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Abstract: Aleatoric uncertainties are propagated through a computational model representative of
a reference experiment in hypersonics for which observations are available. Namely, a hypersonic
stream over an axisymmetric double-cone. The flow exhibits strong non-equilibrium thermochemi-
cal effects. The inflow uncertainty is characterized and propagated through a computational model
of the experiment using standard Polynomial Chaos Expansions. Global sensitivity analysis is
performed via Sobol’s method. Eventually, the true experimental inflow conditions are inferred
from available experimental observations.
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1. Introduction

The accurate prediction of wall quantities in hypersonic flows is still a challenging task, especially in the
presence of strong thermochemical nonequilibrium and shock-wave/boundary-layer interaction (SWBLI).
Double-cone [1] and double-wedge [2] configurations are widely used as reference test cases because
they reproduce separated hypersonic flows while retaining a relatively simple geometry. Among the
available studies, the work of Nompelis and Candler [3] represents a key reference, as it provided a
broad numerical assessment of double-cone experiments under different flow conditions. Their results
showed that numerical simulations are not able to correclty predict the extent of the separation-region.
The prediction mismatch does not appear to be fully explained by wall-catalysis assumptions or by more
detailed thermochemical models, suggesting that the uncertainty inherent in inflow conditions may play a
major role [1]. Indeed, recent state-to-state analyses of the nozzle expansion [1] that produces the inflow
stream have shown that the computed thermochemical state can differ significantly from that obtained
with classical multi-temperature models. Such differences can alter the subsequent SWBLI over the
double cone and, consequently, the predicted separation pattern.

In this context, we propagate aleatoric uncertainty through a computational model of the double-cone
configuration investigated by Nompelis and Candler [3], for which experimental observations are available
and strong thermochemical nonequilibrium effects are expected. To achieve our goal, the experiment
is reproduced numerically using an in-house Computational Fluid Dynamics (CFD) solver developed
at Politecnico di Bari [4]. The inflow uncertainty is first characterized, and then sampled to generate
a database. The set of CFD output realizations serves the building of standard Polynomial Chaos
Expansions (PCE) to perform the Uncertainty Quantification (UQ) analysis, including global sensitivity
analysis via Sobol’s method. Taking advantage of the available observations, we also infer the most likely
inflow conditions attained during the experiment.

The paper is structured as follows. Section 2 describes the computational model created to perform CFD
simulations, including the numerical and thermophysical setting. Section 3 briefly recalls the mathematics
underlying the UQ framework. Lastly, Sec.4 presents the analysis of the double-cone experiment.
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Figure 1: Numerically computed flow field structure over the double-cone.

2. Thermophysical modeling and numerical approach

The axisymmetric experiment is simulated by solving the Navier-Stokes equations for a neutral oxygen
mixture. A generic flow field is reported in Fig. 1 to highlight the shock pattern. An attached shock (AS)
forms at the first deflection. A detached curved shock (DS) is also well identified. As these two interact,
two additional shocks appear: the transmitted shock (TS) i.e., the weakest one, and the separation shock
(SS) responsible for the separation of the boundary layer (separation region, SR). The triple point (TP),
where SS, DS, and TS coexist, identifies the location of the supersonic/subsonic transition.

Viscosities and binary mass-diffusion coefficients are obtained from Gupta’s curve-fitted correlations [5].
The Eucken’s relation computes thermal conductivities (translational and vibrational). Mixture-averaged
properties are evaluated using standard mixing rules from [6, 7, 8]. Thermochemical nonequilibrium is
modelled by the two-temperature approach, with kinetics data provided by Park [9]. Thermal nonequilib-
rium is accounted in dissociation/recombination processes of oxygen molecules, considering a geometric
average of the roto-translational and vibrational temperatures. The latter is evaluated by considering a
transport equation of the vibrational energy with Landau-Teller and preferential removal source terms.

