneous chemical processes that are taken into
account to explain the experiments. It is not always straightforward, from a
priori knowledge point of view, to know which chemical processes underpin the
macroscopic effects we see in thermal protection materials subjected to a reactive
flow environment.
All the above makes the determination of gas/surface interactions of thermal protection materials a complex task subjected to experimental and model
uncertainties. The design and performance of atmospheric entry vehicles must
account for these uncertain characterizations. It is relatively common when dealing with complex physical phenomena to resort to simple, non-intrusive a priori
forward uncertainty propagation techniques [36]. These techniques assume a priori probability distributions for the main model parameters. Sensitivity analyses
are then performed to discriminate the important ones. They also assume that
the exact value is sufficiently well known and within the considered uncertainty
range. These methods do not use any experimental observation to calibrate such
parameters. The interest of using experimental information is that it leads to objective uncertainty levels and provides likely values rather than a priori guesses,
achieving better and more reliable predictions. The calibration from experimental data focuses on a Bayesian approach that has the advantage of providing a
complete objective characterization of the parameters’ uncertainty through their
resulting posterior distribution.
In this context, knowing how the experimental procedure is carried out is
fundamental for the formulation of the inference method. Current plasma wind
tunnel experiments rely heavily on the accurate characterization of free stream
conditions that serve as input to Computational Fluid Dynamics (CFD) models.
In the particular case of catalytic materials, this step proves critical to correctly
account for the catalytic heat flux. Another important aspect of high temperature flow testing is that even though our interest lays in the heterogeneous
chemical processes, it is common to have additional parameters for which direct
experimental observations are not available. These parameters are needed to
perform the inference but we are not explicitly interested in getting their distributions. Traditional Bayesian approaches deal with this problem by prescribing
prior distributions on such parameters at the expense of some of the observations consumed to evaluate these nuisance parameter posteriors. Consequently,
it is important to remark their impact on the quality of the inference [38]. These
challenges are most critical for catalytic materials. Ablative materials have a distinct behavior under such high temperature reacting flows. The fact that they
undergo ablation, i.e. the chemical consumption of the material, generates a
visible surface recession that can be measured and gives direct evidence of the
chemical processes involved in such phenomena. The main issue with ablative
materials is centered on the fact that while an overall response is measured (re-
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cession), it is difficult to isolate the different effects that happen on the surface
to produce the macroscopic response. Both systems present challenges for the
efficient inference of heterogeneous chemical parameters. In this paper we review
the traditional methods for the deterministic rebuilding of such parameters and
describe the proposed inferences using Bayesian methods and how the aforementioned challenges are addressed. The Bayesian methods exploit the experimental
data resulting from measurements performed by Panerai [29] and Helber [17] on
two different types of materials: ceramic matrix composites and graphite, respectively. While deterministic approaches require more data and assumptions
to extract the model parameters from the experimental data, Bayesian methods
offer a complete characterization of their uncertainty. This work paves the way
to a new design of experiments paradigm within the Thermal Protection System
(TPS) community, where the most informative experiments will be sought.
The article is organized as follows: Sec. 2 addresses the sets of experiments
dedicated to the study of catalytic and ablative materials reviewed here. Sec.
3 reviews the models used for the deterministic approaches and how they are
used together with the experimental data to rebuild the model parameters. Sec.
4 showcases the Bayesian methods proposed and Sec. 5 discusses the conclusions
and outlook.

2

Plasma wind tunnel experiments

In this section, we review the different experimental procedures adopted for the
study of catalytic and ablative materials at the von Karman Institute (VKI). The
experimental data is consequently used to rebuild different model parameters
that define the gas/surface interaction of the different materials in question.
2.1

