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Data fusion with uncertainties

3

Typical data is noisy, with varying degrees of fidelity to flight vehicle 

• Data continuously updated as design matures


• Different levels of fidelity in computational tools


• Wind tunnel models approximate vehicle geometry and roughness


• Wind tunnels cannot always reproduce flight conditions


Current state of the practice: “UQ by Inspection”

Nominal aerocoefficients constructed 
using expert judgment, given multiple 

sources of data.

Uncertainty buildup based on 
dispersion factors, tuned to cover 

varying data sources.
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3

Typical data is noisy, with varying degrees of fidelity to flight vehicle 

• Data continuously updated as design matures


• Different levels of fidelity in computational tools


• Wind tunnel models approximate vehicle geometry and roughness


• Wind tunnels cannot always reproduce flight conditions


Current state of the practice: “UQ by Inspection”

Nominal aerocoefficients constructed 
using expert judgment, given multiple 

sources of data.

Uncertainty buildup based on 
dispersion factors, tuned to cover 

varying data sources.

Want to “learn” a surrogate conditional 
probability distribution, given all data sources

x y = f(x)

p(y |x)

•  defines the “probability of 
outcome  given ”


• surrogate model is “stochastic” but 
not “random”

p(y |x)
y x
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Gaussian Processes (GPs)

Generalization of the Gaussian distribution for random scalars to random functions
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Any finite set of index points  represents a multivariate Gaussian distribution for function values.{x1, …, xn}
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Any finite set of index points  represents a multivariate Gaussian distribution for function values.{x1, …, xn}

Regression performed by conditioning the distribution on data 𝒟 = (X, y)

posterior
̂f(x) ∼ p( f |𝒟, x) = 𝒢𝒫( ̂μ, ̂k)

̂μ(x) = μ(x) + k(x, X) k(X, X)−1 (y − μ(X))

̂k(x, x′￼) = k(x, x′￼) + k(x, X) k(X, X)−1 k(X, x′￼)
0.0 0.5 1.0 1.5

x

°2.0

°1.5

°1.0

°0.5

0.0

0.5

1.0

1.5

2.0

f
(x

)

True Function

Prediction Mean + 95% CI



2023 AIAA SciTech Forum - Jan. 23-27, 2023

⟹
f(x1)
f(x2)
f(x3)

∼ 𝒩
μ(x1)
μ(x2)
μ(x3)

,
k(x1, x1) k(x1, x2) k(x1, x3)
k(x2, x1) k(x2, x2) k(x2, x3)
k(x3, x1) k(x3, x2) k(x3, x3)

f(x) ∼ p( f |x) = 𝒢𝒫(μ, k)
prior

Gaussian Process Regression

5

Any finite set of index points  represents a multivariate Gaussian distribution for function values.{x1, …, xn}

Regression performed by conditioning the distribution on data 𝒟 = (X, y)

posterior
̂f(x) ∼ p( f |𝒟, x) = 𝒢𝒫( ̂μ, ̂k)

̂μ(x) = μ(x) + k(x, X) k(X, X)−1 (y − μ(X))

̂k(x, x′￼) = k(x, x′￼) + k(x, X) k(X, X)−1 k(X, x′￼)
0.0 0.5 1.0 1.5

x

°2.0

°1.5

°1.0

°0.5

0.0

0.5

1.0

1.5

2.0

f
(x

)

True Function

Prediction Mean + 95% CI

0.0 0.5 1.0 1.5
x

°2.0

°1.5

°1.0

°0.5

0.0

0.5

1.0

1.5

2.0

f
(x

)

True Function

Prediction Mean + 95% CI

Data



2023 AIAA SciTech Forum - Jan. 23-27, 2023

⟹
f(x1)
f(x2)
f(x3)

∼ 𝒩
μ(x1)
μ(x2)
μ(x3)

,
k(x1, x1) k(x1, x2) k(x1, x3)
k(x2, x1) k(x2, x2) k(x2, x3)
k(x3, x1) k(x3, x2) k(x3, x3)

f(x) ∼ p( f |x) = 𝒢𝒫(μ, k)
prior

Gaussian Process Regression

5

Any finite set of index points  represents a multivariate Gaussian distribution for function values.{x1, …, xn}

Regression performed by conditioning the distribution on data 𝒟 = (X, y)

posterior
̂f(x) ∼ p( f |𝒟, x) = 𝒢𝒫( ̂μ, ̂k)

̂μ(x) = μ(x) + k(x, X) k(X, X)−1 (y − μ(X))