The governing equations are discretized with a finite-volume solver on a structured body fitted mesh. An
operator splitting approach is employed. First, a convective-diffusive (frozen) step solves the homogeneous
Navier-Stokes equations. Then, the solution is updated integrating the thermo-chemical source terms.
Convective fluxes are handled with the Steger and Warming flux vector splitting [10] with second-
order accurate MUSCL (Monotonic Upstream-centered Scheme for Conservation Laws) reconstruction.
Viscous terms are handled with the Gauss divergence theorem with linear interpolation. Time integration
employs an explicit third-order accurate Runge-Kutta scheme [11]. The stiff chemical kinetics relies on
an implicit Gauss-Seidel scheme. Further details can be found in [1, 4].

3. Uncertainty quantification framework

We employ a standard PCE to forward-propagate the uncertainty, see [12] and reduce the computational
burden of the inferential procedure. We consider a generic output of the CFD model

𝑌 = 𝑀 (𝑼), (1)

where 𝑼 denotes a random input vector defined over the stochastic domain Ω ⊆ R𝑑 , and 𝑌 is the
corresponding random output. The random input vector 𝑼 parametrizes the uncertain test conditions.
The computational model is assumed to be deterministic, such that each realization 𝒖 of 𝑼 uniquely
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determines a realization 𝑦 of 𝑌 . Furthermore, the uncertain inputs are assumed to be statistically
independent, yielding the factorized joint probability density function

𝑝𝑼 (𝒖) =
𝑑∏
𝑖

𝑝𝑈𝑖
(𝑢𝑖). (2)

Under this assumption, the stochastic response 𝑌 can be mimicked through a PCE approximation 𝑌

𝑌 = 𝑀𝑃𝐶 (𝑼) =
∑︁
𝜶∈A

𝑐𝜶Ψ𝜶 (𝑼), (3)

where Ψ𝜶 (𝑼) denotes a multivariate orthonormal polynomial basis indexed by the multi-index 𝜶 included
in the set A. Specifically, each component 𝛼𝑖 identifies the degree of the univariate orthonormal
polynomial 𝜓𝛼𝑖

associated with the random variable𝑈𝑖 . In this work, we select the univariate polynomial
of the Legendre family according to the Askey scheme [13]. The expansion is truncated at a maximum
polynomial degree 𝑟 , such that

∑
𝑖 𝛼𝑖 = 𝑟 for all 𝜶 ∈ A. The theoretical convergence properties of PCE

and the selection of the polynomial basis are extensively discussed in Refs. [12, 13].

The UQ analysis requires computing the expansion coefficients 𝑐𝜶 from available data (in our case CFD
model realizations). The task is carried out using a least-square approach. Namely, let U = {𝒖 (𝑖) , 𝑖 =
1, . . . , 𝑛} be the set of random training samples associated to 𝒚 = {𝑦 (1) = 𝑀 (𝒖 (1) ), . . . , 𝑦 (𝑛) = 𝑀 (𝒖 (𝑛) )}
the vector of the corresponding model responses. Let 𝑪 = {𝐶𝑖 𝑗 = Ψ 𝑗 (𝒖 (𝑖) ), 𝑖 = 1, . . . , 𝑛, 𝑗 =

1, . . . , cardA} be the information matrix deriving from evaluating the polynomial basis at the inputs U.
Then, the vector of coefficients comes from the solution of the following least-square minimization

𝒄 = (𝑪𝑇𝑪)−1𝑪𝑇 𝒚. (4)

Once the coefficients are available, the QoI uncertainty can be efficiently characterized through a post-
processing of the coefficients. Approximation of its mean 𝜇𝑌 and variance 𝜎2

𝑌
is given by

𝜇𝑌 = E [𝑌 ] ≈ 𝑐0, 𝜎2
𝑌 = E

[
(𝑌 − 𝜇𝑌 )2] ≈ ∑︁

𝜶∈A
𝜶≠0

𝑐2
𝜶 . (5)

Notoriously, algebraic manipulation of the coefficients return the Sobol’ sensitivity indices [14].

Although we deal with spatially-dependent Quantities of Interest (QoIs), we build local PCE. While
straightforward, this approach presents limitations.