Heterogeneous catalysis

We consider the experimental set-up of the Plasmatron facility at VKI, an
Inductively-Coupled Plasma (ICP) wind tunnel [5]. The plasma flow is generated by the induction of electromagnetic currents within the testing gas in the
plasma torch; this process creates a high-purity plasma flow which leaves the
testing chamber through the exhaust.
As a simple model of TPS response, we define the catalytic coefficient γ as
the ratio of the number of atoms that recombine on the material surface over the
total number of atoms that hit it. We assume the same recombination probability
for the nitrogen and oxygen species constituting the air plasma, leading to just
one single catalytic parameter to characterize the material under atmospheric
entry conditions. In a typical experiment, one sequentially exposes two probes
to the plasma flow: a reference probe made of a well-known material (copper)
with a catalytic parameter γref , and a test probe which holds a sample of the
TPS material with the unknown catalytic coefficient γTPS to be inferred. The
following instruments equip the Plasmatron. For pressures, a water-cooled Pitot
probe measures the dynamic pressure Pd within the plasma jet, and an absolute
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pressure transducer records the static pressure Ps in the Plasmatron chamber.
The reference probe is an hemispherical device (25 mm radius) equipped with
a water-cooled copper calorimeter at the center of its front face. The calorimeter has a cooling water system that maintains the surface temperature of the
reference probe. The reference probe heat flux is deduced from the mass flow
(controlled by a calibrated rotameter) circulating in the cooling system and the
inlet/outlet water temperature difference measured by thermocouples as a result
of the exposure to the plasma flow. For the test probes, we measure directly the
emissivities  and the surface temperatures Tw . The determination of the heat
flux assumes a radiative equilibrium at the surface, with the relation qw = σTw4 ,
where σ is the Stefan-Boltzmann constant,  is the emissivity measured with an
infrared radiometer, and Tw is the wall temperature which is measured using
a pyrometer. More details on how these measuring devices work can be found
in [28]. Figure 1 schematizes the Plasmatron and its instrumentation for catalytic
property determination.

Fig. 1. Schematic view of the Plasmatron experimental set-up.

The underlying idea of the experimental procedure is to perform first measurements of the wall temperature, heat flux and pressures Pd and Ps with the
reference probe set in the plasma jet. As these measurements depend on the state
of the free stream flow, in particular on the enthalpy Hδ at the boundary layer
edge δ, the free stream conditions can be deduced if one knows the contribution
to the heat flux of the surface catalysis. In our formulation, this is equivalent to
knowing the catalytic coefficient γref of the reference probe. Then, in a second
stage, the test probe is set in place of the reference probe in the plasma jet.
The corresponding steady state wall temperature Tw and emissivity  are measured and, assuming that the free stream flow conditions have not changed, the
catalytic coefficient γTPS of the test probe can be inferred.
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Thermochemical ablation

The experimental set-up installed at the Plasmatron facility offers intrusive and
non-intrusive (optical) measurement techniques. The instrumentation equipment
consists of a video camera, a 2-color pyrometer, a broad-band radiometer, a digital camera, and a spectrometer with intensified Charge-Coupled Device (CCD).
The main data of interest during the investigation reported here is surface ablation rates of graphite in a pure nitrogen plasma ṡ and measurements of the
locally resolved ablation product cyanogen (CN) boundary layer emission and
densities ρCN . These measurements are directly linked to the model parameter
CN
.
we want to rebuild, the nitridation reaction efficiency γN
The same equipment as for the study of heterogeneous catalysis is used here
for the determination of the free stream conditions through the use of heat flux
measurements on a reference (copper) material. A set of other dedicated measurements are used for the characterization of the ablative material itself. The
total stagnation point recession ṡ is measured using a digital camera (Nikon
D5000) attached to a 400 mm lens, giving a resolution of about 0.03 mm per
pixel. The test sample is pre-heated (cleaned and dried) by the Argon plasma
used to start the Plasmatron facility. After starting the plasma on Argon gas,
with the test sample in place, the test gas is switched to pure nitrogen. The
stagnation point of the test sample is placed 445 mm from the torch exit. The
strong radiative signature of the CN molecule allows for its easy probing by emission spectroscopy via the strong violet system emission [31][6]. One can further
benefit from the low surface recession rate of the graphite sample, contrary to
air ablation, allowing to average several recorded spectra per ablation test. The
emission spectroscopy setup consists of an Acton Series SP-2750 spectrograph of
75 cm focal length combined with an ICCD PI-MAX camera with a frame of 1024
× 1024 pixels. The two- dimensional ICCD array enables spectral measurements
across the complete plasma jet in an imaged plane of 20 cm, yielding a spatial
resolution of 0.195 mm. For each acquisition, the camera records a data matrix
with wavelength distributed along the horizontal axis and the lateral positions
of the observed plasma radius distributed along the vertical axis.
Objective of the spectral measurements is the determination of the locally
resolved CN emission and the experimental CN species density ρCN . But as the
plasma jet is being observed from the side, the recorded signal is a result of the
local emission integrated along the line-of-sight, projected onto the ICCD sensor. If we assume axisymmetry of the jet and an optically thin gas, the inverse
Abel transformation provides the local emission coefficient at distance r from
the center. Treatment of the experimental spectra is necessary prior to conversion of local emission. More details about the experimental CN species density
determination can be found in [17].
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Deterministic approaches to the inference of model
parameters