̂k(x, x′￼) = k(x, x′￼) + k(x, X) k(X, X)−1 k(X, x′￼)
0.0 0.5 1.0 1.5

x

°2.0

°1.5

°1.0

°0.5

0.0

0.5

1.0

1.5

2.0

f
(x

)

True Function

Prediction Mean + 95% CI

0.0 0.5 1.0 1.5
x

°2.0

°1.5

°1.0

°0.5

0.0

0.5

1.0

1.5

2.0

f
(x

)

True Function

Prediction Mean + 95% CI

Data

0.0 0.5 1.0 1.5
x

°2.0

°1.5

°1.0

°0.5

0.0

0.5

1.0

1.5

2.0

f
(x

)

True Function

Prediction Mean + 95% CI

Data



2023 AIAA SciTech Forum - Jan. 23-27, 2023

⟹
f(x1)
f(x2)
f(x3)

∼ 𝒩
μ(x1)
μ(x2)
μ(x3)

,
k(x1, x1) k(x1, x2) k(x1, x3)
k(x2, x1) k(x2, x2) k(x2, x3)
k(x3, x1) k(x3, x2) k(x3, x3)

f(x) ∼ p( f |x) = 𝒢𝒫(μ, k)
prior

Gaussian Process Regression

5

Any finite set of index points  represents a multivariate Gaussian distribution for function values.{x1, …, xn}

Regression performed by conditioning the distribution on data 𝒟 = (X, y)

posterior
̂f(x) ∼ p( f |𝒟, x) = 𝒢𝒫( ̂μ, ̂k)

̂μ(x) = μ(x) + k(x, X) k(X, X)−1 (y − μ(X))

̂k(x, x′￼) = k(x, x′￼) + k(x, X) k(X, X)−1 k(X, x′￼)
0.0 0.5 1.0 1.5

x

°2.0

°1.5

°1.0

°0.5

0.0

0.5

1.0

1.5

2.0

f
(x

)

True Function

Prediction Mean + 95% CI

0.0 0.5 1.0 1.5
x

°2.0

°1.5

°1.0

°0.5

0.0

0.5

1.0

1.5

2.0

f
(x

)

True Function

Prediction Mean + 95% CI

Data

0.0 0.5 1.0 1.5
x

°2.0

°1.5

°1.0

°0.5

0.0

0.5

1.0

1.5

2.0

f
(x

)

True Function

Prediction Mean + 95% CI

Data

0.0 0.5 1.0 1.5
x

°2.0

°1.5

°1.0

°0.5

0.0

0.5

1.0

1.5

2.0

f
(x

)

True Function

Prediction Mean + 95% CI

Data



2023 AIAA SciTech Forum - Jan. 23-27, 2023

Multifidelity Gaussian Process Regression

6

• Multiple sources of data of increasing fidelity


• Increasing CFD mesh resolutions


• Heat flux correlations and 3D CFD solutions


• CFD solutions and wind tunnel data
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• Increasing CFD mesh resolutions


• Heat flux correlations and 3D CFD solutions


• CFD solutions and wind tunnel data

• Low fidelity is dense and cheap to obtain, high fidelity 
is sparse and expensive

• Goal: use low fidelity data to inform high fidelity 
model (with uncertainties)

• Autoregressive (AR1) model [1] linearly combines GP 
models for increasing fidelity levels 
 
fk(x) = ρk fk−1(x) + δk(x)

[1] Kennedy and O’Hagan.  Biometrika 87:1-13, 2000.
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• Increasing CFD mesh resolutions


• Heat flux correlations and 3D CFD solutions


• CFD solutions and wind tunnel data

• Low fidelity is dense and cheap to obtain, high fidelity 
is sparse and expensive

• Goal: use low fidelity data to inform high fidelity 
model (with uncertainties)

• Autoregressive (AR1) model [1] linearly combines GP 
models for increasing fidelity levels 
 
fk(x) = ρk fk−1(x) + δk(x)

• Requires an obvious hierarchy of fidelity levels!

[1] Kennedy and O’Hagan.  Biometrika 87:1-13, 2000.
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Multihierarchy GP Model
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• Real world data typically cannot be organized into 
hierarchy of fidelity levels with single “truth”
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133-CA test 
campaign in the 

National 
Transonic Facility
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II.B. Crew Module Coordinate System Conventions

The CM coordinate system, angle of attack, and aerodynamic coe�cient orientation conventions are shown
in Figure 5, taken from the CEV Aerodynamic Databook.5 Note in particular that a heatshield-forward
attitude has an angle of attack of 180�.