3.1 Surrogate quality assessment

A posteriori error estimators are employed to evaluate the residual error between the PCE prediction and
the training set [15]. In particular, we employ the leave-one-out (LOO) mean square error estimator

𝜀𝐿𝑂𝑂 =
1
𝑛

𝑛∑︁
1=1

Δ2
𝑖 where Δ𝑖 = 𝑀 (𝒖 (𝑖) ) − 𝑀𝑃𝐶\𝑖 (𝒖 (𝑖) ). (6)

Here, Δ𝑖 is the error between the CFD output and the PCE prediction at 𝒖 (𝑖) , obtained removing the 𝑖

point from the training set, see Ref. [15]. To evaluate the surrogate quality, we employ the 𝑅2 score:

𝑅2 = 1 − 𝛾
𝜀𝐿𝑂𝑂

Var[𝒚] with 𝛾 =
𝑛

𝑛 − card(A)

(
1 + tr

((
𝑪𝑇𝑪

)−1
))

, (7)

where 𝛾 is a correction factor for scarce training data sets [14]. 𝑅2 = 1.0 is perfect predictive capability.
𝑅2 = 0.0 implies the model does not explain data variability, but predicts the average.
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3.2 Inference procedure

The following relationship between computational model 𝑦 and experimental observations 𝑦𝑒 is assumed

𝑦𝑒 (𝒙) = 𝑦(𝒙, 𝒖) + 𝑒(𝒙) with 𝑒(𝒙) ∼ N (0, 𝑣(𝒙)), (8)

where 𝒙 is the spatial coordinate and 𝑒(𝒙) is a space-dependent measurement uncertainty (assumed
statistically independent from the uncertain model parameters 𝒖). Note that we neglect any model
bias. Note also that experimental observations are available at a discrete locations {𝒙𝑒

𝑖
}𝑛𝑒
𝑖=1, and can be

represented by a vector 𝒚𝑒 = {𝑦𝑒 (𝒙𝑒
𝑖
)}𝑛𝑒

𝑖=1.

The calibration problem is treated as a Bayesian inverse problem. Namely, we employ a modular
maximum a posteriori (MAP) approach, following the statistical framework introduced in Ref. [16]:

1. We obtain an estimate of the measurement uncertainty 𝑒(𝒙) from the observed data 𝑦𝑒 (𝒙).

2. We perform a MAP estimate of the uncertain inputs, given 𝑒(𝒙), the numerical data set {U, 𝒚},
and the experimental observations 𝒚𝑒.

The modular approach avoids identifiability problems which can derive from a joint estimation of the
measurement uncertainty and the uncertain inputs. Moreover, the measurement error should be estimated
independently from the surrogate approach used to model the relationship between the numerical code
and the uncertain inputs. In the following, the two calibration steps are discussed separately.

3.2.1 Measurement uncertainty

Discontinuities inherent in the hypersonic flow field of interest render the measure uncertainty subject to
spatially variable precision. We account for this in our approach to noise estimation from experimental
data and resort to Heteroscedastic Gaussian Process (HGP) modeling following the variational formulation
of Ref. [17]. In this framework, the observation is assumed to be the sum of an unknown true physical
process 𝑔(𝒙) and the noise term 𝑒(𝒙):

𝑦𝑒 (𝒙) = 𝑔(𝒙) + 𝑒(𝒙) where 𝑔(𝒙) ∼ GP(0, 𝑘𝑔 (𝒙, 𝒙′)) and 𝑒(𝒙) ∼ N (0, 𝑟 (𝒙)), (9)

meaning that a generic (unknown) function is modeled as a zero-mean Gaussian Process (GP) model
with covariance function 𝑘𝑔, while the measurement noise is normally distributed with a space-dependent
variance 𝑟 (𝒙). The key idea idea behind HGP is to define 𝑟 (𝒙) = 𝑒ℎ (𝒙) , to ensure variance positivity,
and assume ℎ(𝒙) ∼ GP(𝜇0, 𝑘ℎ (𝒙, 𝒙′)). The hyperparameters of the HGP model govern the covariance
functions 𝑘𝑔, 𝑘ℎ, and 𝜇0 and modulate the noise scale. The estimation of the hyperparameters is achieved
by numerically optimizing the analytical lower bound of the log-posterior of the observations log 𝑝(𝒚𝑒).
For further methodological aspects on GP, HGP, and variational approaches, refer to [18, 17, 19]. Once
the HGP is correctly trained, we obtain an analytical estimate of the variance at the spatial location of the
observations, namely 𝒓 = {𝑟 (𝒙𝑒

𝑖
)}𝑛𝑒

𝑖=1.