In this section, we highlight the different approaches adopted in the relevant literature to rebuild model parameters deterministically and learn about gas/surface
interaction phenomena through experiments. We also make the split between
catalytic and ablative materials due to the different approaches to the rebuilding and the models.
3.1

Heterogeneous catalysis

The catalytic activity on a material surface cannot be measured directly. We
need models and simulations to bypass that lack of knowledge and use other
measurable quantities to rebuild the model parameter we are seeking. Modelbased numerical simulations include the catalytic recombination parameter γ in
their model to account for this phenomenon on the computation or prediction of
relevant quantities. These methods use experiments and models intertwined in
a complex fashion. To identify the TPS catalytic properties γTPS , chemically reacting boundary layer simulations are employed in the vicinity of the stagnation
point [1]. The Boundary Layer (BL) code implements the Navier-Stokes equations. To solve the system, closure models for the thermodynamic and transport
properties as well as the chemical production terms of the different species are
needed. Transport fluxes are derived from kinetic theory using the ChapmanEnskog method for the solution of the Boltzmann equation [12, 26]. Diffusion
fluxes are computed through the generalized Stefan-Maxwell equations [7, 13,
21]. For the homogeneous chemistry, the Law of Mass Action is used to compute
production rates as proportional to the product of the reactant densities raised
to their stoichiometric coefficients [22]. The thermodynamic properties, such as
the enthalpy, are derived from statistical mechanics [1, 37] for a reacting mixture
of perfect gases, assuming thermal equilibrium and chemical non-equilibrium.
The dependency of the catalytic parameters comes from the boundary condition
where this term accounts for the recombination efficiency at the wall. Apart from
the closure models, the parabolic nature of the BL model requires the imposition of two boundary conditions: the external flow conditions at the boundary
layer edge [23], and at the material surface where recombination reactions can be
triggered depending on the catalytic nature of such material [14]. More details
about the derivation, coordinate transformations and numerical implementation
of the BL code are available in the work of Barbante [2].
In summary, the predictive quantity of the model is the wall heat flux



∂uδ
∂ ∂uδ
, vδ
,
(1)
qw = qw γ, Tw , Pδ , Hδ , δ,
∂x
∂y ∂x
which depends on the free stream conditions (subscript δ), the thickness of the
boundary layer δ, the catalytic parameter of the material γ and the surface temperature Tw . An auxiliary 2D magnetohydrodynamic axisymmetric simulation
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assuming Local Thermodynamic Equilibrium (LTE) is performed to simulate the
torch and the chamber of the wind tunnel [23]. Relaying on the knowledge of the
operating conditions of the Plasmatron, such as electric power, injected mass
flow, static pressure and probe geometry, this 2D simulation lets us compute
non-dimensional parameters that define the momentum influx to the boundary
layer (interested reader is directed to [10]). The prediction we are seeking to
match the experimental data is now recast as
qw = qw (γ, Tw , Pδ , Hδ , Π1 , Π2 , Π3 ) ,

(2)

where Π1,...,3 are the non-dimensional parameters.
We solve this equation iteratively over the outer edge temperature Tδ , which
is directly linked to Hδ , until the numerical heat flux matches the one measured
experimentally with the calorimetric probe. The procedure returns the enthalpy
and velocity gradient at the boundary layer outer edge. Once the plasma enthalpy
has been determined, we can run the BL code for various combinations of material catalysis and temperature, to obtain a heat flux abacus, qw = qw (Tw , γ). The
abacus defines a chemically reacting frame for one enthalpy, pressure and model
geometry combination. The TPS catalysis can be determined by identification
of the γ contour, where the actual experimental conditions (qw , Tw ) lay.
3.2