Figure 5: Axis, Force, and Moment Definitions for Crew Module.
5

The aerodynamic moments are typically resolved about a nominal cg location defined by the Orion
Project. Through the course of the CM development, the nominal cg location has shifted, primarily providing
progressively smaller o↵sets of the cg location in the z-axis direction. The CAP team typically considers
moments resolved about three di↵erent mrc locations: apex, cg, and symmetric cg. The database is provided
with the moment about the theoretical apex for the nominal, 32.5� backshell, geometry (labeled MRC in
Figure 5). The flight cg location is used to determine flight characteristics such as trim angle of attack, and
is provided as an output of the API. The symmetric cg (a location along the x-axis corresponding to the cg
with no y- or z-axis o↵sets) is used to develop the nominal pithching-moment coe�cient so that symmetry
conditions can be enforced. Moment uncertainties are developed for either the cg or symmetric cg location.

II.C. CM Database Formulation

The CM portion of the database provides the aerodynamic forces and moments as a function of a velocity
parameter, FMV, and the orientation of the vehicle with respect to the flow. The database formulation
takes advantage of the fact that the vehicle is primarily axisymmetric and treats the nominal coe�cients as
functions of FMV and ↵T only. Tables are provided for CA, CN , and Cm, and transformations made to
compute the full set of coe�cients. The velocity parameter, FMV , is defined in Equation 1 as

FMV =

8
>><

>>:

M1 if U1  8.8 kfps

M1(9.8� U1) + U1(U1 � 8.8) if 8.8 kfps < U1 < 9.8 kfps

U1 if U1 � 9.8 kfps,

(1)

where U1 is given in units of kfps. The FMV function provides a single velocity parameter for the entire
database by taking advantage of the near numerical equivalency of Mach number and velocity (in kfps)
around Mach 10b. The blended parameter provides a smooth transition between Mach number for subsonic
and supersonic speeds and velocity for hypersonic speeds.

b Note that the formulation of FMV complicates the direct application of the Orion aerodatabase to entry simulations on
other bodies, such as Mars.

4 of 23

American Institute of Aeronautics and Astronautics

Example datasets taken from Orion NTF testing

• All reported results based on Orion 133-CA test campaign performed in the National Transonic Facility at NASA LaRC [1]
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[1] Brauckmann.  CAP WTT Report EG-CAP-12-65, NASA LaRC, 2022 (under preparation). 
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Model distributions compared to data
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Image credit: White (2022) [1].
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• Can attribute uncertainty from different sources to overall uncertainty in predictive distribution


• Roughness corrections account for significant uncertainty in drag and pitching moment


• Only uncertainties present in data, does not include those associated with factors not considered here 

Uncertainty buildup from different sources at Mach 0.5 and Reynolds 7.5x106.
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Image credit: White (2022) [1].

• State-of-the-practice uses random dispersion offsets from the nominal for Monte Carlo trajectory simulations


• Proposed approach allows for function sampling that is more consistent with underlying conditional distribution


• Each function is a plausible explanation of the data, reproduces conditional distribution in aggregate
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• Probability of pitching moment being zero for given alpha is 
directly obtained from model distribution

• Using an “uninformative” prior for the probability of angle of 
attack yields the desired result
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Image credit: White (2022) [1].
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Model distributions can used to obtain conditional distributions 
on derived quantities of interest

• Example: trim angle of attack found using Bayes’ Theorem 
 

 p(α = αtrim) = p(α |Cm,cg = 0) ∝ p(Cm,cg = 0 |α) p(α)

• Probability of pitching moment being zero for given alpha is 
directly obtained from model distribution

• Using an “uninformative” prior for the probability of angle of 
attack yields the desired result

• Orion v0.60 DB nominal and 100% CI bounds [1] provided 
for comparison
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[1] Bibb, Walker, Brauckmann, Robinson.  29th AIAA Applied Aero. Conf., No. 2011-3507, 2011.
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Concluding Remarks

• Presented multihierarchy Gaussian Process models for probabilistic aerodatabases

• Increased flexibility for aerodatabase designers to incorporate expert judgement with a consistent treatment of uncertainty

• Future improvements:


• More complex fidelity structures, incorporating more corrections


• Improve model accuracy by incorporating nonlinear basis functions into correction weights


• Incorporate nonlinear autoregressive GPs

• When no flight data is available, could attempt to use previously flown vehicles as surrogate for correction weights
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