3.2.2 MAP estimate

The MAP approach is based on maximizing a loss function composed by the likelihood of the observations
and the prior of the uncertain inputs. For numerical stability reasons, the sum of the logarithms is used
instead of the product:

𝒖★ = argmax
𝒖∈Ω

[
Llike(𝒖) + Lprior(𝒖)

]
. (10)

Since the surrogates are constructed using the numerical dataset {U, 𝒚} independently at each grid point,
the observation at a specific location 𝒙𝑒

𝑖
is calibrated independently.
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The likelihood of the observation at each location is assumed to be normal

Llike(𝒖) = −𝑛𝑒

2
log(2𝜋) − 1

2
log

(
𝑛𝑒∏
𝑖=1

𝑟 (𝒙𝑒𝑖 )
)
− 1

2

𝑛𝑒∑︁
𝑖=1

(𝑦𝑒 (𝒙𝑒
𝑖
) − 𝑀𝑃𝐶 (𝒙𝑒𝑖 , 𝒖))2

𝑟 (𝒙𝑒
𝑖
) . (11)

Instead, the prior has a simpler formulation due to the hypothesis of statistically independent inputs
Eq. (2). Because of this, the prior term corresponds to the sum of the logarithm of the probability density
function of each random input:

Lprior(𝒖) =
𝑑∑︁
𝑖=1

log 𝑝𝑈𝑖
(𝑢𝑖). (12)

The loss function is optimized using a multi-start gradient-based method. Then, the calibrated input
vector can be plugged into each surrogate to obtain the calibrated prediction. Also, it can be plugged into
the numerical solver to verify the closeness of the numerical prediction to the observations.

4. Results

The UQ analysis targets QoIs evaluated at the wall of the double-cone, reported in Sec. 4.1, and over
the whole computational domain, Sec. 4.2. The inference of the true inflow condition is in Sec. 4.3.
Table 1 reports the alleged uncertainty modeled through a uniform probability distribution between the
min/max values. In the table, 𝑢∞ is the axial velocity, 𝑇∞ is the gas roto-translational temperature, 𝑝∞
is the pressure, 𝑌𝑂2,∞ is the O2 mass fraction, and Δ𝑇∞ is a differential temperature used to model the
thermal nonequilibrium at the inflow, with Δ𝑇∞ = 𝑇𝑣,∞ −𝑇∞ by definition. The reference experiment [3]
has an inflow at thermal nonequilibrium with 𝑇𝑣,∞ > 𝑇∞, therefore Δ𝑇∞ > 0.

𝑢∞, m/s 𝑇∞, K 𝑝∞, Pa 𝑌𝑂2,∞, - Δ𝑇∞, K
Upper Bound 4000 1000 200 0.95 200
Lower Bound 3500 400 100 0.75 0

Table 1: Uncertainty bounds.

A set of 𝑁 = 120 Monte Carlo realizations of the CFD model is considered. The random inflow conditions
are sampled through Latin Hypercube. All PCE are truncated considering 𝑟 = 3. For a 5-dimensional
random input space, the cardinality card(A) of the polynomial basis is 56.

4.1 Wall QoIs

We consider QoIs extracted along the solid wall. First, we assess the quality of surrogates and later we
present the UQ analysis reporting the Probability Density Function (PDF) and Sobol’ indices. The PDF
is obtained through a surrogate-based sample-wise kernel density estimation [14].

4.1.1 Surrogate quality assessment

Figure 2 reports the LOO-based 𝑅2 score over the solid wall for three QoIs. Namely, the static pressure
𝑝, the 𝑂2 mass fraction 𝑌𝑂2 , and the heat-flux 𝑞.

Overall, surrogates are of fair quality since 𝑅2 ≥ 0.9 is considered a high threshold. The 𝑝 and 𝑌𝑂2

surrogates show a quality indicator always close to unity, as desired, except for small regions corresponding
to limited locations where shock waves are present. The same is detected for 𝑞, although the quality
reduction around 𝑥 = 0.1 is larger. We can identify two regions where quality departs significantly from
unity (𝑥 ≈ 0.075 and 𝑥 ≈ 0.1). These are where separated the regions develop or where shocks impinge.
However, there the 𝑅2 remains reasonable despite the highly nonlinear flow behavior.
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Figure 2: PC surrogate quality assessment, 𝑝 (upper left), 𝑌𝑂2 (upper right), and 𝑞 (lower center).