Thermochemical ablation

The approach here presented is also based on a full Navier-Stokes solution with
boundary conditions for surface mass and energy balances. This approach has
been widely used to study the ablative gas/surface interaction of TPS with the
surrounding flowfield [4, 35, 8]. While the gas phase is governed by the NavierStokes equations, the surface is not fully simulated, but is approximately modeled. The plasma boundary layer edge condition composed of the temperature
Tδ , axial velocity vδ , and species densities ρi,δ , dependent on the temperature
and static pressure Ps , is fully described by the experimental-numerical plasma
rebuilding procedure described previously in the context of heterogeneous catalysis. Quantities at the boundary layer edge serve as input to a 1D stagnation-line
code with ablative boundary condition [34], with the goal to numerically simulate the ablation experiments. A set of balance equations are solved with respect
to the conserved quantities of the gas, i.e., mass, momentum and energy, which
are imposed as boundary values for the Navier-Stokes equations. For the ablation experiments considered in this work, only a mass balance equation is needed
given that we invoke the no slip condition for the momentum equations and the
wall temperature is imposed as it is measured. This balance is obtained limiting the control volume of the mass conservation equation to the thin lamina
representing the gas-surface interface [18, 33]. The unknown nitridation reaction
efficiency is recovered from the closure model considered for the surface mass
balance (find the derivation in more detail in [17]):
CN
γN
(Tw ) =

ṁs MCN
ρNw MC



RTw
2πMN

−1/2
,

(3)
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where the term ṁs is the mass loss flux of the ablated material, M denotes the
molar masses of the different species, Tw is the temperature at the wall, which
is measured, and ρNw is the nitrogen density at the wall. The mass loss ṁs is
directly linked to the measured recession rate ṡ through the known material
density of the graphite rod ρs = 1760 kg/m3 . The unknown ρNw is computed
by accounting in a fully-coupled way the effect of the ablation product injection. We point out that this approach does not take any changes in the surface
microstructure during ablation into account and is solely based on steady-state
ablation. In addition, it is almost impossible to observe changes of the surface
state during ablation in the plasma wind tunnel in-situ. It is important to remark the fact that the experimentally derived ρCN is only used to validate the
CN
rebuilding methodology without using its information to retrieve γN
.

4

Bayesian approaches to the inference of model
parameters

In this section we review the Bayesian formulations proposed for inferring catalytic parameters and nitridation reaction efficiencies from the experiments depicted in Sec. 2. We also report the main results for two different sets of cases, S1
test from Panerai [29] for ceramic matrix composite materials and G4-G7 cases
from Helber [17] for graphite ablation.
4.1

Bayes theorem

The inference of model parameters uses the Bayes formula which can be generally
formulated as
L(M|q) P(q)
,
(4)
P(q|M) = R
L(M|q) P(q)dq
Ω
where q is the generic vector of parameters, having for components the parameters of the analysis, and M is the vector of the measured quantities used for the
analysis. In the present Bayesian setting, q and M are real-valued random vectors. We denote P(q) the prior probability distribution of the parameters that
expresses one’s beliefs on possible values of q before the measurements are made
available. L(M|q) is the likelihood function, i.e., the probability of observing
measurements M given q. Typically, the likelihood compares the measurements
with model predictions (functions of q), and relies on a noise model to account
for the measurement error; a model error contribution can also be included [19].
Specifically, the comparison can be made on the raw measurements or more
generally on some derived quantities which is the case of our study. From the
measurements M, Bayesian inference updates the prior distribution P(q) to the
posterior probability distribution P(q|M).
The posterior distribution in Eq. 4 is usually not known in a closed form
due to the complexity of the mapping q → M (q) where M (q) is the vector of
model predictions using the forward model. The noise and error models can also
complicate calculations. Therefore, sampling strategies, such as Markov Chain
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Monte Carlo (MCMC) methods [25], are needed to estimate the statistics of
the posterior distribution of q (e.g., mean, moments, median, and mode). In
this work, we use the Adaptive Metropolis (AM) algorithm [15], an extension
of the Random-Walk Metropolis (RWM) algorithm, which adapts the proposal
covariance matrix using previously sampled points. Lastly, the integral under
the denominator in Eq. 4 extends to the space of q, denoted here with the Greek
letter Ω. In practical terms, this integral is called the evidence and it is a single
number. It usually does not mean anything by itself, but can be important when
comparing different model choices.