4.1.2 UQ analysis

We report the PDF of the model outputs over the wall in Fig. 3. To help the visualization, PDFs are
normalized by their peak value. The mean value is highlighted by the orange line. Starting from the
pressure (upper left figure), we observe a very small variability in the region of the first cone. A sudden
increase in uncertainty occurs in the separation region upstream of the second cone. Downstream, we
observe the pressure peak due to the second shock and a following expansion where the largest uncertainty
is detected. Moreover, the PDF is highly skewed as its peak is clearly distinct from the mean value. Then,
the expansion after the second cone is associated with very low pressure values and low uncertainty.
Moving to 𝑌𝑂2 , we detect a large uniform uncertainty over the first cone, which is directly related to
the variability of the inflow. This uncertainty is altered only marginally by the first shock, triggers little
chemical dissociation. The shock interaction increases the 𝑂2 mass fraction and reduces the uncertainty.
The expansion along the second cone and downstream of it leads to a reduction of 𝑌𝑂2 and to an increase
in uncertainty. In this region, the PDF appears to be bi-modal, with a clear darker region below 𝜇 and
a small lighter peak above. Considering the heat-flux 𝑞, the uncertainty is lower than for 𝑝 and 𝑌𝑂2 . A
larger uncertainty is present in the shock interaction region (𝑥 ≈ 0.10). However, this region corresponds
to a low surrogate quality.

The global sensitivity analysis is performed through analysis of variance (ANOVA) and reported in Fig. 4.
The variance decomposition highlights the first-order effect of the five uncertain inputs on the CFD model
output. In each plot, regions where surrogates suffers from loss in quality, i.e., 𝑅2 < 0.9, are blackened.
The analysis of the static pressure reveals a primary role of the uncertainty affecting the freestream static
pressure, as expected, and the freestream roto-translational temperature. This is true for both regions
upstream and downstream the second shock. Around 𝑥 = 0.075 and 𝑥 = 0.1 we can see that the white
region not covered by Sobol’ indices has a larger extension compared to other locations. Here, high-order
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Figure 3: UQ analysis of QoIs along the solid wall, 𝑝 (upper left), 𝑌𝑂2 (upper right), and 𝑞 (lower center).
Each plot reports the PDF (normalized by its peak value) and the mean value (orange line).

effects play a not negligible role. We observe a null effect of Δ𝑇 i.e., the parameter controlling the inflow
nonequilibrium. Instead, the O2 mass fraction is mostly affected by the inflow composition, especially
in the first portion of the domain. After the second shock, 𝑢, 𝑝, and 𝑇 begin to exert limited influence,
but nothing compared to 𝑇 . Again, first-order effects associated with Δ𝑇 are negligible. Considering
the heat-flux 𝑞, in the first cone region the largest variability is due to 𝑢, but a comparable role is played
by 𝑝 and 𝑇 . High-order effects are observed in the region between the shock interaction and the second
shock. In the expansion region downstream the cone, we observe a very high influence of the inflow axial
velocity and a contribution from 𝑌𝑂2 .

Since a goal is to understand if the inflow nonequilibrium level has any effect on the wall QoIs, the total
effect Sobol’ indices of Δ𝑇 have been computed and reported in Fig. 5. Note that values are low and
the 𝑦-axis scale is magnified. The influence of Δ𝑇 is similar for every QoI. A peak can be seen around
𝑥 ≈ 0.075, where the separation bubble is located. A lower but more extended peak is where shocks
interact at 𝑥 ≈ 0.1. In the sole case of the heat-flux, inflow nonequilibrium impacts the variance close
to the outlet, in the separation region downstream the double-cone geometry. Although these effects are
very limited, they highlight the influence of the inflow nonequilibrium on 𝑝, 𝑌𝑂2 , and 𝑞.

4.2 Field QoIs

The UQ analysis targets the Mach number 𝑀 , the roto-translational temeprature𝑇 , and the vibro-electronic
temperature 𝑇𝑣 fields. We first assess the PC surrogate quality over the domain. Then, we conduct an
analysis limited to the regions where the surrogates are reliable.
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Figure 4: First order Sobol’ indices of QoIs along the solid wall, 𝑝 (upper left), 𝑌𝑂2 (upper right), and 𝑞

(lower center). The black region corresponds to points where 𝑅2 < 0.9.

4.2.1 Surrogate quality assessment

Figure 6 reports the LOO-based 𝑅2 score for the three QoI fields. In all cases, the quality of surrogates
is very high where the flow is smooth i.e., upstream and downstream shocks. Otherwise, quality reduces
where shocks are present. In the forward region, low quality is found along the attached shock. This is
explained by the fact that an uncertain inflow variates only slightly the shock angle. On the other hand,
the region corresponding to the detached shock loses surrogates’ quality dramatically. The 𝑅2 behavior
appears to be oscillating, signifying the appearance of the Gibbs phenomenon, strongly affecting the
surrogate reliability.

4.2.2 UQ analysis

Global sensitivity analysis is performed on 𝑀 , 𝑇 , and 𝑇𝑣 fields, limited to regions where 𝑅2 > 0.9
(Colorless regions appear to exclude poor surrogates). We report the Mach field analysis in Fig. 7. In the
pre-shock region, the largest contribution to variance is due to the inflow roto-translational temperature.
Instead, the contributions in the post-shock region are peculiar. Indeed, 𝑢 influences the Mach variability
only in the post-shock region external to the boundary layer, with peaks in the expansion region close to
the outlet. Differently, 𝑇 is responsible for the variability of the Mach field inside the boundary layer. 𝑝

and 𝑌𝑂2 play a minor but complementary role, where 𝑝 behaves similar to 𝑇 , while 𝑌𝑂2 to 𝑢. We note
that the peak influence of 𝑌𝑂2 is inside the separation bubble upstream of the second cone. Again, Δ𝑇
has a negligible influence on the Mach variability.
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Figure 5: Total order Sobol’ Δ𝑇 index of QoIs along the solid wall, 𝑝 (upper left), 𝑌𝑂2 (upper right), and
𝑞 (lower center). The black region corresponds to points where 𝑅2 < 0.9.

The first-order Sobol’ indices of the roto-translational temperature field are reported in Fig. 8. As for
the Mach field, the inflow 𝑇 dominates the influence on the temperature in the pre-shock region. The
most interesting region is the post-shock one, where 𝑢 highly influences the temperature over the whole
extent of the boundary layer and in separated regions i.e., the bubble upstream the second cone and
the near-outlet. First order effects due to 𝑇 are strong in the region downstream of the detached shock
outside the boundary layer. In the same area, also the inflow static pressure is partially responsible for the
uncertainty. The inflow 𝑂2 mass fraction effect are more relevant in the near-outlet region. Qualitatively,
similar results are found for the vibro-electronic temperature, with minor differences in the Sobol’ indices
field associated with the inflow 𝑇 and 𝑌𝑂2 . Plots are not reported.

4.3 Calibration

The calibration of uncertain inflow condition w.r.t. experimental observations is performed following the
approach of Sec. 3.2. The experimental data refer to Run-87 from Ref. [3] and consists of static pressure
( 𝒑𝑒) and the heat-flux (𝒒𝑒) measurements at the solid wall. Three calibration procedures have been
performed. (i) Calib-1 considers 𝒑𝑒 and 𝒒𝑒 simultaneously; (ii) Calib-2 considers 𝒑𝑒 only; (iii) Calib-3
considers 𝒒𝑒 only.