4.2

Heterogeneous catalysis

For the inference of catalytic parameters we have denoted the set of experimental
ref,TPS,meas
data as M = (Psmeas , Pdmeas , qw
, Twref,TPS,meas ). The issue with this inference is the fact that the model predictions qw = qw (γ, Tw , Pδ , Hδ , Π1 , Π2 , Π3 )
are not just functions of the catalytic coefficient γ, but also depend on all the
inputs of the BL code. It is worth noting that the dependencies of the predictions can be recast as qw = qw (γ, Tw , Ps , Hδ , Pd ) given that the non-dimensional
parameters are set for each case and the predictions are barely sensitive to them
for the given measurements. The edge pressure is taken as the static pressure
of the chamber and the stagnation pressure is used to derive the momentum
influx to the boundary layer through the given non-dimensional parameters. As
already mentioned, the pressures and wall temperatures are measured in the
experiment, but only with limited precision, while the enthalpy Hδ is simply not
known. In this Bayesian formulation we propose to infer all model parameters
(ref and TPS for reference and protection material) jointly, given that they both
play the same role in the inference problem and our level of prior knowledge
about both materials can be safely assumed to be the same. Consequently, there
may be zero, or multiple, boundary layer edge conditions consistent with the
measurements. Since the boundary layer edge conditions can not be completely
characterized, the remaining uncertainty should be accounted for when inferring
the TPS catalytic coefficient γTPS .
One possibility to handle this issue is to consider the whole set of uncertain
quantities, not just the quantities of interest γref and γTPS , but also the so-called
nuisance parameters. In that case, we have q = (γref , γTPS , Twref , TwTPS , Ps , Pd , Hδ )
in the inference problem. The introduction of the nuisance parameters induces
several difficulties related to the necessity to specify their prior distributions, the
increased dimensionality of the inference space, and the consumption of information for the inference of the nuisance parameters. This last issue is detrimental
to learning the parameters of interest. We derive an alternative formulation for
the joint inference of the two catalytic coefficients γ = (γref , γTPS ). The proposed formulation only depends on the two catalytic coefficients and not on the
other nuisance parameters. As a result, only the prior P(γ) is needed. Assuming independent unbiased Gaussian measurement errors, with magnitude σ, the

10

del Val et al.

proposed likelihood of M would read as
#
"
2 #
2
Pdmeas − Pdopt (γ)
(Psmeas − Psopt (γ))
(M|γ) = exp −
exp −
×
2σP2 s
2σP2 d
"
2 #
2
i,meas
i,opt
Y
Twi,meas − Twi,opt (γ)
qw
− qw
(γ)
−
,
×
exp −
2σq2w
2σT2 w
"

opt

L

i∈{ref,TPS}

(5)
where the dependence of the optimal values on the two material properties has
been made explicit for clarity.
Given M and a value for the couple of catalytic coefficients, the optimal
nuisance parameters and associated heat fluxes are determined using the BL
code. The procedure for this optimization is the Nelder-Mead algorithm [27],
which is a gradient-free method requiring only evaluations of the BL model
solution. Typically, a few hundreds resolutions of the BL model are needed to
converge to the optimum of (5). The computational cost of the optimization
prevents us from using directly this approach to draw samples of γ from their
posterior distribution, and this fact motivates the approximation of the optimal
(log) likelihood function using a Gaussian Process surrogate [32]. Fig. 2 shows
the obtained posterior distributions for experiment S1 reported in [29].
We can observe that the distributions of both γref and γTPS drop to small
values at both ends of the spectrum, reducing the support from the prior distributions proposed. This behavior can be explained by the proposed likelihood form,
which uses all the available measurements to access the fitness of the model predictions. It is also important to notice that both distributions have well-defined
peaks for γref ' 0.016 and γTPS ' 0.01. In this framework, no assumptions are
made concerning γref , which is estimated along with the protection material parameter with no differences in their prior knowledge. It can be suggested that
a deeper experimental study can provide more insights to the behavior of the
reference material and a different prior can be defined for the same analysis
where differences in knowledge between the two probes can be then accounted
for. The distributions of the optimal nuisance parameters can be obtained by
building surrogates on these quantities as functions of γref and γTPS . This is
done by using the same Gaussian process methods as for the optimal likelihood.
The joint posterior of the catalytic parameters can be then propagated through
such surrogates to obtain the resulting distributions of the nuisance parameters.
4.3