Table 2 compares the experimental inflow conditions with the three calibrated conditions. Calib-1 returns
a 𝑢∞ close to the experimental value and on the upper bound. The roto-translational temperature is
instead significantly lower than the experiment, indicating that the framework is trying to justify the
discrepancy between the predicted and the reference data with a different inflow temperature. Instead,
Calib-2,3 infer a similar velocity value, but a higher roto-translational temperature. In particular, Calib-2
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Figure 6: PC surrogate quality assessment, 𝑀 (upper left), 𝑇 (upper right), and 𝑇𝑣 (lower center).

has a temperature similar to the experiment, and justifies discrepancy with a different inflow velocity. All
three calibration return a similar value of 𝑝∞ (200 Pa), which is the highest allowable within the uncertain
bounds. The same (but opposite) occurs for the 𝑂2 mass fraction which allegedly is the lowest possible
(0.75). Note that both the inferred 𝑝∞ and 𝑌𝑂2 are inferred on the uncertainty bound and are different
from the experiment. Considering the differential inflow temperature Δ𝑇∞ all three calibrations report
a higher inflow thermal nonequilibrium compared to Run-87. In the following, the model predictions
corresponding to the calibrated inflow conditions will be analyzed.

𝑢∞, m/s 𝑇∞, K 𝑝∞, Pa 𝑌𝑂2,∞, - Δ𝑇∞ (𝑇𝑣,∞), K
Run-87 [3] 4019 625 165 0.9245 87 (712)

Calib-1 4000 401 200 0.75 115 (516)
Calib-2 3500 616 200 0.75 165 (781)
Calib-3 3568 526 200 0.75 138 (664)

Table 2: Run-87 inflow conditions vs. differently calibrated inflow conditions.

The Calib-1 pressure and heat-flux profiles reported in Fig. 9. In both cases, we report the numerical
realizations, the experimental observations, the surrogates prediction using the calibrated values (red line),
and the CFD simulation using the calibrated values (blue line). Starting from the static pressure on the left,
we observe that the calibrated profiles (both predicted and simulated) differentiates from the observations
in some regions. In the experiments, the onset of the separation occurs before all the numerical samples.
In the area around the shock interaction at 𝑥 ≈ 0.1, the calibrated profile reaches a peak lower than the
majority of the numerical samples, and matches the qualitative trend of the observations quite well. In
the first expansion region, observations appears to be noisy, making the calibration process difficult.
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Figure 8: First order Sobol’ indices of roto-translational temperature field.
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Although the heat-flux trend is different, the differences between calibrated profiles and observations
have the same explanation. The CFD model is not able to capture the onset of the circulation bubble.
The calibration process attempts to capture the separation, deteriorating heat-flux predictions along the
first cone. Also, the shock interaction is not qualitatively captured by the calibrated profiles, even though
these are generally closer than the numerical samples. The first expansion region is, again, very noisy
and is not perfectly captured by the calibrated profiles.
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Figure 9: Calibrated prediction and simulation vs. experimental data. (Left) Calib-1 for pressure, (right)
Calib-1 for heat-flux. Numerical samples are reported in the background.

The Calib-2 pressure and the Calib-3 heat-flux profiles are reported in Fig. 10. From a qualitative stand-
point, in both cases associated with Calib-2 the surrogate-based predictions (red lines) show nonphysical
behavior in the separation region around 𝑥 = 0.075. This indicates that the inferred values lead to some
irregularities between independent PCE predictions at different locations. Building a PCE capable of
accounting for the spatial correlation may improve results.
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Figure 10: Calibrated prediction and simulation vs. experimental data. (Left) Calib-2 for pressure, (right)
Calib-3 for heat-flux. Numerical samples are reported in the background.

5. Conclusions

We report a detailed UQ analysis of a reference experiment in hypersonics. The use case consists in a
axisymmetric double-cone subject to a hypersonic stream at high thermochemical nonequilibrium. The
test is approximated as 2D in a computerized model employed to generate numerical data to drive the
UQ analysis. This latter targets the most relevant QoIs, including the flow compositions, and focuses
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on investigating the physics over the solid wall and inside the flow region surrounding the model. A
Bayesian procedure is carried out to infer the true inflow conditions attained in the experiment, in the
aim of providing a justification between predictions and observations. We find that the considered
uncertainty fails in explaining such mismatch, suggesting that additional modeling assumptions should
be questioned. A possible target could be the isothermal hypothesis formulated w.r.t. the double cone
surface. Literature [20] shows that the wall temperature plays a major role in determining the flow
development around the model, possibly governing the extent of the separated region over the first cone.
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