Thermochemical ablation

For the nitridation experiments, we have as the set of measurements
M = (Psmeas , Pdmeas , Twmeas , ṡmeas , ρmeas
CN ) . It is important to notice that for a
stagnation line simulation in a reacting flow, the inlet boundary condition must
comprise species densities ρi,δ , temperature Tδ , pressure Pδ and velocity components uδ , vδ , while the surface conditions are temperature at the wall Tw which
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Fig. 2. Marginal posteriors obtained with the Bayesian formulation.

closes the energy equation; we assume no slip condition, which closes the momentum equations and we define surface mass balances for the pseudo-species
mass equations. This mass balance needs the chemical mechanism at the surface
to be specified and we also need to give values to the different parameters. All
in all, we intend to find the flow solutions that are compatible with our experimental observations under the considered model. This means that from the set
of observations M we want to infer the inlet conditions and the wall conditions
in such a way that we are left with a population of possible flow solutions. As
we work with a mixture of 9 species: {e− , C+ , C2 , C3 , CN, C, N, N+ , N2 }, we are
left with a 15 dimensional problem if we only consider nitridation at the wall.
To properly define our vector of parameters to be inferred q we need to take
into account some physical relationships. Relaying on the knowledge of the operating conditions of the Plasmatron, such as electric power, injected mass flow,
static pressure and probe geometry, we can compute non-dimensional parameters that define the momentum influx to the boundary layer (same parameters
as for the catalytic case). These non-dimensional parameters together with the
dynamic pressure expression, corrected for viscous effects Pd /KH = 1/2ρv 2 [3],
let us define a relationship for the inlet velocity components uδ , vδ with the
measured dynamic pressure. The need to specify two velocity components falls
from the spherical coordinates transformation used in the dimensionally-reduced
Navier-Stokes equations [20]. Generally, it is safe to assume that we have thermochemical equilibrium at the edge of the boundary layer for these conditions as
already studied by Helber [16]. This assumption lets us relate the species densities to the temperature and the pressure, reducing our problem dimensionality
further. What the additional physical relations depicted here are doing in prac-
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ticality is to constrain our search for the more likely flow solutions to the ones
that have thermo-chemical equilibrium at the inlet, with a particular given relationship between influx velocity components while complying with the dynamic
pressure measurements. It is important to mention that the variability of the inlet non-dimensional parameters with the operating conditions is small as shown
by Panerai [28] and they can be assumed to play a negligible role in the inference
we want to carry out. In any case, it is possible to test these assumptions by getting rid of this additional structure in our model, therefore liberating the search
for flow solutions to any with any velocity components. At the end of the analyCN
sis, we are left with 5 parameters to calibrate, namely q = (Ps , Pd , Tw , Tδ , γN
).
In the experiment, a previous step is done to measure the free stream condition
of the plasma jet Tδ , which is needed for the deterministic rebuilding presented
in Sec. 3.2. In this Bayesian approach, we manage to get rid of that experimental
step because our inference is not sensitive enough to Tδ . This is due to the fact
that we do not measure heat fluxes here but instead have recession rates and CN
densities. In the Bayesian approach, we can assume ignorance for Tδ and still be
CN
. This reduction of observations in
able to retrieve what we are looking for, γN
our inference problem is an important advantage of the Bayesian approach over
the deterministic rebuilding.
Finally, having our set of measurements and parameters defined, we propose
a likelihood of the form




|Psmeas − Ps |2
|ṡmeas − ṡ|2
exp −
×
∝ exp −
2σṡ2
2σP2 s
# (6)
"




2
|ρmeas
|Twmeas − Tw |2
|Pdmeas − Pd |2
CN − ρCN |
× exp −
,
exp −
exp −
2σρ2CN
2σT2 w
2σP2 d

CN
L(M|Ps , Pd , Tw , Tδ , γN
)

CN
CN
where ṡ = ṡ(Ps , uδ , vδ , Tw , Tδ , γN
), ρCN = ρCN (Ps , uδ , vδ , Tw , Tδ , γN
), uδ =
= uδ (Ps , Pd , Tδ ) and vδ = vδ (Ps , Pd , Tδ ). Notice the dependency of ṡ and ρCN
on the velocity components which are functions of the dynamic pressure Pd , the
static pressure Ps and the temperature Tδ . Ps and Tδ are needed to compute the
density of the mixture defined in the equation relating the dynamic pressure to
one of the velocity components. The inference is carried out on the constitutive
variables Ps , Pd and Tδ while the relationship with the velocity components is
computed externally and the velocity components are fed to the model to output
ṡ and ρCN . It is simpler to keep the original inputs to the solver which would
let us use this framework as it is to asses possible discrepancies of the auxiliary
2D problem (to obtain the non-dimensional parameters) with the experiments,
thereby having to include the velocities in the inference problem in the future.
The computation of the model outputs ṡ and ρCN requires the solution of the
1D stagnation line problem which can be expensive to evaluate for a proper
statistical characterization of the posterior distribution. To overcome this issue,
ṡ and ρCN are approximated again by Gaussian Process surrogate models whose
evaluations are cheaper.
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We can see in Fig. 3 the different inferences that we carried out when using
each piece of information independently and all together. Overall we can see
that the calibration seems consistent, the support of the distribution obtained
with all measurements is contained in within the support of each of the parts
and one can see some information gain (reduced support compared to either of
the parts’). Overall, good agreement seems to be found, although we can clearly
see that as the wall temperature increases (from G4 to G7), there seems to be
an over prediction of ρCN that is not fully consistent with the measurements of
CN
recession rates. This is reflected on the calibration of γN
as both measurements
are directly and greatly affected by it. If we pay attention to case G6 (lower left),
we can see that this is not the case. Here, the overlap of support is very small
and the distribution that contains the information of both measurements does
not share most of its support with the calibration obtained by using only CN
densities. It is clear that, in this case, the results represent a trade-off between
the two measurements and the physics must be studied further. The issue could
be double-fold: either an epistemic uncertainty underlying the physical model or
biased experimental observations.

CN
Fig. 3. Marginal posterior distributions of γN
from recession rates, CN densities and
both measurements for G4 (upper left), G5 (upper right), G6 (lower left) and G7 (lower
right).
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Conclusions

This contribution reviews some selected experiments and inference methods, centered around the VKI plasma wind tunnel, for catalytic and ablative thermal
protection materials. The review showcases the complex, multi-scale phenomena
that is atmospheric entry flows. The challenges associated with the understanding of such flows is many fold. In this review, we highlight the intricacies present
in selected sets of experimental data and how different models and procedures
are used to deterministically retrieve catalytic and ablation coefficients. These
methods rely heavily on additional experimental data as well as strong assumptions to fill in the gaps of missing knowledge. We enrich this review by including
some of the latest works on Bayesian inference methods for such experimental
datasets developed within the UTOPIAE network.
For the case of catalytic materials, the calibration proposed has the impact
of improving considerably the inference results by giving consistent and accurate
posterior distributions without the need of assuming the value of γref for copper.
The results show a reduced support and well-defined peaks for both posteriors
of γref and γTPS . For the ablative material considered, preliminary results show
promise in the Bayesian method by taking into account different measurements
CN
from recession rates are
and combining them together. While the calibrated γN
consistent across the different experimental conditions here explored, the same
CN
cannot be said about γN
when calibrated from ρCN . Further investigations need
to be conducted to conclude if it is either an epistemic uncertainty underlying
the physical model or biased experimental observations. All in all, it is possible to
say that the model parameters can be learned from the experimental conditions
considered. Not only that but also these methodologies open the door to future
design of experiments to obtain the most accurate coefficients.
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